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Abstract
Vision-Language Models (VLMs) are increas-
ingly applied to embodied task settings, yet
it remains unclear whether their task-progress
judgments are grounded in physical state com-
parison or in input-order shortcuts. We study
a diagnostic two-frame setting: given two
robot manipulation states and a task goal, the
model must decide which state is closer to
completion, or whether the two states are ef-
fectively equal. We observe a strong Forward-
Backward Performance Gap: models often an-
swer correctly in the natural forward order,
but fail when the same two physical states
are shown with their image slots swapped.
This reversal is not intended to mimic the
dominant deployment order of robot execu-
tion; rather, it is a counterfactual diagnos-
tic for testing whether the selected physical
state remains consistent under input-slot inver-
sion. To reduce this order dependence, we
introduce Equal-State supervision as a zero-
point calibration signal, training models to out-
put equal when no task-relevant progress dif-
ference is present instead of defaulting to a
directional answer. From real manipulation
videos, we construct the Embodied Causal-
Temporal Reasoning (ECTR) dataset and pro-
pose Tri-Stage Weighted Alignment (TSWA),
a staged fine-tuning procedure that strengthens
spatial description, task-conditioned compari-
son, and answer calibration in sequence. On
Qwen2.5-VL-7B, TSWA reduces GAP from
60.50% to 5.14% and raises overall accuracy
from 44.66% to 80.19%. This comes with a
small decrease in forward accuracy, but large
gains in backward accuracy, equal-state recog-
nition, and pairwise consistency, suggesting
that TSWA replaces order-dependent correct-
ness with more calibrated state comparison.

1 Introduction

Embodied agents need to judge whether a physi-
cal state advances a task toward completion during
robot execution. We study a minimal diagnostic

form of this ability: given two visible robot manip-
ulation states and a task goal, a VLM must decide
which state is closer to completion, or whether the
two states are effectively equal under the task goal.

Natural robot executions usually present ob-
servations in forward temporal order. However,
high accuracy in this natural order alone does
not show that a model understands task progress:
it may simply exploit the shortcut that the later-
presented or naturally ordered frame is more com-
plete. We therefore introduce a counterfactual
forward–backward diagnostic. For each dynamic
state pair, we evaluate both the natural order and
the input-slot-swapped order. If the model truly
compares physical states against the task goal, the
selected physical state should remain the same
even though the output slot label changes under
input-slot reversal.

We use progression bias as a descriptive hypoth-
esis for the observed asymmetry. Because many
video and robot demonstrations are observed in
natural temporal order, a VLM may learn an as-
sociation between input order and task progress.
We do not claim that order bias is the only source
of error; rather, the forward–backward diagnostic
isolates whether a model’s answer is stable under
a controlled input-order intervention.

To reduce this order dependence, we introduce
Equal-State supervision as a zero-point calibra-
tion signal. Equal-State examples provide a con-
trolled no-change anchor: when the two inputs
are identical under the same task goal, any direc-
tional answer is unsupported by visual evidence.
This anchor teaches the model that task-progress
comparison is not always a forced choice between
img1 and img2. In combination with forward–
backward dynamic pairs, it calibrates the bound-
ary between task-relevant progress and no task-
relevant progress under the same goal.

To make this idea trainable and evaluable, we
construct the Embodied Causal-Temporal Reason-
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Figure 1: Overview of the ECTR–TSWA framework. (Left) Forward–backward reversal is used as a counterfac-
tual diagnostic for order dependence in two-frame task-progress judgment. (Middle) TSWA follows an observe–
compare–calibrate curriculum: spatial description, task-conditioned comparison, and answer calibration. (Right)
Evaluation combines three-way accuracy, GAP, and pairwise consistency to test whether the model selects the
same closer-to-completion physical state under input-slot reversal.

ing (ECTR) dataset from real robot manipulation
videos with structured supervision. Each example
contains two frames, a task instruction, and a three-
way label from {img1, img2, equal}. In addition to
the final label, ECTR provides structured supervi-
sion for spatial description, task-conditioned com-
parison, and completion judgment, covering for-
ward, backward, and equal-state cases.

We further propose Tri-Stage Weighted Align-
ment (TSWA), a lightweight staged fine-tuning
procedure built on ECTR rather than a new model
architecture. Its stages follow the structure of the
diagnostic task: observe the visible state variables,
compare task-relevant differences under the goal,
and calibrate the final three-way answer. TSWA
is implemented with LoRA on the 7,308-example
ECTR training split.

Contributions. Our main contributions are as
follows:

• We introduce the Forward-Backward Perfor-
mance Gap as a counterfactual diagnostic for
order dependence in two-frame task-progress
judgment. The backward setting is not
treated as the dominant deployment order, but
as a slot-reversal test of whether a model se-

lects the same closer-to-completion physical
state.

• We construct ECTR, a diagnostic dataset
from real robot manipulation videos, pro-
viding structured CoT-style supervision over
spatial description, task-conditioned compar-
ison, and completion judgment across for-
ward, backward, and equal-state examples.

• We propose TSWA, a lightweight staged
fine-tuning procedure. Experiments show
that TSWA substantially reduces order de-
pendence and improves pairwise consistency;
ablations indicate that spatial description
and task-conditioned comparison provide the
main gains, while answer calibration offers a
smaller but consistent refinement.

2 Related Work

2.1 Task-Progress Judgment and Order
Dependence in VLMs

VLMs have expanded from static image under-
standing to video and multi-frame spatiotemporal
reasoning (Fateh et al., 2024), yet recent bench-
marks show systematic errors when temporal con-
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Figure 2: ECTR dataset pipeline. (Left) AgiBot data covering kitchen, lab, and industrial scenarios. (Middle)
Hierarchical CoT supervision with spatial description, task-conditioned comparison, and three-way judgment (sim-
plified two-step examples shown; full annotation in Section 3). (Right) Approximately balanced class distribution.

text must be combined with visual evidence (Xie
et al., 2025; Liu et al., 2024). A common pathol-
ogy is reliance on shallow cues—single-frame bias
or text-side language priors—rather than genuine
temporal evidence (Liu et al., 2024; Li et al.,
2024b); a representative failure is temporal hallu-
cination, where models produce directional judg-
ments even when visual evidence is insufficient.
Prior work mitigates such errors through negative
samples, order perturbation, contrastive learning,
or decoding strategies (Wu et al., 2025; Bansal
et al., 2023; Wei et al., 2018), but often tar-
gets event order or action recognition over longer
videos. A related asymmetry appears in language
models trained on “A is B” that fail to general-
ize to “B is A” (Berglund et al., 2024); ours is
a visual analogue, where the same physical event
yields different judgments depending on frame or-
der. We instead study a targeted diagnostic setting:
whether a VLM makes consistent task-progress
judgments when the same state pair is presented
forward and reversed, deciding which frame is
closer to completion or whether the two show no
task-relevant difference under the task goal.

2.2 Task-Oriented State Comparison in
Embodied AI

Task-progress estimation and state comparison are
widely studied in robotics, video understanding,
and embodied intelligence, via trajectory rank-
ing, goal-state matching, learned reward represen-
tations, temporal contrastive learning, or VLM-
based scoring (Schroeder et al., 2025; Ma et al.,
2023). These are useful for long-horizon modeling

but many implicitly use temporal order as supervi-
sion, assuming later states are closer to success—
an assumption that is brittle in real manipulation
with failures, reversals, interruptions, or local per-
turbations. We focus on a minimal diagnostic unit:
given two concrete states and a task instruction,
determine which is closer to completion. By in-
troducing equal-state examples, we further require
recognizing when no task-relevant change has oc-
curred, rather than forcing every difference into a
directional progress label.

2.3 Structured CoT Supervision and
Multi-Stage Alignment

Visual Chain-of-Thought and structured intermedi-
ate supervision improve multimodal reasoning (Li
et al., 2025; Shao et al., 2024; Wei et al., 2022),
helping models organize visual evidence and re-
duce shallow shortcuts (Geirhos et al., 2020).
However, most CoT-style datasets target static im-
age understanding or general VQA, rarely super-
vising task-conditioned state comparison or no-
change decisions. Multi-stage alignment and cur-
riculum learning progress from simpler percep-
tual tasks to complex reasoning (Bengio et al.,
2009; Chen et al., 2025). TSWA follows this
direction but targets a narrower failure mode—
inconsistent two-frame task-progress judgment—
separating perception, comparison, and calibra-
tion, while Equal-State supervision supplies a
zero-point reference for insufficient visual evi-
dence. Adjacent multimodal work has studied
audio-video generation, multimodal data augmen-
tation, cross-modal generation evaluation, and pro-
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gressive training for embodied hallucination mit-
igation (Yang et al., 2026a, 2024, 2026c,b); our
focus is a diagnostic benchmark for order depen-
dence in task-progress state comparison.

