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Abstract

The manufacturing sector is increasingly
adopting Multimodal Large Language Models
(MLLMs) to move from low-level perception
toward higher-level reasoning and decision sup-
port, yet current evaluations rarely reflect the
fine-grained precision that real-world manufac-
turing demands. Progress is further hindered
by data scarcity and a lack of fine-grained do-
main semantics in existing datasets. To bridge
this gap, we introduce FORGE,' a benchmark
for three core quality-assurance tasks of dis-
crete manufacturing: workpiece verification,
structural surface inspection, and assembly ver-
ification. We first construct a high-quality mul-
timodal dataset spanning real-world 2D im-
ages and 3D point clouds, annotated with fine-
grained domain semantics such as standardized
model numbers. We then evaluate 18 state-of-
the-art MLLMs on these three tasks, revealing
significant performance gaps. Counter to con-
ventional understanding, our bottleneck analy-
sis on five representative models indicates that
visual grounding is not the primary limiting fac-
tor. Instead, insufficient domain-specific knowl-
edge is the key bottleneck. Beyond evaluation,
we show that our structured annotations can
serve as an actionable training resource: super-
vised fine-tuning of a compact 3B-parameter
model on our data yields up to 90.8% relative
improvement in accuracy on held-out manu-
facturing scenarios, providing preliminary evi-
dence for a practical pathway toward domain-
adapted manufacturing MLLMs.

Dataset, evaluation harness, and fine-tuning scripts are
released under the MIT License at https://github.com/
AI4Manufacturing/FORGE and https://huggingface.co/
datasets/AI4Manufacturing/forge.

fCorresponding author

1 Introduction

The manufacturing sector, a critical pillar of the
global economy, generates massive amounts of het-
erogeneous data from production lines and relies on
complex decision-making systems (Gautam et al.,
2025). The complexity and volume of such data
strongly require advanced technologies to address
the challenges of integrating and interpreting frag-
mented multimodal data. Crucially, as modern
manufacturing paradigms increasingly rely on data-
driven decision-making and sophisticated human-
machine collaboration, there is an urgent need for
intelligent systems capable of higher-level cogni-
tive tasks (Gautam et al., 2025; Fan et al., 2024,
Wang et al., 2024; Yuan et al., 2025).

Vision models have been widely applied, primar-
ily functioning as perception modules that focus on
information extraction, such as object localization
and anomaly detection (Defard et al., 2021; Roth
et al., 2022; Tao et al., 2023; Wen et al., 2024).
These models typically operate within a modular,
pipelined architecture, generating task-specific out-
puts (e.g., defect type and location) that are subse-
quently passed to higher-level Manufacturing Ex-
ecution Systems (MES) (Saenz de Ugarte et al.,
2009; Yuan et al., 2025) for decision-making. Yet,
these vision models are fundamentally limited by
their inability to reason and execute autonomous
control (Zhang et al., 2024; Fan et al., 2025; Lin
et al., 2025).

More recently, Large Language Models (LLMs)
and MLLMs have demonstrated remarkable gener-
alization and cross-task transfer capabilities across
diverse domains, including multimodal media un-
derstanding (Jian et al., 2026b), topology analy-

18762

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 18762—18839
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/AI4Manufacturing/FORGE
https://github.com/AI4Manufacturing/FORGE
https://huggingface.co/datasets/AI4Manufacturing/forge
https://huggingface.co/datasets/AI4Manufacturing/forge

MULTIMODAL DATA FOUNDATION ]

FORGE: FINE-GRAINED BENCHMARK & SEMANTICS

BASELINE EVALUATIONS & INSIGHTS

Real-World 2D Images

£ © TASK1:
a8 Workpiece Verification
M10/ / M20 (%)

\¥ . STATE-OF-THE-ART MLLMs
(e.g., KiMi, Gemini)
' KEY INSIGHT: Task-domain knowledge &
morphology are BOTTLENECK.

3D Point Cloud

2]

Fine-grained

~yz_ Surface Inspection

TASK2:Structural
QC - Crack Detected

ACTIONABLE TRAINING RESOURCE (SFT)

-

: 1 ( feri T
: ‘-@ ' semantic T \ FSI:ZG_I[\S:EZ ; . Slg::)nlflctant
“a : annotations : 00S
RIEN 9 %Assembly Verification COMPACT |:(> @ (+25.6%
Fit OK? (x) MODEL performance)
(e.g., 3B)
Open-Source Models Closed-Source Models Open-Source Models
Image Image = Kimi-K2.5
- i i o] 3-VL-235B
Previous General Benchmarks AssyVeri AssyVeri L6y
Coarse-grained Perception; 3v Liama-4-MAV
— WorkVerj InternVL3-78B
° J What is this workpiece? ‘ v x orkvey Qwen3-VL-8B
e/ @ Gemma-3-27B
& “ General Mistral-3-14B
‘Xh Mistral-3-8B
Mistral-3-Large
Closed-Source Models
FORGE O il
(Fine-grained & Model-number Level) 3V G:_:':" -Flas
What is this workpiece and IS Surfinsp [ Surfinsp GPT-5.2
.; its model number? ¢ av av GPT-5 Mini
. |@mm» Claude-O -4.5
@ [ 1t a Screw with M8, which Precise AssyVeri AssyVeri seotng
Jiy *~ can be assembled with-- @ Gemini-2.5-Flash

(b)

Figure 1:

©

Benchmark Overview. (a) The main pipeline of FORGE. (b) Compared to previous benchmarks,

FORGE primarily evaluates the understanding, reasoning, and decision-making capabilities regarding fine-grained
domain semantics in manufacturing scenarios. (c) The performance of all models across all given tasks. From left

to right: open-source models and closed-source models.

sis (Xu et al., 2026b; Zhao et al., 2026), scientific
research (Pang et al., 2025), GUI navigation (Jian
et al., 2026a; Nayak et al., 2025) and many other
fields (Li et al., 2025). Despite this proven versa-
tility, their application in manufacturing remains
nascent. The integration of MLLMs presents a
critical, yet underexplored, research avenue for
manufacturing scenarios (Lee and Su, 2023; Pi-
card et al., 2025; Zhang et al., 2025). MLLMs
can overcome the architectural bottleneck of tradi-
tional vision models by integrating heterogeneous
data streams with advanced reasoning capabilities.
This unique synthesis enables MLLMs to bridge
the gap between low-level perception and high-
level reasoning, supporting a transition in manu-
facturing intelligence from information extraction
toward decision support (Du et al., 2025). Mo-
tivated by this potential, we pose the following
core inquiry: Can MLLMs understand and ex-
plain the fine-grained judgements required by
quality-assurance tasks that are characteristic
of the manufacturing domain?

Recent studies have begun to address this ques-
tion, as summarized in Table 1. Prior work has
examined the performance of MLLMs on specific
manufacturing tasks, such as visual anomaly detec-
tion (Jiang et al., 2024), engineering documentation
comprehension (Doris et al., 2025), and broader

manufacturing cognition (Yi et al., 2025). How-
ever, current evaluations rarely assess MLLMs’
understanding of fine-grained domain semantics,
and existing benchmarks only partially reflect the
precision demanded by the real-world manufac-
turing domain (Gao et al., 2024; Boysen et al.,
2009; Zhao et al., 2025). Progress in this do-
main is currently hindered by several fundamen-
tal challenges: (i) Data Scarcity Gap. Current
manufacturing datasets are constrained by limited
scale and diversity, so many studies rely on sim-
ulated or CAD-based data (Khan et al., 2025; Xu
et al., 2026a). (ii) Lack of Fine-Grained Do-
main Semantics. Many current manufacturing
datasets merely treat manufacturing workpieces as
generic visual subjects. They fail to integrate ex-
plicit, fine-grained domain semantics (e.g., exact
model numbers following ISO/DIN/GB conven-
tions, such as DIN912 M6x35) that are essential to
the rigorous demands of real-world manufacturing.
(iii) Limited Fine-Grained Evaluation Frame-
works. Existing benchmarks rarely provide the
model-number-level supervision needed to assess
whether MLLMs meet the precision requirements
of manufacturing quality assurance.

To address these challenges, we introduce
FORGE, a benchmark tailored to the quality-
assurance stage of discrete manufacturing. First,
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Table 1: Comparison of existing manufacturing MLLMs benchmarks with FORGE.

Benchmarks

Data Modality

Data Source

Granularity T Statistics

Image Point cloud Real/ Synthetic

Scenario Workpiece Model number Availability Samples

MMAD (Jiang et al., 2024) v X Real-world v v X v 39,672
MME-Industry (Yi et al., 2025) v X Real-world X X X v 1,050
DesignQA (Doris et al., 2025) X X Synthetic v X X X 1,451
FailureSensorIQ (Constantinides et al., 2025) X X Real-world v X X v 8,296
EngDesign (Guo et al., 2025) X X Synthetic v X X v 1,717
FORGE v v Real-world v v v v 12,972

¥ Real / Synthetic refers to the origin of the workpiece data. In FORGE all images and point clouds are captured from physical workpieces; the surface defects of SURFINSP are synthesized on those

real scans (Table 2).

T For Granularity, Workpiece-level focuses on manufacturing workpieces; Scenario-level focuses on specific manufacturing scenarios; Model-number-level requires not only identifying the workpiece

type but also the model number.

we collect, construct, and annotate a multimodal
manufacturing dataset comprising image and point
cloud data of representative workpieces across di-
verse model numbers (e. g., nuts ranging from M10
to M20), thereby capturing the fine-grained do-
main semantics of the real-world manufacturing
domain. Furthermore, we adopt three evaluation
tasks aligned with the quality-control chain of a
production line, namely material sorting, quality
inspection, and assembly recognition. Therefore,
FORGE investigates these fundamental capabil-
ities that underpin manufacturing-oriented visual
understanding, while more advanced aspects of the
manufacturing life-cycle are left for future investi-
gation. Beyond benchmarking, we further propose
a dedicated dataset for domain-specific fine-tuning.
MLLMs fine-tuned on this dataset achieved sub-
stantial performance gains on unseen manufactur-
ing scenarios, providing preliminary evidence that
the dataset helps bridge the domain knowledge gap
in manufacturing settings.
In summary, our major contributions include:

* High-Quality Multimodal Manufacturing
Dataset. We present a fine-grained manufac-
turing dataset spanning real-world 2D images
and 3D point clouds. The dataset provides
rich multimodal annotations designed to sup-
port systematic evaluation and development
of MLLMs for manufacturing perception and
reasoning.

* Real-World Manufacturing Cognitive
Tasks. Based on the collected fine-grained
manufacturing dataset, we design three
core manufacturing tasks, Workpiece
Verification (WORKVERI), Structural
Surface Inspection (SURFINSP), and
Assembly Verification (ASSYVERI), which
demand MLLMs to perform fine-grained
visual discrimination (in Figure 1b) and
rule-based reasoning (e.g., verifying assembly

compatibility).

* Extensive Benchmarking and Critical In-
sights. We evaluate 18 state-of-the-art
MLLMs under three evaluation settings. Our
experiments reveal significant performance
gaps in microscopic surface analysis and man-
ufacturing task reasoning, and our bottleneck
analysis points to morphology understanding
and domain knowledge, rather than visual
grounding, as the principal limitations in these
settings.

* Actionable Training Resource. Beyond eval-
uation, we demonstrate that our structured
annotations can serve as training data for
domain-specific fine-tuning. Supervised fine-
tuning (SFT) (Ouyang et al., 2022) of a com-
pact open-weight model on our training split
yields substantial accuracy improvements on
held-out manufacturing scenarios unseen dur-
ing training, providing preliminary evidence
that the dataset can help close the domain
knowledge gap identified by our analysis.

2 Related Work

Evaluating MLLMs in manufacturing scenarios is
a critical yet nascent area. MMAD (Jiang et al.,
2024) establishes a standardized framework for vi-
sual anomaly detection and evaluates fine-grained
perceptual ability on datasets such as MVTec-
AD (Bergmann et al., 2019). However, manufac-
turing demands more than visual pattern recogni-
tion, as it requires domain-specific knowledge and
reasoning. Recent works expand into specific cog-
nitive domains: MME-Industry (Yi et al., 2025)
addresses manufacturing cognition and safety reg-
ulations; DesignQA (Doris et al., 2025) focuses
on technical blueprints and standards; EngDe-
sign (Guo et al., 2025) targets design synthesis and
constraint trade-offs; and FailureSensorIQ (Con-
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stantinides et al., 2025) evaluates reliability engi-
neering and failure diagnosis.

Despite this progress, existing methods rarely
validate adherence to highly structured and stan-
dardized manufacturing settings, which impose
more stringent precision demands (Gao et al., 2024;
Boysen et al., 2009; Zhao et al., 2025; Maji et al.,
2013; Yadav and Jayswal, 2018; Jiao et al., 2007;
Gray et al., 1993). Paradigms such as mixed-model
assembly lines (Boysen et al., 2009), flexible manu-
facturing systems (Yadav and Jayswal, 2018), prod-
uct family design (Jiao et al., 2007), and tool man-
agement (Gray et al., 1993) all require not only
classifying the general workpiece category but also
distinguishing specific variants, demanding pre-
cise matching of fine-grained attributes such as
model numbers. Current frameworks, constrained
by the scarcity of multimodal data and limited fine-
grained semantic annotations, fail to meet these re-
quirements. We propose FORGE, built on a multi-
modal dataset with fine-grained annotations that
include various workpiece attributes (e.g., model
numbers). Three evaluation tasks are designed to
assess MLLMs against these strict standards, re-
flecting the fine-grained precision that real-world
manufacturing quality assurance requires.

Surface i ly Verification

E= )
OUT4rg

3
]

Figure 2: Task descriptions, input data, and dialogue
examples of FORGE.

3 FORGE

3.1 Dataset Curation

Dataset Collection. We constructed a comprehen-
sive dataset comprising raw data from authentic
manufacturing components. The dataset comprises
two subsets. (i) 3D Point Cloud Subset: Contains
high-fidelity geometric data covering 14 workpiece
categories across 90 distinct models. This subset
supports tasks such as WORKVERI, SURFINSP,
and ASSYVERI. (ii) Image Subset: Consists of
approximately 3,000 images capturing four distinct
manufacturing scenarios (e.g., expansion screw as-
semblies), including both normal and abnormal

Table 2: Provenance of FORGE. Only SURFINSP de-
fect regions are synthesized; three-view images are a
deterministic rendering, not generated content.

Component Origin

Image subset (4 scenarios)  Real photographs
Raw point clouds (14 cate- Real 3D scans
gories)
WORKVERI/ASSY VERI
point-cloud assemblies
SURFINSP defects
Three-view images

Composed real scans

Synthesized on real scans
Rendered from real scans

samples. All data were captured with fine-grained
geometric and visual details.
Dataset Processing. The raw data, comprising
both 2D images and 3D point clouds, required pre-
processing before being utilized in FORGE. For
2D images, ground-truth labels were established
through a two-step process: automated contour and
coordinate extraction, followed by manual refine-
ment. For 3D point clouds, strategies varied by
task. For WORKVERI and ASSYVERI, we syn-
thesized batch samples by stitching 4-5 individ-
ual point clouds with random orientations, auto-
matically generating labels during assembly. For
SURFINSP, we simulated four typical manufactur-
ing defects (Crack, Deformation, Dent, and Cut)
using morphology-based algorithms and non-rigid
deformation to ensure realism. Table 2 summarises
what in FORGE is physically measured and what
is produced computationally: every photograph
and every raw point cloud is an original capture
of a physical workpiece, the WORKVERI and AS-
SYVERI assemblies are compositions of such cap-
tures, and the only synthesized content is the defect
region of SURFINSP samples. A per-component
version with acquisition details is given in Table 10.
The primary objective of FORGE is to evalu-
ate general MLLMs, as their advanced reasoning
and versatility make them promising for manufac-
turing decision support. A central challenge in
this evaluation is that these models typically lack
native 3D encoders. As validated by our bottle-
neck analysis (C in Section 4.4), directly feeding
raw 3D data via text-based coordinate serializa-
tion is highly ineffective. To bridge this modality
gap, we adopt a multi-view projection strategy:
all 3D point cloud samples are rendered as three-
view (3V) images, i.e. front, side, and top orthogo-
nal projections, which is also the convention used
by engineering drawings to specify manufacturing
geometry. This approach preserves the essential
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geometric structure across complementary view-
points while remaining fully compatible with stan-
dard visual inputs. FORGE therefore evaluates
3D understanding through the projection interface
available to general-purpose MLLMs rather than
native 3D perception, and we measure how this
interface compares with the alternatives: on work-
pieces present in all three input channels, special-
ized 3D-language models given the raw clouds
score below both serialized coordinates and three-
view rendering (Table 17), so among the channels
currently available to instruction-following models
the projection is the most effective one. The final
dataset comprises 12,972 samples across all tasks.
Detailed specifications of the dataset statistics, spe-
cific object categories, provenance, and the data
collection process are provided in the Appendix
A3,

3.2 Task Description

FORGE adopts three tasks aligned with the
manufacturing-automation pillars of material sort-
ing, quality inspection, and assembly recogni-
tion (Zhao et al., 2025; Wang et al., 2018): Work-
piece Verification (WORKVERI), Structural Sur-
face Inspection (SURFINSP), and Assembly Ver-
ification (ASSYVERI). The straightforward and
direct mapping between real factory scenarios and
FORGE tasks is shown in Figure 6 (Appendix).
For SURFINSP, a workpiece is considered normal
only if it is free from all four defect types (Crack,
Cut, Deformation, Dent). For WORKVERI and
ASSYVERI, we further distinguish two mismatch
granularities: Different workpiece (coarse-grained,
e.g., wrong workpiece type or missing component)
and Different Model Number (fine-grained variants
within the same production line, such as differ-
ent screw lengths or thread pitches). An example
input/output for each task is shown in Figure 2;
additional examples appear in Figures 7a, 7b, and
7c of Appendix A.3.4.

Task 1: WORKVERI. WORKVERI is designed
to evaluate how effectively MLLMs perform mate-
rial sorting. Given explicit specifications, MLLMs
must analyze 3D point clouds or images to iden-
tify workpieces that do not belong to the current
batch. This task includes three scenarios: one from
the image subset, pneumatic connectors (PCS SCE-
NARIO), and two point cloud datasets, cup head
screws (CHS SCENARIO) and nuts (NUTS SCE-
NARIO).

Task 2: SURFINSP. The core objective of

SURFINSP is to identify manufacturing defects
from workpiece point cloud or image. The task
involves two steps: (1) defect detection and (2)
defect type classification (e.g., Crack, Dent). Our
evaluation covers 14 distinct manufacturing com-
ponents with 3D point cloud.

Task 3: ASSYVERI. ASSYVERI aims to assess the
capability of MLLMs in understanding assembly
relationships and compatibility constraints. Unlike
sorting, this task requires reasoning over a given
complex set of assembly rules. MLLMs must ana-
lyze inputs to identify workpieces that fail to meet
assembly specifications. This task covers four sce-
narios involving three from the image subset: metal
expansion screws (MES SCENARIO), plastic expan-
sion screws (PES SCENARIO), CNC fixtures (CNC
SCENARIO), and one for point cloud data for the
compatibility among metal screws, washers, and
nuts (SWN SCENARIO).

This task design establishes a challenging bench-
mark that goes beyond basic perceptual evaluation,
rigorously assessing the fine-grained logical rea-
soning and judgment capabilities of MLLMs in
real-world manufacturing scenarios. Detailed task
description and examples are provided in the Ap-
pendix A.3.

4 Experiments

We evaluate 18 MLLMs on three manufacturing
tasks, report main results with error case analysis,
perform a bottleneck analysis to disentangle visual-
perception from domain-knowledge limitations,
and show the training potential of our benchmark
by fine-tuning small models for cross-scenario gen-
eralization.

4.1 Evaluated Models

To provide a comprehensive assessment of the cur-
rent MLLM landscape, we evaluate 18 representa-
tive models across open- and closed-source fami-
lies (Table 6) in Appendix A.2.

4.2 Evaluation Settings and Metrics

Evaluation Protocol. All tasks in FORGE are
formulated as multiple-choice questions (MCQs).
For WORKVERI and ASSYVERI, each assembly
contains 4-6 components. In image-based eval-
uation, each MCQ option corresponds to a part
identified by its normalized center coordinate (e.g.,
“A. Part at [0.70, 0.44]”), enabling the model to
ground each choice to a specific spatial location in
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the image. In three-view evaluation, components
are annotated with letter labels (A—-F) using the
Set-of-Mark (Yang et al., 2023) visual prompting
strategy. In both cases, the model must select the
letter corresponding to the anomalous component.
For SURFINSP, the model must classify the sur-
face condition of a given workpiece into one of
five categories (crack, cut, deformation, dent, or
good).Additionally, error scenarios in WORKVERI
and ASSYVERI are categorized into two difficulty
levels: Different workpiece (coarse-grained discrep-
ancies, e.g., entirely wrong workpiece types or
missing components) and Different Model Num-
ber (fine-grained inconsistencies involving subtle
variations within the same production line, such as
different screw lengths or thread pitches).

We evaluate under three progressively informa-
tive settings: i. Zero-Shot. The model receives
only the test image (or three-view rendering) and
a task-specific query. No additional examples or
references are provided. This setting measures the
model’s inherent ability to perform the task using
only its pretrained knowledge and visual under-
standing. ii. Reference-Conditioned (Ref-Cond).
In addition to the test case, the model is provided
with reference images of correct, normal assem-
blies (or defect-free surfaces for SURFINSP). These
references establish a visual baseline for what "cor-
rect" looks like, enabling the model to detect de-
viations by comparison. This setting evaluates
whether explicit visual references improve anomaly
detection. iii. In-Context Demonstration (ICD).
Building upon Ref-Cond, the model additionally
receives complete solved examples presented as
multi-turn dialogue pairs, each containing a query,
input data, and the correct answer. This setting
tests whether full reasoning demonstrations can
bridge the gap in domain-specific task understand-
ing. We generally use 2 ICD examples by default,
while comprehensive setting details and further ex-
amples, including task-specific adjustments, can be
found in Appendix E.

Metric. We adopt exact-match accuracy as the
evaluation metric. For each test case, the model’s
predicted MCQ letter is extracted from its free-
form response and compared with the ground-truth
label. Accuracy is computed as the percentage
of cases where the prediction exactly matches the
correct answer. The random-chance baseline is the
weighted average of a random guess across tasks
and serves as a critical benchmark.

4.3 Research Results and Analysis

Table 3 summarizes the main results across all
tasks, modalities, and evaluation settings. Detailed
extended results are provided in the Appendix A.2.
From these results, we distill three key findings
on current MLLM capabilities and limitations in
manufacturing.

A. Current MLLMs demonstrate better under-
standing of semantics than in morphological
analysis. On WORKVERI and ASSY VERI, Kimi-
K2.5 dominates the open-source group and Gemini-
3-Flash leads the closed-source group across most
settings (Table 3, Figure 1c); the picture changes on
SURFINSP, where Llama-4-MAV leads the open-
source group without demonstrations and the Mis-
tral family takes the top positions under ICD. De-
spite SURFINSP’s relatively simple objectives, it
yields the lowest accuracy among the three tasks.
This disparity indicates that MLLMs exhibit fun-
damentally different capabilities for macroscopic
part discrimination and microscopic surface mor-
phology analysis, highlighting significant room for
improvement in their understanding of physical de-
tails and microscopic features of manufacturing
workpieces. Accuracy alone also understates how
far these models are from inspection use, because
it weights both error directions equally. Decompos-
ing SURFINSP into miss rate and false-alarm rate
(Section A.2.1) shows that models with nearly iden-
tical accuracy fail in opposite, cost-relevant ways:
under ICD, Claude-4.5-Opus misses 60.5% of true
defects while Qwen3-VL-235B instead flags 61.8%
of defect-free workpieces, at accuracies of 23.9%
and 22.7% respectively.

B. Limited comprehension of domain knowledge
is the bottleneck for current MLLMs. By com-
paring evaluation results across Zero-Shot, Ref-
Cond, and ICD-based settings based on image
modality, we observed that in WORKVERI and
ASSYVERI, simple Ref-Cond strategies did not
consistently yield performance gains and, in sev-
eral instances, even led to degradation. Conversely,
ICD methods incorporating complete reasoning
demonstrations improved over Zero-Shot baselines
for most models, and in particular for the stronger
ones. This suggests that for complex manufactur-
ing tasks, MLLMs do not lack simple sample refer-
ences, but rather a deep understanding of task logic
and reasoning paths, a gap that ICD bridges but
Ref-Cond cannot. Notably, Section 4.4 shows that
visual grounding is not the bottleneck: MLLMs can
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Table 3: Main benchmark results (accuracy %) across three manufacturing tasks. Bold orange / underlined blue

/ light purple indicate best / second / third within each model category (open- or closed-source) per row. Rand. =

weighted random-guess baseline.

Open-source Models

Task Mod. Setting ‘

Closed-source Models

A
$ 5
¥ N
R S

S

éﬁ

&)

o

&

&

&

Random

36.36
20.36
35.69
38.80 33.
40.65
54.19

30.97
18.26
28.86 37.5
30.61
24.28
32.07

Zero Shot
Ref-Cond
ICD
Zero Shot
Ref-Cond
ICD

3V
WORKVERI

Image
65.26

42.01
27.20
26.32
35.41
24.04

25.28

47421 3
44.29
4490/ 55.
50.44
50.33
50.00 | 60.98

69.67

68.86 82.26

61.29
28.34
61.69
72.50
55.48
79.87

61.05
30.02
56.68
74.72
64.22
85.23

37.98
33.94
30.71

73.78
7273
77.01

58.22
29.55
57.91
76.18
68.32
82.49

70.29

38.19
30.10
37.54
3642 30.13
32.12
46.13

24.60
18.45
29.55
29.64
26.84
30.65

Zero Shot
Ref-Cond | 32.
ICD
Zero Shot
Ref-Cond
ICD

34.30
22.01
28.80
33.14
36.40
42.46

3V
ASSYVERI

Image

39.16
37T
38.96
31.89
28.50
30.32

78.26
57.14
53.54
33.83
52.08
41.72

47.25
46.28
47.57
58.11
70.61
71.50

39.60 | 42.07
37.29 50.81
37.86 | 45.45
3546 5210
37.28 5636
4533 62.92

54.22
56.96
54.07
48.18
56.28
63.99

53.90
30.74
51.95
50.06
49.77
60.94

49.51
29.55
45.31
43.69
51.35
52.29

52.38
36.46
52.46
48.93
60.16
62.34

41.69
26.71
34.30
39.86
42.49
48.52

25.75
29.60
22.07

22.41
24.70
38.55

Zero Shot
Ref-Cond
1ICD

19.64
18.92
23.37

SURFINSP 3V

22.05
23.19
26.99

19.07
22.24
18.67

18.80
31.69

21.33 22.05
25.91| 24.58
21.23| 23.86

20.48
22.41
30.96

23.98
3578
41.38

20.36
35.78
36.39

21.45
36.43
40.72

21.45
35.54
38.92
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49.64

identify these workpieces, revealing a disconnect
between perception and comprehension.

