VC-IF: Introducing Visual-Constraint Instruction Following for
Multi-Turn, Multi-Constraint Vision-Language Models
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Abstract

Large vision-language models (LVLMs) have
made rapid advancements; however, existing
benchmarks for evaluating their instruction-
following abilities focus on purely textual
constraints, e.g., format constraints and role-
playing, which assess only language-level ad-
herence and are not related to vision. To bridge
this gap, we introduce VC-IF, a benchmark that
involves visual constraints connecting instruc-
tions to explicit operations over image content,
thereby directly probing visual spatial under-
standing and compositional compliance. VC-
IF defines atomic constraints, systematically
combining mixed settings, scaling from single-
to multi-constraint scenarios, and single- and
multi-turn scenarios. We evaluate 16 popular
LVLMs and find that models performing well
under text-only constraints may struggle when
faced with visual constraints, highlighting sig-
nificant gaps in their capabilities. Further, we
conduct scaling analyses across varying num-
bers of constraints and dialogue turns, revealing
performance trends as constraint complexity in-
creases along different dimensions. Finally, we
synthesize a large training dataset and propose
VC-PO, a reinforcement learning strategy that
uses a hybrid verifier mechanism to compute re-
ward signals for multiple constraints. Applying
VC-PO to Qwen3-VL-8B-Instruct improves
its overall VC-IF score from 43.74 to 55.18
(+11.44). The VC-PO-trained model remains
stable as the number of turns and constraints
increases. Our data and code are available at
VC-IF.

1 Introduction

Large Vision—Language Models (LVLMs) have
been evaluated for various capabilities (Bai et al.,
2025a), such as general (Fu et al., 2025; Liu et al.,
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2024a), knowledge (Gu et al., 2025; He et al.,
2024), document (Mathew et al., 2021; Deng et al.,
2025), reasoning (Chen et al., 2024; Wang et al.,
2024; Zhang et al., 2024) (including spatial rea-
soning (Li et al., 2026; Huang et al., 2025)), and
agent (Xu et al., 2025; Chen et al., 2025a). Model
alignment (Rafailov et al., 2023; Hong et al., 2024;
Song et al., 2026; Hong et al., 2026) and instruc-
tion following, as evaluated by benchmarks such as
IFEval (Zhou et al., 2023) and MIA-Bench (Qian
et al., 2025), have received considerable attention.

However, existing benchmarks (Ding et al.,
2025) for evaluating “instruction following” typi-
cally construct hard cases using purely textual con-
straints. While these designs can reveal a model’s
ability to generate text that satisfies linguistic con-
straints (Luo et al., 2024) (e.g., “produce at least
200 words”), they are essentially decoupled from
visual understanding: a model can meet the con-
straint in text space without demonstrating percep-
tion, localization, or reasoning over the visual con-
tent. However, many real-world applications de-
mand visually grounded constraints, such as con-
tent moderation (e.g., “ignore watermarks when de-
scribing the image”), accessibility assistance (e.g.,
“focus only on text for visually impaired users”),
and privacy-preserving analysis (e.g., “describe
while ignoring faces”). Figure 1a illustrates the dis-
tinction between predominantly textual instruction-
following constraints and visually grounded con-
straints over image content.

To fill this research gap, we introduce VC-
IF (Visual-Constraint Instruction-Following), a
benchmark involving “visual constraints”. The
core idea of VC-IF is to extend constraints from
the textual domain into the visual domain, so that
constraints include not only linguistic requirements
but also explicit references to and operations on
targets within images (e.g., “describe only the
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Figure 1: (a) Existing benchmarks mostly evaluate textual constraints, whereas VC-IF focuses on visual constraints
for a more comprehensive evaluation of multimodal instruction following. (b) Performance on textual constraints
does not necessarily align with performance on visual constraints, while the VC-PO-trained model achieves a more

balanced profile across both dimensions.

content within the circled region™) . Specifically,
our VC-IF benchmark design emphasizes visual
constraints and offers a detailed scaling analysis
through extensive experiments with multiple con-
straints. i) Atomic Constraints: defines 36 types
of atomic constraints, comprising 32 textual con-
straints (e.g., style, length, required mentions) and
4 visual constraints (e.g., spatial region, symbolic
reference, spatial order, and referential language
phrase). ii) Construction Pipeline: develops a
pipeline to create visual-constraint data for scal-
ing analysis. After quality filtering, we obtained
a benchmark of 1,200 samples in three task cat-
egories: visual perception, compositional reason-
ing, and content generation, with single-constraint,
multi-constraint, and multi-turn modes. iii) Eval-
uation Protocol: evaluates cases from single con-
straints to combinations (text-only, visual-only,
cross-modal mixed) and tests scalability with up
to 8 turns or 15 constraints. Also examines the
impact of reasoning on instruction-following under
complex constraint compositions.

Our evaluation of 16 popular LVLMs reveals
that strong performance on text-only instruction-
following does not necessarily transfer to visually
constrained tasks. Many models struggle with vi-
sual elements, especially as the number of con-
straints and dialogue turns increases. This high-
lights the importance of considering visual con-
straints to improve LVLMs’ multimodal abilities.

Finally, we propose VC-PO, a GRPO-based re-
inforcement learning strategy that uses constraint-
specific verifiers to provide reward signals for both
textual and visual instruction following. Apply-

ing VC-PO to Qwen3-VL-8B-Instruct improves its
overall VC-IF score from 43.74 to 55.18, an abso-
lute gain of 11.44 points. As shown in Figure 1b,
the VC-PO-trained model achieves a more bal-
anced profile across textual and visual constraints.
Our main contributions are:

¢ VC-IF Benchmark. We introduce VC-IF, a
multi-turn, multi-constraint instruction-following
benchmark and evaluation protocol focused on
visual constraints.

* Scaling Analysis of Constraints. We explore a
scaling analysis that evaluates scalability from
one to multiple constraints (text-only, visual-only,
mixed) and scalability with up to 8 turns or 15
constraints.

* VC-PO. We build a pipeline for large-scale data
synthesis and construct a training dataset of
9.5K samples. We then optimize Qwen3-VL-8B-
Instruct with VC-PO using constraint-wise veri-
fier rewards, improving its overall VC-IF score
from 43.74 to 55.18, an 11.44 points gain.

2 Related Work

Instruction Following Benchmarks for LLMs.
Numerous benchmarks have been developed to
evaluate the instruction-following capabilities of
Large Language Models (LLMs). FollowBench
(Jiang et al., 2024) introduces a detailed frame-
work focusing on five constraint types, includ-
ing content, situation, style, format, and exam-
ple, to evaluate models on complex, real-world
instructions. ComplexBench (Wen et al., 2024)
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presents a hierarchical model of instructions (four
constraint types, nineteen dimensions, and four
composition types) to test LLMs under varied con-
straints. IFEval (Zhou et al., 2023) highlights strict
format and structure compliance, revealing that
even large LLMs often struggle with simple in-
structions in zero-shot scenarios. Recent work fur-
ther studies complex instruction following from
both training and evaluation perspectives: Con-
straint Back-Translation (Qi et al., 2025b) and P-
Aligner (Song et al., 2026) develop instruction-
synthesis strategies for improving complex instruc-
tion following and preference alignment, respec-
tively, while AGENTIF (Qi et al., 2025a) bench-
marks instruction-following ability in agentic sce-
narios.