3 Dataset

To support this diagnostic, ECTR contains 8,995
samples covering three types of two-frame task-
progress judgments: forward, backward, and
equal-state. It is built from real robot manipula-
tion videos drawn from AgiBot World (AgiBot-
World-Contributors et al., 2025), a large-scale em-
bodied corpus spanning five deployment domains
with over 100 one-to-one replicated real-life sce-
narios, including kitchen, laboratory, and indus-
trial settings. This breadth lets ECTR sample task-
progress comparisons across diverse objects, lay-
outs, and manipulation goals rather than a single
narrow environment. A representative gallery is
provided in Appendix B.8. Through trajectory-
level splitting and three-layer CoT annotation,
ECTR provides both final labels and structured su-
pervision for spatial description, task-conditioned
comparison, and completion judgment in one uni-
fied format.

3.1 Task Definition and Data Construction

Each ECTR sample consists of two images, a task
instruction, and a three-way label from {img1,
img2, equal}. The label indicates whether img1
is closer to completion, img2 is closer, or the
two states are indistinguishable in task progress.
We downsample raw videos to reduce frame-level
noise and select temporally separated action states
for dynamic pairs. For equal-state samples, we in-
tentionally duplicate one frame as both inputs, us-
ing exact identity as a controlled zero-point rather
than as a complete model of real static scenes. Un-
der literally unchanged evidence, any directional
prediction is necessarily a false motion prediction,
making this setting a clean probe for the model’s
tendency to hallucinate progress. Noisier near-
static pairs, which differ at the pixel level but not
in task state, are a harder regime left to future
work (see Limitations). The dataset contains 8,995
samples and is approximately balanced across the
three classes.

Trajectory-level split protocol. To eliminate
event-level data leakage, we split the data at the
trajectory level: each original robot manipulation
video is assigned as a whole to exactly one of

train, validation, or test, with all forward, back-
ward, and equal-state pairs from that video kept
in the same split. This rules out train–test leak-
age from adjacent-frame sampling and ensures all
test episodes are unseen during training. The final
train, validation, and test sets contain 7,308, 844,
and 843 samples, respectively.

3.2 Hierarchical Supervision and Annotation
Workflow

ECTR organizes supervision into three levels. The
first level, spatial description, records the posi-
tions, poses, contact relationships, and local scene
layout of the objects in both frames, providing di-
rect visual evidence for the later judgment. The
second level, task-conditioned comparison, ana-
lyzes the state differences between the frames and
explains how those differences relate to the task
goal. The third level, completion judgment, out-
puts the final three-way label. This design explic-
itly decomposes task-progress judgment into a pro-
cess of observing, comparing, and then judging,
so that during training the model sees not only fi-
nal answers, but also intermediate state representa-
tions and task-conditioned comparison logic.

For annotation, GPT-5 generates spatial descrip-
tions and comparison reasoning chains; the final
label is assigned by rule on monotonic-success tra-
jectories (later state → img2, earlier → img1, du-
plicate → equal), so the supervision target is un-
affected by GPT-5 generation bias. Five graduate
students reviewed CoT text for factual and logical
errors; full quality-control statistics are reported in
Appendix B.

4 Method

A single-stage training objective would entangle
three distinct learning problems: perceiving fine-
grained object states, comparing task-conditioned
progress across frames, and calibrating the final
decision boundary under ambiguity. These prob-
lems are separable because order bias can enter at
different levels—a model may fail to detect rele-
vant visual differences, compare the wrong physi-
cal attributes, or overcommit to a directional pre-
diction despite insufficient evidence. TSWA tar-
gets each failure mode in sequence rather than
leaving them to be resolved jointly.

TSWA is a lightweight staged fine-tuning pro-
cedure rather than a new model architecture.
The pipeline decomposes training into three con-
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nected sub-tasks: spatial description training, task-
conditioned comparison training, and answer cali-
bration. The backbone is kept frozen throughout,
and LoRA (Hu et al., 2021) is used for parameter-
efficient fine-tuning. The three stages are exe-
cuted sequentially on the same ECTR training set,
with each later stage continuing from the previous
checkpoint rather than training from scratch.

4.1 Spatial Description Training

The first stage aims to improve the model’s per-
ception of fine-grained state differences. Many
VLMs, when processing image pairs, invoke high-
level semantics too early and overlook key infor-
mation such as coordinates, poses, and contact re-
lationships. We therefore restrict the task to pure
observation: given an image pair and a task in-
struction, the model only needs to describe the
state of the objects in each frame, without making
any directional judgment. The supervision corre-
sponds to the spatial-description layer of ECTR.
By decoupling observation from judgment, this
stage pulls the model’s attention back to visible ev-
idence, establishing a reliable state representation
for later comparison and calibration stages.

4.2 Task-Conditioned Comparison Training

After Stage 1 has produced a more stable state
representation, Stage 2 teaches the model how to
map visible state differences to task-progress judg-
ments. We introduce a structured CoT sequence
that asks the model to follow a perceive–compare–
judge chain. Given an image pair, the model first
extracts spatial details from the two frames, then
identifies which differences are task-relevant—for
example whether an object is closer to the target,
whether a container is closer to being emptied, or
whether a gripper is closer to being closed—and
finally outputs a three-way label. For equal-state
samples, the model must infer equal from the fact
that no significant task-relevant difference is ob-
served. This reasoning path requires the model to
draw a conclusion from the absence of evidence,
rather than defaulting to a directional judgment.
The role of this stage is to turn the visual repre-
sentations from Stage 1 into an interpretable cross-
frame comparison process under the task goal.

4.3 Answer Calibration and
Segment-Weighted Loss

Stage 3 does not add new visual evidence; it re-
fines the final answer boundary on top of the per-

ception and comparison abilities learned in Stages
1 and 2. At this point the model may already de-
scribe object states and compare them, but still
overcommit to a directional answer when the ev-
idence is insufficient. We therefore introduce a
token-level segment-weighted loss that assigns in-
creasing weight along the response: the spatial-
description segment receives a base weight, the
task-conditioned-comparison segment receives a
medium weight, and the final completion label re-
ceives the highest weight.

The weighting is asymmetric across response
segments, not across answer classes. Equal-state
samples do not receive a separate class multiplier.
Instead, all samples place their final answer to-
ken under the largest segment weight. As a result,
final-decision mistakes become more salient dur-
ing calibration, including false directional predic-
tions on equal-state anchors and incorrect slot pre-
dictions on dynamic forward/backward pairs. The
loss is defined as:

LTSWA = −
∑N

i=1wi · logP (yi | y<i, I)∑N
i=1wi · I(yi ̸= pad)

(1)

where the three segment weights are λ1 = 1.0,
λ2 = 3.0, and λ3 = 10.0:

wi =





λ1, yi ∈ spatial-desc. segment,
λ2, yi ∈ task-conditioned-

comparison segment,
λ3, yi ∈ final-judgment segment.

The normalization by the sum of token weights
keeps the loss scale stable when the final segment
receives a larger weight. This keeps intermediate
reasoning supervision while making the final out-
put the strongest calibration target. Section 5.3
quantifies its contribution relative to ordinary con-
tinued fine-tuning.

