ReMoT: Reinforcement Learning with Motion Contrast Triplets

Supplementary Material



1. Motion Contrast Construction Details

This appendix provides comprehensive implementation details for constructing motion contrast triplets across the three pri-
mary domains defined in Table 1 of the main paper: Camera Navigation, Robot Manipulation, and Object-Centric Motion
(covering Tracking, Grounding, and Counting). We detail the instantiation of (M, g, ¢, N) for each domain.

1.1. Camera Navigation: ScanNet and Nuscenes

Dataset Overview. ScanNet and NuScenes provide video sequences with camera pose annotations. Each frame I; is
associated with a global pose T; € SE(3).

Temporal Strided Sampling. Unlike standard video training which often uses adjacent frames, camera motion between I,
and [,y is often negligible. To ensure perceptually significant motion, we employ strided sampling. Given an anchor frame
1I;, we search for a positive frame I; within a temporal window j & [i + Omin, ¢ + Omax] (typically 0.5s to 2.0s) that satisfies
the motion magnitude thresholds defined below.

Property Space M and Ground Truth g. We focus on six discrete camera movements

M = {left, right, up, down, forward, backward} (6 discrete camera movements) (1)

We compute relative transformation AT = Ti_lTj. For rotations, we convert the rotation matrix to axis-angle (v, 6).

left  if vy, > 0.7 and 0 > Ogpresn
grot(AR) = S right if v, < —0.7 and 6 > Opresh @
(similar for up/down)

Visual Saliency Filter ¢. To filter out ambiguous pairs, we enforce:

1 if 10° < 6 < 50° (ensures visibility but prevents total scene change)
¢(m) =<1 if0.5m < ||At|| < 2.0m (for translation) 3)

0 otherwise

Negative Constructor A/ (Spatial Illusion). As detailed in the main text, we synthesize negatives via Diagonal Cropping.
For a “Camera Rotate Left” property, the Anchor I; is a bottom-right crop, and the Negative I, is a top-left crop from the
same original frame. This creates a visual illusion of opposite rotation parallax while maintaining identical semantic content,
forcing the model to rely on the actual view change in the Positive I;.

1.2. Robot Manipulation: AgiBot

Dataset Overview. AgiBot contains teleoperated demonstrations. Annotations include end-effector position p; € R?® and
gripper state s, € {0,1}.

Property Space M. We define composite properties: M = Mgripper X Mmotion-
* Mgipper = {Opening, closing, maintaining }
* Motion = {moving left, moving right, . . ., moving lower-right} (8 directions)

Ground Truth g and Filter ¢. Motion is categorized by the dominant axis of displacement Ap = p; — p;. We apply a
saliency filter to ensure motion is visible:

¢(m) =1 <= (||Ap|| > 0.05m) V (s; # s; and gripper visible) 4)

The Scm threshold is critical for distinguishing intentional movement from control jitter.



Negative Constructor A/ (Action Reversal). We use Semantic Inversion. If the property is “Closing Gripper”, we re-
trieve a negative frame I, from a different timestamp in the same episode where the gripper is “Opening”, while minimizing
the spatial distance of the end-effector to the anchor position. This ensures the negative looks spatially similar (same back-
ground/object) but performs the opposite action.

1.3. Object-Centric Motion: Tracking, Grounding, and Counting

As categorized in Table 1 of the main paper, this domain encompasses tasks that require fine-grained understanding of
specific object instances rather than global scene motion. We unify Object Tracking, Spatial Grounding, and Motion
Counting under a common construction pipeline using datasets like M4-Instruct and OmniWorld which provide 2D per-
frame segmentation masks.

Unified Data Representation. For a video sequence, we utilize frame-level annotations A; = {(Mt(k), cgk)7 id(k))}szl,
where M is the segmentation mask, c is the category label, and id is the instance track ID.

Task 1: Object Tracking and Identification.

* Property: M.« = {Same Instance, Different Instance}.

* Construction: Given Anchor I; with object O,, the Positive I; shows the same instance O, (verified by Track ID) at a
later time.

* Hard Negative: The Negative I,  is selected to contain a distractor object Oy such that:

C(Ob) = C(Oa) AND simCLlp(Ob, Oa) >7 AND ld(Ob) 75 ld(Oa) (5)

This forces the model to track specific instances rather than general categories (e.g., distinguishing between two similar
red cars).

Task 2: Spatial Grounding (Motion Direction).

* Property: Mg = {Object moving left/right/up/down}.

* Construction: We compute the centroid shift of the mask Ac = center(M;) — center(M;). A valid pair requires ||Ac| >
0.1 x min(H, W) to ensure significant screen movement.

* Hard Negative: We select a frame where the same object moves in the opposite direction or remains static, penalizing
models that hallucinate motion based on static object appearance.

Task 3: Motion Counting.

* Property: Moyt = {IN objects moving [direction]}.

* Construction: We aggregate individual object motions. For a query “How many people are walking left 7, we count
instances satisfying the Grounding criteria.

* Hard Negative: We retrieve frames with N —1 or N 41 moving objects, or frames where N objects are present but moving
in the wrong direction. This ensures the model performs dense temporal reasoning rather than single-frame detection.

2. Dataset Statistics and Analysis

Following the construction pipeline detailed in Section 1, we generated a total of N=16.5k motion contrast instruction tuning
samples. This section provides a detailed analysis of the dataset distribution, diversity, and quality control.

2.1. Distribution across Domains

To ensure a comprehensive evaluation of motion understanding, we maintain a balanced distribution across the three primary
domains defined in Table 1. The breakdown is as follows:

2.2. Answer Balance and Bias Mitigation

A critical issue in Multiple Choice Question (MCQ) benchmarks is the potential for positional bias (e.g., the correct answer

is frequently option *A’).

* Randomized Options: During the generation of the JSON files, the positions of the Positive sample (Correct Answer),
Hard Negative (Distractor), and Random Negative are shuffled for every triplet.



Domain ‘ Source Data Proportion | Key Motion Types

Camera Navigation ScanNet, NuScenes ~35% Ego-motion, Viewpoint Change, Parallax
Robot Manipulation AgiBot ~30% End-effector control, Gripper state, Interaction
Object-Centric M4-Instruct, OmniWorld ~35% Tracking, Grounding, Counting, Attribute Change

Table 1. Distribution of motion contrast samples across different domains. The balanced ratio prevents the model from overfitting to a
specific visual style (e.g., only synthetic indoor scenes).

2.3. Motion Magnitude Distribution

To verify that our filtering mechanisms (e.g., ¢ in Sec 1.1) effectively remove static or trivial samples, we analyze the motion

magnitude:

* Camera Domain: The average rotation between anchor and positive frames is 28°, and average translation is 0.2m.

* Object Domain: The average Intersection over Union (IoU) between the object bounding boxes in I; and I; is less than
0.5, indicating significant object displacement.

3. More Experimental Results

3.1. Ablation Study
3.1.1. Triplet vs. Binary Contrast

To validate the necessity of triplet-based motion contrast, we conduct an ablation study comparing our triplet formulation
against a binary (pairwise) alternative. This ablation directly examines whether our (Zunchor; Ipos, Ineg) triplet formulation
is superior to constructing separate binary pairs (Ianchor, Ipos) and (Ianchor, Ineg) for learning fine-grained spatio-temporal
discrimination.

Experimental Setup. In the binary variant, we decompose each triplet into two separate binary pairs: a positive pair
(Lanchors Ipos) retaining motion property m, and a negative pair (Janchor, Ineg) With conflicting property /. The VQA formula-
tion is simplified to independent binary verification questions for each pair (e.g., “Does the camera rotate left between these
frames?”), treating positive and negative examples as isolated training instances rather than contrastive options within the
same question. Both variants use identical training data scale, the same GRPO training procedure, and equivalent computa-
tional budgets.

Results. Table 2 presents the performance comparison on our ReMoT-16k-Test benchmark. The triplet-based approach
substantially outperforms the binary baseline, achieving 38.0% Overall accuracy compared to 19.4% for binary pairs—a
remarkable +18.6% absolute improvement. On the Partial accuracy metric, triplet learning yields 64.0% versus 39.4%,
representing a +24.6 % gain.

Table 2. Ablation study comparing triplet-based and binary-based contrast learning on ReMoT-16k-Test benchmark. The triplet formulation
with joint contrastive supervision demonstrates substantial advantages across both evaluation metrics.

Contrast Formulation Overall (%) Partial (%)
Binary Pairs (Lanchor; Zpos ) (Zanchors Ineg) 19.4 394
Triplets (Lanchor, Ipos, Ineg) 38.0 64.0
Absolute Gain +18.6 +24.6

Analysis. The dramatic performance gap underscores the critical importance of joint contrastive supervision in learning
fine-grained motion discrimination. While the binary baseline exposes the model to both positive and negative examples
through separate (Lanchor; Ipos) a0d (Lanchor; Tneg) PAirs, treating them as isolated instances fails to establish explicit contrastive
relationships, making it difficult for the model to learn the relative motion relationships within the scene.

In contrast, our triplet formulation jointly presents both transitions—one exhibiting motion property m (Ipos) and another
exhibiting the reversed or conflicting property 7m (Ieg)—for the same anchor frame. Critically, both I;os and Iy depict
physically plausible transitions; the distinction lies in their opposing motion directions or attributes relative to the anchor (e.g.,
leftward vs. rightward camera rotation, approach vs. retract robot trajectories). This design enables the model to directly
learn contrastive boundaries through comparative reasoning—simultaneously evaluating opposing motion patterns—forcing



explicit discrimination of fine-grained directional differences even when both alternatives are visually similar due to identical
scene content.