C. Given limited perceptual understanding of
3D spatial contexts, the introduction of ad-
ditional examples hinders comprehension of
MLLMSs. Based on Table 3, for the three-view
input on WORKVERI and ASSYVERI, MLLMs
achieved optimal performance under the Zero-Shot
setting, whereas performance declined following
the introduction of Ref-Cond and ICD. SURFINSP
is the exception: its objective does not require
cross-part comparison, and there added references
and demonstrations help rather than hurt. Given
that the fundamental distinction between the three-
view and image inputs lies in their multi-angular
spatial representations, this counterintuitive phe-
nomenon suggests that the contextual examples
provided in Ref-Cond and ICD do not provide ef-
fective guidance. Instead, they induced spatial con-
fusion within MLLMs, thereby impeding compre-
hension of manufacturing domain knowledge. Fur-
thermore, the experimental results regarding point
cloud inputs in the Bottleneck Analysis from Ap-
pendix C.2 provide additional evidence of current
MLLMs’ limitations in explicit spatial perception
capabilities.

4.4 Bottleneck Analysis

Before the systematic decomposition, qualitative
inspection of error cases (Figure 3) reveals two re-
curring patterns: the case in MES SCENARIO fails
due to overreliance on inferred material properties,
while the case in CNC SCENARIO shows emerg-
ing service-condition awareness (e.g., recognizing

wear/chipping); a full case discussion is provided
in Appendix C.1.

Error Case in MES scenario Error Case in CNC scenario
[P MES scenario EEET cNe scenario
Setting: Zero-shot Setting: Zero-shot
Gemini-2.5-flash Gemini-2.5-flash
Ground Truth: Ground Truth:
Predicted Answer | E | Predicted Answer | B ]
 C——

The most significant deviation is the presence of a
plastic/nylon Flat Washer (E) and the absence of a metal
Flat Washer and a proper Spring Washer.

In the context of industrial parts matching, the most

However, if we consider the overall condition and type:
The strap clamp (A) is heavily worn/chipped at the ends.
The step block (D) is also worn.

The T-slot bolt (C) is also worn.

The nut (B) is visually distinct from the other three main
components (A, C, D) in terms of its finish and apparent
size relative to the bolt (C). It looks disproportionately
small or perhaps like a different type of nut than what is
typically paired with a T-slot bolt of that size, especially if a
flange nut is expected.

obvious deviation in material and specification is the Flat
Washer at [0.63, 0.43] (E). Expansion bolts are typically
high-strength metal assemblies, and using a plastic/nylon
washer for load distribution (Flat Washer) is an incorrect
specification that compromises the assembly's strength
and durability, especially when the other components are
metal.

If we assume the small metal ring (A) is meant to be the
Spring Washer

Figure 3: Two error cases of ASSYVERI.

Beyond these qualitative observations, our main
benchmark requires multi-stage reasoning: a model
must first ground individual components, option-
ally compare across reference and test images, and
finally apply domain-specific logic to reach a ver-
dict. When a model fails, it is unclear which stage
is the bottleneck. To disentangle these factors, we
design three complementary bottleneck analyses,
evaluating five representative models: Gemini-3-
Flash, GPT-5.2, Qwen3-VL-235B, Seed-1.6, and
Mistral-3-8B (details in Appendix C.2).

A. Visual grounding is not the bottleneck. To
disentangle perceptual failures from reasoning fail-
ures, we isolate each model’s visual grounding abil-
ity using dedicated probing tasks. In our bench-
mark, each assembly image is annotated with letter
labels (A, B, C, etc.) on individual parts, i.e.Set-
of-Mark (Yang et al., 2023) trick. We test whether
models can correctly map between these labels and
spatial coordinates in two settings: (i) Single-image
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Table 4: Visual grounding Bottleneck Analysis results (accuracy %).
Single-image: coordinate-to-letter (C—L) and letter-to-coordinate (L—C) on
500 cases. Cross-image: letter-to-letter (L—L) and coordinate-to-coordinate
(C—C) on 513 pairs.

| Single-Image |
|C—L L—C Avg. [L—L C—C Avg

Gemini-3-Flash  Closed | 98.2 99.6 98.9 | 88.7 79.9 843
GPT-5.2 Closed| 74.6 97.6 86.1 | 856 754 80.5
Qwen3-VL-235B Open | 854 98.8 92.1 | 80.3 722 76.3
Seed 1.6 Closed| 420 99.2 706 | 793 712 752
Mistral-3-8B Open | 66.0 70.6 683 | 620 339 480

Model Type Cross-Image

grounding: given one annotated image, the model
must either locate a part from its letter (L—C) or
identify a letter from given coordinates (C—L);
(i1) Cross-image correspondence: given two anno-
tated images of assemblies from the same scenario,
a part is identified in the first image and the model
must find the visually corresponding part in the
second image, using either letters (L—L) or coor-
dinates (C—C). If models perform well on these
grounding tasks but poorly on the full benchmark,
the bottleneck lies in domain reasoning rather than
perception. Presented in Table 4, Gemini-3-Flash
achieves 98.9% average on single-image ground-
ing, and four of five models reach at least 97.6%
on L—C, the direction most relevant to our bench-
mark. These near-ceiling results confirm that fail-
ures on the full WORKVERI and ASSY VERI eval-
uations cannot be attributed to poor visual local-
ization. Cross-image comparison is harder (84.3%
for Gemini, 80.5% for GPT-5.2) but remains well
above chance for the top four models on letter-
based matching (at least 79.3%), indicating it is a
contributing but not dominant factor in the perfor-
mance gap between Zero-Shot and Ref-Cond/ICD
settings, as it validates MLLMSs’ ability to compare
between images.

B. Fine-grained identification remains a domain-
knowledge bottleneck. To further disentangle
domain-specific reasoning from explicit ground
capabilities, we conduct a bottleneck analysis fo-
cusing on the missing part scenario. In this setup,
each model is provided with an explicit assembly
specification (i.e., a comprehensive list of required
parts, their counts, and functional descriptions) and
must identify the absent component via an MCQ.
This directly probes domain knowledge: detecting
that “something is missing” requires only counting,
but pinpointing which part is absent demands un-
derstanding the visual and functional distinctions
between components. As shown in Table 5 (The
column headers indicate the specific missing work-
piece type in that scenario), the top four models

achieve 74.9-90.7% overall accuracy on images,
which is well above the 23.3% random baseline and
thus demonstrates that MLLMs can reason about
assembly completeness when given structured de-
scriptions. Performance is near-perfect on most
part types where components are visually distinc-
tive (i.e., screws, nuts, anchors, wedges). How-
ever, a systematic failure is observed in flat washer
detection (23.3-60.0% on images, 8.3—74.5% on
three-view), where all five models struggle to some
extent. Error analysis reveals the models can reli-
ably detect that a washer is absent but cannot deter-
mine which washer, despite the two having distinct
physical forms (further discussion and examples
in the Appendix C.2). Since the grounding ability
analysis (Table 4) confirms that the four strongest
of these models can accurately localize individual
components, these confusion points indicate insuf-
ficient fine-grained manufacturing knowledge of
the functional and morphological differences be-
tween part variants rather than a perceptual failure.
A secondary finding concerns normal-case recog-
nition: Seed 1.6 achieves only 43.3% on normal
cases overall (as low as 10% on MES SCENARIO)
while maintaining 89.5% on most missing-part sub-
cases, revealing a bias toward predicting a missing
component rather than confirming completeness,
again a reasoning rather than perception limitation.

Table 5: Zero-shot missing-part detection. Superscripts denote scenario:
1 MES SCENARIO (6 options), 2PES SCENARIO (3 options), >CNC SCENARIO
(5 options) . Three-view covers SWN SCENARIO only (5 options). FW=Flat
Washer, SW=Spring Washer, Sc=Screw, An=Anchor, Nu=Nut, We=Wedge,
Norm=No missing part.

Model | || Three-View (137)
|[FW! SW!|Sc? An?|Nu® Sc® We*|Norm| All ||[FW SW |Norm| All
Gemini-3-Flash 367 100 [ 100 96.7/ 100 100 95.0 98.3 [90.7|| 8.3 84.6| 100 |63.5
GPT-5.2 60.0 83.3190.0 96.7/ 100 100 850 80.0 (85.0|(74.5 87.2| 100 (87.5
Qwen3-VL-235B(233 100 |100 10095.0 100 100 85.0 |86.2(|29.2 84.6| 86.0 |65.7
Seed 1.6 267 100 | 100 100 90.0 89.5 100| 433 |74.9||41.7 89.7| 88.0 |723
Mistral-3-8B 367 40.0|44.8 233/ 5.0 00 800| 83 |272]|104 56.4| 4.0 |212

Image (240 cases)

C. Raw point cloud text is not a viable substitute
for visual projection.

Two complementary analyses further examine
the bottleneck of 3D input representation, includ-
ing experiments that feed 3D coordinates directly
to MLLMs and experiments with specialized 3D—
language models operating on native point clouds
(Appendix C.2). Serialized coordinates provide
only limited evidence of geometric understand-
ing, achieving at most 22.6% on SURFINSP and
53.6% on WORKVERI. To isolate the effect of
the input representation, we further compare three
input modalities using the same 3D encoder and
identical workpieces. Native point clouds perform
the worst (12.9%), followed by serialized coordi-
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nates (20.3%), while three-view rendering achieves
the best performance (23.4%) under the same en-
coder, and reaches 28.4% when considering all
18 MLLMs. These results suggest that, despite
providing less explicit 3D information, visual pro-
jection through three-view rendering offers a more
effective interface for MLLM:s to exploit geometric
information than directly exposing native or serial-
ized 3D coordinates.

4.5 From Benchmark to Training Resource

The preceding analyses identify insufficient manu-
facturing domain knowledge as the primary bot-
tleneck (Section 4.4). We investigate whether
FORGE annotations can also serve as an action-
able training resource to close this gap. We fine-
tune Qwen2.5-VL-3B-Instruct using task-specific
full-parameter SFT (3 epochs, effective batch size
32, learning rate 1x107°, bfloat16, ViT frozen)
and adopt a scenario-based train/eval split: for
WORKVERI three-view, training on the CHS SCE-
NARIO and evaluating on the held-out NUTS SCE-
NARIO, and for ASSYVERI image, training on the
MES SCENARIO and PES SCENARIO and evalu-
ating on the held-out CNC SCENARIO. This out-
of-distribution protocol ensures that observed im-
provements reflect genuine acquisition of transfer-
able manufacturing reasoning rather than memo-
rization of specific assembly layouts. Full config-
uration details and additional training results are
provided in the Appendix B.

Domain-specific SFT on held-out scenarios

R 601 53.8 Qwen2.5-VL-3B

> 50 + SFT

8

5 40 +25.6

v

g 304 28,2 30.5

24.0+6.5

]

2 201

o

0 104

]

N o . !
WorkVeri 3V AssyVeri Img

Figure 4: Domain-specific SFT on held-out scenarios
(zero-shot acc. %).

As shown in Figure 4, SFT yields a 90.8%
relative improvement on WORKVERI three-view,
bringing the 3B model level with Qwen3-VL-235B
(54.4%), a model with 78 x more total parameters
(~7x more active parameters via its A22B mixture-
of-experts architecture), although the strongest
closed-source model on this held-out scenario re-
mains ahead (63.6%). On ASSYVERI image, SFT
achieves a 27.1% relative gain (24.0 to 30.5), sur-
passing all reference models except Gemini-3-

Flash and GPT-5.2, but a substantial gap to Gemini-
3-Flash (53.5%) remains; this is also where the
benefit of fine-tuning on FORGE is smallest, as
only 627 training examples are available for this
scenario. Because these gains are measured on
product categories absent from training, they indi-
cate that FORGE annotations encode transferable
manufacturing knowledge. We therefore regard
this as preliminary evidence that FORGE is not
merely a static benchmark but an actionable re-
source: even modest amounts of domain-specific
training data can substantially improve compact
models on out-of-distribution manufacturing sce-
narios.

5 Conclusion

We present FORGE, a fine-grained multimodal
benchmark of real-world 2D images and 3D point
clouds covering three quality-assurance tasks of dis-
crete manufacturing.Evaluating 18 state-of-the-art
MLLMs, we find that current models handle macro-
scopic part recognition but fall short on model-
number-level reasoning and microscopic surface
analysis. Our evaluation and bottleneck analysis
indicate that visual grounding is not the primary
limiting factor; rather, insufficient manufacturing
domain knowledge and morphology understand-
ing are the key gaps. Beyond evaluation, we show
that FORGE serves as an actionable training re-
source: domain-specific fine-tuning of a compact
3B-parameter model closes most of the gap to a
78x larger open-weight model on one held-out
scenario (53.8 vs. 54.4), while a substantial gap
to the strongest closed-source models remains on
the other (30.5 vs. 53.5). These findings position
FORGE as an evaluation baseline and a practical
starting point for closing the domain knowledge
gap in manufacturing quality assurance.

Limitations

While FORGE provides a rigorous benchmark for
manufacturing scenarios, we acknowledge several
limitations. First, rendering 3D point clouds into
three-view images inevitably sacrifices depth and
geometric topology. Although FORGE targets gen-
eralizable MLLMs rather than specialized 3D archi-
tectures, establishing a clear evaluation boundary,
how to more effectively process and analyze raw
point cloud data in manufacturing settings remains
an important direction for future work. Second,
the SFT experiment in FORGE serves as a prelim-
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inary validation for domain adaptation. Because
SFT optimizes primarily for accuracy, it does not
fully address how to internalize complex manufac-
turing constraints or elicit deeper reasoning capabil-
ities. Future work should explore more principled
training paradigms that explicitly target manufac-
turing reasoning rather than task-level accuracy.
Finally, FORGE focuses on fine-grained require-
ments within isolated tasks. Real-world manufac-
turing occurs in inherently multi-scale and highly
multimodal environments. Expanding the evalua-
tion framework to encompass these complex, dy-
namic interactions, as well as other stages of the
manufacturing life-cycle such as predictive mainte-
nance, assembly execution, and safety compliance,
remains a critical next step. Finally, our conclu-
sions rest on single-run evaluations of proprietary
model endpoints, and the bottleneck analyses probe
five representative models rather than the full set of
18; both should be kept in mind when interpreting
individual numbers.
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A Extended Related Works, Main Results
and Task Description

A.1 Related Works
A.l.1

Computer Vision has widely served as the "eyes" of
modern manufacturing automation, evolving from
traditional image processing to deep learning-based
approaches. Existing literature in this domain can
be broadly categorized into three primary tasks:
surface defect detection, geometric measurement,
and robotic guidance.

Surface anomaly detection represents the most
extensively studied subfield. Early works used su-
pervised Convolutional Neural Networks (CNNs)
to classify defects using large-scale annotated
datasets (He et al., 2016; Ren et al., 2015). To miti-
gate the reliance on defective samples, recent trends
have shifted towards unsupervised paradigms, such
as reconstruction-based methods (e.g., AutoEn-
coders, GANs) (Bergmann et al., 2019; Tao et al.,
2024) and feature-embedding approaches (Roth
et al., 2022), which identify anomalies by mea-
suring deviations from a normal distribution. Re-
cently, to leverage geometric information for more
robust detection, researchers have increasingly fo-
cused on 3D-aware approaches. G2SF (Tao et al.,
2025) is a multimodal industrial anomaly detec-
tion framework that utilizes geometry-guided score
fusion to effectively combine 2D appearance and
3D depth information. Furthermore, to address the
challenges of unstructured 3D data, PointSGRADE
(Tao and Du, 2025) employs graph representations
and sparse learning to detect anomalies directly
from 3D point clouds.

CV models also play a critical role in geometric
metrology and robotic manipulation. Key applica-
tions include 6D pose estimation for component
assembly (Xiang et al., 2018) and precise dimen-
sional measurement for quality control. These mod-
els provide spatial coordinates and geometric pa-
rameters, enabling automated systems to execute
pre-defined mechanical tasks with high precision.

However, despite their perceptual precision, tra-
ditional CV models are fundamentally limited by
their inability to reason and execute autonomous
control. They typically operate as closed-set sys-
tems, mapping pixel inputs to fixed output classes
without understanding the underlying semantics or
physical causality. Consequently, they struggle to
interpret complex, high-level instructions or adapt
to unseen manufacturing scenarios that require log-

CYV models in Manufacturing Scenario.
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Table 6: List of evaluated open-source and closed-
source MLLMs.

Closed-Source Models
Model

Open-Source / Weights Models
Model

Provider Provider

Google Gemma-3-27B OpenAl GPT-5/5.2
OpenGVLab InternVL3-78B OpenAl GPT-5-Mini

Meta Llama-4-Maverick OpenAl 03

Mistral Mi(ni)stral-3-8B/14B/Large ~ Google Gemini-2.5/3-Flash
Alibaba Qwen3-VL-8B/235B Anthropic ~ Claude-4.5-Opus
Zhipu AL GLM-4.6V ByteDance Seed-1.6

Moonshot Kimi-K2.5

ical deduction rather than mere pattern matching.
This limitation underscores the urgent need to intro-
duce MLLMs equipped with cognitive reasoning
capabilities.

A.1.2 MLLMs in Manufacturing Scenario.

Recent advances in manufacturing anomaly detec-
tion leverage MLLMs to shift from simple per-
ception to complex reasoning. LogiCode(Zhang
et al.,, 2024) prompts LLMs to generate exe-
cutable Python code for verifying logical con-
straints, though it relies on manual annotations.
LogicQA(Kwon et al., 2025) takes a more scalable,
annotation-free approach, using VLMs to generate
question-based checklists from standard samples
for zero- or few-shot detection. EMIT(Guan et al.,
2025) proposes Difficulty-Aware GRPO to align
MLLMs with challenging anomaly detection tasks
via response resampling and advantage reweight-
ing. Despite their innovations, these works oper-
ate within existing datasets and predefined tasks,
failing to explore novel formulations that reflect
real-world factory complexity.

A.2 Extended Main Results

In this section, we present more detailed results
compared to the main text.

Closed-Source Models
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Figure 5: Performance of Open-Source vs. Closed-

Source models.

Model-number-level tasks are more challeng-
ing for MLLMs compared to workpiece-level
tasks. A comprehensive analysis of WORKVERI
and ASSYVERI based on Figure 5 reveals a dis-
tinct performance disparity: MLLMs consistently

outperform on workpiece-level tasks compared
to model-number-level tasks. Whether for open-
source or closed-source models, performance on
model-number-level tasks (blue) is worse than on
workpiece-level tasks (red). This substantial gap
indicates that while MLLMs have established a
certain level of understanding of general manufac-
tured workpieces, there remains significant room
for improvement in capturing fine-grained domain
specificity. Nevertheless, the capability to conduct
fine-grained analysis is crucial in manufacturing
scenarios, as manufacturing systems and tasks are
discussed in Section 2.

Specifically, Table 7 details the performance of
WORKVERI and ASSY VERI across different work-
pieces and model numbers, while Table 8 breaks
down the performance across various anomaly
cases. Overall, these findings are consistent with
the results discussed in the main text: Current
MLLMs face substantial hurdles, where over-
all performance remains far from acceptable.
Results across the three tasks reveal that the insuffi-
cient capability to internalize and reason about com-
plex manufacturing standards makes this domain an
arduous challenge for future MLLM development.
Notably, most open-source models perform near
the random baseline. While closed-source models
such as Gemini-3-Flash and GPT-5 demonstrate
superior capabilities, achieving state-of-the-art re-
sults in WORKVERI and ASSY VERI, even the most
advanced models struggle to surpass 50% accuracy
in the highly demanding SURFINSP. This dispar-
ity underscores that, although closed-source mod-
els exhibit stronger general-purpose capabilities,
performance in highly specialized manufacturing
scenarios remains a significant challenge.

However, analyzing the results for WORKVERI
and ASSYVERI across different workpieces and
model numbers in Table 7, we observe a distinct
pattern across the three settings. Specifically, for
the three-view (3V) modality, both model-number-
level and workpiece-level tasks expose a significant
bottleneck in 3D spatial understanding. Interest-
ingly, under the 3V setting, both Ref-Cond and
ICD exhibit a performance degradation compared
to the zero-shot baseline. However, this decrease is
significantly more pronounced in workpiece-level
tasks than in model-number-level tasks. This ob-
servation further corroborates Conclusion C in Sec-
tion 4.3. The root cause lies in the fact that the
similarity among workpieces is substantially lower
than that among different model numbers. Conse-
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Image
Model No
3V
WORKVERI
Image
Workpiece
3V

Zero-Shot | 23.18
Ref-Cond | 25.97
ICD 18.03
Zero-Shot | 22.87
Ref-Cond | 20.18
ICD 25.11

Zero-Shot | 28.90 3

Ref-Cond | 35.32
ICD 52.29
Zero-Shot | 31.50
Ref-Cond | 26.37
ICD 31.87

25.78
18.61
24.24
27.35
30.94
28.38
41.90
21.96
30.15
36.63
20.15
28.68

20.09
23.81
26.84
26.24
19.73
25.45
41.98
24.77
37.61
34.80
17.04
31.62

[57
2446 3691 21.12
19.40 33.64
2403 3534
2791 3779
2036 3005
2556 3249
27.19 9312
3209 85.13
38.89  99.54
4030 6407
2140 40.16
4741 42.06

25.54
22.41
33.33
25.69
24.22
50.69
2243
28.37
49.07
28.41
28.04

41.84| 30.04
27.90 | 34.33
38.76 29.00 | 30.90
37.50| 30.49
28.96 29.60
3243 41.26
57.03 | 90.83
7431 79.72
7235 93.12
5539 46.32
56.88 | 26.47
5522 66.30

31.39
38.12
79.72
74.77
79.36
69.96
53.48
66.79

BIROS)

40.52
71.43
40.09
2591
45.50
99.08
89.45

100.00

78.23
33.33
65.81

55.70
45.66

66.51

30.04
94.95
97.71
93.09
43.38
39.34
31.25

44.09
26.82
46.51
97.70
92.65
100.00
69.60
31.82
6691

38.96
27.07
4421
40.81
22.87
36.65
96.79
73.39
98.17
65.57
30.15
54.41

Image
Model No
3V
ASSYVERI
Image
Workpiece
kA%

Zero-Shot | 19.27
Ref-Cond | 23.50
ICD 23.72

Zero-Shot | 16.78

Ref-Cond  26.85
ICD 2685
Zero-Shot | 44.92
Ref-Cond | 46.41
ICD  [49.35
Zero-Shot | 36.88
Ref-Cond | 36.88
ICD 36.88

17.86
25.14
19.17
15.44
0.00
7.43
52.70
44.59
47.52
40.00
36.88
43.40

16.76
16.39
20.33
14.77
0.67
20.81
52.60
45.45
49.01
33.75
35.00
37.74

2139 1529
1627 2471
19.12 3155
19.63 23.57
19.83 21.05
1825 24.06
4286  76.08
3701 69.79
45.60 84.48
4027 3875
36.88  39.61
3459 | 60.40

17.52
18.83
22.53
19.46
25.52
2635
57.70
46.03
44.26
57.50
41.40
50.62

21.34 3370
2473 41.71
35.15 47.63
22.07| 13.42
2517 26.17
21.48 3087
58.37| 85.02
59.61| 82.47
63.52 9023
55.70| 68.75
4872 7375
53.12| 59.12

25.87
21.02
32.23
20.13
26.17
31.54
63.96
52.44
72.96
68.12
53.12
55.62

29.87
36.13
44.89
25.68
18.12
26.35
86.04
74.03
90.07
80.00
42.50
75.62

21.17
37.11
39.85
21.48
21.62
23.49
83.77
76.97
74.51
75.62
36.88
65.62

26.52
46.69
46.44
20.00
24.26
20.69
89.90
84.04
92.12
79.87
47.37
81.25

19.05
27.74
27.88
23.13
14.29
22.82
76.87
69.08
84.92
58.75
38.12
45.00

Table 7: Performance of different cases for WORKVERI and ASSY VERI, different workpieces, and different model
numbers. Bold orange / underlined blue / light purple indicate best / second / third within each model category
(open- or closed-source) per row.

Open-Source

Closed-Source

Case Method
& i g} =
Jed ~ ¥ ¥ K & & = g 3 > R R o N ©
& & § & & & § § § VS N § $ »oo& ol
g § § 5§ § 5 s s & & | ¢ & S & & s 4
Zero-Shot [ 26.21 6.21 4.23 44.14 3793 345 7.59 3034 26.57 42.76| 21.38 0.69 10.34 6.21 2.07 690 4.14 41.38
CRACK Ref-Cond | 14.48 4.83 993 57.24 58.62 9.66 552 29.86 32.64 44.06| 35.17 1.38 40.00 4.14 4.14 621 625 48.28
ICD 1241 15.17 2.78 62.76 66.90 1586 3.47 2276 21.80 11.03| 4.14 62.76 66.90 19.31 24.14 13.79 28.28 38.62
Zero-Shot| 0.61 1.22 1321 7.32 1.83 0.00 1890 6.10 16.67 0.61 | 1829 1.83 6.71 34.76 21.95 25.00 10.98 4.88
CUT Ref-Cond | 1.22 0.00 9.03 8.54 0.00 122 2012 11.59 18.87 1.83 | 1829 427 25.61 31.71 28.05 44.51 15.24 5.49
ICD 366 1.83 1037 23.78 14.63 20.73 429 10.98 2829 7.93 | 1341 17.68 47.56 37.20 37.20 59.15 32.93 19.51
Zero-Shot | 84.56 95.30 51.75 77.85 81.88 97.99 78.52 79.19 49.32 73.83| 72.48 98.66 8591 63.09 66.44 71.81 77.18 70.47
DEFORMATION Ref-Cond | 65.77 95.30 64.29 75.17 64.43 7450 79.19 56.38 62.16 83.11| 57.05 94.63 67.11 59.73 40.94 54.36 59.73 76.51
ICD 4497 87.92 18.12 30.20 34.23 39.60 49.32 46.98 27.21 43.24| 2.01 57.05 26.17 46.31 25.50 20.81 32.89 53.69
Zero-Shot| 6.34 7.04 3.70 0.70 0.00 845 423 704 797 211 | 563 0.70 141 5.63 1620 7.75 7.75 0.00
DENT Ref-Cond [23.94 5.63 6.62 2.11 9.15 28.87 282 19.72 8.57 1.41 | 1549 423 7.04 10.56 18.31 1549 23.24 2.11
1ICD 38.03 845 9.15 12.68 7.75 4225 10.56 28.87 11.38 7.75 | 1479 28.17 39.44 12.68 28.87 7.04 26.06 14.08
Zero-Shot| 0.00 0.00 44.89 0.00 3.04 0.00 130 043 3.12 043 | 261 0.00 0.00 0.87 16.52 0.00 12.17 2.17
GOOD Ref-Cond | 34.35 0.00 48.65 0.00 696 0.00 478 7.86 0.00 10.04| 6.96 3435 23.04 10.43 68.70 48.70 63.48 43.04
ICD 478 11.30 53.04 46.09 59.57 18.70 38.16 2696 8.25 31.30| 63.48 5348 61.74 3522 73.36 62.61 68.26 58.70

Table 8: Per-defect-class accuracy for SURFINSP on 830 cases across 14 workpieces. Each cell is the model’s
accuracy on test cases whose ground-truth class is the row label (CRACK, CUT, DEFORMATION, DENT, or
GOOD). Bold orange / underlined blue / light purple indicate best / second / third within each model category
(open- or closed-source) per row.
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quently, the visual features of workpieces exhibit
much higher variance under the inherent spatial and
angular shifts of 3V images. This extreme variabil-
ity severely hinders MLLMs from aligning spatial
semantics when integrating reference examples, ul-
timately leading to a steeper performance drop for
Ref-Cond and ICD in workpiece-level tasks.