5 Experiments

5.1 Experimental Setup

Evaluation metrics. ECTR evaluates three com-
plementary aspects of calibrated task-progress
judgment: directional state selection, no-change
recognition, and order-invariant pairwise consis-
tency. We use the Forward-Backward Perfor-
mance Gap (GAP) as the core metric for mea-
suring imbalance between forward and backward
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Model Bwd (↑) Fwd (↑) Equal (↑) Overall (↑) GAP (↓)

Proprietary Models
GPT-4o-mini (OpenAI, 2024) 36.60 100.00 11.60 54.72 63.40
GPT-4o (OpenAI, 2024) 53.70 99.80 25.60 64.49 46.10
GPT-o3 (OpenAI, 2025) 28.20 97.30 50.40 59.86 69.10
Gemini-1.5-Pro (Gemini Team, Google, 2024) 77.70 87.70 70.13 79.68 10.00
Doubao-1.5-Pro (ByteDance Seed, 2025a) 55.50 82.70 85.61 73.11 27.20
Seed-1.6 (ByteDance Seed, 2025b) 56.90 100.00 52.33 72.21 43.10

Open-Source Models (2D Perception)
NVILA-8B (Liu et al., 2025) 58.90 41.90 50.49 50.40 17.00
PaliGemma (Beyer et al., 2024) 4.10 84.20 16.32 37.54 80.10
Qwen2.5-VL-7B (Bai et al., 2025) 23.20 83.70 16.67 44.66 60.50
InternVL-8B (Chen et al., 2024) 14.90 83.30 26.64 43.77 68.40
DeepSeek-VL2 (Wu et al., 2024) 55.20 84.50 51.32 65.42 29.30
LLaVA-OneVision-7B (Li et al., 2024a) 22.80 82.10 4.90 41.07 59.30

Open-Source Models (3D Perception)
3D-LLM (Hong et al., 2023) 28.40 35.80 13.86 27.72 7.40
LL3DA (Chen et al., 2023) 28.90 42.00 58.43 41.00 13.10
Chat-Scene (Huang et al., 2024) 38.20 45.40 37.79 40.84 7.20
Video-3D LLM (Zheng et al., 2025) 68.90 31.60 66.64 54.15 37.30

Ours (TSWA)
Ours (S1: Spatial Description) 59.25 87.23 71.43 72.84 27.98
Ours (S1+S2: Full CoT) 72.41 79.44 87.68 78.77 7.03
Ours (Full TSWA) 74.92 80.06 88.67 80.19 5.14

Table 1: Main results on ECTR. Accuracy (%) for backward/forward/equal classes, overall accuracy over all test
examples, and Forward-Backward Gap (GAP; lower better). Forward accuracy alone can be misleading: several
models obtain high forward accuracy while failing under slot reversal or equal-state cases.

queries. GAP is defined as the absolute differ-
ence between forward accuracy and backward ac-
curacy on the same physical event. In addition
to GAP, we report accuracy for the three labels
and overall accuracy over all test examples. GAP
and overall accuracy are complementary: a low
GAP indicates balanced behavior across frame or-
ders but not necessarily correct ones, since sym-
metric failure in both directions also yields a small
GAP (e.g., the 3D-perception baselines in Table 1).
We therefore report the two together. We addi-
tionally report Pairwise Consistency (PC) on the
dynamic forward–backward pairs. Whereas GAP
is an aggregate difference between two separately
computed accuracies, PC is an instance-level met-
ric: for each physical state pair we issue both the
forward query and the backward query—the same
two states with their image slots swapped—and
count the pair as consistent only when the model
answers both queries correctly. PC is the percent-
age of dynamic pairs meeting this criterion, so a
model that gives the same slot-based answer in
both orders, or that predicts equal, fails the pair.
PC is thus a strictly harder bar than either forward
or backward accuracy alone on the same pair. Cru-

cially, GAP = |Accfwd − Accbwd| is aggregated
separately over all forward and backward exam-
ples, whereas PC is an instance-level criterion on
each physical pair; a small GAP therefore does not
imply high PC. Besides symmetric failure in both
orders, the model may answer one subset of pairs
correctly forward and a different subset correctly
backward, giving Accfwd ≈ Accbwd (GAP ≈ 0)
while almost no pair is correct in both orders (low
PC). We therefore report GAP and PC together.

Evaluation protocol and prompt control.
Baseline models are evaluated zero-shot, and all
trained variants are evaluated under the same
CoT-style prompt with equal as an explicit output
option and greedy decoding for reproducibility;
the full template is provided in Appendix A.

Implementation details. The backbone is
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) with
LoRA (Hu et al., 2021) (rank = 32, alpha = 64);
full hyperparameters and the training schedule are
reported in Appendix A.
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5.2 Main Results on ECTR

Table 1 reports the overall performance of dif-
ferent models on ECTR. Existing VLMs ex-
hibit substantial instability in two-frame task-
progress judgment. For example, Qwen2.5-VL-
7B achieves 83.70% forward accuracy but only
23.20% backward accuracy, yielding a GAP of
60.50%. Similar imbalances appear across both
proprietary and open-source models: GPT-o3
reaches 97.30% forward but 28.20% backward,
and InternVL-8B reaches 83.30% forward but
14.90% backward. These results indicate that
natural-order accuracy alone is insufficient for
evaluating task-progress judgment, since a model
may answer forward examples correctly while fail-
ing the slot-reversal diagnostic.

Our full TSWA model improves overall accu-
racy from 44.66% to 80.19% over the Qwen2.5-
VL-7B backbone, while reducing the forward–
backward GAP from 60.50% to 5.14%.

Forward accuracy and calibrated reliability.
Forward-order accuracy decreases from 83.70%
in the zero-shot backbone to 80.06% after Full
TSWA. We view this as an important trade-off
rather than hiding it: the backbone’s high forward
accuracy is paired with very low backward and
equal-state accuracy, suggesting that part of its for-
ward success comes from an input-order shortcut.
More specifically, most of the forward drop occurs
when the model moves from zero-shot prediction
to the state-comparison stages (83.70%→79.44%
at S1+S2), while Stage-3 calibration partially re-
covers forward accuracy (79.44%→80.06%) and
further reduces GAP. TSWA therefore gives
up a small amount of shortcut-driven forward
advantage, but gains much larger improve-
ments in backward accuracy (23.20%→74.92%),
equal-state accuracy (16.67%→88.67%), and PC
(12.23%→69.28%). The goal of TSWA is not to
maximize natural-order accuracy alone, but to re-
duce order-dependent correctness and improve cal-
ibrated state comparison.

Pairwise Consistency (Table 2) confirms this
instance-level effect. The backbone answers both
orders correctly for only 12.23%, whereas TSWA
reaches 69.28% through the staged progression
(S1 54.55%, S1+S2 63.32%). Since PC is com-
puted only on dynamic pairs and counts equal pre-
dictions as incorrect, the gain reflects improved
slot-reversal reasoning rather than a shift toward
the equal label on dynamic pairs.

Setting GAP (↓) PC (↑)

Qwen2.5-VL-7B (zero-shot) 60.50 12.23
S1 27.98 54.55
S1+S2 7.03 63.32
Full TSWA 5.14 69.28

Table 2: Pairwise Consistency (PC, %) on 319 dynamic
forward–backward pairs alongside GAP. A pair counts
only when both queries are answered correctly; equal
on a dynamic pair fails. PC rises as GAP falls.

Equal-state failures in instruction-aligned mod-
els. Several instruction-aligned models still fail
on equal-state examples despite near-saturated for-
ward accuracy and an explicit equal option in the
prompt (GPT-4o: 99.80% forward, 25.60% equal;
GPT-4o-mini: 100.00% forward, 11.60% equal),
suggesting a directional-progress prior rather than
an underspecified output space.

5.3 Controlled Analysis

Could Stage 3 reduce GAP simply by recalibrat-
ing the answer boundary, without genuine compar-
ison ability? To isolate this, we continue from the
S1+S2 checkpoint under three conditions identical
in data, epochs (6), and learning rate (1.5×10−5):
stopping at S1+S2; calibration-only ordinary fine-
tuning (all token weights 1.0); and Full TSWA
with the segment-weighted loss.

Table 3 shows that S1+S2 already yields 78.77
overall / 7.03 GAP, while S3 alone reaches only
63.70 / 9.02 (Section 6). Ordinary continued train-
ing narrows GAP to 5.77; segment-weighted cali-
bration goes further to 5.14 with gains distributed
across all three classes (backward 73.67→ 74.92,
forward 79.44 → 80.06, equal 88.18 → 88.67)—
confirming that Stage 3 contributes genuine cali-
bration, not the primary capability gain. The im-
provement is spread across labels rather than con-
centrated on equal-state samples alone, consistent
with Stage 3’s role as a decision-boundary calibra-
tor rather than a new comparison module.

5.4 Cross-Dataset and Cross-Architecture
Generalization

External benchmark transfer evaluation. To
test whether the model merely adapts to the dis-
tribution of ECTR, we evaluate it on the exter-
nal MMSI-Bench benchmark (Yang et al., 2025).
The TSWA-finetuned 7B model reaches 30.10%
overall accuracy, a +4.20-point gain over its
own Qwen2.5-VL-7B backbone. Because cur-
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rent VLMs cluster within a narrow low-accuracy
range on this benchmark (e.g., GPT-4o 30.30%,
Claude-3.7-Sonnet 30.20%, and Qwen2.5-VL-
72B 30.70%), we interpret this result as a mod-
est external-transfer check rather than as evidence
of broad cross-benchmark superiority. Improve-
ments are slightly higher on position relation
(40.00%) and attribute measurement (39.06%),
broadly consistent with the goal of Stage 1. Ad-
ditional MMSI-Bench details are provided in Ap-
pendix C.2.