3.1.2. GRPO Rollout Configuration

Group Relative Policy Optimization (GRPO) typically employs a rollout size of 8 for generating multiple response candidates
per query. However, to improve training efficiency and reduce memory consumption, we train our model with a rollout size
of 4. To validate this design choice, we conduct an ablation study comparing rollout sizes of 4 and 8 under identical training
conditions.

Experimental Setup. For rapid validation, we train both variants on 1/10 of the full training dataset using the same
hyperparameters, learning rate, and training steps. The only difference is the number of response candidates sampled per
query during GRPO training: 4 for our configuration vs. 8 for the standard setting. Both models are evaluated on the
ReMoT-16k-Test benchmark. This reduced-scale experiment allows us to efficiently compare rollout configurations without
the computational cost of full-scale training.

Results. Table 3 presents the performance comparison. The performance difference is negligible (0.62% on Overall,
+0.65% on Partial for rollout 4), demonstrating that reducing rollout size does not significantly impact model quality in our
setting.

Table 3. Ablation study on GRPO rollout size trained on 1/10 of the full training data. Training with rollout size 4 achieves comparable
performance to rollout size 8 while substantially reducing training time and memory consumption.

Rollout Size Overall (%) Partial (%)
8 (Standard) 20.48 40.28
4 (Ours) 19.86 40.93
Performance Gap -0.62 +0.65

3.1.3. Optimization Strategy: GRPO vs. DPO and DAPO

Experimental Setup. We compare three representative optimization strategies—DPO, DAPO, and GRPO—using Qwen3-
VL-4B as the base model under identical training data and computational budgets. We additionally compare two reward
formulations within GRPO: learned rewards (LR) and rule-based rewards (RR).

Results. Table 4 summarizes the results. DPO achieves only 23.8% overall accuracy, while DAPO reaches 51.6% and our
GRPO (RR) achieves 61.1%.

Analysis. DPO optimizes over static preference pairs, which is ineffective for tasks requiring long and precise chains
of reasoning and lacks the fine-grained supervision needed to identify specific errors. In contrast, GRPO samples multiple
trajectories and computes group-relative advantages, enabling the model to explore varied spatial interpretations and learn
from relative quality among its own outputs rather than manually curated negatives. This flexibility is critical for spatial
reasoning, where errors manifest diversely (e.g., depth inconsistencies, left-right confusion).

Regarding reward formulation, we use rule-based rewards (RR) because spatial facts—such as 3D coordinates and motion
directions—are deterministic and geometrically verifiable, yielding noise-free oracle supervision. GRPO-LR achieves only
32.3% overall accuracy, substantially below GRPO-RR (61.1%) across all task categories. Furthermore, per-step reward
inference introduces significant overhead: 26h/epoch for LR vs. 3.5h for RR (7.4x slower). This confirms that determin-
istic geometric verification provides more effective and efficient supervision signals than preference-based learned reward
modeling.

Table 4. Optimization strategy comparison (Qwen3-VL-4B). Ov.: Overall Acc. (%); Par.: Partial Acc. (%).

Method ‘ Gripper-Move ‘ Gripper-State ‘ Composite ‘ Overall
|Ov. Par. |Ov. Par |Ov. Par |Ov. Par

Baseline 153 46.2 32 355 4.8 220|778 34.6
DPO 306 59.1 145 419 |194 522 |23.8 53.1
DAPO 58.1 78.0 |355 60.8 |54.8 753 |51.6 73.0

GRPO (LR) (339 62.1 226 505 |38.7 66.7 (323 60.4
GRPO (RR) |68.6  82.0 |452 651 |69.4 86.6 |61.1 78.0




3.1.4. Scalability Across Model Sizes

Experimental Setup. We validate our method across three model scales: Qwen3-VL-2B, 4B, and 8B, keeping training data,
hyperparameters, and evaluation protocol identical across all variants.

Results. Table 5 presents the results. Baselines exhibit uniformly low overall accuracy (4.4-9.7%), indicating that all
model sizes struggle with joint spatial consistency. Our method yields consistent gains: +4.9 pts (2B), +53.3 pts (4B), and
+68.5 pts (8B).

Analysis. The 8x improvement on the 8B model demonstrates that spatial inconsistency stems primarily from training
objective misalignment rather than model capacity limitations. The 4B model offers the best performance-efficiency trade-
off, achieving 61.1% accuracy with approximately 12 hours of training on 8 x A100, whereas the 8B model reaches 78.2%
(+17.1 pts) at roughly 3x the training cost.

Table 5. Scalability analysis across model sizes.

Base Model | Overall Acc. (%) | Partial Acc. (%) | A Overall
‘ Baseline Ours ‘ Baseline  Ours ‘
Qwen3-VL-2B 4.4 9.3 34.8 41.8 +4.9
Qwen3-VL-4B 7.8 61.1 34.6 78.0 +53.3
Qwen3-VL-8B 9.7 78.2 41.5 86.6 +68.5

3.2. Analysis of Reasoning Chain Faithfulness

To assess the quality of generated reasoning chains, we randomly sample 25 test outputs and manually annotate whether the
reasoning chain is logically consistent with the final answer. The base model Qwen3-VL-4B-CoT exhibits reasoning errors
in approximately 60% of cases, whereas ReMoT reduces this to 12%.

A representative failure case illustrates the issue: the CoT states “...left arm moving up and right — A...” (incorrect
direction) while producing <answer>B</answer> (correct answer), where the reasoning chain directly contradicts the
final prediction. This reflects a known decoupling problem: reasoning traces can serve as post-hoc rationalizations rather
than genuinely guiding predictions when models are trained with final-answer supervision alone.

ReMoT mitigates this decoupling (60% — 12%) via composite rewards under GRPO that jointly optimize reasoning
coherence and answer correctness across the entire response, rather than supervising only the final token.

3.3. More Quantitative Results

In this section, we present a comprehensive collection of quantitative results to complement the evaluations in the main
text. First, Table 6 supplements Table 1 of the main text with additional experimental configurations on our ReMoT-16k-
Test benchmark, including models trained with SFT only, models trained with interleaved SFT and GRPO, and evaluations
of state-of-the-art closed-source VLMs. Subsequently, we also provide fine-grained, per-metric breakdowns for the six
benchmarks summarized in Table 4 of the main text: VLM2-Bench (Table 7), VSI-Bench (Table 8), BLINK (Table 10),
MMStar (Table 9), MUIRBENCH (Table 11), and MMMU (Table 12).

An important observation from Table 6 is the poor performance of SFT-only model, which is attributed to training collapse.
The model essentially losts its chain-of-thought reasoning capabilities during training, defaulting to generating minimal
responses consisting of only a single word or option letter. This failure mode highlights the critical role of our interleaved
SFT and GRPO training approach in maintaining model stability and preserving reasoning quality throughout the training
process.



Table 6. Supplementary evaluation results on ReMoT-16k-Test. We supplement the experimental results from Table ?? in the main
text with the following additional evaluations: (1) models trained using SFT only, (2) models trained with 2 epochs of interleaved SFT
and GRPO training, and (3) two closed-source VLMs. All models are evaluated across three fine-grained motion reasoning capabilities:
Navigation, Perceptual Grounding, and Manipulation. The rightmost columns show macro-averaged performance across all tasks. Note
that the closed-source models are evaluated on a mini-benchmark consisting of approximately 40 samples due to API cost constraints.

Navigation Perception Manipulation Avg.

Model Camera  Rel-Pos | Grounding Counting | Gripper-Move Gripper-State Composite

Ov. Par Ov. Ov. Ov. Ov. Par. Ov. Par.  Ov. Par | Ov. Par
GPT-5-Chat 00 313 0.0 0.0 75.0 00 375 250 417 0.0 334|104 333
Gemini-2.5-Pro 250 625 250 25.0 75.0 125 417 0.0 167 250 50.0|264 49.1
Qwen2.5-VL-7B [55] 4.8 347 0.0 23.9 0.0 40 366 81 317 0.0 16.7| 51 254
Qwen3-VL-CoT-4B [47] | 24 259 225 35.8 79.0 153 462 32 355 48 22.0/(207 389
InternVL3-2B [16] 1.6 215 200 31.3 60.5 0.8 298 65 350 0.0 17.7]149 293
InternVL3-8B [16] 28 238 150 30.6 51.7 1.6 285 81 387 0.0 183|122 289
LLaVA-One-Vision [32] | 2.0 304 17.5 329 0.0 105 37.6 21.0 473 0.0 148 9.7 279
SFT 00 24 233 40.0 37.9 0.0 10.5 0.0 9.7 00 92 |104 154
GRPO 27.0 624 243 443 94.1 545 743 273 447 613 79.2|33.6 61.6
SFT—GRPO 26.6 62.1 225 35.8 82.5 573 788 323 602 629 823|350 633
SFT<++GRPO 214 612  26.7 46.7 82.7 68.6 82.0 452 651 694 86.6|38.0 64.0
SFT<>GRPO(2 epochs) |31.5 68.8 233 40.0 93.3 798 895 452 651 645 833|399 67.7

Table 7. Performance on VLM2-Bench [64], which evaluates the ability to compare and link fine-grained visual cues across multiple
images. Without relying on any human- or model-annotated data, ReMoT achieves significant improvements and sets a new state-of-the-art.
Reasoning-based models (marked with e) are evaluated using their corresponding prompting strategies.