More granular results for SURFINSP are pre-
sented in Table 8. Although the task comprehen-
sion requirement for SURFINSP is relatively low,
and performance generally improves as the number
of references increases across all three settings, the
anomaly of DEFORMATION does not conform to
this trend. This suggests that even for seemingly
simple tasks, varying domain knowledge require-
ments cause MLLMs to interpret the task differ-
ently, leading to distinct performance trajectories
across different anomaly types.

A.2.1 Risk-Sensitive Metrics for SURFINSP.

Exact-match accuracy weights all mistakes equally,
whereas in industrial inspection the two error direc-
tions carry very different costs: a defective work-
piece passed as good escapes downstream, while a
good workpiece flagged as defective incurs scrap
or rework. SURFINSP is the task where this asym-
metry is directly defined, because the model makes
an accept/reject decision; in WORKVERI and AS-
SYVERI the model instead selects which candidate
is anomalous, so its errors are misidentifications
rather than accept/reject decisions.

From the stored per-case predictions of the same
830-case SURFINSP evaluation reported in Table 3
(600 defective, 230 defect-free), we recompute
macro-F1 together with the miss rate (a defective
workpiece predicted good) and the false-alarm rate
(a defect-free workpiece predicted defective) for
all 18 models under all three settings. Responses
from which no answer can be parsed are counted
as errors, pessimistically, in whichever direction
the ground truth lies. Twelve of the 54 runs have
slightly fewer logged cases than the full set (min-
imum 750); all rates are computed over the cases
logged for each run, and three accuracy cells dif-
fer from Table 3 by at most 0.6 points because the
stored predictions are re-parsed here. Note that the
false-alarm rate is the complement of the GOOD
row of Table 8, which reports the same predictions
from a per-class perspective.

Table 9 reports the result. Two observations
do not follow from accuracy alone. First, in the
Zero-Shot setting 15 of the 18 models flag at

least 96.8% of defect-free workpieces as defec-
tive; their apparently safe near-zero miss rates are
an artefact of answering “defective” almost always
rather than evidence of sensitivity. Second, models
with nearly identical accuracy can fail in opposite,
cost-relevant directions: under ICD, Claude-4.5-
Opus misses 60.5% of true defects while Qwen3-
VL-235B instead over-flags 61.8% of defect-free
workpieces, although their accuracies (23.9% and
22.7%) would suggest they are interchangeable.
Even the best-calibrated model retains a substantial
false-alarm burden (Gemini-3-Flash: 7.5% miss,
38.3% false alarms), which quantifies the distance
to quality-critical deployment more sharply than
accuracy does. Macro-F1 preserves the ranking
reported in the main text, so the conclusions there
are unaffected; these metrics add risk-sensitive in-
formation rather than revise any result.

A.2.2 Rationale for the MCQ Formulation.

All FORGE tasks are posed as multiple-choice
questions. We adopt this formulation to make eval-
uation judge-free: exact-match scoring of a single
letter is deterministic, reproducible, and directly
comparable across model families, and it is the
protocol used by manufacturing-domain MLLM
benchmarks such as MMAD (Jiang et al., 2024).
The alternative, free-form scoring, would require
either an LLM judge, which introduces its own bias
and instability into a benchmark whose purpose is
measurement, or manual grading of roughly 13k
samples across 18 models and 3 settings, which is
not feasible at this scale.

The formulation is nonetheless a simplification
of deployed inspection, where a system must de-
tect, localize, and describe faults without a candi-
date list. Two points bound how much this sim-
plification flatters the models. First, enumerating
candidates makes the task easier than open-set de-
tection, so the failures we report are a lower bound
on the difficulty of the open-ended setting: even
with candidates supplied, the best model reaches
only 49.6% on SURFINSP against a 20% random
baseline. Second, the option sets are constructed to
carry no signal about the answer: in WORKVERI
and ASSYVERI every workpiece in the assembly
appears as one option, identified only by its nor-
malized centre coordinate, so no option is textually
distinguishable from the others, and in SURFINSP
the same five class labels are offered for every case.

The controlled analyses in Section 4.4 addition-
ally recover capabilities that the multiple-choice
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Table 9: Risk-sensitive metrics for SURFINSP (full set: 830 cases, 600 defective / 230 defect-free). Ace=exact-
match accuracy, F1=macro-F1 over the five classes, Miss = percentage of defective workpieces predicted good,
FA =percentage of defect-free workpieces flagged as defective. Unparseable responses count as errors. Upper block:

open-source models; lower block: closed-source models.

Zero-Shot

Model Acc Fl Miss FA

Ref-Cond ICD
F1 Miss FA | Acc F1 Miss FA

Gemma-3-27B 21.0 141 0.0 100.0 | 28.2

InternVL3-78B 19.6 11.1 0.0 100.0

Llama-4-MAV 258 19.6 313 55.1 |29.6
Mistral-3-14B 233 168 0.0 1000|255
Mistral-3-8B 225 152 07 970 |253
Mistral-3-Large | 19.6 10.3 0.0 100.0 | 20.2
Qwen3-VL-235B [ 202 143 02 987 |21.0
Qwen3-VL-8B 22.1 167 0.0 99.6 |232
Kimi-K2.5 19.1 17.1 68 969 |222
GLM-4.6V 213 138 05 996 | 259

246 37 657 |188 160 3.7 952
9.7 0.0 1000|234 177 05 887
248 157 514 |22.1 169 529 47.0
19.6 0.0 100.0|36.0 335 11.7 539
198 00 93.0 |38.6 333 140 404
146 0.0 100.0 264 260 25 813
149 02 952 |227 175 352 618
214 05 921 [27.0 265 1.8 73.0
193 03 1000|187 184 13.1 918
188 02 900 |21.2 182 341 68.7

Claude-4.5-Opus | 22.1 183 0.7 974 |24.6
Gemini-2.5-Flash | 183 7.4 0.0 100.0 | 28.3
Gemini-3-Flash 188 11.5 0.0 100.0 | 31.7

GPT-5.2 205 154 03  99.1 | 224
GPT-5 240 203 75 835
GPT-5 Mini 204 152 0.2 100.0
03 215 165 55 878
Seed-1.6 215 153 1.2 978

format itself does not test: the grounding probes
require the model to predict coordinates rather than
select among them, and the missing-part probe re-
moves coordinates entirely and adds a “no work-
piece is missing” option. Full prompts and configu-
rations for these probes are given in Section C.2.1.
A fully open-ended track, in which models must
localize and describe faults directly, is a natural
extension that our released annotations, which in-
clude part contours, coordinates, model numbers,
and defect types, are sufficient to support.

A.3 Task Description

In FORGE, we primarily designed three tasks re-
lated to manufacturing scenarios to evaluate the
key capabilities of MLLMs in typical manufac-
turing contexts such as material sorting, quality
inspection, and assembly recognition. The map-
ping relationship between the real factory scenario
and FORGE tasks is shown in Figure 6. This Sec-
tion systematically introduces the detailed design
framework of these three tasks, including task de-
sign, construction of testing and evaluation data,
evaluation settings, and the corresponding data col-
lection process.

A.3.1 Raw Data Collection.

In this work, to facilitate the evaluation of MLLMs
and provide data for our tasks, we collected raw
data from authentic manufacturing workpieces.
The data acquisition setup was established using
a platform equipped with a precision rotary table
and a custom-designed fixture. The data collection

process was divided into two distinct phases: point
cloud acquisition and image data collection.

Availability. All FORGE assets are re-
leased under the MIT License: (i) the com-
plete dataset, comprising raw images, raw point
clouds, three-view renderings, and all annota-
tions, at https://huggingface.co/datasets/
AI4Manufacturing/forge; and (i1) the full eval-
vation harness, including the per-task evalu-
ation scripts, prompts, and the exact config-
uration used for every reported number, to-
gether with the fine-tuning scripts and the scripts
used for the 3D-language baselines and the
risk-sensitive metrics, at https://github.com/
AI4Manufacturing/FORGE.

Point Cloud Data Acquisition: A handheld
3D scanner was utilized for data collection with a
scanning precision configured to 0.02 mm. Before
scanning, positioning markers were affixed to the
platform to facilitate the establishment of a local
coordinate system via marker recognition. To mit-
igate the surface reflectivity inherent in metallic
workpieces, a 3D scanning developer spray was
applied as a pretreatment. Once the workpiece was
securely positioned, the scanning procedure was
initiated. Subsequently, proprietary software was
employed to perform post-processing operations,
including registration, denoising, mesh reconstruc-
tion, and texture mapping, yielding high-fidelity
3D model reconstructions.

Image Data Acquisition: Specific experimental
scenarios were pre-designed for image data collec-
tion. Metal workpieces of corresponding models
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Framework: Mapping Factory Scenarios to MLLMs Evaluation Tasks
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Figure 6: Mapping Factory Scenarios to MLLMs Evaluation Tasks(some images are Al-generated).)

were randomly selected from the sample library
and placed in random orientations, while maintain-
ing consistency in shooting angles and distances.
Images were captured using a 50-megapixel sensor
with a Leica Vario-Summilux optical lens system
to ensure high resolution.

Then, the raw dataset is categorized into Point
Cloud Subset and Image Subset, capturing both
geometric and visual aspects of manufacturing
components.

Component Selection and Representativeness:
The workpieces were deliberately chosen from
standardized industrial components rather than
sampled arbitrarily. The 14 categories are stan-
dard fastener and fixture families, spanning screws
(cup-head, countersunk, self-tapping, T, T-bolt half-
thread, wing), nuts (hex, rivet, T, wing), washers
(flat, spring), eye bolts, and corner brackets, and
their 90 model numbers follow internationally rec-
ognized ISO/DIN/GB designations. Standardized
fasteners are among the most widely used compo-
nents in discrete manufacturing, and it is precisely
their standardization that makes model-number-
level verification a well-posed industrial task. The
image scenarios were selected on the same prin-
ciple, covering metal and plastic expansion-screw
assemblies, CNC fixtures, and pneumatic connec-
tor assemblies, which are routine in machining and
assembly workshops. We do not claim to cover the
full space of manufactured components; extend-
ing FORGE to further families, such as bearings,

gears, or sheet-metal parts, is a natural direction
that the released collection and annotation pipeline
supports.

Point Cloud Subset: This subset covers 14 com-
ponent categories and 90 model numbers. Each
sample is represented as a 3D point cloud, provid-
ing high-fidelity geometric structure information.
Through data preprocessing and manual annotation,
this subset enables a variety of applications, includ-
ing WORKVERI, SURFINSP, and ASSYVERI. The
detailed collected 3D point cloud data are summa-
rized in Table 11.

Image Subset: This subset comprises approx-
imately 3000 images collected from four manu-
facturing scenarios, including expansion screw as-
semblies and positioners. Each scenario contains
normal samples and abnormal samples. This sub-
set primarily supports WORKVERI and ASSYVERI
under real-world manufacturing conditions. The
detailed collected image data are summarized in
Table 12.

While these two subsets provide the compre-
hensive raw material for WORKVERI, SURFINSP,
and ASSYVERI, raw data requires specific curation
before it can be used for standardized evaluation.
Therefore, the detailed data preparation pipelines
and specific definitions for each task are presented
in the following sections.

Data Processing and Annotation: It is impor-
tant to note that the raw data, comprising both 2D
images and 3D point clouds, could not be directly
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utilized for FORGE. Therefore, data preprocessing
pipelines were designed for each modality.

For 2D image data, to ensure exceptional la-
bel accuracy while maintaining efficiency, we
adopted a hybrid strategy combining algorith-
mic pre-extraction with a two-stage manual fine-
annotation. Initially, a Python-based algorithm
batch-processed raw 2D images to automatically
extract edge contours of the workpiece and gen-
erate preliminary spatial coordinates, significantly
reducing manual labor. During the first manual
annotation stage, annotators conducted a frame-by-
frame inspection to correct algorithmic deviations
and map the 2D spatial coordinates to the man-
ufacturing workpiece in 2D image data, ensuring
highly accurate absolute coordinates. To establish a
reliable benchmark test set, experienced personnel
conducted a second manual review to identify "mis-
match workpieces" that failed production standards.
The specific coordinates of these non-compliant
workpieces were extracted, yielding highly reliable
ground-truth labels for subsequent evaluations.

For WORKVERIand ASSY VERI: Since the col-
lected data consisted of single normal workpieces,
we utilized CloudCompare to synthesize batch
samples. Specifically, we stitched 4-5 individual
point clouds together, applying random orienta-
tions and relative positions within a constrained
range. Corresponding labels were automatically
generated based on the artifact models and work-
piece information during this assembly process.
For SURFINSP: We focused on synthetic defect
generation since real defect samples from produc-
tion lines are difficult to collect, especially in the
fine-grained setting; synthetic generation following
industrial defect standards ensures reproducibility
and diversity while preserving physical realism.
Four typical manufacturing defects were simulated:
Crack, Deformation, Dent, and Cut. For each type,
we designed a tailored algorithm based on its dis-
tinctive morphological characteristics to produce a
large set of initial shapes. Non-rigid deformation
was then applied to enhance realism and variabil-
ity. The proportion of defect points per sample
was constrained between 5% and 15%. To address
data scarcity, we augmented the dataset by apply-
ing 20 random rotations (uniformly sampled from
[0°,360°)) to each sample. Furthermore, our pre-
liminary tests revealed that feeding raw point cloud
files directly into the LLM resulted in sub-optimal
performance. Consequently, we adopted a multi-
view projection strategy: all point clouds were ren-

dered into 3V images (orthogonal projections) to
serve as the actual input for MLLMs.

Data Provenance. Because FORGE combines
captured and derived material, Table 10 states, for
each component of the benchmark, what was phys-
ically measured and what was produced compu-
tationally. Every photograph and every raw point
cloud is an original capture of a physical workpiece
performed by us; no third-party dataset is used.
The WORKVERI and ASSY VERI point-cloud as-
semblies are compositions of real scans, i.e. the
geometry of every workpiece in an assembly is
measured, and only the relative placement is ran-
domized. The only synthesized content in FORGE
is the defect region of SURFINSP samples, and the
three-view images are a deterministic rendering of
the underlying clouds rather than generated con-
tent.

On the use of synthesized defects. We gener-
ate SURFINSP defects rather than collecting them
because real production-line defects are scarce in
precisely the fine-grained, per-model-number set-
ting this benchmark requires, and because synthesis
provides exact ground-truth defect regions, repro-
ducibility, and balanced coverage of all four defect
types across all 14 workpiece categories, none of
which an opportunistically collected defect set can
guarantee. Each generator was designed from the
morphological characteristics of its defect class and
applied to real 0.02 mm-precision geometry, with
non-rigid deformation added for variability. We
do not claim that the resulting defects match the
distribution of any particular production line; estab-
lishing that correspondence, and complementing
FORGE with real production defects, is important
future work. Visual examples of the generated de-
fects on real scans are provided in Figures 12-25.

Eval Setting: For all tasks, the evaluation
settings are divided into three categories: Zero-
Shot, Reference-Conditioned(Ref-Cond), and
In-Context Demonstration(ICD).In the Zero-
Shot setting, only the test image and the corre-
sponding textual query are provided as input dur-
ing evaluation. In the Ref-Cond setting, three cor-
rect normal cases are additionally included as ref-
erence examples for the MLLMs model. In the
In-Context Demonstration setting, one more ex-
ample that is similar to the test case, consisting of
an image, its corresponding query, and the correct
answer, is added on top of the Ref-Cond examples.
The final test query is then provided based on these
contextual demonstrations. To further systematize
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Table 10: Provenance of each component of FORGE. All photographs and all raw point clouds are original
captures of physical workpieces; the only synthesized content is the defect region of SURFINSP samples.

Component

Origin

How it was produced

Image subset (MES
SCENARIO, PES
SCENARIO, CNC
SCENARIO, PCs
SCENARIO)

Raw point clouds (14
categories, 90 model
numbers)

WORKVERI/ ASSYVERI
point-cloud assemblies

SURFINSP defects

Three-view renderings

Real capture

Real capture

Composition of real
scans
Synthesized on real
scans

Deterministic
rendering

Photographs of physical workpieces, 50 MP sensor with Leica optics;
contours and labels from algorithmic pre-extraction plus two-stage manual
annotation.

Handheld 3D scans of physical workpieces at 0.02 mm precision, followed
by registration, denoising, and mesh reconstruction.

4-5 real per-workpiece scans stitched with randomized orientation and
position; labels generated automatically during composition.
Per-defect-type morphological generators plus non-rigid deformation
applied to real scans; defect region constrained to 5—-15% of points; 20
random rotations per sample for augmentation.

Orthographic front/side/top projection of the above point clouds; an input-
interface choice, not generated content.

Table 11: Simple data summary of raw point cloud data.
The dataset contains 14 workpieces.

Workpieces Model No. of

Number Samples

Corner Bracket 5 25

Countersunk Screw 2 20

Cup Head Screw 22 110

Eye Bolt 5 45

Flat Washer 9 45

Hex Nut 4 33

Rivet Nut 3 30

Self-tapping Screw 6 60

Spring Washer 9 50

T Bolt Half thread 4 40
Screw

T Nut 4 20

T Screw 10 50

Wing Nut 3 27

Wing Screw 4 30

Total 90 585

the evaluation setting, we categorize potential er-
ror scenarios into two primary classes: Different
workpiece and Different Model Number. The for-
mer refers to coarse-grained discrepancies, includ-
ing workpiece mismatches, component absence,
or other workpiece-level anomalies. The latter ad-
dresses fine-grained inconsistencies, specifically
focusing on errors arising from distinct model vari-
ants despite the workpiece category being correct.

A.3.2 Task Description of WORKVERI.

In manufacturing scenarios, material sorting refers
to the process of identifying, selecting, classify-
ing, assembling, matching, and delivering materi-

als from inventory to designated locations in ac-
cordance with specific requirements. Among these
steps, material identification and verification are
the most fundamental and essential. To evaluate
the capability of MLLMs in material identifica-
tion and verification within manufacturing envi-
ronments, we design a task termed WORKVERI.
Given explicit workpiece specifications or model
requirements, the task requires MLLMs to analyze
3D point clouds or image data of manufacturing
workpieces and identify those that do not satisfy the
specified requirements. Task design and details:
Based on this task, we construct three representa-
tive manufacturing application scenarios. Two of
them are based on point cloud data, with the re-
search objects being common manufacturing com-
ponents, namely Nuts and Cup Head Screws. The
third scenario is based on image data and focuses
on commonly used Pneumatic Connectors (PCs).
The illustration of PCS SCENARIO is presented in
Figure 9, and the illustration of 3D point cloud sce-
nario (CHS SCENARIO and NUTS SCENARIO) is
presented in Figure 10 and Figure 11.

A.3.3 Task Description of SURFINSP.

Quality inspection has long been a fundamental
research problem in manufacturing. Its core ob-
jective is to systematically inspect and measure
workpieces, components, or production processes
to ensure compliance with design specifications,
process standards, and customer requirements. In
this paper, we propose a SURFINSP task to evaluate
the capability of MLLMs in identifying manufac-
turing defects from workpiece point cloud data in
manufacturing scenarios. Task design and de-
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Table 12: Simple data summary of raw image data (scenario-level).

Workpiece Wrong types No. of samples
MES SCENARIO No Spring Washers 56
Hex Nut M14 52
Flat Washer M 14 51
No Flat Washers 50
Two Flat Washers 50
Two Spring Washers 49
Spring Washer M8 48
Cup Head Screw M12 40 46
PES SCENARIO  One missing plastic expansion anchor 52
One missing plastic expansion Self-tapping Screw 51
One extra plastic expansion Self-tapping Screw 49
Screws belonging to model 860 expansion anchors were found mixed in 49
Screws shorter 30 than the specified length were found mixed in 49
One extra plastic expansion anchor 47
Model 860 expansion screws were mistakenly included 46
Plastic anchors belonging to the expansion screw model 860 were mixed 44
CNC SCENARIO Missing one nut 57
Extra one nut 56
Missing triangular part 56
retainer block 56
Missing screw 53
Long screw 51
Short screw 50
Triangular part 48
PCsS SCENARIO  2-way pneumatic tube connectors (8 to 6), mixed with model (10 to 6) 67
Three 2-way pneumatic tube connectors (8mm to 6mm), mixed with T-type 3-way 63
2-way pneumatic tube connectors (8 to 6), mixed with model (6 to 4) 57
Three 2-way pneumatic tube connectors (8mm to 6mm), mixed with Y-type 3-way 57
2-way pneumatic tube connectors (8 to 6), mixed with model (12 to 8) 56
2-way pneumatic tube connectors (8 to 6), mixed with model (8 to 4) 56
Three 2-way pneumatic tube connectors (8mm to 6mm), mixed with throttle valve 55
Three 2-way pneumatic tube connectors (8 to 6), mixed with external-thread elbow 50
Total 3115

tails: Specifically, the task involves: (1) determin-
ing whether a workpiece contains defects; and (2)
further identifying the type of defect. The experi-
mental evaluation covers 14 categories of manufac-
turing components, and the considered defect types
are Crack, Cut, Deformation, and Dent. The point
cloud data of different mechanical components are
illustrated in Figures 12-25.

A.3.4 Task Description of ASSYVERI.

Assembly recognition is the automatic identifica-
tion and understanding of assembly relationships,
structural hierarchies, and compatibility constraints
among workpieces or materials. Compared with
material sorting, this task imposes greater require-
ments on MLLMs, as it requires them to reason
about more complex assembly rules and compat-
ibility relationships. To this end, we design an

evaluation task termed ASSYVERI, which aims to
systematically assess MLLMs’ capability in under-
standing assembly relationships. Given specific
compatibility rules, workpiece specifications, or
model requirements, MLLMs analyze point clouds
or images of manufacturing workpieces and iden-
tify those that do not meet assembly requirements.
Task design and details: This task consists of four
representative manufacturing scenarios. Among
them, three scenarios are based on image data and
involve common manufacturing applications, in-
cluding metal expansion screws(MES SCENARIO),
plastic expansion screws (PES SCENARIO), and
CNC fixtures (CNC SCENARIO). The remaining
scenario is based on point cloud data and focuses on
the compatibility relationships among metal screws,
washers, and nuts. The illustration of image and
point cloud data is in Figure 26-29.
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Task Scenario Case Type Error Type Samples
M16 longer length 100 42
M18 longer length 100 35
Model No MI2 shorter length 50 34
M10 shorter length 50 32
CHS SCENARIO Self tapping Screw 37
Workpiece T Bolt Half thread Screw 44
T Screw 45 M8 36
Wing Screw 41
Mixed with M16 75
Model No Mixed with M20 75
WORKVERI NUTS SCENARIO Rivet Nut 78
Workpiece T Nut 81
Wing Nut 81
Mixed with (10 to 6) 67
Mixed with (12 to 8) 59
Model No Mixed with (6 to 4) 59
PCS SCENARIO Mixed with (8 to 4) 56
Mixed with external-thread elbow 50
. Mixed with T-type 3-way 63
Workpiece Mixed with throttle valve 55
Mixed with Y-type 3-way 58
Corner Bracket 48
Countersunk Screw 40
Cup Head Screw 234
Eye Bolt 86
Flat Washer 62
Hex Nut 58
SURFINSP . NuAl 58
Self tapping Screw 116
Spring Washer 88
T Bolt Half thread Screw 76
T Nut 62
T Screw 160
Wing Nut 54
Wing Screw 58
Cup Head Screw M12 40 51
Flat Washer M14 52
MES SCENARIO Model No He)f Nut M14 32
Spring Washer M8 51
Workpicce Extra Flat Washers 55
Extra Spring Washers 52
Cup Head Screw M18 100 52
Flat Washer M14 15
Model No Hex Nut M16 37
Spring Washer M20 46
SWN SCENARIO Extra Cup Head Screw 32
Workpiece Extra Flat Washers 44
ASSYVERI Extra Hex Nut 38
Extra Spring Washers 46
Plastic anchors belonging to expansion 51
Model No screw model 860 were mixed
Screws belonging to model 860 56
PES SCENARIO . . .
expansion anchors were found mixed in
Shorter screws were found mixed in 50
Model 860 expansion screws were 51
Workpiece mistakenly included
One extra plastic expansion anchor 52
One extra plastic expansion Self-tapping 54
Screw
Long screw 51
retainer block 56
CNC scexario Model No Short screw 53
Triangular part 48
Workpiece Extra one nut 56
3559

Table 13: Simple data summary of three tasks (scenario-level).
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In summary, by designing three core
tasks, WORKVERI, SURFINSP, and ASSYVERI,
combined with high-quality multimodal data
(point clouds and images), we have constructed
a comprehensive and challenging benchmark
corresponding to typical manufacturing contexts
such as material sorting, quality inspection, and
assembly recognition. This design not only ad-
dresses the fundamental perceptual requirements of
manufacturing scenarios but also aims to rigorously
evaluate models’ logical judgment and reasoning
capabilities under complex manufacturing rules.
Building upon this framework, the following
sections will systematically evaluate and discuss
the reasoning mechanisms and performance of
MLLMs in addressing real-world manufacturing
challenges. A brief visualization results are
presented in Figure 7 and full visualization results
are presented in Section D, and complete dialogue
examples are provided in Section E.