Instruction Following Benchmarks for LVLMs.
With the rise of Large Vision—Language Models
(LVLMs) (Bai et al., 2025b; Chen et al., 2025b),
several benchmarks have been proposed to assess
their ability to follow instructions with a multi-
modal context. MIA-Bench (Qian et al., 2025) pro-
vides 400 image—prompt pairs designed to probe
models’ ability to follow layered, fine-grained in-
structions and to quantify execution accuracy and
consistency. MM-IFEval (Ding et al., 2025) is
a challenging and diverse multimodal instruction-
following benchmark that encompasses two lev-
els of constraints: compositional-level constraints
on the output response and perceptual-level con-
straints related to the input image. Additionally,
it features a comprehensive evaluation process
that combines rule-based evaluation with judgment
models. MCIF (Papi et al., 2025) is a multilingual,
human-annotated benchmark based on scientific
talks that spans speech, vision, and text across four
languages to evaluate crosslingual and multimodal
instruction following. Collectively, these efforts
reveal persistent gaps in instruction adherence, con-
textual alignment, and multimodal fusion when
models face diverse and compositional directives.

Benchmark Comparison. VC-IF extends con-
straints into the visual domain to require not only
linguistic requirements but also explicit references
to and operations on targets within images. The
differences between our approach and other bench-
marks are presented in Table 1. VC-IF features
the highest number of evaluations (i.e., 1,200) and
the most diverse set of constraints (i.e., 36), cover-
ing single-constraint, multi-constraint, and multi-
turn scenarios under mixed textual and visual con-

Table 1: Comparison of our VC-IF benchmark with
existing instruction-following benchmarks for LVLMs.

Attribute MIA-Bench  MM-IF VC-IF
# Sample 400 400 1,200

# Constr. Types 8 32 36
Text Constr.

Visual Constr. X X

Single-Turn

Multi-Turn X X

Bilingual EN EN&ZH EN & ZH

straints. Furthermore, we analyze scaling perfor-
mance with varying constraints, and conversation
turns to reveal how performance trends shift with
increased constraint complexity.

We further distinguish VC-IF from spatial
grounding and region-understanding benchmarks
such as GAR-Bench (Wang et al., 2026) and RefS-
patialBench (Zhou et al., 2025). These benchmarks
evaluate important capabilities such as region-
conditioned understanding, multi-region reason-
ing, and spatial referring. In contrast, VC-IF fo-
cuses on visually grounded requirements as explicit
instruction-following constraints that interact with
textual constraints. By systematically defining vi-
sual constraints, composing them with textual con-
straints, and scaling evaluation to multi-constraint
and multi-turn settings, VC-IF complements prior
grounding benchmarks with a focus on complex
multimodal instruction following. A feature-level
comparison is provided in Appendix B.2.

3 VC-IF Construction

The construction pipeline of our VC-IF benchmark
is illustrated in Figure 2. The pipeline includes:
task instantiation, atomic constraint integration,
and constraints composition.

Formally, we define instructions as consisting of
a general question and one or more constraints, i.e.,
I, = f(Q; A;), where t denotes the round number,
ranging from one to many. A is a combination
of multiple atomic constraints, defined as A; =
f(a1,as,...), including textual constraints a’ and
visual constraints a”. In summary, our instructions
are a set of multi-turn, multi-constraint elements
to thoroughly explore the capabilities of existing
models.

3.1 Task Instantiation

Source Collection We source images from the
publicly available dataset, MAmmoTH-VL (Guo
et al., 2025), which collects from 118 open-source
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Figure 2: Overview of the VC-IF benchmark construction pipeline. The construction process consists of three main

steps: task instantiation, atomic constraint integration, and constraints composition.

datasets across various domains. We first collect
images from the dataset, filter out low-resolution
ones, and further remove visually simple images
based on image-complexity scores estimated by
1C9600 (Feng et al., 2022), so as to retain im-
ages with sufficient visual content for constructing
meaningful visual constraints. This yielded a high-
quality image set, from which we randomly sam-
pled 10,000 images as the starting point for our data
construction. This source-image pool was used to
construct both the VC-IF benchmark and the VC-
PO training data; after finalizing the benchmark,
we excluded all images used by VC-IF before con-
structing the training set, ensuring no image over-
lap between them. Then, we utilize Gemini-2.5-Pro
to generate a detailed description for each image.

Task Definition We define three categories of
vision-language instruction types:

* Visual Perception: focusing on direct interpre-
tation of visual content, such as object existence,
attribute, object counting, spatial relationship,
OCR, etc.

* Compositional Reasoning: requiring multi-hop
reasoning over visual elements, e.g., deducing
spatial relations between objects, interpreting oc-
clusions, or combining OCR text with scene con-
tent.

* Vision-based Text Generation: where the
model produces textual output conditioned on

visual information, such as detailed captioning,
dialogue completion, or poetry writing.

Within each category, the specific types of tasks
are carefully designed to cover a wide range of chal-
lenges and complexities. The detailed taxonomy of
task types and their specific forms are provided in
the Appendix B.

3.2 Atomic Constraint Integration

After instantiating the base tasks, we increase com-
plexity by integrating atomic constraints into the
instructions. Similar to MM-IFEval (Ding et al.,
2025) and MIA-Bench (Qian et al., 2025), we estab-
lish textual constraints for answer formats, content
limitations, and stylistic guidelines. However, tex-
tual constraints alone are insufficient for thoroughly
evaluating the model’s capabilities in visual percep-
tion and reasoning. To address this, we introduce
visual constraints, requiring the model to focus
on or disregard specific image regions, objects, or
attributes during its responses.

Atomic Textual Constraint. The atomic textual
constraints are categorized into several groups, in-
cluding: Length, Format, Content, Style, Rhetori-
cal, and Language.

Atomic Visual Constraint. We define four types
of atomic visual constraints: spatial region, sym-
bolic reference, spatial order, and referential lan-
guage phrase. For the former two types, we further
divide them into two modes: focus and exclusion,
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where the model is instructed to either concentrate
on or disregard specific visual content. The exam-
ples can be found in the Figure 2 and more details
are in the Appendix D.

Constraint Verifier. For each atomic constraint
type, we design a corresponding verification func-
tion to assess whether a response adheres to the
given constraint. 1) The rule-based functions
are primarily used for straightforward constraints,
such as length and format constraints, while 2)
the LVLM is employed as a judge for more com-
plex constraints that require nuanced understand-
ing, such as content and visual constraints. The
detailed designs and mapping between atomic con-
straints and verification functions can be found
in Appendix D. Table 14 lists the constraints han-
dled by deterministic verifier functions; the remain-
ing semantic and visually grounded constraints are
evaluated by the LVLM judge.

Simultaneously, we specify the arguments for the
verification function associated with each atomic
constraint to facilitate subsequent evaluation. After
this stage, each base task is augmented with textual
and visual atomic constraints, resulting in a set of
constrained instructions.

3.3 Constraints Composition

To further enhance the diversity and complexity
of the visual instructions, we proceed to compose
and combine multiple atomic constraints into more
intricate tasks. This composition process involves
two strategies: multiple constraints merging and
multi-turn constraints combination.

For multiple constraints merging, we begin with
a single-constraint instruction and iteratively in-
tegrate additional atomic constraints. At each it-
eration, we assess the compatibility of the new
constraint with the existing instruction and ensure
that the merged instruction remains coherent and
solvable. This iterative merging continues until no
further compatible constraints can be added.

For multi-turn constraints combination, we de-
sign a sequence of instructions where each turn
introduces one or two new atomic constraints. The
multi-turn setup allows us to simulate more realis-
tic interaction scenarios, where users may progres-
sively refine or complicate their requests. At each
turn, we format the newly introduced constraints
aj, as a follow-up instruction, building upon the
previous instruction A;_1.

Ay = f(Ai—ryak,...), k € {ar, ap,am}, (1)

where t denotes the round number. A; is a com-
bination of multiple atomic constraints, including
textual constraints a;, visual constraints a,, and
mixed constraints a,.