Baselines or Models General Object Person Overall*
Mat Trk Cpr Cnt Grp Cpr Cnt Grp VID Avg  Apuman
Chance-Level 25.00 25.00 | 50.00 34.88 25.00 | 50.00 34.87 25.00 - 3273  -61.44
Human-Level 95.06 98.11 | 96.02 9423 91.29 | 97.08 92.87 91.17 100.00 | 95.16 0.00
o LLaVA-OneVision[32] 16.60 1370 | 47.22 56.17 27.50 | 62.00 46.67 37.00 4725 | 3935 -55.81
o LLaVA-Video-7B [66] 18.53  12.79 | 5472 6247 2850 | 62.00 6691 2500 59.00 | 45.65 -49.51
o LongVQA-7B [65] 1429 1298 | 46.53 4947 29.00 | 58.00 41.56 25.00 45.00 | 37.10 -58.06
o mPLUG-OwI2-7B [61] 17.37 1826 | 49.17 6297 31.00 | 63.00 58.06 29.00 43.00 | 40.87 -54.31
o Qwen2-VL-7B [7] 18.07 19.18 | 68.08 61.84 3750 | 72.00 67.92 47.00 5525 | 49.76 -45.40
o InternVL2.5-8B [16] 4124 26,53 | 7222 67.65 40.00 | 85.00 66.67 5225 5025 | 5541 -39.75
o InternVL2.5-26B [16] 30.50 30.59 | 4333 5148 5250 | 5950 59.67 6125 4525 | 4559  -49.57
o Qwen2.5-VL-7B [7] 3591 4338 | 71.39 41.72 4750 | 80.00 59.76 69.00 45.00 | 54.82 -40.34
o GPT-40 [27] 37.45 3927 | 7417 80.62 57.50 | 50.00 90.50 47.00 66.75 | 60.36 -34.80
e MM-Eureka-7B [41] 55.60 47.03 | 7410 5250 54.00 | 77.50 60.00 51.00 43.50 | 57.24 -3791
e NoisyRollout-7B [38] 4093 4383 | 6333 50.83 3450 | 70.50 6333 47.00 36.50 | 50.08 -45.08
o ThinkLite-VL-7B [57] 4045 46.58 | 7556 6250 49.50 | 77.50 6250 51.00 36.50 | 55.79  -39.37
e VLAA-Thinker-7B [10] 4749 63.03 | 7220 6140 55.00 | 71.00 5750 51.00 47.75 | 5849 -36.67
o Qwen2.5-VL-7B-CoT[7] | 43.24 4292 | 66.39 50.56 36.00 | 6250 5583 39.00 36.75 | 4891 -46.24
e MiCo-7B-CoT[14] 57.14  67.12 | 81.94 56.67 58.00 | 65.00 57.50 62.00 4425 | 61.06 -34.09
o Qwen3-VL-4B-CoT[47] | 52.88 51.59 | 86.81 69.64 74.50 | 90.00 75.00 57.00 4050 | 66.43 —28.73
e ReMoT-4B-CoT 5723 54.14 | 87.56 73.06 7850 | 92.00 76.67 66.00 46.75 | 70.21 -24.95
A Improvement +4.35 4255 | +0.75 +342 +4.00 | +2.00 +1.67 +9.00 +6.25 | +3.78 +3.80




Table 8. Evaluation Results on VSI-Bench [60]. For Spatial-MLLM and Qwen2.5VL-series, we use 16 frames as input. For other
open-source methods and GPT-4o [27], we follow the VSI-Bench setting (8-32 frames). Gemini-1.5 Pro [18] samples at 1 FPS. Bold /
underline denote best / second-best open-source results, respectively.

Methods ‘ Numerical Question Multiple-Choice Question ‘ Avg. Rank
‘ Obj.,Cnt. Abs.,Dist. Obj.,Size Room,Size | Rel.,Dist. Rel.,Dir. Route,Plan Appr.,Order‘
Proprietary Models
GPT-40 [27] 46.2 53 43.8 38.2 37.0 41.3 31.5 28.5 340 8
Gemini-1.5 Pro [18] 56.2 30.9 64.1 43.6 51.3 46.3 36.0 34.6 454 4
Open-source Models
InternVL2-40B [16] 34.9 26.9 46.5 31.8 42.1 32.2 34.0 39.6 360 9
LLaVA-OneVision-72B [32] | 43.5 23.9 57.6 37.5 42.5 39.9 32.5 44.6 402 7
LLaVA-Video-72B [66] 48.9 22.8 57.4 35.3 42.4 36.7 35.0 48.6 409 3
Qwen2.5VL-3B [7] 24.3 24.7 31.7 22.6 38.3 41.6 26.3 21.2 306 10
Qwen2.5VL-7B [7] 40.9 14.8 43.4 10.7 38.6 38.5 33.0 29.8 33.0 8
Qwen2.5VL-72B [7] 25.1 29.3 54.5 38.8 38.2 37.0 34.0 28.9 370 6
Spatial- MLLM-4B [58] 65.3 34.8 63.1 45.1 41.3 46.2 33.5 46.3 484 2
ReMoT -CoT-4B (Ours) | 782 4.5 76.8 563 | 521 57.4 45.6 597 |588 1

Table 9. Evaluation of various LVLMs on MMStar[13]. We report the detailed results of the CP (coarse perception), FP (fine-grained perception),
IR(instance reasoning), LR (logical reasoning), ST (science & technology), and MA (mathematics) core capabilities. The best results are highlighted in
bold.

Model | LLM |Param.| CP FP IR LR ST MA|Avg.

Baselines

Random Choice |- |- |23.7 24.5 253 243 248 25.1|24.6

Closed-source LVLMs

GeminiPro-Vision[49] GeminiPro[49] - 51.6 28.8 50.8 46.0 28.4 50.0|42.6
GPT4V (low)[45] GPT4-Turbo[44] - 62.0 32.8 552 48.0 33.6 44.8|46.1
GPT4V (high)[45] GPT4-Turbo[44] - 76.6 51.4 66.6 558 42.6 49.8|57.1
Open-source LVLMs
TinyLLaVA[67] Phi2-2.7B[42] 3B 60.4 31.6 50.8 30.4 18.0 24.8|36.0
Yi-VL[62] Yi-6B[62] 6B 58.0 33.6 46.4 34.8 204 34.0|37.9
LLaVA-1.5[36] Vicuna-v1.5-7B[17] | 7B 58.8 24.0 38.8 24.0 13.6 22.8|30.3
ShareGPT4V[12] Vicuna-v1.5-7B[17] | 7B 58.8 28.0 45.6 244 17.2 24.0|33.0
InternLM-XC2[24] InternLM2-7B[52] 7B 70.8 48.8 65.2 56.4 42.0 49.2|554
Qwen-VL-Chat[6] Qwen-7B[4] 8B 59.6 32.0 50.8 29.2 22.0 31.6|37.5
Deepseek-VL[39] Deepseek-7B[8] 8B 64.0 30.8 49.2 36.4 21.6 204 |37.1
Monkey-Chat[34] Qwen-7B[4] 10B 57.6 364 51.6 332 264 244|383
LLaVA-1.5[36] Vicuna-v1.5-13B[17] | 13B 58.8 28.0 41.6 24.4 184 25.6|32.8
CogVLM-Chat[56] Vicuna-v1.5-7B[17] | 17B 66.8 36.8 49.2 31.2 23.6 11.6|36.5
Yi-VL[62] Yi-34B[62] 34B 532 31.2 52.0 324 124 352|36.1
LLaVA-Next[37] NH2-Yi-34B[43] 34B 66.4 52.0 624 46.0 324 53.6|52.1
InternVL-Chat-V1.2[15] NH2-Yi-34B[43] 40B 67.6 432 612 472 24.0 19.2|43.7
Sphinx-X-MOE[26] Mixtral-8x7B[28] 57B 584 40.8 47.6 352 19.2 32.0|38.9
Qwen3VL-4B-Thinking[47] | Qwen3-4B[59] 4B 73.6 58.8 74.8 73.6 50.8 86.8 | 68.4
ReMoT-CoT-4B (Ours) Qwen3-4B[59] 4B 32 608 28 784 552 2.0 |704




Table 10. Results of different models on the BLINK[25] validation set. The first row shows task names and number of instances.

Validation IQ  Similarity Counting Depth Jigsaw Art Fun.Corr.
(1,901) (150)  (135) (120)  (124) (150) (117) (130)

Random Choice 38.09 25 50 25 50 50 50 25

Human 95.67 80.00 96.70 9375 99.19 99.00 9530 80.77
Open-source multimodal LLMs

MiniGPT-4-v2 [11] 3423  20.67 4444 1333  50.81 34.67 4359 20.77

OpenFlamingo-v2 [3] 39.18  18.67 62.22 30.00 54.03 4733 5299 24.62

InstructBLIP-7B [20] 3972 20.00 47.41 3250 51.61 52.67 47.01 23.85

InstructBLIP-13B [20] 4224  24.67 49.63 30.83 51.61 52.67 51.28 29.23

LLaVA-internLM2-7B [51] 3771 22.00 48.89 55.00 57.26 28.67 29.06 23.85
LLaVA-v1.5-7B-xtuner [19] 39.36  18.67 4741 45.83  51.61 52.67 47.01 20.00
LLaVA-v1.5-13B-xtuner [19]  42.00 24.67 47.41 48.33  54.03 52.00 47.01 30.00