B Training Details and Extended Results

Training Configurations. We train
Qwen2.5-VL-3B-Instruct using full-parameter
supervised fine-tuning with the following config-
uration: bfloat16 precision, 3 epochs, per-device
batch size 1, gradient accumulation steps 8,
effective batch size 32 (1 x 8 x 4 GPUs), learning
rate 1 x 1072, warmup ratio 0.05, weight decay
0.01, SDPA attention, frozen ViT, gradient check-
pointing enabled, and response standardization
enabled. Each task-specific model is trained
independently. For WORKVERI 3V, training uses
8,337 examples from the CHS SCENARIO (Cup
Head Screws). For ASSYVERI image, training
uses 627 examples from the MES SCENARIO
and PES SCENARIO. Training data is converted
to the standard single-turn chat format with the
grounding-annotated image as input and the MCQ
answer letter as the target response.

Scenario-Based Splitting. Unlike random
train/test splits, our scenario-based protocol
ensures the evaluation assemblies belong to an
entirely different product category than those
seen during training. For WORKVERI 3V, the
CHS SCENARIO (Cup Head Screws) is used for
training and the NUTS SCENARIO for evaluation.
For ASSYVERI image, the MES SCENARIO and
PES SCENARIO (metal and plastic expansion
screw assemblies) are used for training, and the
CNC SCENARIO (CNC fixture assemblies) for

evaluation. This tests whether the model learns
transferable manufacturing reasoning principles
rather than assembly-specific visual patterns.

Full Comparison with Frontier Models. Ta-
ble 14 compares the finetuned Qwen2.5-VL-3B
with five reference models evaluated on the same
held-out scenarios.

Model Type  WORKVERI 3V (NUTS SCENARIO) ASSYVERI Img (CNC SCENARIO)

Gemini 3 Flash Closed 63.6 535
GPT-5.2 Closed 62.6 370
Seed 1.6 Closed 60.0 236
Qwen3-VL-235B Open 54.4 19.7
Mistral 3 8B Open 354 26.0

Qwen2.5-VL-3B (base) Open 282 24.0
Qwen2.5-VL-3B (SFT) Open 53.8 30.5

Table 14: Finetuned 3B model vs. frontier models
on held-out scenarios (zero-shot accuracy %). The
finetuned Qwen2.5-VL-3B nearly matches Qwen3-VL-
235B on WORKVERI (53.8% vs. 54.4%) and surpasses
Seed 1.6, Qwen3-VL-235B, and Mistral 3 8B on AS-
SYVERI. Bold / Underlined / Shaded = best/2nd/3rd
among the five reference models.

Task-Level Analysis. The asymmetry between
the two tasks is informative. WORKVERI 3V
requires distinguishing a single mismatched part
among geometrically similar components, a skill
that transfers well across scenarios because the
training data teaches the model what constitutes a
specification mismatch in general, regardless of the
specific assembly type. In contrast, ASSYVERI im-
age involves diverse error modes (different model
numbers and extra parts) across assembly cate-
gories with varying visual complexity; a scenario-
held-out evaluation is therefore inherently harder
because the model encounters part types and spa-
tial layouts it has never seen. Nevertheless, even
627 training examples produce a measurable im-
provement on a completely novel product category,
indicating that FORGE annotations encode trans-
ferable manufacturing knowledge.

Per-Category Breakdown. On WORKVERI 3V
(NUTS SCENARIO), the finetuned model shows a
notable shift in behavior: accuracy on Normal cases
improves dramatically from 24.3% to 74.8%, while
accuracy on Different Model Number cases de-
creases from 33.8% to 23.8%. This indicates the
model learns a more conservative decision bound-
ary, correctly recognizing conforming assemblies
far more often, at the cost of some sensitivity to sub-
tle specification mismatches. Since Normal cases
constitute 59% of the evaluation set (115/195), the
net effect is a large overall improvement. Future
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Figure 7: Qualitative results and analysis. (a) WORKVERI: The top row shows examples of CHS SCENARIO, the
second rows are from NUTS SCENARIO, and the bottom row is from PCS SCENARIO. (b) SURFINSP: Randomly
selected defect examples across different workpieces. Red highlighting is for illustration only; during evaluation,
models use uniformly colored point clouds without explicit defect cues. (¢) ASSYVERI: The first three rows
correspond to MES SCENARIO, PES SCENARIO, and CNC SCENARIO, respectively, while the last row shows
examples of SWN SCENARIO.
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work could explore loss weighting or balanced sam-
pling to mitigate this calibration trade-off.

On ASSYVERI image (CNC SCENARIO), im-
provements are more uniform: Different Model
Number accuracy increases from 20.5% to 27.0%
and Extra Part from 37.0% to 44.4%, suggesting
the training signal transfers consistently across er-
ror types to a novel product category.

Additional training results based on InternVL3-
2B Building on the results previously reported
with Qwen2.5-VL-3B, we expanded the study to a
second base model from a different model family,
InternVL3-2B, to assess whether the observed ben-
efits of SFT generalize beyond a single architecture.
We repeated the identical scenario-held-out proto-
col, using the same training sets, training recipe,
and zero-shot evaluation harness, changing only
the base model. The results provide a broader view
of the effect of SFT on held-out manufacturing
scenarios. On WorkVeri-3V/NUTS, InternVL3-2B
improves from 26.2% to 55.4% (+111.5%), slightly
exceeding the fine-tuned Qwen2.5-VL-3B result of
53.8% and matching the zero-shot performance of
the much larger Qwen3-VL-235B (54.4%). This
replication strengthens our original finding that
the improvement is not specific to one architec-
ture. At the same time, the results clarify that
the trade-off is not universal: on Different-Model-
Number cases, where Qwen2.5-VL-3B decreases
from 33.8% to 23.8%, InternVL3-2B instead im-
proves from 25.0% to 33.8%. For AssyVeri-
Image/CNC, however, InternVL3-2B shows essen-
tially no change (30.7% to 30.7%), while Qwen2.5-
VL-3B improves from 24.0% to 30.5%, indicating
a boundary of the current approach. We therefore
view these results as broader, but still preliminary,
evidence that SFT on FORGE annotations can im-
prove zero-shot generalization to unseen manufac-
turing scenarios, with the magnitude of the benefit
depending on both the model and the amount of
available training data.

Held-out Scenario (zero-shot acc. %) InternVL3-2B

WorkVeri-3V / NUTS

Normal cases
Different-Model-Number cases
AssyVeri-Image / CNC

Qwen2.5-VL-3B

282 —> 53.8 (+90.8%) 262 — 55.4 (+111.5%)
243 748 27.0 704
338238 250 — 338

24.0 - 30.5 (+27.1%)  30.7 — 30.7 (£0)

Table 15: Performance on held-out scenarios (zero-
shot accuracy %). Comparison between the Qwen?2.5-
VL-3B model and the new InternVL3-2B model. The
values show performance before and after finetuning,
with the relative improvement reported in parentheses
for the overall benchmark scores.

C Extended Error Cases and Bottleneck
Analysis

This section supplements the bottleneck analysis
(Section 4.4) of the main text with complete tran-
scripts and detailed experimental configurations.
Section C.2 then provides the experimental settings
and configurations for all three bottleneck analy-
ses (visual grounding, missing-part detection, and
raw point cloud text input), followed by additional
discussion of the findings.

C.1 Qualitative Discussion of Error Patterns

This subsection provides an extended qualitative
discussion of the two error patterns illustrated in
Figure 3 of the main text, with their corresponding
model outputs detailed in Figure 8.

A. Misjudging and over-relying on material
properties. Error Case 1 (MES SCENARIO, shown
in Figure 8(a)) illustrates this pattern. Here, the
MLLM hallucinates material properties from visual
textures, misidentifying a metal Flat Washer (E) as
“plastic/nylon.” It then overcomplicates the reason-
ing process by relying on this erroneous material
inference to select it as the anomalous part (predict-
ing E instead of the correct answer A), even when
the specific problem does not require material con-
siderations. Despite the incorrect conclusion, this
response demonstrates the model’s inclination to
autonomously reason about material composition—
a capability that could become highly valuable if
grounded in accurate perception.

B. Failure in specification recognition, but show-
ing emerging capabilities in service condition as-
sessment. Error Case 2 (CNC SCENARIO, shown
in Figure 8(b)) corresponds to point B in Sec-
tion 4.3. While the MLLM successfully identifies
all workpiece types in the CNC fixture assembly, it
misjudges their specific dimensions. Specifically,
it incorrectly concludes that the Hex Nut (B) is un-
dersized relative to the T-slot bolt, when the actual
anomaly is an oversized Step Block (D). Despite
this failure in model number/specification recog-
nition, the model’s intermediate reasoning reveals
emerging capabilities for evaluating service con-
ditions. By casually noting that “the strap clamp
(A) is heavily worn/chipped” and “block (D) is
also worn,” the model demonstrates a potential for
graded degradation assessment. Recognizing such
wear levels and integrating them into diagnostic
reasoning suggests that MLLMs could eventually
provide perceptual feedback to support Predictive
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Maintenance (PdM) (Sun et al., 2023, 2018). ASSYVERI CNC SCENARIO Error Cases 1

» System Prompt:
General task:

- You will be given a single image of an as-
sembly containing multiple industrial parts that

Together, the model outputs in Figure 3 and ex- match each other well.
ample images in Figure 8 provide the full reasoning - Your job is to identify which part in the pro-
chains behind these error patterns, enabling readers vided test image uses the wrong model number

(incorrect size or shape) and thus deviates from

to inspect the exact prompts, intermediate reason- the rest

ing steps, and final predictions.
& step p - Instead of returning a coordinate directly, you

will be presented with a list of multiple-choice
options (A, B, C, ...), each describing one can-
didate part location.

- Choose the letter corresponding to the mis-
matched part.

Input format:
- Query: a single line stating the task.
- Image: the image to evaluate.

- Choices: a list of options, each with a nor-
malized coordinate for one part in the image
(normalized to [0,1]).

Output format:

- Return exactly one letter in the format " An-
swer: X " at the end of your response.

- You could include your reasoning before the
answer.

(a) Error Case 1: Misjudging Material Properties

(b) Error Case 2: Failure in Specification Recogni-
tion

Figure 8: Two error cases with red annotations added for
clearer interpretation, illustrating the reasoning chains
discussed above.
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ASSYVERI CNC SCENARIO Error Cases 1

¢ Setting: Zero-Shot

* User Prompt:

In CNC machining, the primary role of fixtures
is to ensure that the workpiece is accurately
positioned and firmly secured during various
cutting, milling, or drilling operations.

A typical CNC fixture is composed of several
fundamental elements that work together to de-
liver reliable clamping performance. These in-
clude: (1) the flange nut, (2) the T-bolt half-
thread screw, (3) the pressure plate, and (4) the
triangular wedge.

Based on the provided reference images of cor-
rectly assembled Computer Numerical Control
(CNCQ) fixture, check the test image for any ex-
tra, unnecessary, or incorrectly specified parts.
Determine whether the test image contains any
components that should not be present or have
incorrect specifications. Identify any such prob-
lematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.70, 0.44]
B. Part at [0.69, 0.81]
C. Part at [0.45, 0.40]
D. Part at [0.29, 0.58]

Answer:

ASSYVERI CNC SCENARIO Error Cases 1

¢ Model: Gemini-2.5-Flash
¢ Gtanswers: D
¢ Pred answer:B

* Raw Response 1:

The image displays components typically found
in a clamping set for a CNC machine (T-slot
clamp set). These usually include a T-slot bolt,
a step block (or serrated block), a strap clamp
(or clamping strap), and a flange nut.

The parts present are:

1. A serrated/step block (left side, [0.29, 0.58]).
2. A T-slot bolt (center, [0.45, 0.40]).

3. A strap clamp (right side, [0.70, 0.44]).

4. A nut (bottom right, [0.69, 0.81]).

The standard nut used in a T-slot clamping set is
a **flange nut** (or sometimes a coupling nut
or standard hex nut, depending on the specific
kit). A flange nut has a wide flange at one end
that acts as an integrated washer, distributing
the pressure over a larger area.

The part at location B ([0.69, 0.81]) is a nut.
However, it appears to be a standard **hex
nut** or possibly a **T-nut** (though it looks
more like a hex nut based on the visible facets
and lack of a clear T-shape profile for a T-slot).

Let’s re-examine the parts based on typical
clamping sets:

* A ([0.70, 0.44]): Strap clamp. Correct com-
ponent.

* B ([0.69, 0.81]): Nut. This appears to be
a standard hex nut, which is often used, but
sometimes a flange nut is preferred for better
clamping force distribution. However, looking
closely at the shape, it seems to be a standard
hex nut, which is a common component.

* C ([0.45, 0.40]): T-slot bolt. Correct compo-
nent.

* D ([0.29, 0.58]): Step block/serrated block.
Correct component.

In a typical T-slot clamping set, all four compo-
nents are necessary. If we are looking for a part
with an *incorrect specification* (wrong size or
shape relative to the others), we must compare
them.

The T-slot bolt (C) and the strap clamp (A)
appear to be sized appropriately for each other
(the slot in A looks like it would fit the bolt C).
The step block (D) is also standard.

Let’s look closely at the nut (B). It is a small
hex nut. If this kit is intended to be a complete,
matched set, the nut should match the thread
size of the bolt (C). Without knowing the exact
thread size, it’s hard to confirm a mismatch
based on size alone.
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ASSYVERI CNC SCENARIO Error Cases 1

* Raw Response 2:

However, if we consider the overall condition
and type:

The strap clamp (A) is heavily worn/chipped at
the ends.

The step block (D) is also worn.
The T-slot bolt (C) is also worn.

The nut (B) is visually distinct from the other
three main components (A, C, D) in terms of
its finish and apparent size relative to the bolt
(C). It looks disproportionately small or perhaps
like a different type of nut than what is typically
paired with a T-slot bolt of that size, especially
if a flange nut is expected.

Let’s assume the task requires identifying the
part that is visually the most likely mismatch in
terms of model/specification.

The part at B is a small hex nut. Given the size
of the T-slot bolt (C), this nut seems undersized
for heavy-duty clamping, or it might be a nut
for a different, smaller bolt. If the bolt (C) is
M12 or M16, the nut (B) looks too small to be
the corresponding standard hex nut.

Comparing the parts again:

A, C, and D are clearly industrial clamping com-
ponents. B is a fastener (nut). If B is intended
to mate with C, its size relative to the threaded
portion of C seems questionable. The diameter
of the nut (B) appears significantly smaller than
the head of the bolt (C), and possibly smaller
than the threaded shaft diameter, suggesting it
might be the wrong size or thread pitch for the
bolt C.

Therefore, the nut at B is the most likely can-
didate for an incorrectly specified part (wrong
size/model number) relative to the T-slot bolt

©.

Answer: B

ASSYVERI MES SCENARIO Error Cases 2

¢ Setting: Zero-Shot

* Query

Based on the provided reference images of cor-
rectly assembled Metal expansion bolt, check
the test image for any extra, unnecessary, or in-
correctly specified parts. A standard assembly
consists of five key components, each contribut-
ing to its performance and reliability: (1)Bolt -
the main fastening element that provides tensile
strength; (2)Nut - used to tighten and secure
the bolt in place; (3)Flat Washer - distributes
the load evenly across the surface, reducing the
risk of damage to the base material; (4)Spring
Washer - prevents loosening caused by vibra-
tions or dynamic loads; (5)Sleeve - the expan-
sion element that deforms outward under tight-
ening, ensuring strong anchorage in the drilled
hole. Determine whether the test image con-
tains any components that should not be present
or have incorrect specifications. Identify any
such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.77, 0.44]
B. Part at [0.69, 0.52]
C. Part at [0.49, 0.47]
D. Part at [0.30, 0.51]
E. Part at [0.63, 0.43]

Answer:
¢ Model: Gemini-2.5-Flash
e GT answers: A

¢ Pred answer: E
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ASSYVERI MES SCENARIO Error Cases 2

* Raw Response:

The standard assembly for a Metal expansion
bolt consists of five components: Bolt, Nut, Flat
Washer, Spring Washer, and Sleeve.

Let’s identify the parts present in the image:

1. Sleeve (leftmost cylindrical part): Part at
[0.30, 0.51] (D). This is a required component.

2. Bolt (long threaded part with a conical head):
Part at [0.49, 0.47] (C). This is a required com-
ponent.

3. Nut (large hexagonal part): Part at [0.69,
0.52] (B). This is a required component.

4. Flat Washer (large white/translucent ring):
Part at [0.63, 0.43] (E). This is a required com-
ponent.

5. Small Ring (small metal ring): Part at [0.77,
0.44] (A). This appears to be a small metal
washer, likely a Spring Washer (or a second,
smaller flat washer). A Spring Washer is a re-
quired component.

The image contains five parts, which matches
the expected number of components (Bolt, Nut,
Flat Washer, Spring Washer, Sleeve).

However, upon closer inspection of the compo-
nents:

* The part at [0.63, 0.43] (E) is a white/translu-
cent plastic or nylon washer (Flat Washer).

* The part at [0.77, 0.44] (A) is a small, thin
metal ring/washer. This is likely intended to be
the Spring Washer, but it is a simple flat washer,
not a split/spring washer, and it appears to be
significantly smaller than the bolt’s diameter,
suggesting it might be the wrong size or type.

* The part at [0.69, 0.52] (B) is the Nut.
* The part at [0.49, 0.47] (C) is the Bolt.
* The part at [0.30, 0.51] (D) is the Sleeve.

The most significant deviation is the presence of
a plastic/nylon Flat Washer (E) and the absence
of a metal Flat Washer and a proper Spring
Washer.

In the context of industrial parts matching, the
most obvious deviation in material and specifi-
cation is the Flat Washer at [0.63, 0.43] (E). Ex-
pansion bolts are typically high-strength metal
assemblies, and using a plastic/nylon washer
for load distribution (Flat Washer) is an incor-
rect specification that compromises the assem-
bly’s strength and durability, especially when
the other components are metal.

If we assume the small metal ring (A) is meant
to be the Spring Washer, then the plastic washer
(E) is the incorrect component due to its mate-
rial.

Therefore, the part at [0.63, 0.43] is incorrectly
specified (wrong material).

Answer: E

C.2 Details of Bottleneck Analysis

C.21

This section details the experimental setup for each
of the three bottleneck analyses introduced in the
main text. Unless stated otherwise, all analyses
use a temperature of 0.0 for deterministic outputs
and evaluate five representative models spanning
both open- and closed-source families: Gemini-3-
Flash (closed), GPT-5.2 (closed), Qwen3-VL-235B
(open), Seed-1.6 (closed), and Mistral-3-8B (open).
All models are accessed via the OpenRouter APL

Settings and Configurations.

A. Visual Grounding (Table 4 in the main
text). This analysis isolates each model’s abil-
ity to ground and localize individual components,
decoupled from downstream reasoning. Each as-
sembly image is annotated with Set-of-Mark (Yang
et al., 2023) letter labels (A, B, C, etc.) on individ-
ual parts.

* Single-image grounding (500 sampled cases
from 4,257 total). Two complementary
sub-tasks are tested: (i) Coordinate-to-
Letter (C—L): given a normalized coordi-
nate [z, y] € [0, 1]? (origin at the top-left cor-
ner), the model must identify the letter of the
corresponding part; (ii) Letter-to-Coordinate
(L—C): given a letter label, the model must
select the correct coordinates from an MCQ.
Images are resized so that the longest side is
at most 1,568 pixels.

* Cross-image correspondence (513 sampled
pairs from 14,992 total). Two images from the
same assembly scenario are shown, each with
independently assigned letter labels. A part is
identified in the first (reference) image, and
the model must locate the visually correspond-
ing part in the second (test) image. Two modes
are evaluated: (i) Letter-to-Letter (L—L) and
(i1) Coordinate-to-Coordinate (C—C).

All grounding evaluations use zero-shot prompting
with max_tokens =512 and reasoning disabled.
Grounding image examples are shown in Figures
30-33 in Section D.2

B. Missing Part Detection (Table 5 in the main
text). This analysis probes domain-specific rea-
soning by providing models with explicit assem-
bly specifications. The model receives a complete
description of the assembly (part names, quanti-
ties, and functional descriptions) and must identify
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which component is absent from an MCQ. Each
case includes a "No part is missing" option.

* Image: 240 test cases across three scenarios
(MES SCENARIO with 6 MCQ options, PES
SCENARIO with 3 options, and CNC SCE-
NARIO with 5 options).

¢ Three-view: 137 test cases from the SWN
SCENARIO (5 MCQ options).

All missing-part evaluations use zero-shot prompt-
ing with max_tokens = 8,192 and extended reason-
ing enabled.

Table 16: Raw point cloud text input Bottleneck Analysis (accuracy %).
3D coordinates are serialized as integer-scaled text tables and fed directly to
MLLMs, bypassing visual rendering. ZS = Zero-Shot, RC = Ref-Cond.

. | ASSYVERI | SURFINSP | WORKVERI
| Zs RC ICD|ZS RC ICD|ZS RC ICD

Gemini-3-Flash Closed | 25.2 32.7 35.022.6 19.8 20.2|53.6 48.1 37.1
Qwen3-235B Open |252 34.2 32.7|11.1 109 17.7|35.0 39.1 36.7

Random baseline | 25.0 | 20.0 | 250

Model Typ

C. Visual projection is necessary: the text chan-
nel cannot replace it for generic MLLMs. Since
our benchmark targets general-purpose MLLMs
that lack native 3D encoders (Section 3.1), a natu-
ral question is whether the text modality can serve
as an alternative 3D interface by feeding raw coor-
dinates directly as token sequences.

This analysis investigates whether the text
modality can serve as an alternative 3D interface
for general-purpose MLLMs. Point clouds are seri-
alized as integer-scaled text tables and fed directly
to the model, bypassing visual rendering. Two rep-
resentative models are evaluated: Gemini-3-Flash
and Qwen3-235B (text-only mode).

The serialization procedure is as follows: each
part’s 3D coordinates are randomly sampled to
Npoints = D00 points, then scaled by 10% where
d = 2 (round digits), yielding integer coordinates.
The resulting table format is:

XY y’ Z
1896, 750, 31970
3732, -3451, 32051

For WORKVERI and ASSY VERI, assemblies are
segmented into individual parts via DBSCAN clus-
tering (¢ = 3.0, min_samples = 50), each as-
signed a random letter label (A, B, C, etc.). For
SURFINSP, a single part’s coordinates are provided.
All three evaluation modes are tested (Zero-Shot,
Ref-Cond, and ICD) with max_tokens =1,024

across WORKVERI (420 cases), SURFINSP (460
cases), and ASSYVERI (266 cases). We test this by
serializing point clouds as integer-scaled text tables
and querying two representative models: Gemini-
3-Flash (multimodal) and Qwen3-235B (text-only).
As shown in Table 16, both models perform near
the 20% random baseline on SURFINSP (surface
defect classification), with per-class analysis reveal-
ing that models default to a dominant prediction
rather than genuinely discriminating defect types.
Only WORKVERI shows a moderate signal above
chance (Gemini-3-Flash: 53.6% zero-shot), sug-
gesting that coarse-grained shape comparison can
partially exploit coordinate distributions. These re-
sults confirm that, among the input channels avail-
able to general-purpose MLLMs, visual rendering
via multi-view projection is a relatively more effec-
tive interface for 3D manufacturing data.

D. Specialized 3D-language models on native
point clouds. The analysis above compares two
input channels that are available to general-purpose
MLLMs. A complementary question is whether
a model with a native 3D encoder does better
when it receives the point cloud directly. Be-
cause FORGE poses its tasks as free-form tex-
tual instructions, a comparable baseline must be an
instruction-following, open-domain model; classi-
cal industrial 3D pipelines instead emit anomaly
scores or fixed labels. We therefore evaluate the
two most established publicly available 3D point-
cloud-language models, PointLLM-13B (Xu et al.,
2024) and ShapeLLM-13B (Qi et al., 2024), feed-
ing each the raw scan (no projection, no serializa-
tion) under the same zero-shot two-part protocol
and the same answer parser as our main evaluation.

We report these baselines zero-shot only. Both
models are built for single point-cloud dialogues
and have 2,048-token context windows in which
a single cloud already consumes more than 500
tokens, whereas our Ref-Cond and ICD set-
tings present two to seven clouds per conversa-
tion. We also tested the largest configuration that
does fit, one demonstration cloud plus the test
cloud: ShapeLLM produced degenerate output, and
PointLLM flipped to flagging almost every work-
piece, with accuracy falling to 1.8%. Zero-shot
is thus the only setting in which these baselines
operate within their intended regime.

Table 17 reports the comparison on the 380
workpieces of SURFINSP that are present in all
three 3D input channels, so that every number is
measured on identical physical parts. Comparing
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Table 17: 3D input channels compared on identi-
cal workpieces. Zero-shot accuracy (%) on the 380
SURFINSP workpieces present in all three channels (332
defective, 48 defect-free; chance = 20). Native 3D mod-
els receive raw point clouds; the other rows use the same
underlying scans re-encoded for the stated channel.

Model Acc.

PointLLM-13B 12.9
ShapeLLM-13B 12.6

Gemini-3-Flash 20.3

Input channel

Native 3D

Serialized coordinates

. Gemini-3-Flash 23.4
Three-view (FORGE) .t of 18 MLLMs  28.4
Always answer “normal” 12.6

the best model available in each channel, native
3D input scores lowest (12.9), serialized coordi-
nates come next (20.3), and three-view rendering
is highest (23.4 for the same model, 28.4 across all
18 MLLMs); with in-context demonstrations the
three-view channel reaches 45.8 against 22.9 for
coordinates. The projection interface adopted in
FORGE is therefore the most effective of the three
channels currently available for 3D manufacturing
data, and it is domain knowledge rather than the
input channel that governs performance on top of
it.

The 3D-language scores should be read as de-
generacy rather than as partial competence: on the
complete 460-case SURFINSP set, PointLLM and
ShapeLLLM answer “normal” for virtually every
workpiece (98.4% and 99.2% accuracy on defect-
free parts, 0-2.3% on every defect class), reaching
26.5% and 26.3% overall, which is indistinguish-
able from the 26.5% obtained by always answering
“normal”. Four caveats should be kept in mind
when interpreting this comparison: both models
use 13B Vicuna-era language backbones; both are
instruction-tuned for object-level captioning and
classification rather than inspection; FORGE scans
carry no colour, so the colour channels these mod-
els expect were filled with a constant; and the task
prompt was merged into the user turn to respect
each model’s chat template.