Through these composition strategies, we synthe-
size a rich set of complex visual instructions that
challenge models to handle multiple constraints
simultaneously and adapt to evolving instruction
contexts.

3.4 Quality Control

At each stage of the construction pipeline, we im-
plement rigorous quality control mechanisms to
ensure the high quality and diversity of the result-
ing visual instructions. We engaged 20 college-
educated annotators to refine our benchmark by
assessing: 1) solvability of problems; 2) potential
conflicts across multiple constraints and rounds; 3)
accuracy of constraint verifier functions; and 4) ty-
pographical errors. All annotators underwent three
trial rounds to familiarize themselves with the task,
only proceeding to official annotations upon ap-
proval. Each candidate was independently checked
by at least two annotators, with disagreements re-
solved by a third adjudicator before retention or
refinement.

3.5 Dataset Statistics

After applying the rigorous quality control, we ulti-
mately obtained 1,200 samples to evaluate instruc-
tion compliance under visual constraints. Table 2
illustrates the distribution of our benchmark.

Task Category #Samples Proportion
Visual Perception 262 21.83%
Compositional Reasoning 555 46.25%
Vision-based Text Generation 383 31.92%
Composition Mode
Single-Constraint 628 52.33%
Multi-Constraint 359 29.92%
Multi-Turn 213 17.75%
Total 1,200 100%

Table 2: Benchmark statistics of our VC-IF.

4 VC-PO Method

We introduce VC-PO, a reinforcement learning
method designed to enhance a model’s ability to
follow instructions that include both textual and
visual constraints by utilizing verifiable reward
signals.
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In our pipeline, each constraint in the instruction
is associated with a corresponding verifier, which
provides a fine-grained reward signal for each re-
sponse. Under conditions with multiple constraints,
the model’s responses are evaluated by all verifiers
to determine the final reward. This design encour-
ages the model to gradually explore and improve
its ability to satisfy all constraints simultaneously
in pursuit of higher scores.

Specifically, we adopt the GRPO (Shao et al.,
2024; DeepSeek-Al, 2025) algorithm and sample
16 rollouts as the group per prompt for advantage
estimation. We conduct the training with ROLL
(Wang et al., 2025a) framework, where megatron
is used for optimization and vLLM (Kwon et al.,
2023) is used for efficient sampling. Training starts
directly from Qwen3-VL-8B-Instruct without a pre-
ceding SFT stage; the same-data SFT baseline is
trained separately for comparison. The overall re-
ward R for each response is computed as the aver-
age score from all constraint verifiers of atomic con-
straints Ay, including Python functions and LVLM-
as-a-judge’:

1
R= T > om, o rie{01}, @

a; €A
S Experiment

5.1 Evaluation Setup

Baselines. We evaluate a diverse set of represen-
tative LVLMs, including both open-source and pro-
prietary models. GPT family’: GPT-5.2, GPT-5-
Chat, GPT-5-Mini, GPT-40. Gemini family (Gem-
ini Team et al., 2024): Gemini-3-Pro, Gemini-3-
Flash, Gemini-2.5-Pro, Gemini-2.5-Flash. Qwen
family’: Qwen3-VL-235B-A22B-Instruct, Qwen3-
VL-32B-Instruct, Qwen3-VL-8B-Instruct; Qwen-
2.5-VL-72B-Instruct, Qwen-2.5-VL-7B-Instruct.
Other open-source models: GLM-4. 1V-9B-Base?,
InternVL3.5 series (Wang et al., 2025b).

Evaluation Metrics. We wuse instruction-
following rate to assess model performance with a
hybrid evaluator. Deterministic Python functions
handle formally checkable constraints, whereas
Gemini-3-Flash is the default LVLM judge for

'The detailed definitions of all the verifier functions are
provided in the Appendix D.

thtps://openai .com/index/

3https ://help.aliyun.com/zh/model-studio/
developer-reference/use-qwen-by-calling-api

4https://hugging1°ace.co/zai—org/Ger1—4.
1V-9B-Base

semantic or visually grounded verifiers; all verifier
descriptions are manually checked and revised
before evaluation. Appendix B.6 reports the
human—judge consistency protocol and results, and
Appendix C.2 reports robustness results obtained
by replacing the default judge with GPT-5.2.

5.2 Benchmark Results

We present the evaluation results of various open-
source and proprietary LVLMs on the VC-IF bench-
mark in Table 3, and have the following findings:

* Closed-source models generally surpass open-
source ones. Gemini-3-Pro achieves the best
overall performance. Except for GPT-4o, all pro-
prietary models outperform or match the best
open-source model, Qwen3-VL-235B-A22B.

* Within the same model family or series, larger
models typically yielded better performance. For
instance, in the Qwen3-VL series, the overall
performance improved from 43.74% to 54.91%
as the model size increased from 8B to 235B.

¢ Text-only instruction-following does not neces-
sarily transfer to visually constrained tasks, and
performance degrades further as constraint count
and dialogue turns increase.

* Multi-turn settings pose an additional challenge:
models generally score lower than in single-turn
multi-constraint settings, indicating difficulty
in maintaining accumulated constraints across
turns.

* Qwen3-VL-8B + VC-PO improves over the same
Qwen3-VL-8B-Instruct backbone from 43.74
to 55.18 overall, a gain of 11.44 points. This
improvement demonstrates the effectiveness of
constraint-wise verifiable rewards without imply-
ing universal superiority over stronger models.

5.3 Scaling Analysis of Constraints

We further investigate the model performance
under scaling of constraints, including multi-
constraint and multi-turn scenarios.

Multi-constraint scaling. We evaluate the mod-
els on varying numbers of constraints within a
single turn, investigating how the models’ perfor-
mance changes as the number of constraints in-
creases. The results can be found in Figure 3. 1) We
observe a clear trend of decreasing performance as
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Table 3: Leaderboard of LVLMs on VC-IF benchmark. Both representative open-source and proprietary models are
evaluated. The best results in each group are highlighted in bold.

Models #Param. Single Con§tr. M'ultiple Constr. Mylti-turn Constr. Overall
Textual Visual | Mixed Textual | Mixed Textual
Human - | 99.50 82.35 | 78.95 84.21 89.47 94.74 88.20
Proprietary Models
Gemini-3-Pro - | 9298 72.43 | 80.34 86.79 69.09 76.96 79.77
Gemini-3-Flash - | 9591 70.02 | 79.73 80.69 67.23 77.92 78.58
Gemini-2.5-Pro - | 94.74 66.96 | 71.56 72.76 56.00 61.47 70.58
Gemini-2.5-Flash - | 8596 60.61 64.56 68.19 54.56 62.88 66.13
GPT-5.2 - 9240 51.64 | 7213 74.70 58.91 60.32 68.35
GPT-5-Chat - | 90.06 50.33 | 59.77 62.60 43.08 46.38 58.70
GPT-5-Mini - | 9298 50.77 | 79.79 83.84 50.47 47.68 67.59
GPT-40 - | 85.38 37.32 | 42.76 4421 42.21 45.76 49.61
Open-source Models
GLM-4.1V-Base 9B | 44.44 28.23 | 30.28 29.98 13.04 13.28 26.54
InternVL3.5-8B 8B 60.23 25.82 | 32.47 32.32 28.38 28.48 34.62
InternVL3.5-38B 38B 65.50 33.04 | 34.28 36.18 34.02 34.72 39.62
Qwen2.5-VL-72B-Instruct 72B 81.07 40.80 | 52.90 53.15 35.71 35.80 4991
Qwen2.5-VL-7B-Instruct 7B 58.48 26.48 | 32.48 33.84 25.94 21.45 33.11
Qwen3-VL-235B-A22B-Instruct 235B 82.25 52.11 | 55.18 56.30 42.19 41.44 54.91
Qwen3-VL-32B-Instruct 32B 78.36 51.20 | 45.78 48.98 33.09 32.64 48.34
Qwen3-VL-8B-Instruct 8B 73.68 35.23 | 43.67 45.73 32.46 31.68 43.74
+ VC-PO (Ours) 8B 84.21 46.39 | 54.11 56.71 42.46 47.20 55.18

Table 4: General utility and safety evaluation of Qwen3-VL-8B before and after VC-PO training.