CogVLM [56] 41.54  26.67 4741 38.33 5242 52.67 47.86 23.08
LLaVA-v1.5-7B [36] 37.13  20.00 47.41 40.00 5242 11.33 47.01 20.00
LLaVA-v1.5-13B [36] 42,66 26.00 4741 45.00 53.23 58.00 47.01 26.15
LLaVA-v1.6-34B [37] 46.80 26.00 48.89 66.67 67.74 54.67 43.59 20.77
Qwen3VL-4B-Thinking [47]  59.50  10.00 61.54 71.67 80.65 58.67 77.42 39.23
ReMoT -CoT-4B (Ours) 62.15 2320 84.44 7333  80.65 59.33 7521 46.92
API-based models
Qwen-VL-Max [5] 40.28 2133  51.11 56.67 58.06 4.67 38.46 28.46
Gemini Pro [49] 45.16 2333  52.59 52.50 4032 57.33 50.43 24.62
Claude 3 OPUS [1] 4405 24.67 72.59 50.83 47.58 32.67 65.81 21.54
GPT-4V (ision) [2] 51.14  22.67 78.52 60.83 59.68 70.00 79.49 26.15
GPT-4 Turbo [2] 54.61 32.67 80.74 57.50 66.13 69.33 79.49 24.62
GPT-40 [2] 60.04 3133 7259 49.17 74.19 5533 8291 40.77

Sem.Corr. Spatial Local Vis.Corr. Multi-view Reflect. Forensic
(139) (143) (122) (172) (133) (134)  (132)

Random Choice 25 50 50 25 50 33.33 25

Human 96.07 98.25 98.00 99.42 92.48 95.14  100.00
Open-source multimodal LLMs

MiniGPT-4-v2 [11] 28.78 4476 47.54  26.16 48.87 30.60 24.24

OpenFlamingo-v2 [3] 30.22 4336 56.56 25.58 44.36 36.57 2197

InstructBLIP-7B [20] 30.94 56.64 48.36 30.81 55.64 33.58  25.00

InstructBLIP-13B [20] 32.37 65.73 55774  29.65 57.14 38.81  21.97

LLaVA-internLM2-7B [51] 27.34 76.22 50.00 2791 44.36 32.09 5.30
LLaVA-v1.5-7B-xtuner [19] 28.78 68.53 36.89 29.07 38.35 29.85  36.36
LLaVA-v1.5-13B-xtuner [19]  30.94 69.93 45.08 29.65 44.36 38.81  25.76

CogVLM [56] 33.09 63.64 52.46 29.65 54.14 29.85  30.30
LLaVA-v1.5-7B [36] 23.02 61.54 56.56 25.58 51.88 39.55 2348
LLaVA-v1.5-13B [36] 32.37 67.83 5246 29.07 44.36 36.57 31.82
LLaVA-v1.6-34B [37] 23.74 74.83 59.02 30.81 62.41 31.34  44.70
Qwen3VL-4B-Thinking [47]  56.12 88.11 5246 86.63 49.62 33.58 60.61
ReMoT -CoT-4B (Ours) 64.03 86.71 5328 87.21 42.86 28.36 56.06
API-based models
Qwen-VL-Max [5] 23.02 69.93 48.36 31.40 51.88 36.57 4394
Gemini Pro [49] 26.62 74.83 53.28 42.44 44.36 38.81 50.76
Claude 3 OPUS [1] 25.18 58.04 51.64 36.63 56.39 26.87  46.21
GPT-4V (ision) [2] 28.78 7273 5492 33.72 55.64 38.81 34.09
GPT-4 Turbo [2] 30.94 69.23 5246 52.33 52.63 32.84  63.64

GPT-40 [2] 5396 6923 59.84 75.00 59.40 37.31  79.55




Table 11. Experiment results on MUIRBENCH][54]. The first row shows task names and number of test data.

Overall Counting Action Grounding Matching Ordering Scene
(2,600) (234) (164) (84) (464) (64) (186)
Random Choice 23.99 20.98 23.41 25.00 24.12 22.81 25.00
Human 93.15 94.87 97.56 85.71 94.83 87.50 94.62
GPT-4o [2] 68.00 49.15 44.51 36.90 86.85 23.44 71.51
Gemini Pro [49] 49.35 28.63 35.98 28.57 66.59 12.50 59.14
Mantis-8B-Idefics2 [29] 44.50 38.46 33.54 26.19 53.88 18.75 56.99
Idefics-9B-Instruct [30] 35.43 29.91 28.05 13.10 35.99 12.50 2741
Emu2-Chat (37B) [48] 33.62 31.20 27.44 26.19 37.28 15.63 48.39
VILAL1.5-13B [35] 33.12 19.66 28.66 25.00 40.95 10.94 56.45
Idefics2-8B [31] 26.08 21.79 26.22 26.19 24.78 15.62 56.45
OpenFlamingo-v2-9B [3] 23.73 21.79 26.83 30.95 24.14 21.88 22.58
LLaVA-NeXT-34B [37] 33.31 36.32 26.22 33.33 37.93 21.88 54.30
LLaVA-v1.5-7B-xtuner [19] 33.23 26.92 25.61 23.81 22.84 4.69 39.78
LLaVA-internLM2-7B [51] 28.15 34.19 26.22 32.14 25.65 7.81 42.47
LLaVA-v1.5-13B [36] 24.38 25.21 29.27 14.29 20.26 20.31 36.56
CogVLM [56] 20.85 14.10 26.22 16.67 21.34 12.50 41.40
MiniGPT-4-v2 [11] 17.35 11.97 14.02 25.00 17.03 18.75 14.52
Qwen3VL-4B-Thinking [47] 73.81 81.62 57.32 53.57 85.78 34.38 86.02
ReMoT-CoT-4B (Ours) 72.81 82.48 55.49 50.00 84.70 40.62 84.95
Difference Cartoon Diagram Geographic Attribute Retrieval
(340) (78) (398) (100) (196) (292)
Random Choice 23.18 25.00 29.56 25.00 20.00 21.30
Human 92.94 82.05 98.99 98.00 87.76 86.30
GPT-4o [2] 60.29 51.28 88.69 56.00 56.12 80.14
GPT-4-Turbo [2] 60.59 52.56 79.15 57.00 50.51 64.04
Gemini Pro [49] 45.29 47.44 64.82 48.00 41.33 43.84
Mantis-8B-Idefics2 [29] 28.82 38.46 67.59 26.00 48.47 35.62
Idefics-9B-Instruct [30] 34.41 48.72 46.98 35.00 32.65 43.49
Emu2-Chat (37B) [48] 32.65 43.59 37.69 34.00 31.63 23.97
VILA1.5-13B [35] 24.71 30.77 42.71 31.00 24.49 30.14
Idefics2-8B [31] 27.65 39.74 25.38 21.00 17.86 17.12
OpenFlamingo-v2-9B [3] 21.76 25.64 31.91 25.00 18.88 15.41
LLaVA-NeXT-34B [37] 22.06 41.03 38.19 12.00 38.27 25.00
LLaVA-v1.5-7B-xtuner [19] 33.53 29.49 44.72 26.00 38.78 47.60
LLaVA-internLM2-7B [51] 19.12 39.74 35.43 12.00 23.98 28.42
LLaVA-v1.5-13B [36] 20.00 25.64 31.66 20.00 22.96 20.89
CogVLM [56] 19.71 41.03 19.60 13.00 16.33 15.75
MiniGPT-4-v2 [11] 20.00 21.79 21.61 13.00 17.35 14.73
Qwen3VL-4B-Thinking [47] 68.24 51.28 92.96 45.00 62.76 68.15
ReMoT-CoT-4B (Ours) 62.65 52.56 92.46 48.00 64.80 67.47




Table 12. Experiment results on the MMMU/[63] validation and test set.

Validation Test Art & Business  Science Health & Human. & Tech &
Overall Overall  Design Medicine  Social Sci. Eng.
(900) (10,500) (1,163)  (1,428) (2,426) (1,752) 947) (2,784)
Random Choice 22.1 23.9 24.1 24.9 21.6 25.3 22.8 24.8
Frequent Choice 26.8 25.8 26.7 28.4 24.0 244 25.2 26.5
Expert (Worst) 76.2 - - - - - - -
Expert (Medium) 82.6 - - - - - - -
Expert (Best) 88.6 - - - - - - -

Large Multimodal Models (LMMs): Text + Image as Input

OpenFlamingo2-9B [3] 28.7 26.3 31.7 23.5 26.3 26.3 27.9 25.1
CogVLM [56] 32.1 30.1 38.0 25.6 25.1 31.2 41.5 28.9
Qwen-VL-7B-Chat [6] 35.9 32.9 47.7 29.8 25.6 33.6 45.3 30.2
InstructBLIP-T5-XXL [20] 35.7 33.8 48.5 30.6 27.6 33.6 49.8 29.4
InternLM-XComposer2-VL* [24] 43.0 38.2 56.8 32.8 30.1 39.8 60.7 31.8
Yi-VL-34B* [62] 459 41.6 56.1 333 329 459 66.5 36.0
LLaVA-1.6-34B* [37] 51.1 44.7 58.6 9.9 36.0 12 0.2 36.3
InternVL-Chat-V1.2%* [15] 1.6 6.2 62.5 37.6 37.9 49.7 70.1 40.8
VILA1.5*% [35] 51.9 46.9 2.1 40.6 7.7 51.7 74.0 9.5
Qwen3VL-4B-Thinking [47] 70.8 - 71.9 80.9 68.1 65.3 73.5 65.3
ReMoT-CoT-4B (Ours) 714 - 70.3 82.1 67.4 66.3 77.0 66.9
Qwen-VL-MAX* [5] 51.4 46.8 4.2 39.8 36.3 52.5 70.4 40.7
GPT-4V(ision) (Playground) [45] 56.8 55.7 65.3 64.3 48.4 63.5 76.3 1.7
Claude 3 Opus* [1] 594 - - - - - - -

Gemini 1.5 Pro* [50] 22 - - - - - - -

GPT-40* [27] 69.1 - - - - - - -

4. Limitations and Future Work

While ReMoT demonstrates significant improvements in spatio-temporal reasoning, we acknowledge two primary limitations
that outline directions for future research.