C.2.2 Additional Discussion of Bottleneck
Analyses.

Detailed examples of bottleneck analyses A, B,
and C discussed in the main text are presented
in Sections E.4, E.5, and E.6 in this Appendix,
respectively.

Recall that the motivation for the "Missing Part"

scenario in Bottleneck Analysis B is to further dis-
entangle domain-specific reasoning from explicit
grounding capabilities. As demonstrated in Sec-
tion E.5, this analysis provides a more direct evalu-
ation of the model’s intrinsic task comprehension.
Because the System and User Prompts strictly ex-
clude coordinate information and constrain the out-
put format (e.g., "Answer with ONLY the letter
of your choice"), the model is forced to rely en-
tirely on logical deduction. Consequently, the raw
response reveals an extensive reasoning process
where the model continuously verifies its assump-
tions and corrects its own logical errors. This in-
ternal debate is vividly captured by phrases such
as: " Wait, the assembly needs four parts: Bolt
(B?7), Nut (maybe C?), Flat Washer (A?), Spring
Washer (D?).", "But wait, the problem is to check
if all four are present", and "Wait, but a Metal
Expansion Bolt might not require a nut?". This
pronounced hesitation and reliance on iterative self-
correction underscore the model’s fragility when
deprived of explicit spatial anchors. It highlights
a critical gap between merely recognizing individ-
ual components and robustly comprehending their
relational assembly logic. Meanwhile, the image
presentation of the missing part can follow the im-
ages (Figure 26-28 ) shown in Section D.

The analysis of Section E.6 reveals that in the
raw response, LLMs spend a significant amount
of time repeatedly analyzing and processing point
cloud coordinate data, relying on range-related cal-
culations to determine the relative sizes of the cor-
responding parts. For instance, "Part C’s z span is
~6200, which is 3.26 larger than Part A’s (1900),
4.77 larger than Part B’s (1300), and 2.38 larger
than Part D’s (2600)." This suggests that when
provided with point cloud coordinates as input,
LLMs exhibit the potential to assess relative sizes.
However, this method of processing coordinate
data struggles to analyze microscopic morphology,
which explains why MLLMs achieve a certain level
of performance in WORKVERI, whereas perfor-
mance on the remaining tasks is noticeably inferior.
Nevertheless, the responses of MLLMs also reveal
certain inherent capabilities for processing point
clouds; therefore, analyzing coordinate information
and absolute values can provide valuable insights
from an alternative perspective.
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D Image examples

This section presents randomly sampled images
from the benchmark dataset to illustrate the visual
characteristics and diversity of each scenario.

D.1 The Examples of All Three Tasks

We show examples for all three tasks: WORKVERI
scenarios (Figures 9—11), SURFINSP workpiece
types (Figures 12-25), and ASSYVERI scenarios
(Figures 26-29). Each figure includes both normal
cases and representative anomalous cases.
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Normal Case Normal Case Normal Case Normal Case

mixed with model (10 to 6) mixed with model (8 to 4) mixed with model (12 to 8) mixed with model (6 to 4)

mixed with Y-type 3-way mixed with throttle valve mixed with external-thread el- mixed with T-type 3-way

bow

Figure 9: Random examples from PCS SCENARIO
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Figure 10: Random examples from CHS SCENARIO
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Figure 11: Random examples from NUTS SCENARIO

B

Front View

Side View

Corner Bracket crack

Top View

Front View

Side View

Corner Bracket cut

Top View

a

Front View

Side View

Corner Bracket deformation

Top View

Front View

Side View
Corner Bracket dent

Figure 12: Random examples from Corner Bracket
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Front View

Side View

Countersunk Screw crack

Top View

Front View

Countersunk Screw cu

Side View

Top View

Front View

Side View

Top View

Countersunk Screw deformation

Front View

Side View

Top View

Countersunk Screw dent

Figure 13: Random examples from Countersunk Screw

Front View

Side View

Cup Head Screw crack

Top View

Front View

Side View
Cup Head Screw cut

Top View

Front View

Side View

Top View

Cup Head Screw deformation

Front View

Side View
Cup Head Screw dent

Figure 14: Random examples from Cup Head Screw

Top View

>

Front View Side View Top View Front View Side View Top View
Eye Bolt crack Eye Bolt cut

Front View Side View Top View Front View Side View Top View
Eye Bolt deformation Eye Bolt dent

Figure 15: Random examples from Eye Bolt
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Front View Side View Top View Front View Side View Top View
Flat Washer crack Flat Washer cut
<
Front View Side View Top View Front View Side View Top View
Flat Washer deformation Flat Washer dent

Figure 16: Random examples from Flat Washer

Side View
Hex Nut crack

Top View

Front View

Side View
Hex Nut cut

Top View

Front View

Side View
Hex Nut deformation

Top View

Front View

Side View
Hex Nut dent

Figure 17: Random examples from Hex Nut
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Side View
Rivet Nut crack

Top View

Front View

Side View
Rivet Nut cut

Top View

AR

Front View

Side View
Rivet Nut deformation

Top View

Front View

Side View
Rivet Nut dent

Figure 18: Random examples from Rivet Nut
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Front View Side View Top View Front View Side View Top View
Self-tapping Screw crack Self-tapping Screw cut

Front View Side View Top View Front View Side View Top View
Self-tapping Screw deformation Self-tapping Screw dent

Figure 19: Random examples from Self-tapping Screw

Front View

Spring Washer crack

Side View

Top View

Front View

Side View
Spring Washer cut

Top View

i

Front View

Spring Washer deformation

Side View

Top View

Front View

Side View
Spring Washer dent

Figure 20: Random examples from Spring Washer

Top View
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Front View Side View Top View Front View Side View Top View
T Bolt Half thread Screw crack T Bolt Half thread Screw cut
Front View Side View Top View Front View Side View Top View

T Bolt Half thread Screw deformation

T Bolt Half thread Screw dent

Figure 21: Random examples from T Bolt Half thread Screw
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Front View

Side View Top View Front View Side View
T Nut crack T Nut cut

Front View

Side View Top View Front View Side View Top View
T Nut deformation T Nut dent

Figure 22: Random examples from T Nut

el Gl

Front View

Side View Top View Front View Side View Top View
T Screw crack T Screw cut

Front View Side View Top View Front View Side View Top View
T Screw deformation T Screw dent

Figure 23: Random examples from T Screw

Front View

Side View Top View Front View Side View Top View
Wing Nut crack Wing Nut cut

Front View

Side View Top View Front View Side View Top View

Wing Nut deformation Wing Nut dent

Figure 24: Random examples from Wing Nut
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Front View

Side View
Wing Screw crack
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Side View
Wing Screw cut

Top View

Front View
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Two Flat Washers

Cup Head Screw M12 40

Side View

Top View

Wing Screw deformation

Front View

Side View
Wing Screw dent

Figure 25: Random examples from Wing Screw

Normal Case

Two Spring Washers

Spring Washer M8

g

Normal Case

Hex Nut M14

No Flat Washers

Figure 26: Random examples from MES SCENARIO
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found mixed in

Plastic anchors belonging to  Shorter screws were found One missing plastic expan- One missing plastic expan-
expansion screw model 860 mixed in sion anchor sion Self-tapping Screw
were mixed

Figure 27: Random examples from PES SCENARIO
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Extra one nut Retainer block

Long screw Missing triangular part

Normal Case

Short screw

Missing one nut

Normal Case

Triangular part

Missing screw

Figure 28: Random examples from CNC SCENARIO

18803



N

(o) (o]
Front View Side View Top View Front View Side View Top View
Normal Case Extra Part: Two Flat Washers
ﬂm‘ & ~E~ o B E B E
\ o “ > -
Front View Side View Top View Front View Side View Top View
Extra Part: Two Cup Head Screw Extra Part: Two Spring Washers

[ o a / : o
: D o -9 T ey
E o D
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Front View Side View Top View Front View Side View Top View
Spring Washer M20 Hex Nut M16
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Front View Side View Top View Front View Side View Top View
Cup Head Screw M18 100 Missing Part: No Flat Washers
7 N ° “
Front View Side View Top View

Missing Part: No Spring Washers

Figure 29: Random examples from SWN SCENARIO
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D.2 The Grounding Examples of Image Data
(Bottleneck Analysis A)

This subsection shows the Set-of-Mark annotated
images used in Bottleneck Analysis A (Section 4.4
of the main text). Each assembly image is over-
laid with distinct letter labels (A, B, C, etc.) on
individual components. These annotated images
serve as the visual input for both the single-image
grounding tasks (C—L and L—C) and the cross-
image correspondence tasks (L—L and C—C). We
present examples from all four image-based scenar-
ios: MES SCENARIO (Figure 30), PES SCENARIO
(Figure 31), CNC SCENARIO (Figure 32), and PCS
SCENARIO (Figure 33).

18805



]

Normal Case Normal Case Normal Case Normal Case
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Two Flat Washers Two Spring Washers Hex Nut M14 Flat Washer M 14

Ay

Spring Washer M8

o fs

No Spring Washers

of

Cup Head Screw M12 40 No Flat Washers

Figure 30: Random grounding examples from MES SCENARIO
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Normal Case Normal Case Normal Case Normal Case

= ~ P o

Model 860 expansion screws  One extra plastic expansion One extra plastic expansion Screws belonging to model
were mistakenly included anchor Self-tapping Screw 860 expansion anchors were
found mixed in

Plastic anchors belonging to  Screws shorter 30 than the One missing plastic expan- One missing plastic expan-
expansion screw model 860  specified length were found sion anchor sion Self-tapping Screw
were mixed into the ba mixed in

%

Figure 31: Random grounding examples from PES SCENARIO
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Normal Case Normal Case

Extra one nut retainer block

Long screw Missing triangular part

Normal Case

Short screw

Missing one nut

Normal Case

Triangular part

Missing screw

Figure 32: Random grounding examples from CNC SCENARIO
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Normal Case Normal Case Normal Case

2-way pneumatic tube con- 2-way pneumatic tube con- 2-way pneumatic tube con- 2-way pneumatic tube con-
nectors (8 to 6), mixed with  nectors (8 to 6), mixed with  nectors (8 to 6), mixed with  nectors (8 to 6), mixed with
model (10 to 6) model (8 to 4) model (12 to 8) model (6 to 4)

Three 2-way pneumatic tube  Three 2-way pneumatic tube  Three 2-way pneumatic tube  Three 2-way pneumatic tube
connectors (8mm to 6mm), connectors (8mm to 6mm), connectors (8 to 6), mixed connectors (8mm to 6mm),
mixed with Y-type 3-way mixed with throttle valve with external-thread elbow mixed with T-type 3-way

Figure 33: Random grounding examples from PCS SCENARIO
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E Data examples

This section provides complete prompt-response
examples for all three main benchmark tasks (Sec-
tions E.1-E.3) and for each of the three bottle-
neck analyses (Sections E.4—E.6). Each exam-
ple includes the system prompt, user prompt, and
the model’s raw response, showing the full input—
output format used in our evaluation pipeline. For
the ICD settings, WORKVERI and ASSY VERI uti-
lize 2 examples by default, whereas SURFINSP
uses 10. Note that for certain model providers with
strict input limitations on multi-image requests, we
appropriately scale down the number of demonstra-
tions for SURFINSP: specifically, 6 for Moonshot
Kimi-K2.5, 2 for ByteDance Seed-1.6, and 6 for
Google Gemma-3-27B. Additionally, due to space
constraints, we only present a single ICD conversa-
tion example in the illustrations below.

E.1 Examples of WORKVERI

Below are examples of WORKVERI (Workpiece
Verification) evaluation data covering both image
and three-view modalities. The task requires the
model to identify which part in an assembly has
the wrong model number or specification.

Examples of PCS SCENARIO

WORKVERI PCS SCENARIO ICD

¢ System Prompt:
General task:

- You will be given one or more reference im-
ages showing the correct part type and mod-
el/specification, followed by a query and a test
image that should match that specification.

- Your job is to detect which part in the test
image deviates from that specification (or from
the majority).

- Instead of returning a coordinate directly, you
will be presented with multiple-choice options
(A, B, C, ...), each corresponding to one candi-
date part location in the test image.

Input format:

- References: one or more images showing cor-
rect parts/assemblies that match the stated spec-
ification.

- Query: a single line stating the part type and
model/specification to check.

- Test Image: the image to evaluate (containing
multiple instances of the part).

- Choices: a list of options, each giving a nor-
malized coordinate [x,y] in [0,1] for one part in
the test image(top-left is (0,0), bottom-right is
(1,1).

Output format:

- Return exactly one letter in the format "An-
swer: X" at the end of your response.

- You may include brief reasoning before the
final answer.

- Use the reference images only to understand
the expected specification; make the final deci-
sion based on the Test Image and the provided
Choices.
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WORKVERI PCS SCENARIO ICD

* User Promptl:

Pneumatic Connectors (PC) are specialized
components designed for use in pneumatic sys-
tems, mainly serving as the interface between
air tubes and pneumatic devices. They are
widely applied in industrial automation and ma-
chinery, including production lines, automated
assembly equipment, packaging machines, and
various systems powered by compressed air.
With the growing demand for efficiency and
reliability in modern manufacturing, PCs have
become highly popular and indispensable in
ensuring stable operations.

The primary function of a PC is to provide
secure and convenient connections for pneu-
matic tubing, ensuring stable and efficient air
transmission within the system. For example,
the commonly used 2-way pneumatic tube con-
nector creates a reliable passage between two
air tubes, allowing smooth airflow and proper
system operation. These connectors feature a
compact design, easy installation, and quick
disassembly, which significantly improves ef-
ficiency during maintenance and replacement.
As a result, they play a critical role as essential
components in any pneumatic system.

REFERENCE 1 (CORRECT EXAMPLE):
These are four correct 2-way pneumatic tube
connectors (8mm to 6mm) assembly. All parts
meet specifications. Use this as a baseline for
comparison.

REFERENCE 2 (CORRECT EXAMPLE):
These are four correct 2-way pneumatic tube
connectors (8mm to 6mm) assembly. All parts
meet specifications. Use this as a baseline for
comparison.

REFERENCE 3 (CORRECT EXAMPLE):
These are four correct 2-way pneumatic tube
connectors (8mm to 6mm) assembly. All parts
meet specifications. Use this as a baseline for
comparison.

Based on the provided reference images of cor-
rectly assembled 2-way pneumatic tube connec-
tors (8mm to 6mm), check the test image for
any mismatches in component specifications.
Determine whether the components in the test
image are correctly specified and matched, and
identify any issues such as incorrect model num-
bers, wrong sizes, or mismatched specifications.
If a problem is found, identify which part has
the incorrect specification.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.34, 0.43] B. Part at [0.51, 0.77] C.
Part at [0.55, 0.54] D. Part at [0.42, 0.24]

Answer: C

WORKVERI PCS SCENARIO ICD

e User Prompt2:

Based on the provided reference images of cor-
rectly assembled 2-way pneumatic tube connec-
tors (8mm to 6mm), check the test image for
any mismatches in component specifications.
Determine whether the components in the test
image are correctly specified and matched, and
identify any issues such as incorrect model num-
bers, wrong sizes, or mismatched specifications.
If a problem is found, identify which part has
the incorrect specification.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.59, 0.66]
B. Part at [0.41, 0.27]
C. Part at [0.32, 0.71]
D. Part at [0.51, 0.44]

WORKVERI PCS SCENARIO ICD

¢ Model: Gemini-2.5-Flash
¢ GT answers: D
¢ Pred answer : B

* Raw Response:

The top connector has a noticeably different
body profile (more pronounced faceted/stepped
center and lacks the same window/slot detailing
seen on the other three), indicating it’s a differ-
ent model/spec than the correct Smm-to-6mm
2-way reducer connectors.

Answer: B
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WORKVERI PCS SCENARIO Zero-Shot

* User Prompt:

Pneumatic Connectors (PC) are specialized
components designed for use in pneumatic sys-
tems, mainly serving as the interface between
air tubes and pneumatic devices. They are
widely applied in industrial automation and ma-
chinery, including production lines, automated
assembly equipment, packaging machines, and
various systems powered by compressed air.
With the growing demand for efficiency and
reliability in modern manufacturing, PCs have
become highly popular and indispensable in
ensuring stable operations.

The primary function of a PC is to provide
secure and convenient connections for pneu-
matic tubing, ensuring stable and efficient air
transmission within the system. For example,
the commonly used 2-way pneumatic tube con-
nector creates a reliable passage between two
air tubes, allowing smooth airflow and proper
system operation. These connectors feature a
compact design, easy installation, and quick
disassembly, which significantly improves ef-
ficiency during maintenance and replacement.
As a result, they play a critical role as essential
components in any pneumatic system.

Based on the provided reference images of cor-
rectly assembled 2-way pneumatic tube connec-
tors (8mm to 6mm), check the test image for
any mismatches in component specifications.
Determine whether the components in the test
image are correctly specified and matched, and
identify any issues such as incorrect model num-
bers, wrong sizes, or mismatched specifications.
If a problem is found, identify which part has
the incorrect specification.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.59, 0.66]
B. Part at [0.41, 0.27]
C. Part at [0.32, 0.71]
D. Part at [0.51, 0.44]

Answer:

WORKVERI PCS SCENARIO Zero-Shot

¢ System Prompt:
General task:

- You will be given a query naming an industrial
part type and its expected model/specification.

- Your job is to detect which part in the provided
image deviates from that specification (or from
the majority).

- Instead of returning a coordinate directly, you
will be presented with a list of multiple-choice
options (A, B, C, ...), each describing one can-
didate part coordinate.

Input format:

- A Query: line stating the part type and mod-
el/specification.

- An Image: field containing a single image
showing multiple instances of that part.

- A Choices: Section listing multiple options,
each with a normalized coordinate for one part
in the image (normalized to [0,1]).

Output format:

- Return exactly one letter in the format "An-
swer: X" at the end of your response.

- You could include your reasoning before the
answer.
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WORKVERI PCS SCENARIO Zero-Shot WORKVERI PCS SCENARIO Zero-Shot

* Model: Gemini-2.5-Flash * Raw Response 2:

However, in a multiple-choice question where
the goal is to identify *the* mismatched part,
and all parts appear to be the same type (straight
union) and thus all mismatch the required spec-
« Raw Response 1: ification (reducing union), I must look for any
subtle difference or assume the question im-
plies finding *any* part that doesn’t meet the
specification.

e GT answers: D

e Pred answer : A

Query: 2-way pneumatic tube connectors (8mm
to 6mm)

Image: (Image showing four pneumatic tube

Let’s re-examine the parts for any visual cues
connectors)

that might distinguish one from the others, as-
Choices: suming the majority might represent one size

(e.g., Smm-8mm) and one might represent a
A. Part at [0.59, 0.66] different size (e.g., 6mm-6mm), or one might
B. Part at [0.41, 0.27] actually be the reducing union.

C. Part at [0.32, 0.71] Upon close inspection, all four connectors look

identical in form factor (straight union) and
D. Partat[0.51,0.44] overall size relative to each other. They all
Analysis: appear to be the same model, which is a straight

The query specifies 2-way pneumatic tube con- union (equal diameter on both sides).

nectors with a size specification of 8mm to Since the query requires an 8mm to 6mm re-
6mm. This means the connector should be a ducing union, and all parts shown are straight
reducing union, connecting an 8mm tube on unions (equal diameter on both sides), *all*
one side and a 6mm tube on the other. parts are mismatched specifications. In such

a scenario, selecting any one of the options is
technically correct as they all fail to meet the
required specification.

I need to examine the four connectors in the
image to see if they match this specification.
Pneumatic push-to-connect fittings typically

have different sizes indicated by the diameter Let’s choose the first option listed, as there is no
of the tube insertion points. Visually, a reduc- visual evidence to single out one part as being
ing union (8mm to 6mm) would have one end *more* mismatched than the others.

visibly larger than the other. A straight union
(e.g., 8mm to 8mm or 6mm to 6mm) would
have both ends the same size.

If the intent of the question is to find a part that
deviates from the *majority* shown in the im-
age, and all parts are visually identical straight
1. **Part B [0.41, 0.27] (Top-left connector): ** unions, then there is no deviation within the
This connector appears to have two ends of the image itself.

same size (straight union). If the intent is to find a part that deviates from

2. **Part D [0.51, 0.44] (Top-right connec- the *Query specification* (§mm to 6mm reduc-
tor):** This connector also appears to have two ing union), then all parts deviate. I will select
ends of the same size (straight union). option A as a representative example of the

3. #*Part A [0.59, 0.66] (Bottom-right connec- mismatch against the query specification.

tor):** This connector appears to have two ends Answer: A

of the same size (straight union). \ J

4. **Part C [0.32, 0.71] (Bottom-left connec-
tor):** This connector appears to have two ends
of the same size (straight union).

All four parts in the image appear to be straight
unions (connecting two tubes of the same diam-
eter, e.g., 8§mm to 8mm or 6mm to 6mm).

The query specifies a **reducing union (8mm
to 6mm)**. Since none of the parts show a
clear difference in size between the two ends, it
is highly likely that all parts are straight unions
(e.g., 8Smm-8mm or 6mm-6mm) and thus devi-
ate from the required 8mm to 6mm specifica-
tion.
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WORKVERI PCS SCENARIO Ref-Cond

¢ System Prompt:
General task:

- You will be given one or more reference im-
ages showing the correct part type and mod-
el/specification, followed by a query and a test
image that should match that specification.

- Your job is to detect which part in the test
image deviates from that specification (or from
the majority).

- Instead of returning a coordinate directly, you
will be presented with multiple-choice options
(A,B,C,..),

each corresponding to one candidate part loca-
tion in the test image.

Input format:

- References: one or more images showing cor-
rect parts/assemblies that match the stated spec-
ification.

- Query: a single line stating the part type and
model/specification to check.

- Test Image: the image to evaluate (containing
multiple instances of the part).

- Choices: a list of options, each giving a nor-
malized coordinate [x,y] in [0,1] for one part in
the test image (top-left is (0,0), bottom-right is
(L1).

Output format:

- Return exactly one letter in the format "An-
swer: X at the end of your response.

- You may include brief reasoning before the
final answer.

- Use the reference images only to understand
the expected specification; make the final deci-
sion based on the Test Image and the provided
Choices.

WORKVERI PCS SCENARIO Ref-Cond

¢ User Prompt:

Pneumatic Connectors (PC) are specialized
components designed for use in pneumatic sys-
tems, mainly serving as the interface between
air tubes and pneumatic devices. They are
widely applied in industrial automation and ma-
chinery, including production lines, automated
assembly equipment, packaging machines, and
various systems powered by compressed air.
With the growing demand for efficiency and
reliability in modern manufacturing, PCs have
become highly popular and indispensable in
ensuring stable operations.

The primary function of a PC is to provide
secure and convenient connections for pneu-
matic tubing, ensuring stable and efficient air
transmission within the system. For example,
the commonly used 2-way pneumatic tube con-
nector creates a reliable passage between two
air tubes, allowing smooth airflow and proper
system operation. These connectors feature a
compact design, easy installation, and quick
disassembly, which significantly improves ef-
ficiency during maintenance and replacement.
As a result, they play a critical role as essential
components in any pneumatic system.

REFERENCE 1 (CORRECT EXAMPLE):
There are four correct 2-way pneumatic tube
connectors (8mm to 6mm)s. All parts meet
specifications. Use this as baseline for compari-
son.

REFERENCE 2 (CORRECT EXAMPLE):
There are four correct 2-way pneumatic tube
connectors (8mm to 6mm)s. All parts meet
specifications. Use this as baseline for compari-
son.

REFERENCE 3 (CORRECT EXAMPLE):
There are four correct 2-way pneumatic tube
connectors (8mm to 6mm)s. All parts meet
specifications. Use this as baseline for compari-
son.

Based on the provided reference images of cor-
rectly assembled 2-way pneumatic tube connec-
tors (8mm to 6mm), check the test image for
any mismatches in component specifications.
Determine whether the components in the test
image are correctly specified and matched, and
identify any issues such as incorrect model num-
bers, wrong sizes, or mismatched specifications.
If a problem is found, identify which part has
the incorrect specification.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.59, 0.66]
B. Part at [0.41, 0.27]
C. Part at [0.32, 0.71]
D. Part at [0.51, 0.44]
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WORKVERI PCS SCENARIO Ref-Cond

e GT answers: D
¢ Pred answer : C

* Raw Response:

Three connectors share the same overall body
profile and end/collet sizing consistent with the
reference 8mm-to-6mm reducing unions. The
lower-left connector has a noticeably different
body geometry (more uniform cylindrical Sec-
tion and different mid-body detailing), indicat-
ing a different connector model/spec (likely not
the same 8mm to 6mm reducer).

Answer: C

Examples of CHS SCENARIO

WORKVERI CHS SCENARIO Zero-Shot

¢ System Prompt:

You are an expert in industrial component qual-
ity inspection.

Metal bolts are fundamental fastening com-
ponents widely used in mechanical structures,
construction projects, transportation equipment,
and a variety of industrial manufacturing ap-
plications. As essential connecting elements,
bolts work together with nuts and washers to
provide stability and security between different
parts. In modern production, bolts are valued
for their strength, durability, and reusability,
making them indispensable in ensuring the in-
tegrity of complex systems.

The primary function of a bolt is to create a
strong and reliable connection that maintains
the strength and stability of the overall struc-
ture. For instance, in steel assembly, bolts
firmly secure separate plates, preventing loos-
ening or displacement and ensuring long-term
load-bearing performance. Their standardized
design allows easy installation, quick removal,
and efficient maintenance, which greatly im-
proves productivity and reduces downtime. As
a result, bolts play a critical role as core compo-
nents in any application that demands reliable
fastening.

Based on the provided 3V rendered images
(showing front, side, and top perspectives) of
metal bolts, the task is to compare them with
the standard reference images to verify com-
pleteness and consistency. The reference im-
ages show the expected number of bolts of the
same type, all meeting specifications. In the
test image, each part is labeled with a letter (A,
B, C, D, etc.) and rendered in a distinct color
for identification. Your task is to examine the
test image and identify any issues such as mis-
matched components (wrong model number,
incorrect dimensions, or different workpiece
type). If a problem is identified, return only the
letter corresponding to the faulty part (e.g., "B"
or "D")."

. J

WORKVERI CHS SCENARIO Zero-Shot

e User Prompt: Examine the provided three-
view rendered image (front, side, and top views
merged). Each part is labeled with a letter (A,
B, C, D, etc.) and rendered in a distinct color.
Identify which part, if any, has the wrong model
number or specification compared to the oth-
ers. Return only the letter corresponding to the
mismatched part.