MLLMGuard
Model MMMU MMBench MMStar MMT-Bench AI2D OCRBench MMAlign POPE -ASD|
Qwen3-VL-8B  57.44 85.48 66.07 65.97 81.88 895 74.21 88.07 27.24
+ VC-PO 59.67 86.25 69.40 67.25 80.83 894 83.33 88.03 27.21
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Figure 3: Performance with multi-constraint scaling.

the number of constraints increases, indicating the
challenge of accommodating all constraints. 2) The
VC-PO-trained Qwen3-VL-8B consistently outper-
forms its Qwen3-VL-8B-Instruct backbone across
different numbers of constraints and approaches
the performance of the much larger Qwen3-VL-
235B-A22B model in this analysis.

Model Performance with Turn Scaling

0.70

o Model

0.65 \\"0‘———-& —O-- Gemini-2.5-Flash =/~ Qwen3-VL-8B
S~~~ Qwen3-VL-32B == VC-PO
0.60 RS oo

~~ PlailaiS
a ~ - ~

SO-me 7 =9

0.55

Qo050
S
& 045 SN
0.40 A\\\\ \D\\ A
0.35 B ot
- il - S
~A- ~0--=== lu]
0.30
0.25
1 2 3 a 5 6 7 8

Turn ID

Figure 4: Performance with multi-turn scaling.

Multi-turn scaling. We assess the models’ abil-
ity to handle constraints that are introduced pro-
gressively over multiple turns of interaction, ana-
lyzing how well the models can maintain and inte-
grate constraints across turns. Specifically, for each
task, we design a sequence of turns in a conversa-
tion, where each turn introduces two additional con-
straints. We then evaluate the models’ performance
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Instruction:
Hark, noble scholar! Gaze upon the
on of this tapestry and tell

circled reg
me, how many sections within this
boundary contain the color blue?
Deliver thy answer as a grand
proclamation in the style of a
medieval town crier, adhering to
these royal decrees: thy response
must begin with the exact phrase
'Hark! Within the circled region,".
Furthermore, it must be structured
into exactly two paragraphs, written
entirely in the simple past tense. Each
paragraph must be between 10 and 30
words long, contain the word 'section’,
and conclude with the exact phrase 'as
seen in the quilt.".

&) vero

"Hark! Within the circled region, I spied one section dyed
deep blue, stitched bold as storm clouds, as seen in the quilt.
Hark! Within the circled region, no other section bore blue
hue, though threads whispered tales—none held azure, as
seen in the quilt.

17 Qwen3-vl-235b-a22b-instruct

Hark! Within the circled region, one section bore the hue of
blue, stitched with care and pride. The weaver’s hand did
favor azure there, as seen in the quilt. The other sections held
crimson, gold, or white, but none shared blue’s grace. Thus,
only one section claimed that color, as seen in the quilt.

* Gemini-3-flash-preview

Hark! Within the circled region, only one single section
displayed the vibrant hue of blue as seen in the quilt. This
specific section stood out amongst the others because it held
the sky's own color as seen in the quilt.

G; Qwen3-VL-88-Instruct

"Hark! Within the circled region, one section bore deep
blue hues, while another section also held a blue tint, as
seen in the quilt. Hark! Within the circled region, no more
section displayed blue, though some sections hinted at it
faintly, as seen in the quilt.

Instruction:

Between the circle of students cating
pizza on white plates in the
immediate foreground and the group

’ Provide your response as
a rhyming acrostic poem where the
first letter of each line spells the word
'READ'. The poem must consist of
exactly two distinct paragraphs (two
lines each),

READ the bookshelves sighing low, as pizza-crumb ghosts
danced near the foreground crew! They whispered tales of
fewer souls, while window-side chairs held more than just
quiet rest—This concluded the observation!

§7) Quen3-vi-238b-a22b-instruct

Roving bookshelves sighed as they watched pizza vanish near
the front! Eager students grinned, their plates piled high with
cheesy delight! A distant group by windows whispered softly,
fewer in their row!\nDutiful chairs held them steady, though
less lively than those close by! This concluded the observation!

< Gemini-3-flash-preview
Rowdy watched as the\nEnti

group surpassed the pizza circle! Ancient chairs sighed
because the\nDistant window group held more people! This
concluded the observation.

Q; Qwen3-VL-8B-Instruct

READ the bookshelves, they sighed with pride, as pizza
crumbs danced near their feet! They whispered secrets to
the chairs, who cradled more than just the hungry! This
concluded the observation!

Figure 5: Case study of the models’ responses to the

at each turn to observe how effectively they can
manage the increasing complexity of constraints
over the course of the interaction. The results are
shown in Figure 4. We observe that 1) the model’s
performance gradually decreases with more rounds,
indicating that maintaining accuracy across mul-
tiple rounds is challenging due to the impact of
growing context length on performance. 2) the VC-
PO-trained Qwen3-VL-8B outperforms its base
checkpoint and continues to maintain strong perfor-
mance as the level of difficulty and context length
increase. It also remains relatively stable as the
number of turns scales up, showing a trend similar
to that of Gemini-2.5-Flash.

5.4 Discussion on Reasoning

We analyze the impact of reasoning before an-
swering on multi-constraint instruction-following
performance by comparing direct answering ver-
sus reasoning-before-answering across three model
families. As shown in Figure 6, reasoning con-
sistently yields substantial improvements (around
10%), demonstrating its effectiveness in enhancing
constraint adherence under complex compositions.

5.5 Results of VC-PO Training

Instruction-following benchmarks. We evalu-
ate the VC-PO-trained Qwen3-VL-8B on VC-IF
and existing instruction-following benchmarks us-
ing the publicly available VLMEvalKit tool®. As
shown in Table 5, the trained model improves
over the same Qwen3-VL-8B-Instruct backbone
on MIA-Bench, MM-IFEval, and IFEval, indicat-
ing that training with complex visual constraints

Shttps://github.com/open-compass/VLMEvalKit

visual-constrained instruction in the VC-IF benchmark.

also benefits simpler instruction-following tasks.

General utility and safety. We further evalu-
ate whether VC-PO training harms general mul-
timodal capabilities. Table 4 reports results on gen-
eral utility benchmarks, including MMMU (Yue
et al., 2024), MMBench (Liu et al., 2024a), MM-
Star (Chen et al., 2024), MMT-Bench (Ying et al.,
2024), and AI2D (Kembhavi et al., 2016), as
well as document understanding, preference align-
ment, hallucination, and safety benchmarks, in-
cluding OCRBench (Liu et al., 2024b), MMA-
lignBench (Zhao et al., 2025), POPE (Li et al.,
2023), and MLLMGuard-ASD (Gu et al., 2024).
The VC-PO-trained model improves performance
on most general benchmarks and substantially im-
proves MMAlignBench. Meanwhile, OCRBench
and POPE remain stable, and MLLMGuard-ASD
does not increase, suggesting that the VC-IF gains
do not come at the cost of document understanding,
hallucination, or safety.