Base Model Selection and Generalizability. Our experiments primarily utilize the Qwen3-VL-4B-Thinking architecture.
This selection was deliberate rather than arbitrary; Qwen3-VL is currently recognized as possessing state-of-the-art spatial
understanding capabilities among open-source models. Since our proposed GRPO-based optimization operates by refining
the model’s internal reasoning chains (Chain-of-Thought) rather than injecting new knowledge from scratch, a strong intrinsic
spatial prior is a prerequisite for stable RL convergence and effective self-correction. Consequently, we prioritized validating
the ReMoT paradigm on the most capable available base model to establish a high-performance ceiling.

Scalability to In-the-Wild Videos. The construction of ReMoT-16K currently relies on datasets with basic meta-annotations
(e.g., SE(3) camera poses in ScanNet, robot telemetry in AgiBot). While this ensures the logical rigorousness of our hard
negative samples, it constrains the immediate scalability of our pipeline to massive, unannotated in-the-wild videos. For future
work, we aim to leverage more advanced visual-language related technical advances [9, 21-23, 33, 40, 46, 53] to enhance the
model’s ability to handle unstructured real-world data, thereby expanding its generalization scope beyond structured datasets.

5. Visualization of Chain-of-Thought Compactness

5.1. Our Model’s Chain-of-Thought

In this section, we provide qualitative examples showcasing how our model generates concise and structured Chain-of-
Thought (CoT) reasoning to arrive at correct answers.



(1) (2) (3)
ReMoT-CoT-4B:(288 words)

So, let's analyze the images step by step.

First, we need to look at the left robotic arm (the one on the left side of the images) and track its
vertical movement from Image 1 to Image 2, then Image 1 to Image 3, and Image 2 to Image 3.
Starting with Image 1 to Image 2:

In Image 1, the left robotic arm is positioned with its gripper near the top left. In Image 2, the left
robotic arm has moved down. Let's check the position. Image 1 shows the left arm higher up,
Image 2 shows it lower. So vertical movement is Down. So option B.

Next, Image 1 to Image 3:

Image 1: left arm is in a certain position. Image 3: the left arm has moved up. Let's see. In Image 3,
the left arm is higher than in Image 1. So vertical movement is Up. Option A.

Then, Image 2 to Image 3:

Image 2: left arm is lower. Image 3: left arm is higher. So movement from Image 2 to Image 3 is
Up.Option C.

Wait, let's confirm each:Image 1 to 2: Left arm moves down (B). Image 1 to 3: Left arm moves up
(A). Image 2 to 3: Left arm moves up (C).

So the answers are B, A, C.

</think>

<answer>BAC</answer>

Figure 1. Example 1. Prompt:The image showed to you is what the robot seen by its eyes. In the image, the robotic arm on the left is the
robot’s left arm, and the robotic arm on the right is the robot’s right arm. Focus only on robot arm/gripper motion across the three images.
Please select from the following options the vertical movement direction of the left robotic arm from Image 1 to Image 2? A: Up, B: Down,
C: No movement. Please select from the following options the vertical movement direction of the left robotic arm from Image 1 to Image
3? A: Up, B: No movement, C: Down. Please select from the following options the vertical movement direction of the left robotic arm
from Image 2 to Image 3? A: Down, B: No movement, C: Up. Answer all three questions above in order. Only return the correct option A,
B,or C for each of the three questions in order inside <answer></answer>, e.g., <answer>CAB </answer>. Answer:BAC



(1) (2) (3)

ReMoT-CoT-4B:(251 words)

So, let's analyze each part step by step.

First, we need to look at the movement of the left robotic arm from Image 1 to Image 2. Let's
compare the positions.

In Image 1: The left arm is on the left side, closer to the left edge of the frame. In Image 2: The left
arm has moved to the right compared to Image 1. So the horizontal movement direction is Right.
So the first answer is A.

Next, left robotic arm from Image 1 to Image 3. Image 1: left arm is on the left. Image 3: left arm is
further left than Image 1. So movement is Left. Second answer is B.

Then, left robotic arm from Image 2 to Image 3. Image 2: left arm is at a certain position. Image 3:
left arm is more to the left than Image 2. So movement is Left. Third answer is B.

Wait, let me double-check.

Image 1 left arm: let's see the position. The left arm in Image 1 is on the left side of the image, with
the gripper near the center. Image 2: left arm is moved to the right, so from 1 to 2, left arm moves
right (A). Image 1 to 3: left arm in Image 3 is further left than Image 1 (so left movement, B). Image
2 to 3: left arm in Image 3 is further left than Image 2 (so left movement, B).

So the answers are A, B, B.

</think>

<answer>ABB</answer>

Figure 2. Example 2. Prompt: The image showed to you is what the robot seen by its eyes. In the image, the robotic arm on the left is the
robot’s left arm, and the robotic arm on the right is the robot’s right arm. Focus only on robot arm/gripper motion across the three images.
Please select from the following options the horizontal movement direction of the left robotic arm from Image 1 to Image 2? A: Right, B:
No movement, C: Left. Please select from the following options the horizontal movement direction of the left robotic arm from Image 1
to Image 3? A: Right, B: Left, C: No movement. Please select from the following options the horizontal movement direction of the left
robotic arm from Image 2 to Image 3?7 A: Right, B: Left, C: No movement. Answer all three questions above in order. Only return the
correct option A, B, or C for each of the three questions in order inside <answer></answer>, e.g., <answer>CAB </answer>. Answer:
ABB



) o @ )

ReMoT-CoT-4B:(75 words)

Got it, let's check if the bags in all three images are the same. First, look at the first
image: the bag is a backpack with white, black, and brown sections. The second
image shows a similar backpack—same color scheme and design. The third image
also has a backpack with the same white, black, brown colors and structure. All
three bags look identical in design, colors, and features. So the statement is true.
</think>

T

Figure 3. Example 3. Prompt:Judge the following statement based on the input images: ‘The bags in these images are the same bag.’.
Provide only one correct answer: “T’(True) or ‘F’(False). Respond with either “T” or ‘F’. Answer:T

5.2. Comparison with base model

In this section, we provide a qualitative visualization showing how our model produces a more concise and structured Chain-
of-Thought (CoT) compared to the untrained base model, showcasing how our model uses more refined thought chains to
arrive at more correct answers.

Example Overview. The following example illustrates one reasoning instance from the evaluation set. Both models were
given the same problem prompt, and their respective CoT traces are shown below. Figure 4 illustrates the input of the model
in this example.

) (2) (3)

Figure 4. An example used to compare CoT lengths. Prompt:The image showed to you is what the robot seen by its eyes. In the image,
the robotic arm on the left is the robot’s left arm, and the robotic arm on the right is the robot’s right arm. Focus only on robot arm/gripper
motion across the three images. Please select from the following options whether the left gripper is opened or closed from Image 1 to
Image 2? A: Closed, B: Opened, C: No movement. Please select from the following options whether the left gripper is opened or closed
from Image 1 to Image 3?7 A: Opened, B: No movement, C: Closed. Please select from the following options whether the left gripper is
opened or closed from Image 2 to Image 3? A: Closed, B: Opened, C: No movement. Answer all three questions above in order. Only
return the correct option A, B, or C for each of the three questions in order inside <answer></answer>, e.g., <answer>CAB</answer>.
Answer:AAB



ReMoT-CoT-4B (Ours)(310 words):

So, let’s analyze each question step by step.
First, we need to look at the left gripper (robot’s left arm) from Image 1 to Image 2.

In Image 1: The left gripper is holding a sandwich (or bread), so it’s closed. In Image 2: The left gripper is still
holding the sandwich, so it’s closed. Wait, but let’s check again. Image 2 shows the left arm with the sandwich, so
the gripper is closed. So from I to 2, left gripper is closed. So the answer is A: Closed.

Next, left gripper from Image 1 to Image 3.

Image 1: Left gripper is closed (holding the sandwich). Image 3: Left gripper is open (the sandwich is no longer
being held, the arm is open). So from 1 to 3, it went from closed to open. So the answer is A: Opened.

Third, left gripper from Image 2 to Image 3.

Image 2: Left gripper is closed (holding the sandwich). Image 3: Left gripper is open (sandwich is not held). So
from 2 to 3, it’s opened. So answer is B: Opened.

Wait, let’s confirm each step.

Image 1 left gripper: closed (holding bread). Image 2 left gripper: closed (still holding bread). So 1—2: closed —
closed, so A (Closed). Image 1—3: closed — open, so A (Opened). Image 2—3: closed — open, so B (Opened).

So the three answers are A, A, B— “AAB”? Wait, no. Wait the first question is 1—2: A (Closed). Second is 1—3:
A (Opened). Third is 2—3: B (Opened).

Wait the options for each question:

First question: A: Closed (1—2). Yes, because both images show left gripper closed.
Second question: A: Opened (1—3). Because 1 is closed, 3 is open.

Third question: B: Opened (2—3). Because 2 is closed, 3 is open.

Yes. So the answers are A, A, B — “AAB”.

</think>

<answer>AAB</answer>

Qwen3VL-4B-Thinking (Untrained)(6241 words):

Got it, let’s analyze the images step by step. First, I need to look at the left gripper (robot’s left arm) in each image.

Image 1: The left gripper is holding a sandwich (or bread). The gripper is closed because it’s holding the object.
So the state is closed.