Cross-architecture generalization. For cross-
architecture testing, we apply Stage 2 to five ad-
ditional open-source VLMs and evaluate the full
TSWA pipeline on InternVL-8B and DeepSeek-
VL2; complete results are in Appendix C. Across
the five additional backbones, Stage 2 reduces
GAP after task-conditioned comparison training
(e.g., InternVL-8B 68.4%→16.7%, PaliGemma
80.1%→23.3%). Together with the Qwen2.5-
VL main-backbone result, this shows reduced or-
der dependence across six open-source architec-
tures. Full TSWA further improves InternVL-8B
and DeepSeek-VL2, reducing GAP from 16.72 to
13.88 and from 12.33 to 10.44, respectively, with
consistent overall-accuracy gains across both back-
bones.

6 Ablation Studies

6.1 Effectiveness of Multi-Stage Training
S3 alone achieves only 63.70 overall / 9.02 GAP;
partial combinations S1+S3 (69.63 / 12.40) and
S2+S3 (69.99 / 8.66) both fall short of S1+S2
(78.77 / 7.03), confirming that spatial grounding
followed by task-conditioned comparison is the
primary source of capability. Notably, S1+S3 pro-
duces a larger GAP (12.40) than S3 alone (9.02),
indicating that perception training without task-
conditioned comparison can sharpen the forward
bias rather than correct it. Full S1+S2+S3 further
improves to 80.19 / 5.14; Stage 3 is most effective
once both perception and comparison are in place.
The ordering matters: spatial grounding must pre-
cede comparison, which in turn anchors the final
calibration—reversing or skipping stages reopens
the gap, as the anomalously high GAP of S1+S3
(12.40, above even S3 alone) makes explicit.

6.2 Synergy of CoT Components
We ablate the three components of the structured
CoT supervision: spatial description (S), compar-

Method Bwd Fwd Equal Overall GAP

Controlled Calibration Analysis
S1+S2 72.41 79.44 87.68 78.77 7.03
S1+S2+S3 (uniform) 73.67 79.44 88.18 79.36 5.77
Full TSWA 74.92 80.06 88.67 80.19 5.14

Effectiveness of Multi-Stage Training
S3 only 52.35 61.37 85.22 63.70 9.02
S1+S3 60.50 72.90 78.82 69.63 12.40
S2+S3 60.50 69.16 86.21 69.99 8.66
S1+S2 72.41 79.44 87.68 78.77 7.03
S1+S2+S3 (Full) 74.92 80.06 88.67 80.19 5.14

Synergy of CoT Components
S (Spatial) 59.25 87.23 71.43 72.84 27.98
R (Comparison) 37.93 59.50 61.58 51.84 21.57
C (Judgment) 23.20 70.40 62.07 50.53 47.21
S+R 65.52 72.59 60.10 66.90 7.07
S+R+C (Full CoT) 74.92 80.06 88.67 80.19 5.14

Impact of Equal-State Constraint
w/o Equal-State 54.55 66.67 23.65 51.72 12.12
Full Model 74.92 80.06 88.67 80.19 5.14

Table 3: Controlled and ablation studies on ECTR.
Overall denotes accuracy over all test examples.
Blocks ablate calibration, multi-stage structure, CoT
components, and equal-state constraint.

ison reasoning (R), and completion judgment (C).
S alone leaves a GAP of 27.98 despite strong for-
ward accuracy; R-only and C-only both perform
worse on average, confirming that comparison
logic and judgment labels require grounded spatial
descriptions. S+R reduces GAP to 7.07; adding
C further improves overall accuracy to 80.19 and
equal-state accuracy to 88.67. The three compo-
nents are complementary: S anchors the visual
state, R organizes the comparison, and C aligns the
chain with the final decision. Notably, C alone is
the weakest single component (50.53 overall), yet
adding it on top of S+R yields the largest equal-
state gain (60.10→88.67).

6.3 Role of the Equal-State Constraint

Removing equal-state samples sharply reduces
equal accuracy (88.67→23.65) and overall accu-
racy (80.19→51.72), and also hurts both direc-
tional classes (backward 74.92→54.55; forward
80.06→66.67). Thus, equal-state supervision is
not merely an auxiliary identity-detection class: it
provides a no-change reference that stabilizes the
decision boundary across all three labels.

Overall, these ablations show that TSWA closes
the gap through complementary spatial grounding,
task-conditioned comparison, and equal-state cali-
bration rather than a simple label-prior shift, sup-
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porting the separation of perception, comparison,
and calibration over a single monolithic objective.

7 Conclusion

This paper identifies the Forward-Backward Per-
formance Gap as a counterfactual diagnostic for
order dependence in two-frame task-progress judg-
ment. On ECTR, TSWA improves Qwen2.5-VL-
7B overall accuracy from 44.66% to 80.19%, re-
duces GAP from 60.50% to 5.14%, and raises
pairwise consistency from 12.23% to 69.28%.
Ablations show that spatial grounding and task-
conditioned comparison provide the main gains,
while answer calibration refines the final bound-
ary. Overall, slot reversal and equal-state anchors
encourage calibrated state comparison over order-
dependent shortcuts. More broadly, our results
suggest that high natural-order accuracy alone
is an unreliable indicator of task-progress under-
standing, motivating order-invariant comparison
as an explicit training target.

Limitations

Although TSWA substantially reduces forward–
backward imbalance, several limitations remain.
First, equal-state pairs are constructed by dupli-
cating a single frame. This design intention-
ally provides a controlled zero-point for diagnos-
ing false directional predictions under literally un-
changed visual evidence, but it is not a complete
benchmark for near-static non-identical states with
camera noise, illumination changes, object jit-
ter, or task-irrelevant motion. Second, interme-
diate spatial descriptions and comparison reason-
ing chains are generated by GPT-5 and then manu-
ally reviewed; while final labels are rule-assigned
and audited, part of the gain may still reflect
teacher-guided descriptive patterns. Third, the
method assumes a stable camera viewpoint, lim-
iting applicability in continuous egomotion set-
tings. Fourth, dynamic pairs come from successful
monotonic-progress trajectories; non-monotonic
executions with retries or failed grasps, and tasks
with memory dependence, fall outside the pair-
wise formulation—residual proxy noise may also
remain in visually ambiguous pairs despite our
label audit. Fifth, TSWA slightly reduces nat-
ural forward-order accuracy on the main back-
bone. This reflects a trade-off between preserving
order-specific forward performance and improv-
ing order-invariant reliability; future work should

examine this trade-off in online progress monitor-
ing and policy-evaluation settings. Sixth, although
we verify cross-architecture transfer on six open-
source VLMs, these backbones are at the 7–8B
scale and do not include the latest vision-language
models (such as the recent Qwen3-VL series); val-
idating TSWA on more recent and more capable
backbones is left to future work, and we expect
the perceive–compare–calibrate supervision to re-
main applicable as backbones improve, since it tar-
gets the order-dependence failure mode rather than
any backbone-specific capacity. It nonetheless re-
mains open whether stronger backbones, which al-
ready exhibit lower zero-shot GAP, leave enough
headroom for staged alignment to yield compa-
rable relative gains. Finally, three-stage training
introduces overhead over single-stage fine-tuning;
exploring more unified frameworks is a natural di-
rection.
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A Full Experimental Details

A.1 Model Architecture and
Hyperparameters

We use Qwen2.5-VL-7B-Instruct (Bai et al.,
2025) as the vision-language backbone. We use
LoRA (Hu et al., 2021) for parameter-efficient
fine-tuning and inject trainable adapters into all
linear modules, including q_proj, k_proj,
v_proj, o_proj, gate_proj, up_proj,
and down_proj. The LoRA hyperparameters
are set to rank r = 32, alpha α = 64, and dropout
rate = 0.05.

Training uses the AdamW optimizer with a
cosine-annealing learning-rate schedule. To main-
tain high-resolution visual inputs under memory
constraints, we use gradient accumulation so that
all stages have an effective global batch size of
128. All training uses BF16 mixed precision
and gradient checkpointing to maximize compu-
tational throughput. The full TSWA training
pipeline was run on a single NVIDIA A100 GPU
and took approximately 30 hours in total, corre-
sponding to about 30 A100 GPU-hours.