5.6 Case Study

We present several cases to illustrate the strengths
and weaknesses of different models, as shown in
Figure 5. In the left case, with a circled region
constraint, there are two “blue” sections in the im-
age, but only one is circled. The VC-PO-trained
model accurately identifies and counts the circled
blue section, showing its capability in handling
visual constraints. The Qwen3-VL-8B baseline,
however, mistakenly counts both blue sections. In
the right case, the model must first recognize the
two groups of people by visual features to answer
the related question. The VC-PO-trained model
correctly identifies both groups and provides the

26249


https://github.com/open-compass/VLMEvalKit

right answer.

Additional ablation results on SFT, GSPO, and
frozen-vision-model variants are provided in Ap-
pendix C.1.

Score I DA RBA.
70 +10.51 +8.84
60
50
+9.07
40
30 -
Gemini-2.5 Qwen3-VL GLM-4.1V
Flash 235B-A22B 9B
Figure 6: Impact of reasoning before answering

on multi-constraint instruction-following performance.
“DA.” indicates direct answering; “RBA.” refers to rea-
soning before answering.

Table 5: Evaluation Results on MIA-Bench, MM-IFEval
and IFEval. “Pr.” and “Ins.” represent prompt-level
accuracy and instruction-level accuracy.

Model MIA MM-IFEval IFEval

Pr. Ins.
Qwen3-VL-8B  94.59 68.12 8725 91.37
+VC-PO 95.47 70.71 89.65 93.17

6 Conclusion

In this paper, we introduced VC-IF, a benchmark
that defines visual atomic constraints and com-
poses them with textual constraints across single-
constraint, multi-constraint, and multi-turn set-
tings. Evaluations of 16 LVLMs show that text-
only instruction-following does not reliably trans-
fer to visually grounded constraints. We further
proposed VC-PO, a reinforcement learning strat-
egy that leverages constraint-wise verifier scores
as reward signals, substantially improving visual
instruction-following performance while preserv-
ing general utility and safety. We hope that VC-IF
and VC-PO can facilitate future research on system-
atic evaluation, data construction, and optimization
for multimodal instruction following.

Limitations

While VC-IF fills an important gap by introduc-
ing visual constraints into complex instruction-
following tasks, it has several limitations. First,
VC-IF covers a limited set of visual atomic con-
straints over static images and does not address
video, 3D scenes, or temporal reasoning. Sec-
ond, its images and constraint compositions can-

not cover the full diversity of real-world domains
and may introduce biases that affect generaliza-
tion. Third, the hybrid automatic—human evalua-
tion pipeline remains subject to metric and judg-
ment noise. Fourth, the focus on explicit, operation-
style instructions may underrepresent open-ended
or creative multimodal tasks.

VC-PO also has limitations: its binary, equally
averaged constraint rewards do not model differ-
ences in constraint difficulty or interactions, and
the main training study uses only one 8B backbone.
Moreover, despite disjoint training and evaluation
images and positive results on external benchmarks,
using the same instruction-generation framework
may still introduce template-specific adaptation.
Future work should explore adaptive rewards, ad-
ditional backbones, and more diverse generation
pipelines.
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A Appendix Overview
This appendix provides comprehensive supplemen-

tary materials organized into several parts for the
convenience of readers.

¢ More Details (§B)

More Results (§C)
* Task Definition (§D)

* Prompt Template (§E)

B More Details

B.1 Quality Control

At each stage of the construction pipeline, we im-
plement rigorous quality control mechanisms to
ensure the high quality and diversity of the result-
ing visual instructions. We engaged 20 college-
educated annotators to refine our benchmark by
assessing: 1) solvability of problems; 2) potential
conflicts across multiple constraints and rounds; 3)
accuracy of constraint verifier functions; and 4) ty-
pographical errors. All annotators underwent three
trial rounds to familiarize themselves with the task,
only proceeding to official annotations upon ap-
proval. Each candidate was independently checked
by at least two annotators, with disagreements re-
solved by a third adjudicator before retention or
refinement.

During the source collection stage, we filter out
images with inappropriate content or low qual-
ity using a combination of rule-based checks and
LVLM-based assessments. In the task instantiation
stage, we analyze the compatibility of each image—
description pair with the defined task types, and
then post-evaluate the instantiated tasks for their
appropriateness, solvability, and difficulty level. In
the atomic constraint integration stage, we assess
the compatibility of each instantiated task with the
defined atomic constraints, ensuring that the gen-
erated constrained instructions are coherent and
solvable. Finally, in the constraints composition
stage, we verify that the merged and multi-turn
instructions maintain clarity and solvability after
each addition of new constraints.

B.2 Comparison with Spatial and Grounding
Benchmarks

We provide a more detailed comparison with spatial
grounding and region-understanding benchmarks
in Table 6. While these benchmarks contain image-
grounded tasks, their primary focus is perception,
region-conditioned understanding, or spatial refer-
ring. VC-IF instead formalizes visual requirements
as explicit instruction-following constraints and
studies how they interact with textual constraints
under compositional and multi-turn settings.

B.3 Benchmark Constraint Modality

To further clarify the visual focus of VC-IF, we
report the constraint-modality distribution within
each composition mode in Table 7. Overall, 883
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Table 6: Feature-level comparison between VC-IF and spatial or grounding-related benchmarks. “VC” denotes

visual constraints.

vC vC Construction

Benchmark Primary Focus Definition = Composition Pipeline
MM-IFEval-P-level (Ding et al., 2025) Perception and logic X X X
MM-IFEval-C-level (Ding et al., 2025) Perception with textual X X

constraints
GAR-Bench (Wang et al., 2026) Region-conditioned un- X X

derstanding
RefSpatialBench (Zhou et al., 2025)  Spatial referring and X X

grounding
VC-IF (ours)
ing

Visual-constraint follow-

out of 1,200 samples (73.58%) involve at least one
visual constraint.

Table 7: Constraint-modality distribution across com-
position modes in VC-IF. “w/ Visual Constr.” denotes
samples involving at least one visual constraint.

w/ Visual
Subset Total Constr. Text-Only
Single 628 457 (72.77%) 171 (27.23%)
Multiple 359 268 (74.65%) 91 (25.35%)
Multiturn 213 158 (74.18%) 55 (25.82%)
Total 1,200 883 (73.58%) 317 (26.42%)

B.4 VC-PO Training Data

We construct 9,490 training samples for VC-PO
using the same instruction-generation pipeline de-
scribed in Section 3. These samples are automati-
cally synthesized multi-constraint instructions and
do not involve additional manual annotation or ver-
ification. The training set is used only for VC-PO
optimization, while VC-IF is kept as the held-out
evaluation benchmark. As summarized in Table 8,
the training data contains both text-only and textual-
visual mixed constrained instructions.

Table 8: Composition of the VC-PO training data.

Category #Samples
Text-only constraints 3,170
Visual-text Mixed constraints 6,320
Total 9,490

To avoid benchmark leakage, we remove any
training sample whose image overlaps with the
VC-IF benchmark image set before training. We
will release the VC-PO training data together with
the benchmark and code to support reproducibility
and further research.

B.5 Evaluation Protocol

Upon completing the previous construction stages,
we obtain a diverse set of visual instruction tasks,
including single-constraint, multi-constraint, and
multi-turn instructions. Next, we construct our
evaluation protocol to assess model performance
on these instructions. Specifically, we evaluate on
single-constraint instructions, multi-constraint in-
structions, and multi-turn instructions separately to
gain a comprehensive understanding of model ca-
pabilities across varying levels of task complexity.
For each instruction, we employ a two-stage eval-
uation process: response generation and response
evaluation. In the response evaluation stage, we
utilize the verification functions designed for each
atomic constraint in the instructions. For multi-
constraint and multi-turn instructions, we aggregate
the results from all relevant verification functions
to derive a final score.