Image 2: The left gripper is now holding the sandwich in a different position, but is it closed? Wait, in Image 2, the
left gripper seems to be holding the bread, but maybe the grip is still closed? Wait no, wait the action. Wait, from
Image 1 to Image 2, the left gripper was holding the bread (closed) and then in Image 2, the gripper is still holding
it, but maybe the position changed. Wait, no, let’s check the gripper’s state. A closed gripper is when the fingers
are together, holding the object. Opened is when they’'re apart.

Image 1: Left gripper is closed (holding the bread).

Image 2: Left gripper is still holding the bread, so closed? Wait, no, in Image 2, the left gripper is the one that
moved. Wait, in Image 1, the left gripper is holding the bread (so closed). In Image 2, the left gripper is still holding
the bread (so closed). Wait, but wait, maybe I need to check if the gripper opened. Wait, no, let’s see:

Wait, in Image 1, the left gripper is holding the bread (closed). In Image 2, the left gripper is holding the bread
as well (closed). Wait, but maybe the position changed, but the gripper state is still closed. Wait, no, wait the first
question is Image 1 to Image 2: left gripper opened or closed.

Wait, let’s look again:
Image 1: Left gripper (on left) is holding the bread (closed).

Image 2: Left gripper is still holding the bread (closed). Wait, but maybe the gripper opened? Wait, no. Wait, in
Image 2, the left gripper is the one that moved. Let’s check the positions.



Wait, Image 1: Left gripper has a sandwich (or bread) held in its jaws (closed). Image 2: Left gripper is now
holding the sandwich (jaws closed). Wait, maybe the gripper didn’t open. Wait, no, maybe it’s closed. Wait, but
maybe I need to check if the gripper’s state changed.

Wait, the first question: Image 1 to Image 2. Left gripper is opened or closed.

In Image 1: Left gripper is closed (holding the bread). In Image 2: Left gripper is still holding the bread (so
closed). Wait, but maybe the gripper opened? Wait, no. Wait, perhaps the gripper closed? Wait, no. Wait, let’s see
the actual images:

Wait, in Image 1, the left gripper (robot left arm) is grasping a slice of bread (so fingers closed). In Image 2, the left
gripper is still grasping the bread (fingers closed). So from 1 to 2, the left gripper is closed. Wait, but the options
are A: Closed, B: Opened, C: No movement.

Wait, but maybe the gripper opened. Wait, let’s check the second image: the left gripper is now holding the bread
in a different position. Wait, maybe the gripper is still closed. So from I to 2, left gripper is closed? But wait,
maybe it opened. Wait, no. Wait, let’s think again.

Wait, perhaps in Image 1, the left gripper is holding the bread (closed), and in Image 2, the left gripper is still
holding it, but maybe the grip is still closed. So the state is closed. So the answer for first question is A: Closed.

Wait, no, wait. Let’s look at the third image.

Image 3: Left gripper is holding the bread? Wait, in Image 3, the left gripper is holding the bread, but wait, Image
3 shows the left gripper is holding the bread (same as Image 1 and 2?), no. Wait, let’s see:

Image 1: Left gripper (left arm) is holding the bread (closed).
Image 2: Left gripper is holding the bread (closed).
Image 3: Left gripper is holding the bread (closed).

Wait, no, that can’t be. Wait, let’s check the images again. Wait, the problem says: the robot’s left arm is on the
left, right arm on the right.

In Image 1: Left arm (gripper) is holding a sandwich (closed). Right arm is open.
Image 2: Left arm is moving towards the toaster, holding the sandwich (closed). Right arm is open.

Image 3: Left arm is holding the sandwich (closed). Wait, maybe in Image 3, the left arm has the sandwich, but the
gripper is closed.

Wait, no. Wait, maybe in Image 1, the left gripper is closed (holding bread), Image 2: left gripper is still closed
(holding bread), so from 1 to 2, no movement (closed). But the first question is whether the left gripper is opened
or closed from 1 to 2. Wait, the gripper state didn’t change, so it’s closed. So A.

Wait, but maybe the gripper opened. Let’s check:

Wait, in Image 1, the left gripper has the bread (closed). In Image 2, the left gripper is moving towards the toaster,
and the bread is still in the gripper. So the gripper is closed. So from I to 2, the state is closed. So the answer for
first question is A: Closed.

Second question: Image 1 to Image 3. Left gripper from Image I to Image 3. Image 1: closed. Image 3: closed. So
same state. So answer is B: No movement.

Third question: Image 2 to Image 3. Image 2: left gripper is holding the bread (closed). Image 3: left gripper is
holding the bread (closed). So same state. So answer is C: No movement.

Wait, but wait, maybe I made a mistake. Let’s look again.

Wait, Image 1: Left gripper is holding the bread (closed).

Image 2: Left gripper is holding the bread (closed). So no movement.

Image 3: Left gripper is holding the bread (closed). So from I to 3, no movement. From 2 to 3, no movement.
Wait, but the problem says:

First question: Image 1 to Image 2: left gripper opened or closed.

If in Image 1 it’s closed, Image 2 it’s closed, then the state didn’t change. So the gripper is closed. So answer is A.



Second question: Image 1 to Image 3: left gripper is closed (since both 1 and 3 are closed), so no movement.
Answer is B.

Third question: Image 2 to Image 3: both closed, so no movement. Answer is C.
But wait, maybe I misread. Let’s check again.
Wait, Image 1: Left gripper (left arm) is holding a sandwich (closed).

Image 2: Left gripper is moving towards the toaster, but the sandwich is still in the gripper. So the gripper is closed.
So from 1 to 2, the gripper is still closed. So the answer is A: Closed.

Image 3: Left gripper is holding the sandwich (closed). So from 1 to 3, same state. So no movement. B.
From 2 to 3, same state. So no movement. C.

But let’s confirm with the images:

Image 1: Left arm (gripper) has the sandwich, closed.

Image 2: Left arm is still holding the sandwich (closed).

Image 3: Left arm is holding the sandwich (closed).

Yes, so all states are closed.

First question: 1—2, closed. A.

Second: 1—3, closed. But the question is whether opened or closed. Wait, the options are: A: Closed, B: Opened,
C: No movement.

Wait, if the gripper is closed in both Image 1 and 2, then it’s not opened. So the state is closed. So the answer is A.

Wait, but “closed” means the gripper is closed. So from 1 to 2, the gripper is closed (no change). So the answer is
A: Closed. Because the question is “whether the left gripper is opened or closed from Image 1 to Image 2”. So if
it’s closed in both, then it’s closed.

Wait, but the options are:

For first question: A: Closed, B: Opened, C: No movement.

Wait, if the gripper is closed from 1 to 2, then the answer is A.

If it’s opened, then B. If no movement, then C.

But if it’s closed in both, then the state is closed. So the answer is A.

Wait, but “no movement” would mean the gripper is in the same state. But the question is not about movement but
the state. Wait, no. The question is: whether the left gripper is opened or closed (the state) from 1 to 2. So the state
at 1 is closed, state at 2 is closed. So the gripper is closed. So A.

Second question: Image 1 to 3: state is closed, so A? Wait, no. Wait, the options for second question: A: Closed,
B: Opened, C: No movement.

Wait, no. Wait, the question is: select whether the left gripper is opened or closed from Image 1 to Image 3.

Wait, the state of the gripper in Image 1 is closed. In Image 3, it’s closed. So the gripper is closed. So the answer
would be A: Closed. But wait, the question is “whether the left gripper is opened or closed from Image 1 to Image
37. So ifit’s closed both times, then the answer is A.

But wait, maybe I'm misunderstanding. Let’s think of it as: did the gripper open or close during the transition. If
it remained closed, then it’s closed. So first question: Image I to 2: gripper closed (since both are closed), so A.

Wait, but maybe in Image 2, the gripper opened. Let’s check the images again.
Looking at the images:

Image 1: Left gripper is holding a slice of bread (closed).

Image 2: Left gripper is still holding the bread (closed). So no, it’s closed.
Image 3: Left gripper is holding the bread (closed).

Yes, so all are closed.



First question: 1—2: closed — A.

Second question: 1—3: closed — A. Wait, but the options for second question: A: Closed, B: Opened, C: No
movement.

Wait, but “no movement” would be if the gripper didn’t change. But the question is whether it’s opened or closed.
So if it’s closed, then A. But maybe the question is whether it changed. Wait, no. The question is: “whether the left
gripper is opened or closed from Image 1 to Image 2.

So from Image 1 to Image 2, the left gripper’s state is closed (in Image 1 it was closed, in Image 2 it’s closed). So
the answer is A: Closed.

But wait, let’s think again. Maybe in Image 2, the left gripper is open.

Wait, looking at the second image: the left arm is moving towards the toaster, and the sandwich is in the gripper.
The gripper is closed.

Yes. So left gripper is closed in all images.
Therefore:
First question: Image 1 to 2: closed — A.

Second question: Image I to 3: closed — A? But no, wait. Wait, the problem says “select from the following
options whether the left gripper is opened or closed from Image I to Image 3”.

Wait, no. Wait, the options for each question are:
For first question: A: Closed, B: Opened, C: No movement.

Wait, the options are not about whether it’s opened or closed, but whether the movement is opened or closed. Wait,
no, the question is: “whether the left gripper is opened or closed from Image 1 to Image 2.

Wait, maybe the question is asking if the gripper opened (went from closed to open) or closed (went from open to
closed) or no movement (stayed the same).

Ah, that’s the key. The question is not about the state, but the change.
Wait, let’s re-read the question:
“Please select from the following options whether the left gripper is opened or closed from Image 1 to Image 2?”