A.2 TSWA Training Protocol
We instantiate the TSWA paradigm as a decaying-
learning-rate process. Training is divided into
three progressive stages with different epoch
counts and learning rates:

• Stage 1 (spatial description training): 3
epochs, η = 5×10−5. This stage addresses in-
herent spatial-perception blind spots through
a pure observation task.

• Stage 2 (task-conditioned comparison
training): 6 epochs, η = 3×10−5. This stage
injects the full structured CoT sequence to
build cross-frame comparison logic.

• Stage 3 (answer calibration): 6 epochs,
η = 1.5 × 10−5. This stage uses the
segment-weighted loss to refine the final an-
swer boundary.

A.3 Segment-Weighted Loss Configuration
Stage 3 uses a token-level segment-weighted loss.
Given a target sequence

Y = {y1, y2, . . . , yN},

we assign each supervised token yi a segment
weight wi according to whether it belongs to the

spatial-description segment, the task-conditioned-
comparison segment, or the final completion-
judgment segment. The loss is the same as Equa-
tion 1:

Lseg = −
∑N

i=1wi logP (yi | y<i, I)∑N
i=1wi · I(yi ̸= pad)

.

The normalization by the sum of non-padding to-
ken weights keeps the loss scale stable even when
the final segment receives a larger weight.

The segment weights are

wi =





λ1, yi ∈ spatial-desc. segment,
λ2, yi ∈ task-conditioned-

comparison segment,
λ3, yi ∈ final-judgment segment.

The term asymmetric refers to this unequal weight-
ing across response segments rather than to class-
specific multipliers. In particular, equal-state ex-
amples do not receive a separate class weight. In-
stead, all examples place their final answer token
under the largest segment weight λ3. As a result,
final-decision mistakes become more salient dur-
ing Stage 3, including false directional predictions
on equal-state anchors and incorrect slot choices
on dynamic forward/backward pairs.

This design matches the role of Stage 3 as
answer-boundary calibration. It does not introduce
new visual evidence and is not intended to be the
primary source of capability gain. Rather, after
Stages 1 and 2 have established spatial grounding
and cross-frame comparison, Stage 3 concentrates
supervision on the final mapping from the reason-
ing chain to the output label.

A.4 Default CoT Prompt Template
All training and evaluation instances use a unified
multimodal instruction-following format. Each in-
stance contains two images, denoted as img1 and
img2, a task instruction, and the following fixed
CoT-style prompt template. The template asks the
model to first describe the spatial state of each im-
age, then produce a task-conditioned comparison,
and finally output a three-way label from {img1,
img2, equal}.

You are a spatial perception
expert.
Please observe carefully and
describe the two images (img1
and img2) separately.
Task name: {task_instruction}
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Description points:
1. Provide detailed
descriptions of img1 and img2.
2. Based on the above
descriptions, analyze which
image (img1 or img2) has a state
that is closer to the final
stage of task completion. If
the states in both images are
essentially the same or nearly
identical, then respond with
equal.
3. Provide the final answer
directly.
Output format:
spatial details: [Separately
describe the spatial details of
both images in detail]
reason: [Analyze why one image
is closer to task completion
based on the description]
closer to completion:
[img1/img2/equal].

Since all models share the same prompt tem-
plate and output space, the comparisons in Table 1
are made under uniform prompt conditions.

B Data Construction and Quality
Control

B.1 Progress-Order Assumption and Scope
ECTR is built around a goal-conditioned state-
comparison problem rather than a raw temporal-
order prediction problem. For each robot trajec-
tory, let

Ej =
(
Lj , {Ij,1, Ij,2, . . . , Ij,Tj}

)

denote an episode with task instruction Lj and
Tj observed frames. Each frame Ij,t is treated
as an observation of an underlying physical state
sj,t. We define task progress as a latent goal-
conditioned scalar

ρLj (sj,t) ∈ [0, 1],

where a larger value means that the state is closer
to completing task Lj . For two physical states sj,u
and sj,v, the ideal progress-comparison target is

z⋆(sj,u, sj,v;Lj) = arg max
s∈{sj,u,sj,v}

ρLj (s).

This definition is over physical states, not over in-
put positions. Therefore, if the same two frames
are swapped between img1 and img2, the physi-
cally closer state should remain unchanged, while
the output slot label changes.

Directly annotating ρLj (sj,t) for every frame
would require dense human progress scoring and

may introduce subjective noise. We therefore
instantiate the progress order only on quality-
controlled successful demonstrations whose exe-
cution is monotonic at the trajectory level:

ρLj (sj,1) ≤ ρLj (sj,2) ≤ · · · ≤ ρLj (sj,Tj ).

Under this monotonic-success assumption, tem-
poral index is used as an operational proxy for
progress:

u < v ⇒ ρLj (sj,u) ≤ ρLj (sj,v).

This proxy is used only after filtering out trajec-
tories with visible resets, failed grasps, corrective
motions, or ambiguous task-state changes. It is not
intended to claim that time is always equivalent to
progress in arbitrary robot videos; rather, it pro-
vides a controlled construction rule for successful
monotonic demonstrations.

The resulting task remains a visual state-
comparison problem. Given two input images and
a task instruction,

q = (Lj , img1, img2),

the model must output one of

y ∈ {img1, img2, equal}.

The first two labels indicate which input slot con-
tains the physical state closer to completion, while
equal indicates that the two inputs provide no task-
relevant evidence of progress difference. This for-
mulation excludes tasks whose progress cannot be
inferred from the two visible states alone, such as
tasks requiring hidden execution history, memory
of previous identical actions, or non-visual success
conditions.

B.2 Frame Downsampling and Pair
Construction

This section details how raw trajectories are
converted into ECTR training and evaluation
instances. The construction has four steps:
trajectory-level split, temporal downsampling,
bidirectional dynamic-pair construction, and
equal-state anchor construction.

Trajectory-level split. Before any pair is gener-
ated, the original trajectory set T is split into dis-
joint trajectory subsets:

T = Ttrain∪̇Tval∪̇Ttest.
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All pairs derived from the same raw trajectory re-
main in the same subset. This prevents leakage
from adjacent frames or from forward/backward
variants of the same physical event.

Ten-fold temporal downsampling. Raw robot
videos contain many adjacent frames with nearly
identical visual content, as well as short-term sen-
sor jitter and occasional motion blur. We therefore
apply a fixed ten-fold temporal downsampling be-
fore pair construction. For an episode

Ej =
(
Lj , {Ij,1, Ij,2, . . . , Ij,Tj}

)
,

we retain the subsequence

Ẽj =
(
Lj , {Ĩj,1, Ĩj,2, . . . , Ĩj,Mj}

)
,

where

Ĩj,m = Ij, 1+10(m−1), m = 1, . . . ,Mj ,

and

Mj =

⌊
Tj − 1

10

⌋
+ 1.

If the terminal frame Ij,Tj is not already included
by the stride, we additionally keep it to preserve
the final task-completion state. This downsam-
pling reduces redundant neighboring frames while
retaining the coarse state evolution needed for task-
progress comparison.

Dynamic pair candidate set. From each down-
sampled monotonic-success trajectory, we con-
struct temporally separated dynamic candidates.
Let 1 ≤ u < v ≤ Mj index two selected down-
sampled frames. Under the progress-order proxy
in Appendix B.1, the later state Ĩj,v is closer to
task completion than Ĩj,u. The physical answer is
therefore

z⋆j,u,v = Ĩj,v.

We first form the unordered physical pair

pj,u,v =
(
Lj , Ĩj,u, Ĩj,v, z

⋆
j,u,v

)
, u < v.

Pairs with severe blur, occlusion, ambiguous task-
state change, or non-monotonic execution are re-
moved during quality control.

Forward and backward query construction.
For each retained physical pair pj,u,v, we create
two slot-ordered queries. The forward query fol-
lows the natural temporal order:

xfwd
j,u,v =

(
Lj , img1 = Ĩj,u,

img2 = Ĩj,v, y = img2
)
.

The backward query swaps the two input slots
while keeping the same physical states and task in-
struction:

xbwd
j,u,v =

(
Lj , img1 = Ĩj,v,

img2 = Ĩj,u, y = img1
)
.

Thus, the physical answer remains Ĩj,v in both
queries, but the correct slot label changes from
img2 to img1. This construction is the core diag-
nostic mechanism of ECTR: a model that relies
on presentation order will answer inconsistently
across xfwd and xbwd, whereas a model that com-
pares the two physical states should recover the
same closer-to-completion state under both input
orders.