B.6 Evaluation Consistency

We assess the consistency between human judg-
ments and the default automatic evaluator. We
sample 100 responses from Gemini-2.5-Flash and
Qwen3-VL-235B-A22B, stratified across the Sin-
gle Constr., Multiple Constr., and Multi-turn Con-
str. subsets in a 40/30/30 split. Two independent
teams of 10 annotators judge verifier-level satis-
faction using the image, instruction, response, and
corresponding verifier criteria. Within each team,
labels are aggregated by majority vote, with ties
resolved by a designated adjudicator. Agreement
is computed as the match rate between each team’s
aggregated labels and the automatic evaluation. As
shown in Table 9, both teams exhibit high agree-
ment with the automatic evaluator.
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Table 9: Agreement (%) between the automatic evalua-
tor and two independent human teams.

Team1 Team 2
98.1 98.0
97.4 97.7

Response source
Gemini-2.5-Flash
Qwen3-VL-235B-A22B

C More Results

C.1 VC-PO Ablation

To better understand the contribution of VC-PO
and its key design choices, we compare it with
an SFT baseline trained on the same 9.5K-sample
dataset and ablate two factors: the choice of GRPO
versus GSPO and whether to update or freeze the
vision model during training. As shown in Table 10,
VC-PO with GRPO outperforms SFT, suggesting
that the improvement goes beyond supervised fit-
ting to the constructed training distribution. GRPO
also slightly outperforms GSPO, while freezing the
vision model reduces the overall score, indicating
that jointly optimizing the vision component is ben-
eficial for visually grounded instruction following.

C.2 Evaluator-Robustness Validation

To assess whether VC-IF scores depend on the be-
havior of the default Gemini-3-Flash judge, we
additionally re-evaluate all model responses using
GPT-5.2 as the LVLM judge. As shown in Table 11,
the results lead to conclusions consistent with the
main evaluation: strong proprietary models remain
competitive, open-source models still lag behind
on visually constrained and multi-turn settings, and
the VC-PO-trained Qwen3-VL-8B improves sub-
stantially over its base checkpoint. This supports
that VC-IF measures visual- and textual-constraint
following rather than imitation of a single evalua-
tor.

D Task Definition

In this section, we will provide a detailed expla-
nation of our definition of constraints, along with
examples and the methods for validating these con-
straints.

D.1 Task Categories

VC-IF comprises three task categories: Visual Per-
ception (262; 21.83%), Compositional Reasoning
(555; 46.25%), and Vision-based Text Generation
(383; 31.92%). It contains 628 single-constraint,
359 multi-constraint, and 213 multi-turn examples.

Table 12 presents the sub-tasks and their defini-
tions under each major category.

D.2 Visual Constraint Types

As the core of VC-IF, visual constraints primar-
ily consist of four important types: spatial region,
symbolic reference, spatial order, and referential
language phrase, as shown in Table 13.

D.3 Verifier Function Mapping

To facilitate the training of methods such as GRPO
(Shao et al., 2024) and GSPO (Zheng et al., 2025),
we provide a verifiable function for each constraint
that delivers accurate reward signals. Table 14
illustrates all function mappings.
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Table 10: Ablation results of VC-PO on VC-IF. “frozen VM” denotes freezing the vision model during training.

Single Constr. Multiple Constr. Multi-turn Constr.
Model Textuagl Visual Mixed P Textual Mixed Textual Overall
Qwen3-VL-8B-Instruct 73.68 35.23 43.67 45.73 32.46 31.68 43.74
SFT 78.36 43.54 50.64 53.66 44.57 41.12 51.98
VC-PO (GSPO) 82.61 44.79 53.87 55.86 42.26 46.20 54.27
VC-PO (GRPO, frozen VM) 81.29 43.33 54.34 56.61 42.06 45.30 53.82
VC-PO (GRPO) 84.21 46.39 54.11 56.71 42.46 47.20 55.18

Table 11: Evaluator-robustness validation: VC-IF leaderboard evaluated with an alternative judge model (GPT-5.2),
confirming that results are not dependent on a specific evaluator. The table follows the same structure as Table 3.

Single Constr. Multiple Constr. Multi-turn Constr.
Models #Param. Textfal Visual Mixedp Textual | Mixed Textual Overall
Proprietary Models
Gemini-3-Pro - 90.06 70.90 71.88 77.79 61.70 63.84 72.69
Gemini-3-Flash - 90.64 67.61 72.66 73.58 61.51 70.24 72.71
Gemini-2.5-Pro - 90.64 65.86 66.68 68.50 54.56 55.84 67.01
Gemini-2.5-Flash - 84.21 59.96 61.15 63.82 53.01 56.80 63.16
GPT-5.2 - 92.98 52.52 70.81 72.97 60.15 59.68 68.19
GPT-5-Chat - 90.06 50.33 59.50 59.96 45.56 45.92 58.56
GPT-5-Mini - 94.74 52.74 76.28 79.17 49.53 47.68 66.69
GPT-40 - 83.63 40.18 42.38 42.48 43.89 43.84 49.40
Open-source Models

GLM-4.1V-Base 9B 46.78 32.39 34.73 33.13 21.10 18.40 31.09
InternVL3.5-8B 8B 59.06 28.23 36.05 33.94 34.64 32.48 37.40
InternVL3.5-38B 38B 63.16 35.89 38.91 37.60 38.05 35.68 41.55
Qwen2.5-VL-72B-Instruct 72B 82.25 43.02 53.58 53.35 38.73 37.44 51.40
Qwen2.5-VL-7B-Instruct 7B 63.16 29.76 37.86 36.99 31.28 25.12 37.36
Qwen3-VL-235B-A22B-Instruct 235B 82.25 54.99 56.17 54.57 4551 43.68 56.20
Qwen3-VL-32B-Instruct 32B 77.78 53.17 48.76 48.58 38.67 34.24 50.20
Qwen3-VL-8B-Instruct 8B 76.02 38.07 46.76 47.87 37.80 33.92 46.74

+ VC-PO (Ours) 8B 86.55 47.05 55.62 55.79 46.87 45.44 56.22
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Table 12: Task categories of VC-IF: Visual Perception (262; 21.83%), Compositional Reasoning (555; 46.25%),
and Vision-based Text Generation (383; 31.92%).

Task Category Sub-task Option Definition
existence Determine if an object exists in the image.
attribute_recognition Recognize the color/material/category/... of an object.
counting Count the number of specific objects in an image.
Visual position_orientation Describe the position (e.g., top-left) or orientation (e.g., fac-
Perception ing forward) of an object.
ocr_reading Recognize and extract text content from an image.
ui_component_recognition Identify user interface components (e.g., buttons, menus).
layout_understanding_document Understand the structural layout of a docu-
ment/table/chart/other visual content.
chart_data_interpretation Interpret trends/extremum values/changes in chart data (e.g.,
increasing, decreasing).
spatial_relative_position Reason about the relative spatial positions between objects
(e.g., A is to the right of B).
spatial_occlusion Understand situations where objects are partially hidden or
Compositional occluded.
Reasoning spatial_topological_containment Understand containment relationships between objects.

spatial_topological_adjacency
spatial_topological_touching
spatial_quantity_comparison
multimodal_ocr_scene_inference

multimodal_action_label_consistency

Understand adjacency relationships between objects.
Understand touching relationships between objects.
Compare the quantities of different objects or groups.
Perform joint inference combining OCR text with
scenes/actions.

Determine if OCR labels (e.g., product tags) are consistent
with recognized actions.

Vision-based
Text
Generation

descriptive_narration
descriptive_summary

dialogue_completion

Generate a detailed description of a scene.

Generate a concise summary of what the image mainly
shows.

Based on visual content and past dialogue, generate the next
turn in the conversation.