Answer:
N\ J

WORKVERI CHS SCENARIO Zero-Shot

* Model: Qwen3-VL-235B

¢ Gt answers: D
¢ Pred answer: D

* Raw Response:

So, let’s analyze the three views. First, check
each part’s consistency across views.

Looking at part D: In the front view, D is a light
blue bolt overlapping A. In the side view, D
is a light blue bolt but the head shape seems
different. Wait, in the top view, D is a light blue
shape that looks like a different type—maybe
the head is not matching. Let’s check the other
parts. A, B, C have consistent head shapes (like
hexagonal or standard bolt heads), but D in the
top view has a more rounded or different head.
‘Wait, in the front view, D is a bolt, but in the
top view, D’s shape is different. Let’s check the
side view: D is a light blue bolt, but maybe the
length or head type is wrong. Wait, the key is
that all bolts should be the same type. Let’s see:
A, B, C have the same head style (the top view
for A, B, C shows the head as a certain shape).
D in the top view is a different shape—maybe
it’s a different model. Let’s confirm:

- A: In top view, it’s a blue shape with a hole
(hex head), side view shows the bolt, front view
same.

- B: Red, top view is a red shape with a rounded
head (maybe hex), side view, front view.

- C: Pink, top view is a pink shape, side and
front.

- D: Light blue. In top view, D’s shape is dif-
ferent—it looks like a different type of fastener,
maybe a screw with a different head. Wait, the
other bolts (A, B, C) have heads that in top view
are more like hexagonal (A’s top view is a hex
with a hole), B’s top view is a hex, C’s top view
is a hex. D’s top view is a more oval or differ-
ent shape, which doesn’t match. So D is the
mismatched part.

\ J

E.2 Examples of SURFINSP

Below are examples of SURFINSP (Structural Sur-
face Inspection) evaluation data. The task requires
the model to classify a workpiece’s surface condi-
tion into one of five categories: crack, cut, defor-
mation, dent, or good. We first list the workpiece
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type descriptions provided to the model, followed

by a complete prompt-response example.

Task 2 The Introduction of workpieces.

Corner Bracket: A corner bracket is an L-
shaped metal fitting used to reinforce right-
angle joints. Its function is to securely connect
two perpendicular components, ensuring struc-
tural stability. It is widely used in furniture
assembly, building frameworks, shelving, and
machinery support.

Countersunk Screw: A countersunk screw has
a conical head that sits flush with the material
surface. Its function is to provide a smooth, flat
appearance while maintaining strong fastening.
It is commonly applied in mechanical assem-
blies, electronics, and furniture manufacturing.

Cup Head Screw: A cup head screw features
a rounded, smooth head and often includes a
square neck to prevent rotation. Its function
is to hold wooden or metal parts together se-
curely without turning in the joint. It is widely
used in woodworking, construction, and heavy
machinery connections.

Eye Bolt: An eye bolt has a looped head de-
signed for attaching ropes, cables, or hooks.
Its function is to serve as a lifting or anchor-
ing point in load-bearing operations. It is com-
monly found in lifting equipment, construction,
marine, and transportation industries.

Flat Washer: A flat washer is a thin, flat cir-
cular disk with a central hole. Its function is
to distribute the load of a bolt or nut and pro-
tect the connected surface from damage. It is
used in mechanical assemblies, construction,
and electronic devices.

Hex Nut: A hex nut is a six-sided fastener com-
monly paired with bolts. Its function is to se-
cure and clamp parts together through threaded
engagement. It is widely used in machinery,
automotive manufacturing, construction, and
furniture.

Rivet Nut: A rivet nut is a threaded insert de-
signed for installation in thin materials. Its func-
tion is to provide a strong internal thread where
tapping is impossible. It is often used in auto-
motive, aerospace, sheet metal, and electronic
enclosures.

Task 2 The Introduction of workpieces.

Self-tapping Screw: A self-tapping screw can
cut its own threads into materials without pre-
drilling. Its function is to enable fast and easy
assembly without requiring separate threading.
It is commonly used in metal sheets, plastics,
and wood structures.

Spring Washer: A spring washer is a split ring
that provides elastic tension under compression.
Its function is to prevent loosening of nuts and
maintain constant preload. It is widely applied
in machinery, automotive, and electrical equip-
ment.

T Bolt Half-thread Screw: A T-bolt half-
thread screw has a T-shaped head that fits into
profile slots for positioning. Its function is to
provide adjustable and secure fastening in mod-
ular assemblies. It is typically used in machine
frames, automation systems, and aluminum pro-
file structures.

T Nut: A T-nut is designed to fit into T-slots,
providing a threaded anchor point. Its function
is to enable adjustable fastening within T-slot
profiles. It is commonly used in machine ta-
bles, aluminum extrusion frames, and assembly
lines.

T Screw: A T-screw has a T-shaped head allow-
ing it to slide into slots for secure fixation. Its
function is to work with T-nuts for quick assem-
bly and position adjustment. It is often used in
industrial equipment, fixtures, and aluminum
frame systems.

Wing Nut: A wing nut has two projecting
“wings” that allow manual tightening without
tools. Its function is to enable quick installation
and removal by hand. It is frequently used in
devices or setups that require frequent adjust-
ments, such as lighting and lab equipment.

Wing Screw: A wing screw has a head shaped
like wings for easy hand operation. Its function
is to allow fast manual fastening or adjustment
without tools. It is commonly applied in instru-
ments, supports, and lightweight mechanical
assemblies.

J
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¢ System Prompt:

You are an expert in manufacturing defect anal-
ysis based on 3V rendered images of parts.

Cup Head Screw: A cup head screw features
a rounded, smooth head and often includes a
square neck to prevent rotation. Its function
is to hold wooden or metal parts together se-
curely without turning in the joint. It is widely
used in woodworking, construction, and heavy
machinery connections.

Given a 3V image of a manufactured part, your
task is to answer two questions:

**Part 1:** Is the part normal?
Answer: Yes or No

**Part 2:%** If the answer to Part 1 is No, iden-
tify the defect type by selecting one letter:

A) Crack - a material fracture or micro-crack
caused by stress concentration or brittleness

B) Cut - surface scratch or gouge caused by
improper machining or external tool impact

C) Deformation - geometric distortion or warp-
ing due to excessive load, heat treatment, or
clamping stress

D) Dent - local surface depression caused by im-
pact or overpressure during handling or clamp-
ing

**Important:** There is at most one type of
abnormality present in each part.

Answer format:

Part 1: [Yes/No]

Part 2: [A/B/C/D] (only if Part 1 is No)

If uncertain, choose the option that best matches
the dominant feature.

SURFINSP Cup Head Screw SURFINSP Cup Head Screw

¢ User Prompt: Here are 3 normal reference
images with no defects. Use these to under-
stand what normal (good) parts look like when
identifying abnormalities:

NORMAL REFERENCE 1 (No Defect)
NORMAL REFERENCE 2 (No Defect)
NORMAL REFERENCE 3 (No Defect)
Analyze the given part:

Part 1: Is it normal? (Yes/No)

Part 2: If No, select the defect type:

A) Crack

B) Cut

C) Deformation

D) Dent

.

Setting: Ref-Cond

* Raw response:
Part 1: No
Part2: B

E.3 Examples of ASSYVERI

Below are examples of ASSYVERI evaluation data
covering both image and point cloud modalities.
The task requires the model to detect extra, unnec-
essary, or incorrectly specified parts in an assembly.
We show examples from the MES SCENARIO and
CNC SCENARIO image scenarios as well as 3D
point cloud input.

Examples of MES SCENARIO
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ASSYVERI MES SCENARIO ICD

¢ System Prompt:
General task:

- You will be given one or several reference
images of correct assemblies, followed by a
query and a test image expected to be the same
assembly.

- Your job is to identify which part in the pro-
vided test image uses the wrong model number
(incorrect size or shape) and thus deviates from
the rest.

- Instead of returning a coordinate directly, you
will be presented with a list of multiple-choice
options (like A, B, C), each describing one can-
didate part location.

- Choose the letter(s) corresponding to the mis-
matched part(s).

Input format:

- References: one or more images showing cor-
rect assemblies.

- Query: a single line stating the task.
- Test Image: the image to evaluate.

- Choices: a list of options, each with a normal-
ized coordinate for one part in the test image
(normalized to [0,1]).

Output format:

- Return exactly the letter of the mismatched
part at the end of the answer in a format start
with "Answer:" and then letter choice like An-
swer: C.

- Also you can return your reasoning based on
the provided reference images but be sure to
give the final answer only based on the test
image.

ASSYVERI MES SCENARIO ICD

e User Prompt 1:

Based on the provided reference images of cor-
rectly assembled Metal expansion bolts, check
the test image for any extra, unnecessary, or
incorrectly specified parts.

A standard assembly consists of five key compo-
nents, each contributing to its performance and
reliability: (1)Bolt - the main fastening element
that provides tensile strength; (2)Nut - used
to tighten and secure the bolt in place; (3)Flat
Washer - distributes the load evenly across the
surface, reducing the risk of damage to the
base material; (4)Spring Washer - prevents loos-
ening caused by vibrations or dynamic loads;
(5)Sleeve - the expansion element that deforms
outward under tightening, ensuring strong an-
chorage in the drilled hole. Determine whether
the test image contains any components that
should not be present or have incorrect specifi-
cations. Identify any such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.35, 0.53]
B. Part at [0.52, 0.40]
C. Part at [0.48, 0.24]
D. Part at [0.65, 0.18]
E. Part at [0.68, 0.40]
Answer: A

Based on the provided reference images of cor-
rectly assembled Metal expansion bolt, check
the test image for any extra, unnecessary, or in-
correctly specified parts. A standard assembly
consists of five key components, each contribut-
ing to its performance and reliability: (1)Bolt -
the main fastening element that provides tensile
strength; (2)Nut - used to tighten and secure
the bolt in place; (3)Flat Washer - distributes
the load evenly across the surface, reducing the
risk of damage to the base material; (4)Spring
Washer - prevents loosening caused by vibra-
tions or dynamic loads; (5)Sleeve - the expan-
sion element that deforms outward under tight-
ening, ensuring strong anchorage in the drilled
hole. Determine whether the test image con-
tains any components that should not be present
or have incorrect specifications. Identify any
such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.48, 0.53]
B. Part at [0.53, 0.64]
C. Part at [0.50, 0.42]
D. Part at [0.43, 0.32]
E. Part at [0.66, 0.56]
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ASSYVERI MES SCENARIO ICD

¢ User Prompt 2:

Based on the provided reference images of cor-
rectly assembled Metal expansion bolts, check
the test image for any extra, unnecessary, or
incorrectly specified parts.

A standard assembly consists of five key compo-
nents, each contributing to its performance and
reliability: (1)Bolt - the main fastening element
that provides tensile strength; (2)Nut - used
to tighten and secure the bolt in place; (3)Flat
Washer - distributes the load evenly across the
surface, reducing the risk of damage to the
base material; (4)Spring Washer - prevents loos-
ening caused by vibrations or dynamic loads;
(5)Sleeve - the expansion element that deforms
outward under tightening, ensuring strong an-
chorage in the drilled hole. Determine whether
the test image contains any components that
should not be present or have incorrect specifi-
cations. Identify any such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.35, 0.53]
B. Part at [0.52, 0.40]
C. Part at [0.48, 0.24]
D. Part at [0.65, 0.18]
E. Part at [0.68, 0.40]
Answer: A

Based on the provided reference images of cor-
rectly assembled Metal expansion bolt, check
the test image for any extra, unnecessary, or in-
correctly specified parts. A standard assembly
consists of five key components, each contribut-
ing to its performance and reliability: (1)Bolt -
the main fastening element that provides tensile
strength; (2)Nut - used to tighten and secure
the bolt in place; (3)Flat Washer - distributes
the load evenly across the surface, reducing the
risk of damage to the base material; (4)Spring
Washer - prevents loosening caused by vibra-
tions or dynamic loads; (5)Sleeve - the expan-
sion element that deforms outward under tight-
ening, ensuring strong anchorage in the drilled
hole. Determine whether the test image con-
tains any components that should not be present
or have incorrect specifications. Identify any
such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.48, 0.53]
B. Part at [0.53, 0.64]
C. Part at [0.50, 0.42]
D. Part at [0.43, 0.32]
E. Part at [0.66, 0.56]

ASSYVERI MES SCENARIO ICD

¢ Model: Gemini-2.5-Flash
¢ Gt answers: C
¢ Pred answer: D

* Raw Response: The standard Metal expansion
bolt assembly, as shown in the reference images,
consists of five components: Bolt, Nut, Flat
Washer, Spring Washer, and Sleeve.

The test image contains the following parts:

1. **Bolt** (Hex socket cap screw type, dif-
ferent from the references but still a bolt) at
approximately [0.43, 0.32] (D).

2. **Nut** at approximately [0.43, 0.32] (D)
- Wait, D is the bolt. The nut is at [0.48, 0.24]
in the previous example, or here at [0.48, 0.53]
(A).

3. **Sleeve** at approximately [0.50, 0.42]
©).

4. **Flat Washer** (large) at approximately
[0.53, 0.64] (B).

5. **Small Washer** (likely a Spring Washer
or a second Flat Washer, but much smaller than
the others) at approximately [0.66, 0.56] (E).

Let’s re-examine the components based on the
standard assembly and the reference images:

* **Reference Images Components:** Bolt
(with a conical end), Nut, Sleeve, Flat Washer
(large), and Spring Washer (small, split ring).

* **Test Image Components:**

* A. Nut (Correct size relative to the bolt
threads). * B. Flat Washer (Large, correct size).

* C. Sleeve (Correct size).

*D. Bolt (Incorrect type/head shape Hex socket
cap screw head instead of the conical head
shown in the references, which is crucial for
the expansion mechanism).

* E. Small Washer (This appears to be a small
flat washer, not a spring washer, and its inner
diameter seems too small for the bolt/sleeve,
or it might be a small flat washer intended to
be the spring washer replacement, but it is vi-
sually different from the spring washers in the
references).

Comparing the Bolt (D) in the test image to the
Bolts in the reference images:

The reference bolts have a conical or rounded
end that engages with the sleeve to cause expan-
sion. The bolt in the test image (D) is a standard
hex socket cap screw, which has a flat end and a
cylindrical head. This type of bolt head and end
shape is incorrect for a standard expansion bolt
mechanism where the bolt head/end is designed
to push into the sleeve to expand it.

Therefore, the Bolt (D) is the mismatched part
due to its incorrect model/shape (Hex socket
cap screw instead of the required expansion bolt
type).

Answer: D
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ASSYVERI MES SCENARIO Zero-Shot

* User Prompt:

Metal Expansion Bolt (MEB) is one of the
most frequently applied workpieces. Its pri-
mary function is to ensure strong anchoring by
expanding within the drilled hole of the base
material, thereby generating high frictional re-
sistance and mechanical interlock.

A typical Metal Expansion Bolt consists of five
key components, each contributing to its per-
formance and reliability: (1)Bolt - the main
fastening element that provides tensile strength;
(2)Nut - used to tighten and secure the bolt
in place; (3)Flat Washer - distributes the load
evenly across the surface, reducing the risk of
damage to the base material; (4)Spring Washer
- prevents loosening caused by vibrations or
dynamic loads; (5)Sleeve - the expansion el-
ement that deforms outward under tightening,
ensuring strong anchorage in the drilled hole.
Together, these components form a complete
fastening system that offers durability, relia-
bility, and ease of installation in demanding
construction and industrial environments.

Based on the provided reference images of cor-
rectly assembled Metal expansion bolt, check
the test image for any extra, unnecessary, or in-
correctly specified parts. A standard assembly
consists of five key components, each contribut-
ing to its performance and reliability: (1)Bolt -
the main fastening element that provides tensile
strength; (2)Nut - used to tighten and secure
the bolt in place; (3)Flat Washer - distributes
the load evenly across the surface, reducing the
risk of damage to the base material; (4)Spring
Washer - prevents loosening caused by vibra-
tions or dynamic loads; (5)Sleeve - the expan-
sion element that deforms outward under tight-
ening, ensuring strong anchorage in the drilled
hole. Determine whether the test image con-
tains any components that should not be present
or have incorrect specifications. Identify any
such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.48, 0.53]
B. Part at [0.53, 0.64]
C. Part at [0.50, 0.42]
D. Part at [0.43, 0.32]
E. Part at [0.66, 0.56]

Answer:

ASSYVERI MES SCENARIO Zero-Shot

¢ System Prompt:
General task:

- You will be given a single image of an as-
sembly containing multiple industrial parts that
match each other well.

- Your job is to identify which part in the pro-
vided test image uses the wrong model number
(incorrect size or shape) and thus deviates from
the rest.

- Instead of returning a coordinate directly, you
will be presented with a list of multiple-choice
options (A, B, C, ...), each describing one can-
didate part location.

- Choose the letter corresponding to the mis-
matched part.

Input format:
- Query: a single line stating the task.
- Image: the image to evaluate.

- Choices: a list of options, each with a nor-
malized coordinate for one part in the image
(normalized to [0,1]).

Output format:

- Return exactly one letter in the format "An-
swer: X" at the end of your response.

- You could include your reasoning before the
answer.

¢ Model: Gemini-2.5-Flash
¢ Gt answers: C

¢ Pred answer: E
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ASSYVERI MES SCENARIO Zero-Shot

* Raw Response:

The standard assembly for a Metal expansion
bolt requires five components: Bolt, Nut, Flat
Washer, Spring Washer, and Sleeve.

Let’s identify the parts present in the image:

1. **Bolt**: The threaded component with
a cylindrical head (Socket Cap Screw style).
(Approx. [0.50, 0.42]) - Matches C.

2. **Nut**: The hexagonal threaded fastener.
(Approx. [0.48, 0.53]) - Matches A.

3. **Sleeve**: The long cylindrical expansion
tube. (Approx. [0.53, 0.64]) - Matches B.

4. **Flat Washer**: The large, solid ring. (Ap-
prox. [0.43, 0.32]) - Matches D.

5. **Small Washer**: A smaller, solid ring.
(Approx. [0.66, 0.56]) - Matches E.

The required components are: Bolt, Nut, Flat
Washer, Spring Washer, and Sleeve.

The components present are:

* Bolt (C)

* Nut (A)

* Sleeve (B)

* Flat Washer (D)

* Small Washer (E)

Comparing the required list to the present list:

* The assembly is missing a **Spring
Washer**.

* The assembly contains two flat washers (D
and E), but one of them (E) is significantly
smaller than the other (D) and appears to be
the wrong size or an extra, unnecessary com-
ponent, as the standard assembly only requires
one Flat Washer and one Spring Washer.

However, the task asks to identify the part that
uses the wrong model number (incorrect size
or shape) or is extra/unnecessary.

If we assume the larger washer (D) is the cor-
rect Flat Washer, then the smaller washer (E) is
an extra component and is also likely the wrong
size for the bolt/sleeve combination. Further-
more, the required Spring Washer is missing.

In the context of identifying a mismatched part
based on size/specification or being extra:

* Part E ([0.66, 0.56]) is a small flat washer.
Given that a standard assembly requires one
flat washer (D) and one spring washer (miss-
ing), this second, smaller flat washer (E) is an
extra, unnecessary component and is likely the
wrong size for the bolt/nut combination if it
were intended to be the primary washer.

Therefore, the small washer at [0.66, 0.56] is
the problematic part.

Answer: E

ASSYVERI MES SCENARIO Ref-Cond

¢ System prompt: The same with ASSYVERI
Metal Expansion Bolt (MEB) Image In-Context
Demonstration.

User prompt:

Metal Expansion Bolt (MEB) is one of the most
frequently applied products. Its primary func-
tion is to ensure strong anchoring by expand-
ing within the drilled hole of the base material,
thereby generating high frictional resistance
and mechanical interlock.

A typical Metal Expansion Bolt consists of five
key components, each contributing to its per-
formance and reliability: (1)Bolt - the main
fastening element that provides tensile strength;
(2)Nut - used to tighten and secure the bolt
in place; (3)Flat Washer - distributes the load
evenly across the surface, reducing the risk of
damage to the base material; (4)Spring Washer
- prevents loosening caused by vibrations or
dynamic loads; (5)Sleeve - the expansion el-
ement that deforms outward under tightening,
ensuring strong anchorage in the drilled hole.
Together, these components form a complete
fastening system that offers durability, relia-
bility, and ease of installation in demanding
construction and industrial environments

Reference 1: correct Metal expansion bolt as-
sembly.

Reference 2: correct Metal expansion bolt as-
sembly.

Reference 3: correct Metal expansion bolt as-
sembly.

Based on the provided reference images of cor-
rectly assembled Metal expansion bolt, check
the test image for any extra, unnecessary, or in-
correctly specified parts. A standard assembly
consists of five key components, each contribut-
ing to its performance and reliability: (1)Bolt -
the main fastening element that provides tensile
strength; (2)Nut - used to tighten and secure
the bolt in place; (3)Flat Washer - distributes
the load evenly across the surface, reducing the
risk of damage to the base material; (4)Spring
Washer - prevents loosening caused by vibra-
tions or dynamic loads; (5)Sleeve - the expan-
sion element that deforms outward under tight-
ening, ensuring strong anchorage in the drilled
hole. Determine whether the test image con-
tains any components that should not be present
or have incorrect specifications. Identify any
such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick one choice corresponding to the mis-
matched part.

A. Part at [0.48, 0.53]
B. Part at [0.53, 0.64]
C. Part at [0.50, 0.42]
D. Part at [0.43, 0.32]
E. Part at [0.66, 0.56]
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ASSYVERI MES SCENARIO Ref-Cond

Model: Gemini-2.5-Flash
Gt answers: C
Pred answer: C

Raw Response:

In the reference assemblies, the **bolt** is a
countersunk-style expansion bolt with a tapered
head and the characteristic shank shape for driv-
ing the sleeve. In the test image, the bolt at
**[0.50, 0.42]** is a different type (looks like
a standard socket-head/cap screw), so it’s the
wrong model/shape for this expansion bolt set.

Answer: C

Examples of PES SCENARIO

ASSYVERI PES SCENARIO ICD

System Prompt:
General task:

- You will be given one or several reference
images of correct assemblies, followed by a
query and a test image expected to be the same
assembly.

- Your job is to identify which part in the pro-
vided test image uses the wrong model number
(incorrect size or shape) and thus deviates from
the rest.

- Instead of returning a coordinate directly, you
will be presented with a list of multiple-choice
options (like A, B, C), each describing one can-
didate part location.

- Choose the letter(s) corresponding to the mis-
matched part(s).

Input format:

- References: one or more images showing cor-
rect assemblies.

- Query: a single line stating the task.
- Test Image: the image to evaluate.

- Choices: a list of options, each with a normal-
ized coordinate for one part in the test image
(normalized to [0,1]).

Output format:

- Return exactly the letter of the mismatched
part at the end of the answer in a format start
with "Answer:" and then letter choice like An-
swer: C.

- Also you can return your reasoning based on
the provided reference images but be sure to
give the final answer only based on the test
image.

ASSYVERI PES SCENARIO ICD

* User Prompt: Plastic Expansion Bolts (PEB)

stand out as one of the most commonly used
variants. Their primary function is to provide a
simple yet effective way to anchor screws into
walls, panels, or other base materials where
direct fastening is not feasible. By expanding
inside the drilled hole as the screw is driven in,
PEBs create a tight grip that prevents loosening,
enhances load-bearing capacity, and ensures
durability of the connection.

The standard assembly must contain three plas-
tic expansion screws, each consisting of two
parts: (1) plastic anchors, (2) metal screw.

Reference 1: Correct Plastic expansion bolt as-
sembly. Reference 2: Correct Plastic expansion
bolt assembly. Reference 3: Correct Plastic
expansion bolt assembly.

Based on the provided reference images of cor-
rectly assembled Plastic expansion bolt, check
the test image for any extra, unnecessary, or in-
correctly specified parts. A standard assembly
must contain three plastic expansion screws,
each consisting of two parts: (1) plastic an-
chors, (2) metal screw. Determine whether the
test image contains any components that should
not be present or have incorrect specifications.
Identify any such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.50, 0.53] B. Part at [0.40, 0.40]
C. Part at [0.60, 0.52] D. Part at [0.60, 0.43] E.
Part at [0.35, 0.63] F. Part at [0.50, 0.64]

Answer: F

Based on the provided reference images of cor-
rectly assembled Plastic expansion bolt, check
the test image for any extra, unnecessary, or in-
correctly specified parts. A standard assembly
must contain three plastic expansion screws,
each consisting of two parts: (1) plastic an-
chors, (2) metal screw. Determine whether the
test image contains any components that should
not be present or have incorrect specifications.
Identify any such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.40, 0.52]
B. Part at [0.43, 0.70]
C. Part at [0.50, 0.44]
D. Part at [0.47, 0.39]
E. Part at [0.65, 0.56]
F. Part at [0.42, 0.62]

Answer:
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ASSYVERI PES SCENARIO ICD

¢ Model: Gemini-2.5-Flash
¢ Gt answers: F
¢ Pred answer: F

* Raw Responsel:

The test image shows three plastic anchors and
four metal screws. A standard assembly, as indi-
cated by the references, should consist of three
complete sets, meaning three plastic anchors
and three metal screws.

The parts in the test image are: 1. Plastic an-
chor (Type 1, ribbed) at [0.35, 0.63] (E in the
previous set, B in the current set) 2. Plastic
anchor (Type 1, ribbed) at [0.50, 0.53] (A in
the previous set, C in the current set) 3. Plastic
anchor (Type 2, stepped/split) at [0.60, 0.52]
(C in the previous set, E in the current set) 4.
Metal screw at [0.40, 0.40] (B in the previous
set, D in the current set) 5. Metal screw at [0.60,
0.43] (D in the previous set, A in the current
set) 6. Metal screw at [0.50, 0.64] (F in the pre-
vious set, F in the current set) 7. Metal screw
at [0.42, 0.62] (F in the current set, this is the
same screw as F in the previous set, but the co-
ordinates are slightly different; let’s re-evaluate
the coordinates for the screws)

Let’s use the coordinates provided in the current
prompt:

A. Part at [0.40, 0.52] (Metal screw) B. Part
at [0.43, 0.70] (Plastic anchor, ribbed) C. Part
at [0.50, 0.44] (Plastic anchor, ribbed) D. Part
at [0.47, 0.39] (Metal screw) E. Part at [0.65,
0.56] (Plastic anchor, stepped/split) F. Part at
[0.42, 0.62] (Metal screw)

Wait, there are four screws visible in the image.
Let’s identify all parts and their types:

1. Plastic Anchor (ribbed, bottom left): [0.43,
0.70] (B) 2. Plastic Anchor (ribbed, top center):
[0.50, 0.44] (C) 3. Plastic Anchor (stepped/s-
plit, right): [0.65, 0.56] (E) 4. Metal Screw (top
right): [0.60, 0.43] (Not listed, but close to A)
5. Metal Screw (top center): [0.47, 0.39] (D) 6.
Metal Screw (bottom center): [0.40, 0.52] (A)
7. Metal Screw (bottom left): [0.42, 0.62] (F)

There are 3 plastic anchors (B, C, E) and 4
metal screws (A, D, F, and one unlisted). Since
the standard assembly requires 3 plastic anchors
and 3 metal screws, one of the metal screws is
extra/unnecessary.