Equal-state anchor construction. In addition
to dynamic pairs, ECTR includes explicit no-
change anchors. For a selected downsampled
frame Ĩj,u, we construct

xeqj,u =
(
Lj , img1 = Ĩj,u,

img2 = Ĩj,u, y = equal
)
.

These anchors intentionally use identical visual ev-
idence. They are not meant to exhaustively model
all real static or near-static cases; instead, they
provide a controlled zero-point in which any di-
rectional answer is necessarily a false motion pre-
diction. This makes it possible to test whether a
model defaults to a directional choice even when
no task-relevant visual change is present.

Final dataset after filtering and balancing.
Let X fwd, X bwd, and X eq denote the retained for-
ward, backward, and equal-state sets after filter-
ing:

XECTR = X fwd ∪ X bwd ∪ X eq.

We keep the three label types approximately bal-
anced to avoid a dominant-class shortcut. The fi-
nal dataset contains 8,995 examples, with 7,308
/ 844 / 843 samples in the train / validation
/ test splits. Each example is serialized as
a multimodal instruction-following instance con-
taining two image paths, the task instruction, the
fixed CoT prompt, spatial-detail supervision, task-
conditioned comparison, and the final label from
{img1, img2, equal}.
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B.3 Interpretation of Equal-State Anchors

The equal-state construction deliberately uses ex-
act duplicate frames. This design choice isolates
a minimal and unambiguous no-change condition:
when the two visual inputs are literally identical
under the same task instruction, the correct answer
cannot be a directional progress label. Therefore,
equal-state anchors serve as a controlled diagnos-
tic for false motion prediction.

This construction should not be interpreted as
a claim that all static or weak-change real-world
cases are solved by identity detection. Near-static
non-identical pairs may contain camera noise, il-
lumination changes, small object jitter, or task-
irrelevant motion; these cases are harder and are
left to future work. However, the main forward–
backward consistency evidence in ECTR does
not rely on duplicate-frame identity. Pairwise
Consistency is computed only on dynamic for-
ward/backward pairs, and a prediction of equal
on those dynamic pairs is counted as incorrect.
Therefore, improvements in Pairwise Consistency
measure whether the model can identify the same
closer-to-completion physical state under input-
slot reversal, independently of the duplicate-frame
cue used for equal-state anchors.

B.4 Annotation Protocol

Each sample is annotated along three progressive
dimensions:

Level 1: Spatial description (perceptual an-
choring). This level enforces fine-grained visual
grounding, including precise identification of key
objects (static anchors and task-relevant entities),
spatial topology (detailed positional relationships
such as “the liquid is on the left” or “the cup is
above the center”), and robot dynamics (explicit
descriptions of arm posture and gripper state).

Level 2: Comparison reasoning (logical in-
ternalization). This segment bridges perception
and judgment: (i) task-goal alignment, restating
the goal (e.g., “empty the water”) as the baseline;
(ii) comparative state analysis, comparing img1
and img2 to identify spatiotemporal differences;
and (iii) motion-to-goal mapping, linking physical
changes to task progress.

Level 3: Completion judgment (zero-point cal-
ibration). This is the final anchor (img1, img2,
or equal). The equal label serves as a “zero-point

calibration” signal to suppress false directional
prediction.

B.5 GPT-5 Annotation Prompt

For reproducibility, we include the annotation
prompt used to obtain the GPT-5-generated spa-
tial descriptions and comparison reasoning. The
placeholders {task_instruction}, {img1},
and {img2} were filled for each pair. The final
evaluation label is still assigned by the construc-
tion rules in Appendix B.2; the generated text was
manually reviewed as described in Appendix B.6.

You are an expert annotator
for robot manipulation state
comparison.
You will be given two images,
img1 and img2, and a task
instruction.
Task name: {task_instruction}

Generate a structured
annotation with three fields:
spatial_details, reason, and
closer_to_completion.

1. spatial_details:
Describe img1 and img2
separately and in detail. For
each image, describe: the
position and state of the target
object; the position of the
robot arm or end-effector; the
relative position between the
robot arm and the target object;
the gripper opening/closing
state; and other task-relevant
contact, pose, or spatial
relations. Focus only on
visible evidence.

2. reason:
First sentence: state the task
goal.
Second sentence: compare
the two images in terms of
target-object displacement
or state change, robot-arm
position, robot-target
relative position, gripper
opening/closing state, and
any other task-relevant visual
changes.
Third sentence: based on
the comparison, decide which
image is closer to task
completion. If the two images
show no task-relevant progress
difference, choose equal.

3. closer_to_completion:
Output exactly one tag from
[img1/img2/equal].

Output format:
spatial_details: [detailed
description of img1 and img2]
reason: [task goal; comparison
of task-relevant visual
differences; decision rationale]
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closer_to_completion:
[img1/img2/equal]

B.6 Quality Control Pipeline

Five graduate students reviewed GPT-5-generated
CoT text under a unified review guideline. The
guideline covers two dimensions: (i) factual con-
sistency of spatial descriptions, where reviewers
check whether object positions, poses, and con-
tact relationships described by GPT-5 match the
image content; and (ii) logical coherence of com-
parison reasoning, where reviewers verify whether
the reasoning chain can naturally support the final
task-progress judgment. Reviewers corrected sen-
tences with descriptive errors and removed sam-
ples whose reasoning was clearly invalid. In ad-
dition, because motion blur affects both visual ev-
idence and reasoning reliability, samples with se-
vere blur were removed during the review stage.
Each sample was independently reviewed by two
of the five reviewers, and disagreements were re-
solved through discussion to consensus.

Monotonic-success filtering. Before pair con-
struction, trajectories were filtered to retain those
whose execution is monotonic at the trajectory
level, so that temporal order is a valid proxy for
task progress (Appendix B.1). Trajectories con-
taining visible resets, failed grasps, or corrective
motions were excluded from dynamic-pair genera-
tion.

Label audit. To verify the temporal-order proxy,
we manually audited a random sample of 200 dy-
namic pairs and checked whether the later state is
indeed closer to task completion under the goal.
The proxy held for 94% of the audited pairs; pairs
that failed the check were removed or relabeled.

Table 4 summarizes the candidate, removal, cor-
rection, and audit counts across the full quality-
control process.

B.7 Representative Data Instances

Each ECTR example is stored as a JSON-style
multimodal instruction-following instance. The
format follows the common chat-template struc-
ture used by VLM instruction tuning. Each in-
stance contains a messages field, a target
field, and a unique sample_id.

Input message. The messages field contains
one user message with a mixed multimodal con-
tent list. The first two content items are images,

Category Count

Initial candidate pairs 10,810

Removed: severe blur 627
Removed: occlusion 301
Removed: ambiguous task state 265
Removed: non-monotonic trajectory 424
Removed: invalid reasoning 198
Removed: total 1,815

Corrected: spatial description 537
Corrected: comparison reasoning 319
Corrected: both 174

Dynamic-label audit (size / valid rate) 200 / 94%

Retained samples 8,995

Table 4: Quality-control and label-audit statistics. Re-
moval counts sum to 1,815, leaving 8,995 retained sam-
ples; the audit covers 200 dynamic pairs with a 94%
valid rate. Corrected samples are revised in place and
remain in the retained set.

corresponding to the two candidate states to be
compared. They are explicitly marked by

image_id ∈ {img1,img2}.

The third content item is a text prompt. It speci-
fies the model role, inserts the task instruction, and
asks the model to describe both images, compare
their task progress, and output one of three labels:
img1, img2, or equal. In short, the input side con-
tains two image states, a task instruction, and a
fixed CoT-style prompt.

Target supervision. The target field stores
the supervised response. It is divided into three
aligned components, matching the three supervi-
sion levels used by ECTR.

Field Meaning

spatial
details

Separate visual descriptions of img1
and img2, including task-relevant ob-
jects, robot-arm pose, gripper state,
contact relations, object position, and
local scene layout.

reason Task-conditioned comparison explain-
ing why one state is closer to comple-
tion, or why the two states show no
task-relevant progress difference.

closer to
completion

Final three-way label from {img1,
img2, equal}.

sample_id Unique identifier for the example.

Table 5: JSON-style fields used by each ECTR in-
stance.
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The spatial details field anchors per-
ception in visible evidence, the reason field
teaches task-conditioned state comparison, and the
final label provides the decision target used for ac-
curacy, GAP, and pairwise consistency evaluation.