Ah, no. Wait, the question is: “whether the left gripper is opened or closed from Image 1 to Image 2”. So it’s
whether the gripper’s action (opening or closing) happened during the transition from I to 2.

Wait, no, maybe it’s asking if the gripper is in open or closed state after the transition. Wait, the wording is
“whether the left gripper is opened or closed from Image 1 to Image 2”. So perhaps the state at 2.

But let’s think: the options are A: Closed (meaning the gripper is closed), B: Opened (gripper is open), C: No
movement (gripper didn’t change state).

Wait, but the question is about the transition. Wait, no, the problem says: “whether the left gripper is opened or
closed from Image 1 to Image 2”. So for each question, it’s whether during the transition from 1 to 2, the left
gripper is in open, closed, or no movement.

But maybe it’s simpler: the question is asking what is the state of the left gripper in Image 2, compared to Image
1. But the options are A: Closed (meaning the gripper is closed in the transition), B: Opened (gripper is open), C:
No movement.

Wait, no. Let’s look at the problem statement again:

“Please select from the following options whether the left gripper is opened or closed from Image 1 to Image 2?
A: Closed, B: Opened, C: No movement.”

Ah, so the options are:
A: Closed — meaning the left gripper is closed (so from I to 2, it remains closed).
B: Opened — the left gripper is opened.

C: No movement — the gripper didn’t change (so state same as before).



Wait, but how to determine.

Let’s check each image’s left gripper.

Image 1: Left gripper (left arm) is holding the bread (so closed).

Image 2: Left gripper is holding the bread (closed).

So from 1 to 2, the gripper is closed (same as before). So the answer for first question is A: Closed.
Image 3: Left gripper is holding the bread (closed).

Second question: Image 1 to 3. The gripper is closed in both, so answer A: Closed.

Third question: Image 2 to 3. The gripper is closed in both, so answer A: Closed.

But wait, the options for third question is C: No movement.

Wait, no. Let’s think again.

Wait, no. The key is: the question is about the state of the left gripper during the transition. But the options are
whether it’s closed, opened, or no movement.

Wait, let’s check the images more carefully.

Image 1: Left gripper is closed (holding bread).

Image 2: Left gripper is still closed (holding bread).

Image 3: Left gripper is closed (holding bread).

So for each transition:

1—2: both closed — A: Closed.

1—3: both closed — A: Closed.

2—3: both closed — A: Closed.

But wait, the options for each question are A: Closed, B: Opened, C: No movement.

Wait, but maybe “no movement” means the gripper didn’t move (but state changed). Wait, no. Let’s think of the
question as: when moving from image 1 to image 2, what is the state of the left gripper?

Wait, but the problem says: “Focus only on robot arm/gripper motion across the three images. Please select from
the following options whether the left gripper is opened or closed from Image 1 to Image 2?”

So maybe the question is: when going from I to 2, the left gripper is open or closed.

Wait, in Image 1: left gripper is closed.

In Image 2: left gripper is closed.

So from 1 to 2, the gripper is closed. So answer A.

Image 1 to 3: both closed — A.

Image 2 to 3: both closed — A.

But that seems unlikely. Wait, maybe I'm wrong. Let’s look at the images again.

Wait, Image 1: Left gripper (left arm) is holding a sandwich (closed).

Image 2: Left gripper is holding the sandwich (closed). So no movement. Wait, but the question is about the state.
Wait, the first question: “whether the left gripper is opened or closed from Image I to Image 2.
So if in Image 2, the left gripper is closed, then answer A.

Yes.

Second question: Image 1 to 3: closed — A.

Third question: Image 2 to 3: closed — A.

But that can’t be. Because the problem must have different answers.

Wait, maybe I misinterpret the images.



Wait, looking at the images:

Image 1: Left gripper is holding a slice of bread (closed).

Image 2: Left gripper is moving towards the toaster, but the bread is still in the gripper (closed).
Image 3: Left gripper is holding the bread (closed).

Yes, all are closed.

But wait, maybe in Image 2, the left gripper is open. Let me check again.

Wait, the second image: the left arm is the one that moved. In Image 2, the left arm is now holding the bread, but
the gripper’s position might be different. Wait, in Image 2, the left gripper is still closed. Because it’s holding the
bread.

Yes, so all left grippers are closed.

Wait, but the options for the third question:

Wait, let’s think of the first question.

If in Image 1, the left gripper is closed. In Image 2, is it closed? Yes.
So the answer for first question is A: Closed.

Second question: Image 1 to 3, left gripper closed — A.

But the problem says “select from the following options whether the left gripper is opened or closed from Image 1
to Image 2? A: Closed, B: Opened, C: No movement.”

Wait, maybe the question is about the movement: if the gripper opened (from closed to open), closed (open to
closed), or no movement.

But the options are A: Closed, which would mean the gripper is closed (so no movement), B: Opened (gripped
opened), C: No movement.

Wait, the problem says: “whether the left gripper is opened or closed from Image 1 to Image 2.
So it’s the state of the gripper at Image 2.

If at Image 2, the gripper is closed, then answer is A.

If it’s opened, B.

If no change (closed to closed), then it’s closed.

But the options include “No movement” as C.

Wait, maybe “No movement” means the gripper didn’t change (so same state), so if the state is closed, it’s “closed”,
and “no movement” is a different option.

Wait, the problem statement for each question is:
1. Whether the left gripper is opened or closed from Image 1 to Image 2.

So the possible answers are: A: Closed (so in Image 2, it’s closed), B: Opened (in Image 2, it’s opened), C: No
movement (the gripper didn’t change, but perhaps the state is still closed).

But this is confusing. Let’s think of “No movement” as the gripper didn’t move (so state same as Image 1).
But the problem says “from Image I to Image 2", so the state in Image 2.

If Image 2’s left gripper is closed, then A.

If opened, B.

If no movement (same as Image 1), then maybe C.

Wait, but the problem says the options are:

A: Closed, B: Opened, C: No movement.

So if the gripper is closed in Image 2, then A.

If it’s opened, B.



If it’s the same state (closed), then it’s A. Wait, no, because “no movement” is a separate option.
Wait, maybe the question is:

Is the left gripper opened (meaning the transition involved opening), closed (transition involved closing), or no
movement (transition involved no change in state).

But I think the intended question is: in the transition from Image 1 to Image 2, what is the state of the left gripper
(closed or opened).

Wait, looking at the example:

Image 1: Left gripper closed.

Image 2: Left gripper closed.

So answer A: Closed.

Image 1 to 3: both closed — A.

Image 2 to 3: both closed — A.

But the problem’s answer options must be different. Maybe I made a mistake.

Wait, let’s check the images again carefully.

Image 1: Left arm (gripper) is holding a slice of bread (closed).

Image 2: Left arm (gripper) is holding the bread (closed).

Image 3: Left arm (gripper) is holding the bread (closed).

Yes.

But wait, what about the first image:

Image 1: The left gripper (left arm) is holding a sandwich (closed).

Image 2: The left gripper is holding the sandwich (closed).

Image 3: The left gripper is holding the sandwich (closed).

So all are closed.

But maybe in Image 3, the gripper is open. Wait, no, the third image shows the left gripper holding the bread.
Wait, maybe I'm looking at the wrong parts.

Let me describe each image:

Image 1: The countertop has a toaster, an apple, a sandwich (held by left gripper), and the right gripper is open.
Image 2: The left gripper is holding the sandwich (closed), moving towards the toaster. The right gripper is open.
Image 3: The left gripper is holding the sandwich (closed), and the right gripper is open.

So all left grippers are closed.

Thus:

1. From 1 to 2: left gripper closed — A.

2. From 1 to 3: left gripper closed — A.

3. From 2 to 3: left gripper closed — A.

But this can’t be, because the options for each question are A, B, C.

Wait, no, maybe the problem is that in Image 2, the left gripper is open.

Wait, looking at Image 2: the left gripper is moving, but is it holding the sandwich? Yes. So the gripper is closed.
Yes.

Wait, perhaps the third question has a different answer. Let’s think:

First question: 1—2: closed — A.

Second question: 1—3: closed — A.



Third question: 2—3: closed — A.

But the problem says “the robot seen by its eyes”, so maybe I'm wrong.

Alternatively, maybe in Image 2, the left gripper is open.

Wait, no, it’s holding the sandwich.

Wait, perhaps the first question: Image 1 to 2, left gripper is closed (since it’s holding), so A.
Image 1 to 3: closed — A.

Image 2 to 3: closed — A.

But this would be AAA, but the answer must be different.

Wait, maybe I made a mistake in Image 2.

Looking at the second image:

The left gripper is the one on the left. In Image 2, the left gripper is now holding the sandwich, but the gripper is
open? Wait, no. If it’s holding, it’s closed.

Wait, maybe the problem is that in Image 2, the left gripper is open.

Wait, let’s see:

Image 1: Left gripper (left arm) is closed (holding bread).

Image 2: Left gripper is now open (the bread is no longer held), but wait, no. The bread is still being held.
Wait, I think I need to check the images again.

Wait, the user provided the three images:

First image: left gripper holding a sandwich (closed), right gripper open.

Second image: left gripper moving towards the toaster, holding the sandwich (closed), right gripper open.
Third image: left gripper holding the sandwich (closed), right gripper open.

Yes.

So the state of left gripper in all images is closed.

Thus:

1. 1=2: closed — A.

2. 1—=3: closed — A.

3. 2—3: closed — A.

But this can’t be right, because the problem is designed to have different answers.

Wait, perhaps the first question is asking about the movement: did the gripper open, close, or move.
Wait, no. Let’s think differently.