Table 13: Visual Constraint Types of VC-IF, which primarily consist of four important types: spatial region,
symbolic reference, spatial order, and referential language phrase.

Constraint Type

Definition

spatial_region

Introduce a marked region into the image as a constraint, e.g., describe the person in the green
bounding box, write the characters in the drawn circle, etc.

symbolic_reference

Introduce a symbol/gesture marker into the image as a constraint, e.g., add an arrow to a
specific object/concept, or add a gesture icon pointing to a specific object/concept in the image.

spatial_order

Require the response to describe or analyze visual content following a specific spatial order,

e.g., "from right to left", "from bottom to top", "clockwise", "from background to foreground",
"far-to-near", etc.

referential_language_phrase

Use referential or indirect language in the instruction to implicitly indicate an object or concept
in the visual input. Require the model to first infer and identify the object or concept, and then
perform a subsequent task. For example, "Describe the person wearing the red hat" or "What
is the color of the vehicle closest to the camera?"
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Table 14: Verifier function mapping used to compute rewards for VC-PO training.

Constraint Type

Constraint Name

Verifier Function

Number/Length Constraints

num_char

num_word

num_sentence
num_paragraph
num_word_per_sentence
num_word_per_paragraph
num_sentence_per_paragraph

check_num_char_within_range
check_num_word_within_range
check_num_sentence_within_range
check_num_paragraph_within_range
check_num_word_per_sentence_within_range
check_num_word_per_paragraph_within_range
check_num_sentence_per_paragraph_within_range

Text Boundary Constraints

suffix
prefix
prefix_each_paragraph
suffix_each_paragraph

check_ends_with
check_starts_with
check_starts_with_each_paragraph
check_ends_with_each_paragraph

Structure Constraints

structure_json

check_is_json

Word Inclusion &
Exclusion Constraints

include_word

exclude_word
include_word_per_sentence
include_word_per_paragraph

check_include_word

check_exclude_word
check_include_word_per_sentence
check_include_word_per_paragraph
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E Prompt Template

We provide selected prompt templates and excerpts from the main construction stages in this appendix;
some excerpts are abbreviated for space.

Prompt Template for Task Construction

You are an expert in generating precise, actionable, and solvable instructions for various tasks
based on visual content.

## You will be given:
- Visual Content: An image and its detailed description
- Task Types: A list of task types

## Your Task: Given the image with its detailed description, you should generate an appropriate
instruction for each task type. The instruction should be concise, clear, and solvable.

## Description of the Image:
{description}

## Task Types:
{task_types?}

## Output Format:

Your output should be a JSON list where:

- Each item in the list corresponds to one task type.

- Each item should include the task type and its corresponding instruction in the following

structure:
{{
"Task_Type": "<task_type>",
"Reasoning”: "Carefully and detailedly reason on whether the task type is appropriate for the

given image; how to instantiate the abstract task type into a natural and solvable instruction
according to the content of the image and the task type; how to make the instruction have a
certain level of difficulty.”,

"Instruction”: "<instruction content>"

33,
## Important Rules:

* 1. Before generating an instruction, assess whether the task type is appropriate for the given
image and its description. If not, write ’Not Compatible’ in the instruction field for that
task type.

e 2. The instruction must be grounded in the visual evidence and solvable based on the task’s
nature:
- For Fact-based Tasks (e.g., OCR, counting, attribute recognition): The specific information
required (like text, numbers, or small details) must be fully visible and unambiguous. Do not
generate instructions for details that are occluded, or partially cut off (e.g., a price on
the menu board blocked by a person).
- For Contextual/Generative Tasks (e.g., dialogue completion, summary, creative reasoning):
While these tasks are open-ended, they must be logically anchored in the visible scene. The
instruction should be based on clear contextual cues rather than requiring the user to guess
non-existent or invisible specific facts.
- Feasibility Check: Before finalizing, verify that the instruction does not force the solver
to "hallucinate” information that is physically blocked or missing from the description.

e 3. The instruction can be in the form of a question or a command, depending on what fits the
task type best.

* 4. Ensure that the generated instruction has a certain level of difficulty. Avoid overly
simple instructions and aim for instructions that require reasoning, analysis and fine-grained
perception, while maintaining solvability based on the provided image.

Figure 7: Prompt template for task construction.
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Prompt Template for Single Constraint (Plain)

You are an expert at integrating constraints into the instruction for visual tasks. Your task is
to analyze the provided inputs and incorporate the given constraint into the base instruction.
You will also provide a verification function that helps check whether the model output meets
the constraint.

## You will be given:

- Image

- Base Instruction: The initial instruction/question.

- Constraint Type: A constraint type that should be applied to the base instruction.

- Verifier Function: Docstring of a Python function used for verifying the model output against
the constraint.

## Your Goal:

With reasoning, analyze the compatibility of the constraint type with the base instruction.
If compatible, concretize the constraint and modify the base instruction to integrate the
constraint in a clear, precise, and feasible manner. If the constraint is incompatible with the
base instruction, clearly state that it is "Not Compatible.”

## Output Format:
Your output must strictly follow this JSON structure:
{{

"reasoning”: "Provide your 1logical reasoning process to determine whether the constraint
is compatible with the base instruction. Detail how the constraint can be concretized and
integrated, or explain why the constraint is not compatible.”,

"specific_constraint”: "The concretized and clear constraint content to be integrated.”,

"integrated_instruction”: "The revised instruction with the constraint integrated. It requires
the model to follow the instruction while meeting the constraint. Or ’Not Compatible’.”,

"verifier"”: {{

"name”: "the name of the given verification function”,
"args": {{

"arg_name" :

I

"arg_name" :

S 3 3

arg_value / null,
arg_value / null,

33,

## Inputs

Base Instruction:
{instruction}
Constraint Type:
{constraint}
Verifier Function:
{verifier_docstring}

## Important Requirements:

e 1. Perform reasoning or thinking to determine compatibility and integration feasibility. If
the given constraint is not compatible with the current instruction, return ’Not Compatible’
in the ’integrated_instruction’ field, like:

{{"reasoning”: "xxx",
"integrated_instruction”: "Not Compatible”,
"verifier"”: "Not Compatible” }3}.

e 2. Ensure the constraint is clearly and specifically defined.

* 3. Ensure the constraint and integrated instruction non-trivial; do not provide any hint
of answer for the instruction, especially not in acrostic key, suffix, prefix, or required
inclusion words.

* 4. Keep the modified instruction concise, actionable, and aligned with the visual task.

e 5. For the "text” arg in the verifier function, you should set as "[PLACEHOLDER]"”, which will
be replaced with the model output of the instruction. For other args, you should specify the
arg value.

* 6. The verifier for constraints like "around [NUM] words/characters” should be set with a
reasonable range for the numeric args.

e 7. When specifying suffix or prefix, do not add needless ’...’ before the suffix or after the
prefix.

Figure 8: Prompt template for single-constraint integration with plain text constraints.
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Prompt Template for Single Constraint (Region Mark)

You are an expert at integrating constraints into the visual instruction. Your task is to
integrate a spatial region constraint into the base instruction by concretizing the constraint.
Then, create a verifier, which will be used to verify the responses from other models to the
integrated instruction.

## You will be given:

- Image and its Description

- Base Instruction

- Mark Type: A mark type used to mark the region of interest.

## Constraint Type:

spatial_region: Introduce a marked region into the image as a constraint.