Forward, backward, and equal examples. For
a forward dynamic example, img1 is the earlier
state and img2 is the later state, so the final label
is typically img2. For the corresponding backward
example, the same two physical states are swapped
between the two input slots, so the correct slot la-
bel becomes img1. For an equal-state example,
the same frame is used for both img1 and img2,
and the final label is equal. Therefore, the JSON
format keeps the physical comparison task fixed
while allowing the slot label to change with input
order.

Schema summary. For readability, we summa-
rize the schema below without printing full image
paths or long reasoning strings:

{
"messages": [
{
"role": "user",
"content": [
{"type": "image",

"image": image path,
"image_id": "img1"},

{"type": "image",
"image": image path,
"image_id": "img2"},

{"type": "text", "text":
fixed CoT prompt with task
instruction}

]
}

],
"target": {
"spatial details":

description of img1 and img2,
"reason": task-conditioned

comparison,
"closer to completion":

"img1" / "img2" / "equal"
},
"sample_id": unique example

identifier
}

Full serialized examples. To make the supervi-
sion format directly inspectable, we provide one
full serialized example for each label type: for-
ward, backward, and equal-state. Each example
shows the two image inputs, the task-conditioned
prompt, the structured spatial and reasoning super-
vision, and the final completion label.
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Figure 3: Full forward ECTR example. The input follows the natural temporal order, and the later state in img2
is closer to task completion.
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Figure 4: Full backward ECTR example. The input slots are reversed relative to natural temporal order, so the
physically later state appears in img1; the correct label is therefore img1.
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Figure 5: Full equal-state ECTR example. The same frame is duplicated as both inputs, providing a controlled
no-change anchor; the correct label is equal.
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B.8 Scene Coverage Gallery

Figure 6 provides a representative scene gallery
for the AgiBot source data used by ECTR. The
gallery is not a complete enumeration of all
scenes. Instead, it selects 35 representative
scenes from the 100+ one-to-one replicated real-
life scenarios in AgiBot World (AgiBot-World-
Contributors et al., 2025). We group them into
five functional categories: Kitchen & Food Ac-
cess, Cooking/Sink/Beverage, Tabletop Object
Handling, Packing & Logistics, and Garment &
Household.

The purpose of this gallery is to make the cover-
age of the source distribution visually inspectable.
The selected scenes include food shelves, refrig-
erators, sinks, pouring tables, tabletop grasping,
storage bins, grocery bins, carton packing, clothes
hanging, garment ironing, and navigation aisles.
These categories differ in object scale, workspace
layout, target relation, and manipulation goal.
Consequently, task-progress judgment cannot be
reduced to a single environment-specific cue.

Each thumbnail is labeled with its AgiBot scene
identifier and a short functional name. Forward,
backward, and equal-state examples are sampled
across all five functional categories, so the equal-
state anchors are not restricted to a single visual
domain. Table 6 summarizes the displayed subset.

Functional Category Scenes shown

Kitchen & Food Access 7
Cooking, Sink & Beverage 7
Tabletop Object Handling 7
Packing & Logistics 7
Garment & Household 7

Total 35

Table 6: Scene counts in the representative gallery.
These scenes are a displayed subset of the full AgiBot
scene pool used to construct ECTR, not a replacement
for the full corpus statistics.

C Complete Cross-Architecture and
External-Benchmark Results

C.1 Complete Six-Backbone
Cross-Architecture Generalization
Results

Table 7 reports complete cross-architecture results.
The goal of this experiment is twofold. First,
we test whether the forward–backward imbalance

is specific to Qwen2.5-VL or appears across dif-
ferent VLM families. Second, we test whether
the structured task-conditioned-comparison super-
vision transfers beyond the main backbone.

The zero-shot rows show that the imbalance is
widespread but model-dependent. Some models
are strongly biased toward the forward order, such
as PaliGemma, InternVL-8B, LLaVA-OneVision,
and Qwen2.5-VL-7B. Others have smaller GAP
values but also lower overall accuracy, indicating
that low GAP alone is insufficient for reliable task-
progress reasoning. This is why we report three-
class accuracy and overall accuracy together with
GAP.

After Stage 2 task-conditioned comparison
training, the five additional open-source architec-
tures show a reduction in forward–backward im-
balance. Together with the Qwen2.5-VL main-
backbone result, this suggests that the perceive–
compare–judge supervision format is not tied to
one model family. The full TSWA pipeline is addi-
tionally evaluated on InternVL-8B and DeepSeek-
VL2, where Stage 3 further improves overall accu-
racy and reduces GAP. These results support cross-
architecture transfer of the training design, while
also showing that the magnitude of Stage-3 cali-
bration varies across backbones.

C.2 Complete MMSI-Bench Results
We use MMSI-Bench (Yang et al., 2025) as an
external transfer check rather than as a direct
leaderboard comparison. MMSI-Bench differs
from ECTR in both task format and data distri-
bution: it focuses on multi-image spatial intelli-
gence rather than two-frame robot task-progress
judgment. Therefore, we interpret performance
on this benchmark as evidence of partial transfer
of spatial-comparison ability, not as evidence that
TSWA broadly solves external multi-image rea-
soning.

Table 8 reports the overall accuracy. The
TSWA-finetuned 7B model reaches 30.10%, im-
proving over its own Qwen2.5-VL-7B backbone
by 4.20 points. At the same time, absolute accu-
racies on MMSI-Bench remain clustered in a nar-
row low-accuracy range for current VLMs. We
therefore emphasize the within-backbone improve-
ment rather than direct ranking against proprietary
or much larger models.

The result is consistent with the design of
TSWA: Stage 1 strengthens spatial description and
object-relation grounding, while Stage 2 trains ex-
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Figure 6: Representative scene gallery. Thirty-five representative scenes sampled from the 100+ AgiBot World
scenarios used by ECTR. The gallery is grouped into five functional categories, each containing seven displayed
scenes. The thumbnails illustrate diversity in objects, layouts, and manipulation goals; they are a displayed subset
rather than the full scene list.

plicit cross-frame comparison. These abilities are
useful beyond ECTR, but MMSI-Bench remains a
challenging external benchmark with limited abso-
lute accuracy. We view the result as supporting ev-
idence for transfer beyond the ECTR distribution.

Observations. The main comparison is the
within-backbone change from Qwen2.5-VL-7B to
Qwen2.5-VL-7B+TSWA. The improvement sug-
gests that spatial grounding and cross-image com-
parison learned on ECTR provide partial trans-
fer to a different multi-image spatial benchmark.
However, the absolute score remains close to
the broader VLM cluster on MMSI-Bench, so
we avoid interpreting this result as broad cross-
benchmark superiority.

C.3 Additional Robustness and Transfer
Checks

This section reports additional checks added after
review. They examine whether the gains are tied
to duplicated equal-state frames, a specific answer

format, a specific temporal distance between com-
pared frames, or the ECTR evaluation distribution.

Equal-state perturbations. To test whether
equal-state recognition relies on exact pixel iden-
tity, we apply task-preserving perturbations to
one image in each equal-state pair while keep-
ing the underlying task state unchanged. Ta-
ble 9 shows that TSWA remains robust under
brightness/contrast changes, crop-resize, Gaussian
noise, and JPEG compression.

We further check whether TSWA simply pre-
dicts equal more often. On dynamic pairs, the
correct answer is directional, so predicting equal
is always incorrect. Table 10 shows that TSWA
lowers the equal-prediction rate on dynamic pairs
while improving backward accuracy and pairwise
consistency.

Prompt and temporal-gap robustness. Ta-
ble 11 evaluates TSWA under alternative evalu-
ation prompts and answer-label formats. Perfor-
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Model Setting Backward Forward Equal Overall GAP

NVILA-8B (Liu et al., 2025)
Zero-shot 58.90 41.90 50.49 50.40 17.00
+ Stage 2 68.65 74.14 69.95 71.06 5.49

PaliGemma (Beyer et al., 2024)
Zero-shot 4.10 84.20 16.32 37.54 80.10
+ Stage 2 55.17 78.50 60.10 65.24 23.33

InternVL-8B (Chen et al., 2024)
Zero-shot 14.90 83.30 26.64 43.77 68.40
+ Stage 2 65.83 82.55 69.95 73.19 16.72
+ Full TSWA 71.47 85.36 77.34 78.17 13.88

LLaVA-OneVision (Li et al., 2024a)
Zero-shot 22.80 82.10 4.90 41.07 59.30
+ Stage 2 60.19 81.31 62.56 68.80 21.12

DeepSeek-VL2 (Wu et al., 2024)
Zero-shot 55.20 84.50 51.32 65.42 29.30
+ Stage 2 71.47 83.80 72.41 76.39 12.33
+ Full TSWA 73.67 84.11 76.35 78.29 10.44

Qwen2.5-VL-7B (ours) (Bai et al., 2025)
Zero-shot 23.20 83.70 16.67 44.66 60.50
+ Full TSWA 74.92 80.06 88.67 80.19 5.14

Table 7: Complete cross-architecture generalization results. Overall denotes accuracy over all test examples.
Stage 2 task-conditioned comparison training reduces GAP across the five additional open-source VLMs, and the
Qwen2.5-VL-7B main-backbone result is shown with the full TSWA pipeline. Full TSWA is additionally applied
to InternVL-8B and DeepSeek-VL2, where it further improves overall accuracy and reduces GAP.