ASSYVERI PES SCENARIO ICD

Model: Gemini-2.5-Flash
Gt answers: F
Pred answer: F

Raw Response2:

Let’s re-examine the coordinates and the image
to confirm the parts listed in the choices:

A. Part at [0.40, 0.52]: Metal screw (bottom
center) B. Part at [0.43, 0.70]: Plastic anchor
(bottom left) C. Part at [0.50, 0.44]: Plastic an-
chor (top center) D. Part at [0.47, 0.39]: Metal
screw (top center) E. Part at [0.65, 0.56]: Plas-
tic anchor (right) F. Part at [0.42, 0.62]: Metal
screw (bottom left, partially overlapping with
B)

The image contains 3 plastic anchors and 4
metal screws. Since the expected assembly is
3 sets (3 anchors + 3 screws), one of the metal
screws is the mismatched part (extra/unneces-
sary). All options A, D, and F are metal screws.
The fourth screw is located around [0.60, 0.43]
(top right).

Since the task is to identify *which part* uses
the wrong model number or is extra/unneces-
sary, and there are 4 screws when only 3 are
needed, any of the screws could be considered
the extra part if they are all identical. Assum-
ing all screws are the same model, we must
choose one of the screw options provided in the
choices.

In the previous attempt, the answer was F,
which corresponds to the metal screw at [0.42,
0.62]. This screw is indeed one of the four
screws present, making it an extra component
if the assembly is meant to be 3 sets.

Answer: F
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ASSYVERI PES SCENARIO Zero-Shot

¢ System Prompt:
General task:

- You will be given a single image of an as-
sembly containing multiple industrial parts that
match each other well.

- Your job is to identify which part in the pro-
vided test image uses the wrong model number

(incorrect size or shape) and thus deviates from
the rest.

- Instead of returning a coordinate directly, you
will be presented with a list of multiple-choice
options (A, B, C, ...), each describing one can-
didate part location.

- Choose the letter corresponding to the mis-
matched part.

Input format:
- Query: a single line stating the task.
- Image: the image to evaluate.

- Choices: a list of options, each with a nor-
malized coordinate for one part in the image
(normalized to [0,1]).

Output format:

- Return exactly one letter in the format "An-
swer: X" at the end of your response.

- You could include your reasoning before the
answer.

ASSYVERI PES SCENARIO Zero-Shot

¢ User Prompt:

Plastic Expansion Bolts (PEB) stand out as one
of the most commonly used variants. Their
primary function is to provide a simple yet ef-
fective way to anchor screws into walls, panels,
or other base materials where direct fastening
is not feasible. By expanding inside the drilled
hole as the screw is driven in, PEBs create a
tight grip that prevents loosening, enhances
load-bearing capacity, and ensures durability
of the connection.

The standard assembly must contain three plas-
tic expansion screws, each consisting of two
parts: (1) plastic anchors, (2) metal screw.

Based on the provided reference images of cor-
rectly assembled Plastic expansion bolt, check
the test image for any extra, unnecessary, or in-
correctly specified parts. A standard assembly
must contain three plastic expansion screws,
each consisting of two parts: (1) plastic an-
chors, (2) metal screw. Determine whether the
test image contains any components that should
not be present or have incorrect specifications.
Identify any such problematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.40, 0.52]
B. Part at [0.43, 0.70]
C. Part at [0.50, 0.44]
D. Part at [0.47, 0.39]
E. Part at [0.65, 0.56]
F. Part at [0.42, 0.62]

Answer:
¢ Model: Gemini-2.5-Flash
¢ Gt answers: F

¢ Pred answer: E
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ASSYVERI PES SCENARIO Zero-Shot

* Raw Response:

The image shows an assembly of plastic expan-
sion bolts, which should consist of three plastic
anchors and three metal screws.

**Analysis of Components:**

1. **Plastic Anchors (Yellow):** There are
three plastic anchors present.

* Anchor 1 (Top-center): Appears to be a stan-
dard ribbed anchor.

* Anchor 2 (Bottom-left): Appears to be a stan-
dard ribbed anchor.

* Anchor 3 (Right-center, [0.65, 0.56]): This
anchor has a distinct, square-wave or zig-zag
pattern along its body, which is different in
shape/design from the other two anchors.

2. **Metal Screws (Silver):** There are three
metal screws present. All three screws appear to
be standard wood/self-tapping screws of similar
size and shape.

**[dentifying the Mismatched Part:**

The task is to identify the part that deviates
from the rest or is incorrectly specified. The
plastic anchor at the right-center position has
a different design (square-wave pattern) com-
pared to the other two plastic anchors (ribbed
pattern). This difference in model/shape makes
it the deviating component.

The candidate options for the plastic anchors
are:

A. Part at [0.40, 0.52] (Metal screw) - Incorrect
type

B. Part at [0.43, 0.70] (Metal screw) - Incorrect
type

C. Part at [0.50, 0.44] (Plastic anchor, top-
center) - Matches Anchor 2

D. Part at [0.47, 0.39] (Metal screw) - Incorrect
type

E. Part at [0.65, 0.56] (Plastic anchor, right-
center) - **Mismatched shape/model**

F. Part at [0.42, 0.62] (Plastic anchor, bottom-
left) - Matches Anchor 1

The plastic anchor at [0.65, 0.56] (Option E) is
the one with the different design compared to
the other two plastic anchors.

Answer: E

ASSYVERI PES SCENARIO Ref-Cond

¢ System prompt: The same with ASSYVERI
PCs SCENARIO ICD.

User prompt:

Plastic Expansion Bolts (PEB) stand out as one
of the most commonly used variants. Their
primary function is to provide a simple yet ef-
fective way to anchor screws into walls, panels,
or other base materials where direct fastening
is not feasible. By expanding inside the drilled
hole as the screw is driven in, PEBs create a
tight grip that prevents loosening, enhances
load-bearing capacity, and ensures durability
of the connection.

The standard assembly must contain three plas-
tic expansion screws, each consisting of two
parts:

(1) plastic anchors,
(2) metal screw

Reference 1: Correct plastic expansion bolt
assembly.

Reference 2: Correct plastic expansion bolt
assembly.

Reference 3: Correct plastic expansion bolt
assembly.

Based on the provided reference images of cor-
rectly assembled Plastic expansion bolt, check
the test image for any extra, unnecessary, or
incorrectly specified parts. A standard assem-
bly must contain three plastic expansion screws,
each consisting of two parts:

(1) plastic anchors,
(2) metal screw.

Determine whether the test image contains any
components that should not be present or have
incorrect specifications. Identify any such prob-
lematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick one choice corresponding to the mis-
matched part.

A. Part at [0.40, 0.52]
B. Part at [0.43, 0.70]
C. Part at [0.50, 0.44]
D. Part at [0.47, 0.39]
E. Part at [0.65, 0.56]
F. Part at [0.42, 0.62]
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Model: Gemini-2.5-Flash
Gt answers: F
Pred answer: F

Raw Response:

The test image contains three metal screws that
look consistent with the reference (same gen-
eral length and countersunk head style).

However, among the three plastic anchors, the
one at **[0.42, 0.62]** differs in shape/size
(it has a noticeably different body profile and
proportions compared to the other two anchors
that match the reference style), indicating it’s
the wrong model.

Answer: F

Examples of CNC SCENARIO

ASSYVERI CNC SCENARIO ICD

System Prompt:
General task:

- You will be given one or several reference
images of correct assemblies, followed by a
query and a test image expected to be the same
assembly.

- Your job is to identify which part in the pro-
vided test image uses the wrong model number
(incorrect size or shape) and thus deviates from
the rest.

- Instead of returning a coordinate directly, you
will be presented with a list of multiple-choice
options (like A, B, C), each describing one can-
didate part location.

- Choose the letter(s) corresponding to the mis-
matched part(s).

Input format:- References: one or more images
showing correct assemblies.

- Query: a single line stating the task.
- Test Image: the image to evaluate.

- Choices: a list of options, each with a normal-
ized coordinate for one part in the test image
(normalized to [0,1]).

Output format:

- Return exactly the letter of the mismatched
part at the end of the answer in a format start
with "Answer:" and then letter choice like An-
swer: C.

- Also you can return your reasoning based on
the provided reference images but be sure to
give the final answer only based on the test
image.

ASSYVERI CNC SCENARIO ICD

¢ User Prompt:

In CNC machining, the primary role of fixtures
is to ensure that the workpiece is accurately
positioned and firmly secured during various
cutting, milling, or drilling operations.

A typical CNC fixture is composed of several
fundamental elements that work together to de-
liver reliable clamping performance. These in-
clude: (1) the flange nut, (2) the T-bolt half-
thread screw, (3) the pressure plate, and (4) the
triangular wedge.

Reference 1: Correct Computer Numerical Con-
trol (CNC) fixture assembly.

Reference 2: Correct Computer Numerical Con-
trol (CNC) fixture assembly.

Reference 3: Correct Computer Numerical Con-
trol (CNC) fixture assembly.

Based on the provided reference images of cor-
rectly assembled Computer Numerical Control
(CNC) fixture, check the test image for any ex-
tra, unnecessary, or incorrectly specified parts.
Determine whether the test image contains any
components that should not be present or have
incorrect specifications. Identify any such prob-
lematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick the letter corresponding to the mismatched
part.

A. Part at [0.24, 0.50]
B. Part at [0.59, 0.60]
C. Part at [0.47, 0.83]
D. Part at [0.33, 0.36]
Answer: C

Based on the provided reference images of cor-
rectly assembled Computer Numerical Control
(CNC) fixture, check the test image for any ex-
tra, unnecessary, or incorrectly specified parts.
Determine whether the test image contains any
components that should not be present or have
incorrect specifications. Identify any such prob-
lematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick one choice corresponding to the mis-
matched part.

A. Part at [0.70, 0.44]
B. Part at [0.69, 0.81]
C. Part at [0.45, 0.40]
D. Part at [0.29, 0.58]
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Model: Gemini-2.5-Flash
Gt answers: D
Pred answer: B

Raw Responsel:

The reference images show a CNC fixture as-
sembly typically consisting of a T-slot bolt, a
clamping strap (with a slot), a serrated block
(or similar work support/grip), and a nut.

Let’s examine the parts in the test image and
compare them to the references:

1. **Part A (Clamping Strap):** Located at
[0.70, 0.44]. This is a metal strap with a central
slot. This part appears consistent in shape and
function with the clamping strap seen in all
reference images.

2. **Part C (T-slot Bolt):** Located at [0.45,
0.40]. This is a bolt with a T-shaped head and
threaded shaft. This part appears consistent
with the bolt seen in all reference images.

3. **Part D (Serrated Block/Work Support):**
Located at [0.29, 0.58]. This is a rectangular
block with serrations on one face and a hole
in the center. This part is consistent with the
serrated block/work support seen in Reference
1 and Reference 3 (though Reference 2 and 4
show a different, triangular serrated part, the
rectangular serrated block is a valid component
in this type of kit, as shown in References 1 and
3).

4. **Part B (Nut):** Located at [0.69, 0.81].
This is a small hexagonal nut.

ASSYVERI CNC SCENARIO ICD

* Raw Response2:

Now, let’s look closely at the nut (Part B) in
the test image and compare it to the nuts in the
reference images.

* In Reference 1, 2, 3, and 4, the nut is a stan-
dard hexagonal nut, often a flange nut or a stan-
dard hex nut, designed to thread onto the bolt.

* In the Test Image, the part at [0.69, 0.81] (Part
B) is a small, low-profile hexagonal piece. It
appears to be a **T-nut** or a similar special-
ized nut, but its size and shape relative to the
bolt (Part C) suggest it might be too small or
the wrong type of nut for this specific assem-
bly, especially when compared to the larger,
more robust nuts shown in the references (e.g.,
Reference 2 and 4 show a clearly larger nut).

However, upon closer inspection of the test im-
age, the part at [0.69, 0.81] (Part B) is a **T-
nut** (or a similar specialized nut) which is
typically used to slide into a T-slot on a ma-
chine table. This type of nut is not typically
used as the clamping nut *on top* of the clamp-
ing strap in this assembly; a standard hex nut
or flange nut is used there (as seen in the refer-
ences).

Let’s re-examine the parts in the first set of
images provided in the prompt (which are the
same as the second set, just different crop-
s/views).

In the test image:

A. Part at [0.70, 0.44] - Clamping Strap (Cor-
rect)

B. Part at [0.69, 0.81] - Nut (Mismatched type/-
size compared to references)

C. Part at [0.45, 0.40] - T-slot Bolt (Correct)

D. Part at [0.29, 0.58] - Serrated Block (Correct
type, seen in References 1 and 3)

The nut (Part B) is significantly smaller and
appears to be a different type (possibly a T-nut
or a very small hex nut) than the nuts shown in
the reference images, which are larger and more
standard hex nuts for clamping. Therefore, Part
B is the mismatched component.

Answer: B
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¢ System prompt: The same with ASSYVERI
Computer Numerical Control (CNC) fixture Im-
age In-Context Demonstration.

¢ User prompt:

In CNC machining, the primary role of fixtures
is to ensure that the workpiece is accurately
positioned and firmly secured during various
cutting, milling, or drilling operations.

A typical CNC fixture is composed of several
fundamental elements that work together to de-
liver reliable clamping performance. These in-
clude:

(1) the flange nut,

(2) the T-bolt half-thread screw,
(3) the pressure plate, and

(4) the triangular wedge.

Reference 1: correct Computer Numerical Con-
trol (CNC) fixture assembly.

Reference 2: correct Computer Numerical Con-
trol (CNC) fixture assembly.

Reference 3: correct Computer Numerical Con-
trol (CNC) fixture assembly.

Based on the provided reference images of cor-
rectly assembled Computer Numerical Control
(CNCQ) fixture, check the test image for any ex-
tra, unnecessary, or incorrectly specified parts.
Determine whether the test image contains any
components that should not be present or have
incorrect specifications. Identify any such prob-
lematic parts.

Below are candidate parts with their normalized
coordinates in [0,1].

Pick one choice corresponding to the mis-
matched part.

A. Part at [0.70, 0.44]
B. Part at [0.69, 0.81]
C. Part at [0.45, 0.40]
D. Part at [0.29, 0.58]

ASSYVERI CNC SCENARIO Ref-Cond

* Raw Response:

To determine the mismatched part, we compare
the test image with the reference images of cor-
rect CNC fixture assemblies. The references
consistently show four key components: a rect-
angular slotted piece, a bolt, a circular nut with
a hexagonal interior, and a rectangular serrated
block.

- **QOption A** ([0.70, 0.44]): This corresponds
to the rectangular slotted piece, which matches
the shape and size seen in all references.

- **Option C** ([0.45, 0.40]): This is the bolt,
which aligns with the standard bolt shape and
size in the references.

- **QOption D** ([0.29, 0.58]): This is the rect-
angular serrated block, which matches the ser-
rated edge and overall form in references 1.

- #*QOption B** ([0.69, 0.81]): This is the small
hex nut. In the references, the nut is consis-
tently larger and has a circular shape with a
hexagonal interior (not a small hex nut). The
size and shape of this part deviate from the cor-
rect specification.

Thus, the mismatched part is **B**, as it does
not match the expected size or shape of the nut
in the reference assemblies.

Answer: B
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ASSYVERI SWN SCENARIO ICD

¢ System Prompt:

You are an expert in industrial assembly quality
inspection.

Manufacturing plays a crucial role in modern
society, supporting everything from everyday
consumer products to advanced industrial ma-
chinery. None of these achievements would
be possible without precise manufacturing pro-
cesses, where a wide range of workpieces
form the backbone of production. These work-
pieces are fundamental not only to the struc-
tural integrity of equipment but also to ensuring
safe, stable, and long-term functionality. From
household appliances to large-scale mechanical
systems, such components are essential in hold-
ing structures together and enabling smooth
operation across diverse applications.

Among the most widely used workpieces are
bolts and nuts. A bolt engages with a nut to
create fastening, which provides strong connec-
tions and stability between components. How-
ever, bolts and nuts alone are often insufficient
for reliable assembly. Complementary parts
such as washers are also required. Flat washers
help distribute pressure evenly and protect con-
tact surfaces, while spring washers are designed
to prevent loosening during operation, thereby
improving durability and safety. By combining
these elements, mechanical assemblies achieve
higher precision and resilience.

In practical manufacturing and assembly, bolts,
nuts, and washers are commonly paired to form
standardized fastening sets. The most typical
combination includes: (1) bolt, (2) nut, (3) flat
washer, (4) spring washer. This combination
ensures that fastening systems remain secure
and consistent across a wide range of industrial
and everyday applications.

Based on the provided 3V rendered reference
images (showing front, side, and top perspec-
tives) of a correctly assembled common man-
ufacturing workpiece combination, check the
test image for any mismatches in component
configuration. A standard assembly must con-
tain four M 18 components: (1) M18 bolt, (2)
M18 nut, (3) M18 flat washer, (4) M18 spring
washer. In the test image, each part is labeled
with a letter (A, B, C, ..., E, etc.) and rendered
in a distinct color for identification. Your task
is to determine whether the components are
complete and correctly matched, and identify
any issues such as missing specifications, incor-
rect components, or extra parts. If a problem is
found, return only the letter corresponding to
the faulty part (e.g., "B" or "E").

ASSYVERI SWN SCENARIO ICD

¢ User Prompt:

REFERENCE 1 (CORRECT EXAMPLE):
This is a correctly assembled product. All
parts meet specifications and no extra parts are
present. Use this as baseline for comparison.

REFERENCE 2 (CORRECT EXAMPLE):
This is a correctly assembled product. All
parts meet specifications and no extra parts are
present. Use this as baseline for comparison.

REFERENCE 3 (CORRECT EXAMPLE):
This is a correctly assembled product. All
parts meet specifications and no extra parts are
present. Use this as baseline for comparison.

Examine the provided 3V rendered image.
Each part is labeled with a letter (A, B, C, ..., E,
etc.) and rendered in a distinct color. Identify
which part is extra (unnecessary) or has wrong
specifications. Return only the letter.

Answer: C

Examine the provided 3V rendered image.
Each part is labeled with a letter (A, B, C, ..., E,
etc.) and rendered in a distinct color. Identify
which part is extra (unnecessary) or has wrong
specifications. Return only the letter.

Answer:
* Model: Qwen3-VL-235B
¢ Gt answers: C

¢ Pred answer: C
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« Raw Response: So, let’s analyze this. The stan-
dard assembly needs four M18 components:
bolt, nut, flat washer, spring washer. Let’s
check each part.

First, identify each part by color and shape.
In the reference examples, the bolt is the long
threaded part (blue in some references), nut is
the hexagonal part (red), flat washer is a simple
ring (light blue), spring washer is a split ring
(pink).

Looking at the current test image:

- A: In Front View, A is on the blue bolt? Wait,
no. Wait, in Front View, the blue long part is the
bolt (A? Wait, no. Wait, the bolt should be the
main threaded part. Let’s check the references.
In Reference 1, the bolt is blue (A in some
views?), but maybe better to check the counts.

Standard has 4 parts: bolt, nut, flat washer,
spring washer. So 4 components. Let’s count
the labeled parts here: A, B, C, D. Wait, but
maybe one is extra or wrong.

Wait, in the Front View, there’s a blue bolt (A?),
red nut (B), light blue flat washer (D), pink
spring washer (C). But wait, standard is bolt,
nut, flat washer, spring washer. So 4 parts. Let’s
check if all are present.

Wait, the problem is if there’s an extra part or
wrong spec. Wait, in the current image, are
there more than 4 parts? No, A, B, C, D are
four. Wait, but maybe one is the wrong type.

Wait, in the references, the spring washer is
pink (C in references), flat washer is light blue
(D), nut is red (B), bolt is blue (A). So stan-
dard: A=bolt, B=nut, C=spring washer, D=flat
washer.

Now check the current image. Front View: blue
bolt (A) is the long part, red nut (B) is hexago-
nal, light blue D is flat washer, pink C is spring
washer. Wait, but in the Front View, the pink C
is a flat ring, not a spring washer. Spring wash-
ers are split (like a C-shape), but here C is a full
ring (flat washer), and D is also a ring. Wait,
no—wait, spring washers are typically split, so
they look like a "C" shape. Flat washers are
solid rings.

Looking at the current image:

- C: pink, in Front View is a full ring (flat washer
shape), but spring washer should be split. So
maybe C is supposed to be spring washer but is
flat, or D is wrong.

Wiait, in the reference examples, let’s check. For
example, Reference 1: C is pink, and in Side
View, it’s a split washer (spring washer). So C
should be spring washer (split), D is flat washer
(solid ring).

ASSYVERI SWN SCENARIO ICD

* In the current test image, let’s check the shapes:

- C: pink. In Front View, it’s a full ring (solid),
which would be a flat washer. But spring
washer should be split. So C is supposed to
be spring washer but is flat, so it’s the wrong
type. Alternatively, maybe C is an extra part,
but there are four parts. Wait, no—standard is
four parts. Wait, maybe the issue is that C is
a flat washer but should be spring, and D is...
Wait, D is light blue. In Front View, D is a solid
ring (flat washer), but maybe there are two flat
washers, which is wrong.

Wait, standard assembly is bolt, nut, flat washer,
spring washer. So two washers: flat (D) and
spring (C). So C should be spring (split), D flat
(solid).

In the current image, let’s check the shapes:

- C (pink): In Front View, it’s a solid ring (so flat
washer), Side View shows it as a split? Wait,
Side View: C is pink, looks like a split (C-
shape), so maybe it is a spring washer. Wait,
Front View: C is pink, solid ring? No, maybe
the rendering. Wait, in the Front View, C is a
pink ring, but if it’s a spring washer, it should
have a split. Wait, maybe in the image, C is a
solid ring (flat washer), and D is also a solid
ring (flat washer), so there are two flat washers,
which is wrong. The standard requires one flat
and one spring.

So if C and D are both flat washers (solid rings),
then one of them is wrong. Let’s check the
references. In Reference 1, D is light blue (flat
washer, solid), C is pink (spring washer, split).
So in the test image, if C is a solid ring (flat),
then C is the wrong type (should be spring, but
is flat), so C is the faulty part.

Alternatively, maybe the bolt is labeled wrong.
Wait, A is blue, which in references is the bolt.
B is red, which is the nut. So A=bolt, B=nut,
D=flat washer, C should be spring washer. If C
is not a spring washer (i.e., it’s a flat washer),
then C is the wrong component.

Yes, so the issue is that C is supposed to be
a spring washer but is a flat washer (or vice
versa), but in the standard, we need one of each.
If both C and D are flat washers, then C is the
extra or wrong one. Wait, no—there should be
two washers: flat and spring. So if C is a flat
washer (same as D), then there’s an extra flat
washer, so C is the faulty part (should be spring,
but is flat).

Therefore, the faulty part is C.
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¢ System Prompt: Remains the same.

* User Prompt:

Examine the provided 3V rendered image
(front, side, and top views merged). Each part
is labeled with a letter (A, B, C, ..., E, etc.) and
rendered in a distinct color. Identify which part,
if any, is extra (unnecessary) or has wrong spec-
ifications. Return only the letter corresponding
to the problematic part.

Answer:

* Raw Response 1:

The standard assembly requires four M18 com-
ponents: (1) M18 bolt, (2) M18 nut, (3) M18
flat washer, and (4) M 18 spring washer.

Let’s identify the components in the image:

* %A (Dark Blue):** This is the M18 bolt
(visible in all three views).

* **B (Red):** This is the M18 nut (hexagonal
shape, visible in all three views).

* #%C (Pink):** This is a flat, ring-shaped com-
ponent, which is the M18 flat washer.

* #*D (Light Blue):** This is a split, ring-
shaped component, which is the M18 spring
washer.

The image shows four components: a bolt (A),
anut (B), a flat washer (C), and a spring washer
(D). This matches the required set of four com-
ponents.

However, the assembly configuration is incor-
rect. In a standard assembly, the components
are typically stacked in the order: Bolt Head —
Workpiece — Flat Washer — Spring Washer
— Nut.

In the provided image, the components are not
assembled but are shown as separate, floating
parts in the three views. The prompt asks to
check the test image for any mismatches in
component configuration, and to identify any
issues such as missing specifications, incorrect
components, or **extra parts**.

ASSYVERI SWN SCENARIO Zero-Shot

* Raw Response 2:

Upon closer inspection of the labels in the Front
View: * The dark blue component is the bolt
(A). * The red component is the nut (B). * The
pink component is the flat washer (C). * The
light blue component is the spring washer (D).

The labels A and B are placed on the nut (B)
in the Front View, suggesting that the nut (B)
might be labeled twice or that one of the labels
refers to a feature or an internal component.
However, looking at the Side View and Top
View, A clearly labels the bolt, and B clearly
labels the nut.

Re-examining the Front View: * The large dark
blue object is the bolt (A). * The large red object
is the nut (B). * The pink ring is the flat washer
(C). * The light blue ring is the spring washer
(D).

The labels A and B are placed inside the red nut
(B) in the Front View. This is highly ambigu-
ous.

Let’s assume the labels A, B, C, ... refer to the
four distinct physical components:

A =Bolt

B =Nut

C = Flat Washer

D = Spring Washer

The set is complete and contains the correct
types of components.

If we interpret the prompt as checking for *ex-
tra* parts based on the labels provided in the
image, we must look for components that are
not part of the standard set. Since the standard
set is (Bolt, Nut, Flat Washer, Spring Washer),
and the image shows exactly these four distinct
components (A, B, C, ...), there are no extra
components.

However, if we strictly follow the labels as they
appear in the image, especially in the Front
View, the label *A’ is placed on the nut (B) in
the Front View, while A’ labels the bolt in the
Side and Top Views. This suggests a labeling
error or an ambiguity.

Let’s re-examine the components based on their
visual representation and standard function: 1.
**Bolt (A):** Present. 2. **Nut (B):** Present.
3. **Flat Washer (C):** Present. 4. **Spring
‘Washer (D):** Present.