The constraint can work in TWO ways:

- FOCUS mode: Task focuses ON the marked/circled/boxed region (e.g., "describe the person in the
bounding box")

- EXCLUDE mode: Task explicitly EXCLUDES the marked/circled/boxed region (e.g., "describe the
room excluding the marked object")

## Your Task:

Your task is to concretize the constraint and integrate the constraint into the base
instruction/question. The integration mainly includes two parts: 1) adding the mark to the
image, and 2) modifying the base instruction accordingly. Both parts should carefully consider
the image and the base instruction. If the given constraint type is not compatible with the
current instruction, you should return ’Not Compatible’.

## Output Format:
Your output must strictly follow this JSON structure:

## Inputs Description:
{description}

Base Instruction:
{instruction}

Mark Type:

{mark_type?}

## Important Requirements:
e 1. Compatibility: If the given constraint is not compatible with the base instruction, return
’Not Compatible’ in the ’integrated_instruction’ field, like:
{{"reasoning”: "xxx",
"integrated_instruction”: "Not Compatible”,

"verifier”: "Not Compatible” }3},

e 2. If there is already a circle or bounding box in the image, return ’Not Compatible’. This
is to avoid confusion and ambiguity.

e 3. Mark Content Scope: The ‘mark_content‘ should describe a specific, relevant part of the
image, not almost the entire image.

* 4. Wording: Avoid redundant supplementary words referring to the marked region in the final
’instruction’ (e.g., do not add parenthetical clarifications like “(2012 to 2013)”).

e 5. Mark-dependence: Design the integrated ’instruction’ so the answer requires referencing
the marked region. - Without the mark, the question should be ambiguous or allow multiple
plausible answers, making it impossible to uniquely answer using only the text and the unmarked
image. - Do not leak key information or alternative clues in the text that reveal what the
mark points to; the mark must be the necessary and sufficient disambiguating evidence. -
Remove the supplementary description of the marked content in the integrated ’instruction’.

* 6. Increase difficulty: Try to make the instruction more difficult with the integrated
constraint. Both FOCUS and EXCLUDE modes can increase difficulty in different ways.

e 7. Verifier: The verifier is used to verify the responses from other models to the integrated
instruction. It is NOT used to verify the integrated instruction.

Figure 9: Prompt template for single-constraint integration with spatial region marks.
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Prompt Template for Single Constraint (Symbolic Reference)

You are an expert at integrating constraints into the instruction for visual tasks. Your task
is to integrate a symbolic reference constraint into the base instruction by concretizing the
constraint. Then, create a verifier, which will be used to verify the responses from other
models to the integrated instruction.

## You will be given:

- Image and its Description

- Base Instruction

- Mark Type: A mark type suggested to be used in the constraint.

## Constraint Type:

symbolic_reference: Introduce a symbol/gesture marker into the image as a constraint, e.g., add
an arrow to a specific object/concept, or add a hand icon pointing to a specific object/concept
in the image.

The constraint can work in TWO ways:

- FOCUS mode: Task focuses ON the marked/pointed/arrow-indicated region (e.g., "describe the
person in the bounding box")

- EXCLUDE mode: Task explicitly EXCLUDES the marked/pointed/arrow-indicated region (e.g.,
"describe the room excluding the marked object"”)

## Your Task:

Your task is to concretize the constraint and integrate the constraint into the base instruction.
The integration mainly includes two parts: 1) locate an appropriate coordinate [x, y] in the
image to add the mark; 2) modify the base instruction accordingly. Both parts should carefully
consider the image and the base instruction. If the given constraint type is not compatible
with the current instruction, you should return ’Not Compatible’.

## Important Requirements:

e 1. Compatibility: If the given constraint is not compatible with the base instruction, return
’Not Compatible’ in the ’integrated_instruction’ field, like:
{{"reasoning"”: "xxx",
"integrated_instruction”: "Not Compatible”,
"verifier"”: "Not Compatible” }},
e 2. If there is already an arrow or hand mark in the image, you should return ’Not Compatible’.
e 3. Mark Type: There are some circumstances where the mark type may be specially handled. -
Use ’arrow’ if hands or human body parts are visible in the image - Use ’hand’ if arrows or
directional symbols are visible in the image - Otherwise, use the mark type suggested in ’Mark

Type’ input

e 4. Mark content: Select mark_content that can be pointed by a single mark (e.g., finger,
arrow) .

o 5. Wording: Avoid redundant supplementary words referring to the marked content in
’integrated_instruction’ (e.g., do not add parenthetical clarifications like “the leftmost
one”).

e 6. Mark-dependence: Design the integrated ’instruction’ so the answer requires referencing
the mark. - Without the mark, the question should be ambiguous or allow multiple plausible

answers, making it impossible to uniquely answer using only the text and the unmarked image.
- Do not leak key information or alternative clues in the text that reveal what the mark
points to; the mark must be the necessary and sufficient disambiguating evidence. - Prefer
objects/regions requiring precise localization so the answer strongly depends on the exact
marked content. - Remove the supplementary description of the marked content in the integrated
’instruction’, e.g., you should remove ’thematic phrase in the footer’ in ’... the pointed
thematic phrase in the footer...’ and just write ’the pointed text’, when using ’thematic
phrase in the footer’ can locate the marked content without the mark.

e 7. Increase difficulty: Try to make the instruction more difficult with the integrated
constraint. Both FOCUS and EXCLUDE modes can increase difficulty in different ways.

e 8. Verifier: The verifier is used to verify the responses from other models to the integrated
instruction. It is NOT used to verify the integrated instruction.

* 9. Verifier Constraint Consistency: The "constraint” for "verifier” should be consistent with
the ’mark_position’ in ’integrated_instruction’.

* 10. If the above requirements can not be satisfied, you should return ’Not Compatible’ in
’integrated_instruction’ and ’verifier’ fields.

Figure 10: Prompt template for single-constraint integration with symbolic references.
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Prompt Template for Compose Multiple Constraints

You are an "Intelligent Instruction Composer”. Your goal is to create the most complex, coherent,
and useful multi-constraint instruction possible by merging the largest compatible subset of
instructions from a given list.

## You will be given:

1. An image: The visual content that all instructions are based on
2. A list of instruction objects, where each object contains:

- ‘instruction‘: A text description with a specific constraint

- ‘verifier‘: A validation mechanism with a name and arguments

- ‘constraint_type‘: The category of constraint

## Your Task

1. Review all instructions and their constraints. Analyze the compatibility between the
instructions and identify potential conflicts.

2. Identify the largest subset of instructions that can be merged without logical conflicts,
prioritizing instructions that appear earlier in the instruction list. If some conflicts can be
resolved by slightly modifying the constraint and corresponding verifier without changing the
constraint type, you can do so.

3. Merge the largest compatible subset into a single complex, coherent and natural
multi-constraint instruction.

4. Collect the verifiers from the instructions that are merged into the multi-constraint
instruction. If necessary, you can adjust the individual verifiers to ensure they align with
the multi-constraint instruction.

## Important Rules:
e 1. Visual Constraints are of high priority to merge into the multi-constraint instruction.
e 2. Maximize the number of constraints merged.

e 3. Information Leakage Prevention:
- When merging instructions, DO NOT include specific answer details from verifier criteria
which are not in original instructions in the merged instruction.

- For visual constraints, refer to marked regions generically (e.g., "the marked region”, "the
highlighted area”, "the pointed content”, etc.) without describing what specific features to
look for.

- The merged instruction should preserve the original difficulty level - if the original
instruction requires inference, don’t provide hints that make it trivial.

- Keep verifier criteria detailed for validation purposes, but do not leak additional details
into the instruction.

* 4. Do not combine individual judge_model_check verifiers, leave them as separate verifiers.
* 5. You can slightly modify the original constraints in order to merge them into the

multi-constraint instruction, while adjusting the corresponding verifiers to ensure they
align with the new instruction.

## Input Data:
Instructions:
{instructions}

Figure 11: Prompt template for composing multiple constraints.
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