Model Overall Acc. (%)

Blind GPT-4o (text only) 22.70

Qwen2.5-VL-7B (backbone) 25.90
Seed1.5-VL 29.70
Claude-3.7-Sonnet 30.20
GPT-4o (OpenAI, 2024) 30.30
Qwen2.5-VL-72B (Bai et al., 2025) 30.70

Ours: 7B + TSWA 30.10

Table 8: MMSI-Bench overall accuracy. The TSWA-
finetuned 7B model improves over its own Qwen2.5-
VL-7B backbone by +4.20 points. Because MMSI-
Bench accuracies for current VLMs cluster in a narrow
range, we use this result as a modest external-transfer
check rather than as a direct ranking claim.

mance remains stable under direct-answer prompt-
ing, A/B/Same labels, and a short comparison
prompt. Table 12 groups dynamic test pairs
by temporal gap. TSWA improves backward
accuracy and pairwise consistency across short-
, medium-, and long-gap pairs, including fine-
grained short-gap comparisons.

Additional external benchmarks. In addition
to MMSI-Bench, we evaluate on OmniSpatial (Jia
et al., 2025) and CV-Bench from Cambrian-
1 (Tong et al., 2024). Table 13 reports cate-
gories where TSWA improves over its Qwen2.5-
VL backbone, together with the benchmark aver-
ages. These results provide additional evidence
that the learned comparison ability transfers be-
yond the ECTR prompt and data distribution.

Equal-State Probe Qwen TSWA

No perturbation 16.67 88.67
Bright/contrast 9.36 84.23
Crop-resize 6.40 79.31
Gaussian noise 6.89 77.83
JPEG compression 9.85 81.77

Avg. perturbed 8.13 80.79

Table 9: Task-preserving equal-state perturbations.
Values are equal-state accuracy. Perturbations are ap-
plied to one image while preserving the task state.

Model Bwd PC Equal Rate

Qwen 23.20 12.23 9.40
TSWA 74.92 69.28 4.30

Table 10: Equal-prediction rate on dynamic pairs.
Predicting equal is wrong for all dynamic pairs; TSWA
improves directional comparison while reducing this er-
ror mode.

Benchmark Model Motion Locate Geo.Str. Geo.Reas. Ego Hypo. Avg.

OmniSpatial Qwen 35.09 45.33 40.00 29.42 64.51 37.35 45.02
TSWA 42.86 53.33 66.67 38.46 75.00 66.67 53.44

Table 13: Additional OmniSpatial transfer check.
We report the six OmniSpatial categories where TSWA
improves over the Qwen2.5-VL backbone, plus the
overall average across all eight categories.
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Evaluation Format Acc. GAP PC

Original 80.19 5.14 69.28
Direct answer 78.41 5.62 65.73
A/B/Same labels 76.75 6.84 62.88
Short comparison 80.07 4.91 70.81

Table 11: Prompt and label-format robustness of
TSWA. Acc. denotes overall accuracy and PC denotes
pairwise consistency.

Gap #Pairs Qwen Bwd TSWA Bwd Qwen PC TSWA PC

Short 107 14.95 67.29 10.28 64.49
Medium 107 31.78 81.31 14.02 72.90
Long 105 22.86 74.29 12.38 70.48

Table 12: Temporal-gap analysis on dynamic test
pairs. Short-gap pairs are more fine-grained, while
long-gap pairs often span larger state transitions.

Model Omni3D Depth CV-Bench Avg.

Qwen 75.17 70.83 75.07
TSWA 76.42 79.17 75.27

Table 14: Additional CV-Bench transfer check.
TSWA improves Omni3D, Depth, and the overall av-
erage over its Qwen2.5-VL backbone.

C.4 Training Dynamics and Ablation
Trajectories

Figure 7 visualizes the ablation results in the
overall-accuracy–GAP space. This view is useful
because a lower GAP alone does not necessarily
imply better reasoning: a model can obtain a small
GAP by failing symmetrically in both directions.
The ideal direction is therefore toward higher over-
all accuracy and lower forward–backward imbal-
ance.

The trajectory shows three patterns. First,
spatial-description training moves the model up-
ward in overall accuracy but leaves a visible GAP,
indicating that better perception alone does not
fully remove order bias. Second, adding com-
parison reasoning moves the model sharply to-
ward lower GAP, showing that explicit comparison
logic is the main source of order-invariant progress
judgment. Third, answer calibration provides a
smaller but consistent refinement once the percep-
tion and comparison stages are already in place.

Table 15 reports the checkpoint-level evolution
across the three training stages.

Analysis. Stage 1 reaches high forward accu-
racy but remains imbalanced. Stage 2 improves
backward accuracy substantially and reduces GAP

50 30 20 10 7 5

GAP (Smaller is Better)

50

60

70

80

90

O
ve

ra
ll 

A
cc

ur
ac

y 
(%

)

S1+S2
(7.03, 78.77)

S1+S2+S3
(uniform)

(5.77, 79.36)

S3 only
(9.02, 63.70)

S1+S3
(12.40, 69.63)

S2+S3
(8.66, 69.99)

S (Spatial)
(27.98, 72.84)

R (Reasoning)
(21.57, 51.84)

C (Judgment)
(47.21, 50.53)

S+R
(7.07, 66.90)

w/o Equal-State
(12.12, 51.72)

Full TSWA
(5.14, 80.19)

Controlled Calibration
Multi-Stage Training
CoT Components
Equal-State Constraint
Full Model

Figure 7: Ablation trajectories in the overall-
accuracy–GAP space. The plot summarizes staged
training, CoT-component ablations, and equal-state re-
moval. The desired direction is higher overall accuracy
with lower GAP.

from 27.98 to 7.03. Stage 3 then gradually im-
proves the decision boundary: backward accuracy
increases from 72.41 to 74.92, equal-state accu-
racy rises from 87.68 to 88.67, and GAP decreases
from 7.03 to 5.14. These trends match the main
claim that the primary capability gain comes from
spatial grounding and task-conditioned compari-
son, while segment-weighted answer calibration
adds a smaller final improvement.

Appendix summary. Together, the appendix
details the implementation, data construction,
quality control, cross-architecture transfer, exter-
nal benchmark check, and training dynamics of
ECTR–TSWA. The additional analyses support
three conclusions: the forward–backward gap is
widespread across VLM backbones; most of the
TSWA gain comes from spatial grounding and
task-conditioned comparison; and equal-state su-
pervision functions as a controlled no-change an-
chor rather than a dominant-label shortcut.
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Stage Checkpoint Bwd (%) Fwd (%) Equal (%) Overall (%) GAP ↓

Stage 1: Spatial Description Training

S1
ckpt-600 58.31 86.60 70.44 72.00 28.30
ckpt-800 57.68 86.92 70.94 72.00 29.24

ckpt-1000 (final) 59.25 87.23 71.43 72.84 27.98

Stage 2: Task-Conditioned Comparison Training

S2

ckpt-2200 71.16 78.50 87.19 77.82 7.34
ckpt-2400 72.10 78.82 87.68 78.41 6.72
ckpt-2600 71.79 79.13 87.19 78.29 7.34

ckpt-2742 (final) 72.41 79.44 87.68 78.77 7.03

Stage 3: Answer Calibration

S3

ckpt-2400 73.67 79.75 88.18 79.48 6.08
ckpt-2600 74.29 80.06 88.67 79.95 5.77
ckpt-2742 74.61 80.06 88.67 80.07 5.45

ckpt-2800 (final) 74.92 80.06 88.67 80.19 5.14

Table 15: Checkpoint-level performance evolution across training stages. Overall denotes accuracy over all
test examples. Stage 1 mainly improves spatial grounding, Stage 2 sharply reduces the forward–backward gap
through task-conditioned comparison, and Stage 3 provides a smaller but consistent answer-calibration gain.
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