The set is complete. There are no extra compo-
nents.
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* Raw Response 3:

If the issue is a mismatch in specifications (e.g.,
size), all components are visually represented
as being of the same nominal size (M18, as
specified in the prompt).

If the issue is an incorrect component type: * A
is a bolt. * B is a nut. * Cis a flat washer. * D
is a spring washer. All types are correct.

The only remaining possibility is that one of
the components is redundant or incorrectly la-
beled/represented, leading to an "extra part"
interpretation. Since the standard set requires
four parts, and four distinct parts are shown,
none are technically "extra."

However, in quality inspection tasks involving
visual representations, sometimes a component
is included that is not required for the *specific*
assembly type, or a component is duplicated.

Let’s assume the image is intended to show a
standard assembly set, and we must identify
a component that is redundant if the assembly
only required three parts, or if one of the wash-
ers is redundant.

The standard combination is (1) bolt, (2) nut,
(3) flat washer, (4) spring washer.

If we look at the components C (Flat Washer)
and D (Spring Washer), they are often used to-
gether, but sometimes only one is required. If
the requirement was only for a flat washer, the
spring washer (D) would be extra. If the re-
quirement was only for a spring washer, the flat
washer (C) would be extra. Since the prompt
explicitly states the standard combination in-
cludes *both* flat and spring washers, neither
C nor D is extra based on the definition pro-
vided.

Given the constraints of the problem (identify-
ing a faulty part, which includes extra parts),
and the fact that the set is complete and correct
according to the definition, the only potential
"fault" is the ambiguity or redundancy in the
labeling itself, or a subtle visual error.

ASSYVERI SWN SCENARIO Zero-Shot

* Raw Response 3:

Let’s assume the visual representation is flawed
and one component is redundant. In many in-
dustrial applications, the spring washer (D) is
used to prevent loosening, and the flat washer
(C) is used for load distribution. If the applica-
tion only required load distribution, the spring
washer (D) would be considered extra. If the
application only required anti-loosening, the
flat washer (C) would be considered extra.

Since the prompt defines the standard set as
including all four, we must look for an error in
the components themselves.

Component D (Spring Washer) is visually rep-
resented as a split ring, which is correct for a
spring washer. Component C (Flat Washer) is
visually represented as a solid ring, which is
correct for a flat washer.

If we assume the standard assembly only re-
quires one type of washer, and the flat washer
(C) is the primary component for load distri-
bution, then the spring washer (D) is the most
likely candidate for being "extra" if the assem-
bly was simplified.

If we strictly adhere to the provided definition:
"The most typical combination includes: (1)
bolt, (2) nut, (3) flat washer, (4) spring washer,"
then all four components (A, B, C, ...) are re-
quired.

If the image is a test image that must be checked
against the standard, and the standard is the
four-part set, then the image is correct in terms
of component count and type.

However, in typical quality inspection scenarios
where a component is flagged as "faulty," it of-
ten means it is redundant or incorrect. Given the
ambiguity, and the common practice of some-
times omitting one washer type, let’s consider
the possibility that one washer is redundant.

In many contexts, the spring washer (D) is
considered an optional anti-loosening feature,
while the flat washer (C) is more fundamen-
tal for surface protection and load distribution.
If one must be flagged as extra, it is often the
spring washer.

Let’s assume the intended error is the inclusion
of the spring washer (D) as an extra component
beyond a basic bolt/nut/flat washer assembly.

D
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ASSYVERI SWN SCENARIO Ref-Cond

¢ System Prompt: remains the same

* User Prompt:

REFERENCE 1 (CORRECT EXAMPLE):
This is a correctly assembled product. All
parts meet specifications and no extra parts are
present. Use this as baseline for comparison.

REFERENCE 2 (CORRECT EXAMPLE):
This is a correctly assembled product. All
parts meet specifications and no extra parts are
present. Use this as baseline for comparison.

REFERENCE 3 (CORRECT EXAMPLE):
This is a correctly assembled product. All
parts meet specifications and no extra parts are
present. Use this as baseline for comparison.

Based on the reference images showing correct
assemblies, examine the TEST IMAGE above.
Each part is labeled with a letter (A, B, C, ..., E,
etc.) and rendered in a distinct color. Identify
which part, if any, is extra (unnecessary) or has
wrong specifications compared to the standard
assembly. Return only the letter corresponding
to the problematic part.

Answer:
¢ Model: Qwen3-VL-235B
¢ Gt answers: C

¢ Pred answer: A

ASSYVERI SWN SCENARIO Ref-Cond

* Raw Response 1:

So, let’s try to figure out which part is problem-
atic. First, I need to recall the standard assem-
bly: it should have four M18 components: bolt
(B), nut (A), flat washer (D), spring washer (C).
Wiait, let me check the references.

Looking at the reference images. In each cor-
rect example, the parts should be: bolt (the long
threaded part), nut (hexagonal), flat washer (cir-
cular, flat), spring washer (circular but with a
split, like a spring). Let’s identify each label.

In the references, let’s see:

- Bolt is the long part with threads. In references,
B is often the bolt? Wait, no. Wait, in the first
reference image (top left), the red long part is
labeled B. So B is the bolt.

- Nut is the hexagonal part. In the first reference,
the blue hexagonal part is A. So A is the nut.

- Flat washer (D): in the first reference, D is the
light blue circular washer.

- Spring washer (C): pink circular with a split,
so C is spring washer.

Now, the test image is the fourth set (the last
one with front, side, top views). Let’s check
each part.

Test image:

Front View: blue bolt (A?), red nut (B), light
blue washer (D), pink spring washer (C). Wait,
but let’s check the labels.

Wait, in the test image’s front view: the blue
long threaded part is labeled A. Wait, but in
the references, the bolt is usually the red or
blue long part. Wait, maybe the color coding is
consistent.

‘Wait, in the correct references, the bolt is the
long threaded component. Let’s check the ref-
erences:

Reference 1 (first correct example):

- Front view: red bolt (B), blue nut (A), pink
spring washer (C), light blue flat washer (D).

Yes, so B is bolt, A is nut, C is spring washer,
D is flat washer.

So standard parts: B (bolt), A (nut), C (spring
washer), D (flat washer).

Now, test image:

Check each part. Let’s list all parts in test im-
age.

Front View:

- Blue long threaded part: labeled A. But in
references, A is the nut (hexagonal), so this A
is the bolt? Wait, no. Wait, in references, A is
the nut (hexagonal). So if the test image has a
blue long threaded part labeled A, that’s wrong
because A should be the nut (hexagonal), not
the bolt.

Wait, let’s check the test image’s parts:
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ASSYVERI SWN SCENARIO Ref-Cond

* Raw Response 2:
Test image front view:

- A is on the blue long threaded part (bolt). But
in references, A is the nut (hexagonal). So A
is mislabeled here. Wait, no. Wait, maybe the
labels are consistent across all images. The
labels A, B, C, D are fixed per part type.

Wait, the problem says each part is labeled with
a letter (A, B, C, D, E, etc.) and rendered in a
distinct color. So A is a specific part type, B
another, etc.

In the correct references, the four parts are A,
B, C, D. Let’s confirm:

In reference 1 (first correct example):

- A is the nut (hexagonal, blue in front view).
- B is the bolt (long, red).

- C is spring washer (pink, circular with split).
- D is flat washer (light blue, circular).

Yes, that’s consistent.

Now, test image:

We need to check if all four parts are present
(A, B, C, D) and no extras.

Test image:
Front View:

- A is on the blue bolt (long threaded part). Wait,
in references, A is the nut, so this A is in the
bolt’s position. That’s a problem.

Wait, let’s list all parts in test image:

- A: appears as a blue long threaded part (bolt)
in front view, and as a blue hexagonal part in
side view? Wait no.

Wait, test image front view:

- Leftmost is blue long threaded (A), then red
hexagonal (B), then light blue circular (D), then
pink circular (C).

Side view:

- Top: D (light blue, flat washer), then C (pink,
spring washer), B (red hexagonal, nut), A (blue,
which looks like a bolt head? Wait, A in side
view is a blue part that’s the bolt head? Wait,
no.

Wait, in the test image’s side view:

- The blue part labeled A is the bolt head (since
it’s the large end of the bolt). So A is the bolt?
But in references, A is the nut.

Wait, this is key. In the correct assembly:

- A should be the nut (hexagonal, fits onto the
bolt).

- B should be the bolt (long threaded).

- C: spring washer.

- D: flat washer.

But in the test image, let’s check the parts:

In test image, let’s see which parts are present.

ASSYVERI SWN SCENARIO Ref-Cond

* Raw Response 3:
Test image:
Front View:
- A: blue, long threaded (so A is the bolt here)
- B: red, hexagonal (so B is the nut)
- C: pink, spring washer
- D: light blue, flat washer

Wait, but in the references, the bolt is B, nut is
A. So here, A is the bolt, B is the nut. That’s
swapped.

But the problem is about wrong specifications
or extra parts. Let’s check if all four parts are
present.

Wait, in test image, do we have all four: A, B,
C,D?

Yes: A, B, C, D are all present. But the issue
is that in the correct assembly, the bolt should
be a specific type. Wait, no: the problem says
the standard assembly must contain four M 18
components: (1) M18 bolt, (2) M18 nut, (3)
M18 flat washer, (4) M 18 spring washer. The
labels A, B, C, D are assigned to these parts in
the references.

In the references, A is the nut, B is the bolt, C
is spring washer, D is flat washer.

In the test image, let’s check:

- Is there a bolt? Yes, but it’s labeled A.
- Is there a nut? Yes, labeled B.

- C is spring washer.

- D is flat washer.

But the problem is about "wrong specifications"
or "incorrect components". Wait, no—the la-
bels are part of the identification. Each letter
corresponds to a part type. So if in the test im-
age, the part labeled A is not the nut (which it
should be), then A is wrong.

Wait, but maybe the issue is an extra part or
missing part.

Wait, let’s count the parts. In correct assembly:
4 parts (A, B, C, D). Test image: are there 4
parts?

Test image front view: A, B, C, D are all there.
Side view: A, B, C, D. Top view: A, B, C, D.
So no extra parts.

But wait, in the test image, let’s check the con-
figuration. In the correct assembly, the bolt (B)
should have the nut (A) at the end, with washers
in between. Wait, the standard combination is
bolt, then flat washer, spring washer, then nut?
Or the order may vary but the parts must be
present.
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ASSYVERI SWN SCENARIO Ref-Cond

* Raw Response 4:

Wait, the key is: the test image may have a part
that is not supposed to be there, or a part that’s
missing, or a wrong type.

Wait, looking at the test image, let’s see the
side view. In the side view, there’s a part D
(flat washer), C (spring washer), B (nut), and
A (bolt). But in the correct references, when
assembled, the bolt (B) is the main shaft, nut
(A) is at the end. In the test image, the bolt is
labeled A, which is supposed to be the nut. So
A is misused as the bolt.

Wait, but the problem says "identify any issues
such as missing specifications, incorrect com-
ponents, or extra parts”.

Wait, another angle: in the correct references,
each part is one of the four. In the test image,
do we have all four? Let’s see:

- Bolt: should be present. In test image, A is the
bolt (blue long).

- Nut: B is the nut (red hexagonal).
- Flat washer: D (light blue).
- Spring washer: C (pink).

So all four parts are present. But the problem is
that the labels are assigned to wrong parts. Wait,
no—the labels are fixed. A is always supposed
to be the nut. So if in the test image, A is the
bolt, then A is the wrong component.

Wait, let’s check the reference images again.
Reference 1 (first correct example):

- Front view: A is blue hexagon (nut), B is red
bolt, C is pink spring washer, D is light blue
flat washer.

Yes, so A = nut, B = bolt, C = spring washer, D
= flat washer.

In test image:

- A is the blue bolt (long threaded), so A is
not the nut. Therefore, A is the wrong compo-
nent—it’s a bolt but should be a nut.

Wait, but maybe the bolt is supposed to be B.
So B should be the bolt. In test image, B is the
red hexagon (nut), so B is the nut. Therefore, B
is correct as the nut. A is the bolt, but A should
be the nut. So A is a bolt where a nut should be.
Therefore, A is the incorrect part.

Alternatively, maybe there’s an extra part. Wait,
no, all four parts are present.

Wait, let’s look at the test image’s side view.
In the side view, there’s a blue part labeled A
which is the bolt (since it’s the long shaft), and
a red part labeled B which is the nut. But in
the correct assembly, the bolt should be B, so
A should not be the bolt. Therefore, A is the
wrong part because it’s a bolt but labeled as A
(which should be nut).

Yes, that’s the issue. So the problematic part is
A.

E.4 Examples of Bottleneck Analysis A

Below are examples from the cross-image visual
grounding analysis (Bottleneck Analysis A in Sec-
tion 4.5 of the main text). Each example shows a
pair of Set-of-Mark annotated images where the
model must match a part identified in the first im-
age to its visual counterpart in the second image.
We present both coordinate-to-coordinate (C—C)
and letter-to-letter (L—L) cases from Mistral-3-8B,
illustrating typical failure modes.

Grounding example of PCS SCENARIO 1

¢ Setting: Zero-shot; Coordinates to Coordinates
(C—0)

¢ Gt answer: A
¢ Pred answer: C

* Raw response: In Image 1, the part at coordi-
nates [0.54, 0.59] is labeled **C**. This part
is a cylindrical component with a hexagonal
section near the top, which is distinct from the
other parts.

In Image 2, we need to identify the same type
of component (cylindrical with a hexagonal sec-
tion near the top). The part labeled **C** in
Image 2 matches this description.

Thus, the correct answer is:

Answer: C

Grounding example of PCS SCENARIO 2

¢ Setting: Zero-shot; letters to letters (L—L)
¢ Gt answer: B
¢ Pred answer: C

* Raw response: In Image 1, Part D is a cylin-
drical component with a smooth outer surface
and a threaded inner section that appears to be
a barrel or sleeve type with a slightly tapered
end.

Comparing this to Image 2: - Part A is cylindri-
cal but has a different texture and shape, resem-
bling a threaded connector with a wider end.
- Part B is a long cylindrical component with
a smooth surface and a wider middle section,
not matching Part D. - Part C is a cylindrical
component with a threaded outer section and a
smooth inner section, similar to Part D in Image
1. - Part D in Image 2 is a cylindrical compo-
nent with a smooth surface and a wider middle
section, similar to Part B in Image 1.

The correct match for Part D in Image 1 is Part
C in Image 2.

Answer: C
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E.5 Examples of Bottleneck Analysis B Missing part of SWN SCENARIO

Below is an example from the missing-part detec-
tion analysis (Bottleneck Analysis B in Section 4.5
of the main text). The model is given an explicit
assembly specification listing all required compo-
nents, and must identify which part is absent from
the three-view rendering. This example shows a
Qwen3-VL-235B response on a SWN SCENARIO
case.

Missing part of SWN SCENARIO

¢ System Prompt: You are an expert manufactur-
ing quality inspector. Your task is to examine
three-view rendered images (front, side, top) of
an assembly and determine whether all required
components are present. Each visible part is la-
beled with a letter and colored distinctly. You
will be given a description of what a complete
assembly should contain, and you must iden-
tify which part (if any) is missing from the test
image. Answer with ONLY the letter of the
correct option (e.g., ’Answer: C’).

User Prompt:

You are inspecting a three-view rendering of
an assembly that should be a complete Metal
Expansion Bolt.

Assembly Description: A standard fastening
assembly consists of four M18 components: (1)
M18 Bolt — the main fastening element; (2)
M18 Nut — engages with the bolt to create a
secure connection; (3) M 18 Flat Washer — dis-
tributes pressure evenly and protects contact
surfaces; (4) M18 Spring Washer — prevents
loosening during operation. A complete assem-
bly must contain all four components.

The test image shows front, side, and top views
of the assembly. Each part is labeled with a
letter and rendered in a distinct color. Compare
the visible parts against the expected compo-
nents listed above. Count the parts and deter-
mine if any required component is missing.

Which of the following parts is missing from
this assembly? A. No part is missing

B. Nut C. Flat Washer D. Spring Washer E. Bolt

Answer with ONLY the letter of your choice
(e.g., ’Answer: C).

¢ Setting: Zero-shot;

¢ Model Qwen3-VL-235B;

¢ Gt answer: A -

* Raw Response 1: Got it, let’s analyze this. The
assembly should have four components: Bolt,
Nut, Flat Washer, Spring Washer. The parts in
the image are labeled A, B, C, D. Let’s map
each label to the components.

First, let’s recall the standard parts. A bolt is
the main fastening element (probably the long
red one, B). A nut engages with the bolt (maybe
the red rounded part in side view? Wait, side
view has B overlapping, but maybe B is the bolt.
Then washers: flat washer is a flat ring, spring
washer is a split ring. Wait, but the problem
says four M18 components: Bolt, Nut, Flat
Washer, Spring Washer.

Looking at the labels:

- A: Blue, in front view is a circle, side view is a
ring (so washer), top view is a small blue shape.
So A is likely a washer (flat or spring).

- B: Red, long in front and top views, so that’s
the bolt (main fastening element).

- C: Pink, in all views, maybe the nut? Wait, nut
is a hexagonal part that engages with the bolt.
In side view, C is a pink shape next to B.

- D: Light blue, in front, side, top views as a
small shape. Maybe the other washer.

Wait, the assembly needs four parts: Bolt (B?),
Nut (maybe C?), Flat Washer (A?), Spring
Washer (D?).

But wait, the problem states four components:
Bolt, Nut, Flat Washer, Spring Washer. So all
four must be present.

Let’s count the labels: A, B, C, D. Four labels.
But wait, are all four parts actually present?
Wait, maybe one of the labels is a duplicate or
one is missing.

Wait, no—the labels are A, B, C, D. So four
parts. But the question is which is missing.
Wait, the options include "No part is missing"
(A), but let’s check.

Wait, the assembly description says four com-
ponents: Bolt, Nut, Flat Washer, Spring Washer.
So each label should correspond to one of these.
Let’s map:

- Bolt: B (red, long, main fastening element)
- Nut: C (pink, maybe the hex nut)
- Flat Washer: A (blue, ring)

- Spring Washer: D (light blue, maybe the
spring washer)

But wait, the problem is to check if all four are
present. The labels are A, B, C, D—so four
parts. But wait, maybe one of the components
is not present. Wait, no—the labels are distinct,
so four parts. But the options include "No part
is missing" as option A. But wait, the problem
says "which of the following parts is missing".
‘Wait, maybe the labels correspond to different
parts.

¢ Pred answer: A
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* Raw Response 2:

Wiait, let’s think again. The four required com-
ponents are Bolt, Nut, Flat Washer, Spring
Washer. Let’s see which is missing.

If the assembly has all four, then option A. But
maybe one of the labels is not a required com-
ponent. Wait, no—the labels are the parts in the
assembly. Wait, the problem says "each visible
part is labeled with a letter". So if there are
four labels (A,B,C,D), but maybe one of the
required components is not present, meaning
that one of the labels is not a required part, but
no—wait, the required parts are four, so the
assembly should have four parts. If there are
four parts labeled, but one of the required com-
ponents is missing, that would mean that one
of the labels is a different part, but the problem
states that the assembly should consist of those
four. Wait, maybe the labels correspond to the
four, but one of the required components is not
present.

Wait, let’s list the required components:

1. M18 Bolt — main fastening element (B, since
it’s the long red part)

2. MI18 Nut — engages with bolt (maybe C,
pink)

3. M18 Flat Washer — distributes pressure (A,
blue ring)

4. M18 Spring Washer — prevents loosening (D,
light blue)

So if all four are present, then A (no part miss-
ing). But wait, the options are A. No part miss-
ing, B. Spring Washer, C. Flat Washer, D. Bolt,
E. Nut.

Wait, but let’s check the side view. In side
view, there’s A (blue ring), B (red, overlap-
ping), C (pink), D (light blue at top). So all
four labels are present. So why would a part be
missing? Wait, maybe one of the components
is not present. Wait, but the labels are A, B,
C, D. So four parts. The required is four. So
maybe all are present. But wait, the problem
says "a complete assembly must contain all four
components”. So if all four are present, answer
A.

But wait, let’s check the assembly description
again. The four components are Bolt, Nut, Flat
Washer, Spring Washer. Let’s see which part is
which.

Bolt is the main fastening element (B), Nut is
the one that threads onto the bolt (probably C),
Flat Washer (A), Spring Washer (D). So all four
are present. But wait, the options include A. No
part missing. So why would the answer not be
A?

Missing part of SWN SCENARIO Missing part of SWN SCENARIO

* Raw Response 3:

Wait, maybe I made a mistake. Let’s count the
parts. The labels are A, B, C, D. Four parts. The
required is four. So all are present. But maybe
one of the components is not present. Wait,
perhaps the Spring Washer is missing. Wait, in
the side view, D is a light blue shape at the top.
Is D the Spring Washer? Let’s think: Spring
Washers are typically helical or split, but in a
rendering, maybe it’s a different shape. Flat
Washer is a flat ring (A), which matches the
blue ring in side view. Bolt is B, Nut is C. Then
D would be the Spring Washer. So all four are
present. So answer A.

But wait, the problem says "determine whether
all required components are present". If all four
labels correspond to the four required compo-
nents, then no part is missing. But let’s check
the options. Option A is "No part is missing".

Wait, but maybe the assembly is supposed to
have four parts, but in reality, one of the labels
is not a required component. No, the prob-
lem states that the assembly should consist of
those four, so each required component must
be present. Since there are four labeled parts,
and four required, they must map one-to-one.
Therefore, no part is missing. So answer A.

But wait, let’s re-examine. The user might have
atrick. Let’s see: the assembly is a Metal Ex-
pansion Bolt. Wait, the description says "a stan-
dard fastening assembly consists of four M18
components: (1) M18 Bolt... (2) M18 Nut... (3)
M18 Flat Washer... (4) M18 Spring Washer".

Wait, but a Metal Expansion Bolt might not
require a nut? Wait, no, the problem states that
the assembly should have all four. So regardless
of real-world, per problem statement, four parts
are required.

Looking at the image: front view has A, B, C,
D. Side view has A, B, C, D. Top view has A, B,
C, D. So all four parts are present. So answer
A.

But wait, the options list A as "No part is miss-
ing". So the answer should be A.

Wait, but maybe I’m wrong. Let’s check again.
Let’s list each component:

- Bolt (B): present (red, long)

- Nut (C): present (pink)

- Flat Washer (A): present (blue ring)

- Spring Washer (D): present (light blue)

All four are present. So no part missing. An-

swer A
. _J

~/ E.6 Examples of Bottleneck Analysis C

Below is an example from the raw point cloud text
input analysis (Bottleneck Analysis C in Section
4.5 of the main text). The model receives 3D coor-
dinates serialized as integer-scaled text tables and
must perform the standard ASSYVERI task with-
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out any visual rendering. This example shows a
Qwen3-235B response on a SWN SCENARIO case.

Pure point input example of SWN SCE-
NARIO

* System Prompt: You are an expert at analyz-
ing 3D point cloud data for industrial quality
control.

Your task:

- Identify which part (if any) deviates from the
expected specification based on 3D point-cloud
data.

- At most one part deviates from the others.
Input format:

- "Description of context:" (optional) - Back-
ground information about the parts and their
function.

- "Task:" - The specific task instruction.

- "Query:" - Indicates that the 3D point cloud
data follows.

- "Data:" - 3D coordinates of each part’s point
cloud, formatted as:

Part A:

X, ¥, Z

1234, 5678, 9012
1235, 5679, 9011

Part B:

X,y Z

Output format

- Return the Part ID (e.g., "Part A") of the devi-
ating part.

- If all parts match specifications, state that all
parts are correct.

.

Pure point input example of SWN SCE-
NARIO

User Prompt:

Task: There are 4 parts in total. Identify the
only part whose 3D point-cloud data deviates
from the specified model’s design compared to
the others.

Query: The 3D point cloud data for all parts is
provided below.

Data:

Part A:

X, Y, 2

3930, -3952, 42338
4664, -4289, 42390
3381, -3782, 42378

Part B:

5180, -698, 32471
4244, -1049, 32322

Please answer the query by thinking about the
shape, size or other features of the part that
represented by the point cloud data.

You may use any reasoning approach you feel
is needed to make an accurate determination.

Output format:

- Return the Part ID of the part in question like:
"Part X". Be sure to give the result at the end
of your response.",

Brief info: Zero-shot;
Model: Qwen3-235B
Gt answer: C

Pred answer: C

Raw responsel:

To identify the deviating part from the 3D point
cloud data, I analyzed the dimensional charac-
teristics, aspect ratios, and spatial distribution
of points for each part.

First, I examined the coordinate ranges for each
dimension (x, y, z) across all parts:

Part A:

- x: ~2500-5800 (span ~3300)

- y: ~-4300 to -1400 (span ~2900)
- z: ~40700-42600 (span ~1900)
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Pure point input example of SWN SCE-
NARIO

* Raw response2: Part B:
- x: ~9400-12100 (span ~2700)
- y: ~1000-3600 (span ~2600)
- z: ~37000-38300 (span ~1300)
Part C:
- x: ~6300-16400 (span ~10100)
- y: ~-6400-600 (span ~7000)
- z: ~43700-49900 (span ~6200)
Part D:
- x: ~4200-7100 (span ~2900)
- y: ~-2900-300 (span ~3200)
- z: ~31300-33900 (span ~2600)

The most striking difference is in the z dimen-
sion span:

- Part C’s z span is ~6200, which is 3.26 larger
than Part A’s (1900), 4.77 larger than Part B’s
(1300), and 2.38 larger than Part D’s (2600)

When examining aspect ratios (normalized by
the smallest dimension):

- y:zratio: Part A (1.53:1), Part B (2.00:1), Part
C (1.13:1), Part D (1.23:1)

- Part C has a significantly smaller y:z ratio
compared to the others, indicating it’s much
"taller" relative to its width

Part C also shows an unusual pattern in point
distribution:

- Contains numerous points with extreme z val-
ues (up to 49900) that are well beyond the z
ranges of other parts

- Has points with both highly negative y values
(down to -6400) and positive/near-zero values,
creating a wider y distribution

Most critically, Part C’s absolute size in all di-
mensions is substantially larger than the other
parts:

- X span is ~3.7 larger than the average of other
parts

- y span is ~2.4 large
- z span is ~3.3 larger

This disproportionate scaling across all dimen-
sions, combined with the abnormal y:z aspect
ratio, indicates that Part C has a fundamentally
different shape than the other three parts. In
industrial quality control, such significant di-
mensional deviation from the expected model
would classify this as a defective part.

Part C
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