Maybe the left gripper in Image 1 is closed, in Image 2 it is open.

Wait, maybe I misread the images.

Let’s imagine:

Image 1: Left gripper is closed (holding bread).

Image 2: Left gripper is open (no longer holding bread).

Image 3: Left gripper is closed (holding bread).

If that’s the case, then:

1. 1—=2: opened (A: Closed is wrong, B: Opened), so B.

2. 1—3: closed (A: Closed), but since it’s closed, A.

3. 2—3: closed (A: Closed).

But why would the gripper open in Image 2?



Let’s check the images again:

Image 1: Left gripper is holding the bread (closed).

Image 2: Left gripper is moving towards the toaster, but the bread is still in the gripper. So it’s closed.
Image 3: Left gripper is holding the bread (closed).

Yes.

Wait, maybe the problem is in the orientation. The left gripper in Image 2 is open.

Wait, no.

Another possibility: the left gripper in Image 1 is closed, in Image 2 it is open.

Let’s look at the gripper’s position.

In Image 1: Left gripper’s fingers are together (closed), holding the bread.

In Image 2: Left gripper’s fingers are open.

Wait, if the bread is no longer in the gripper.

Wait, in Image 2, the left gripper is moving towards the toaster, and the bread is still in the gripper? Or not?
Wait, the problem says: “the robot arm/gripper motion across the three images”.

Perhaps in Image 2, the left gripper has released the bread.

But the problem states: “In the image, the robotic arm on the left is the robot’s left arm, and the robotic arm on the
right is the robot’s right arm.”

Let me describe the images again:

Image 1: Left arm (gripper) is holding a slice of bread (so closed), right arm is open.

Image 2: Left arm (gripper) is holding a slice of bread (closed), right arm is open.

Image 3: Left arm (gripper) is holding a slice of bread (closed), right arm is open.

Yes.

So all left grippers are closed.

Wait, but the answer for the third question is probably C: No movement.

Wait, maybe the question is whether the gripper opened (B) or closed (A) or no movement (C).
Wait, for the first question, Image I to 2:

If the left gripper is closed in both images, then the state is closed. But the question is “whether the left gripper is
opened or closed from Image 1 to Image 2.

So if it’s closed, answer A.

Second question: Image 1 to 3: closed, answer A.

Third question: Image 2 to 3: closed, answer A.

But this seems unlikely. Maybe I need to look at the problem’s example.

The problem says: “Please select from the following options whether the left gripper is opened or closed from
Image 1 to Image 2? A: Closed, B: Opened, C: No movement.”

Wait, maybe “Closed” here means the gripper is closed (so it didn’t open), “Opened” means it opened, and “No
movement” means it didn’t move (but state is same).

Wait, but if the gripper is closed in Image 1 and Image 2, then it’s closed (A), because it didn’t open.
Yes.

Let’s take a step back.

In Image 1, left gripper state: closed.

In Image 2, left gripper state: closed.



So from 1 to 2: the gripper is closed (A).

In Image 1 to 3: left gripper state is closed (A).

In Image 2 to 3: left gripper state is closed (A).

But this is AAA.

But the problem must have different answers. So perhaps I'm misidentifying the state.
Wait, let’s look at Image 2 again. Is the left gripper open?

Image 2: The left gripper has the sandwich, but the fingers are spread out.

Wait, no. If it’s holding the sandwich, the fingers are closed.

Yes.

Another possibility: the first question is whether the left gripper opened or closed from 1 to 2. If in Image 1 it’s
closed, and Image 2 it’s closed, then no change, so it’s closed. So A.

Image 1 to 3: same, A.

Image 2 to 3: same, A.

But perhaps the correct answer is ABB or something else.

Wait, maybe the left gripper in Image 3 is open.

Wait, in Image 3, the left gripper is holding the sandwich, so closed.
Yes.

1 think I have to accept that all left grippers are closed, so the answers are A, A, A.
But the problem says “select from the following options”, and the answer format is three letters.
But maybe I made a mistake.

Wait, let’s think of the first question:

Image 1: left gripper is closed.

Image 2: left gripper is closed.

So the answer is A: Closed.

Second question:

Image 1 to 3: both closed — A.

Third question: Image 2 to 3: both closed — A.

So AAA.

But the problem might have a different answer.

Wait, maybe the left gripper in Image 2 is open.

Let’s imagine:

Image 1: left gripper closed (holding bread).

Image 2: left gripper open (no bread).

Image 3: left gripper closed (holding bread).

If that’s the case:

1. 1—2: opened (B).

2. 1—3: closed (A), since it went from closed to open to closed.

3. 2—3: closed (A).

So BAC.

But why would the bread be released in Image 2.

The problem states: the robot seen by its eyes. Let’s see the description:



The first image: left arm holding bread (closed).

Second image: left arm moving towards toaster, but bread is still in the gripper.
Third image: left arm holding bread (closed).

Yes, so no.

Another angle: the question is about the gripper’s action, not the state.

“Whether the left gripper is opened or closed from Image 1 to Image 2” means: did the left gripper open (from
closed to open) or close (from open to closed) during the transition.

But in Image 1, it’s closed.

In Image 2, it’s closed.

So it didn’t open or close. So “No movement”, which is option C.

Ah! That’s the key.

The question is not about the state in Image 2, but about the change from Image 1 to Image 2.
If the gripper stayed closed, then there was no movement (in terms of opening or closing), so C: No movement.
Yes.

That makes more sense.

So:

For each question, we’re to determine if the left gripper opened, closed, or no movement (did not open or close).
First question: Image 1 to Image 2.

In Image 1: closed.

In Image 2: closed.

So no change. Therefore, answer C: No movement.

Wait, but the options are A: Closed, B: Opened, C: No movement.

If the gripper is closed in both, but no movement (same state), then answer C.

Yes.

Second question: Image 1 to Image 3.

Both closed — no movement — C.

Third question: Image 2 to Image 3.

Both closed — no movement — C.

But that would be CCC.

But no. Let’s think:

If the question is “whether the left gripper is opened or closed from Image 1 to Image 27, it means: did the left
gripper open (B), close (A), or no movement (C).

Wait, no. The problem says “whether the left gripper is opened or closed from Image 1 to Image 2”. So it’s whether
the gripper’s action during the transition was opening or closing, or no movement.

If the gripper stayed closed, then it didn’t open or close — C: No movement.
Yes.

Now let’s check:

Image 1: left gripper closed.

Image 2: left gripper closed.

So from 1 to 2: no change — C.

Image 1 to 3: both closed — C.



Image 2 to 3: both closed — C.

But that’s CCC.

But let’s look at the images again.

Wait, no. Wait, maybe the left gripper in Image 2 is open.

Let me imagine:

Image 1: left gripper closed (holding bread).

Image 2: left gripper open (bread is on the counter).

Image 3: left gripper closed (holding bread again).

If that’s the case:

1. 1—2: opened (B).

2. 1—-3: closed (A).

3. 2—3: closed (A).

But how do I know?

Let’s look at the problem’s images:

The first image: left arm holding bread (closed).

The second image: left arm moving towards the toaster. The bread is now on the counter:
Ah! Maybe in Image 2, the left gripper has released the bread.
Let’s see:

Image 1: left gripper holding bread (closed).

Image 2: left gripper is now open, and the bread is on the counter.

Wait, in the description: “the robotic arm on the left is the robot’s left arm, and the robotic arm on the right is the
robot’s right arm.”

In Image 2, the left arm is moving towards the toaster. If the bread is on the counter; then the gripper opened.
Ah! That’s probably it.

Let’s read the images again:

Image 1: Left arm (gripper) is holding the bread (closed).

Image 2: Left arm (gripper) is moving towards the toaster, and the bread is on the counter. So the gripper opened
(releasing the bread).

Image 3: Left arm (gripper) is holding the bread (closed).
So:
First question: Image 1 to 2: left gripper opened (B).

Second question: Image 1 to 3: left gripper went from closed (1) — opened (2) — closed (3). So overall, it closed
again. So from 1 to 3, it closed (A).

Third question: Image 2 to 3: left gripper opened (2) — closed (3). So closed (A).
Yes, this makes sense.

So:

1. Image 1 to 2: left gripper opened (B).

2. Image 1 to 3: left gripper closed (A), because it went from closed to open to closed. But the question is from 1
to 3: the state in 3 is closed. So is it closed?

Wait, the question is “whether the left gripper is opened or closed from Image 1 to Image 3”.

Wait, no. The question is about the change.



The options are: A: Closed (the gripper is closed), B: Opened (gripper is open), C: No movement.
Wait, no. The problem says:

“Please select from the following options whether the left gripper is opened or closed from Image 1 to Image 2?
A: Closed, B: Opened, C: No movement.”

Ah! So the answer is the state of the gripper after the transition (Image 2), or the state that changed.

Wait, the key is: when moving from Image 1 to Image 2, what is the state of the left gripper (closed, opened, or no
movement).

Ifit’s closed — A.

If opened — B.

If no movement (stayed closed) — C.

Wait, but “no movement” probably means the gripper didn’t change (closed to closed), so same state.

But the problem states: “Focus only on robot arm/gripper motion across the three images. Please select from the
following options whether the left gripper is opened or closed from Image I to Image 2?”

So it’s about the motion: did the gripper open, close, or no movement.

If the gripper stayed closed, then no movement.

If it opened, then opened.

If it closed (from open to closed), then closed.

Now, let’s analyze the correct state based on images:

Image 1: Left gripper closed (holding bread).

Image 2: Left gripper is open (bread is on the counter).

Image 3: Left gripper closed (holding bread).

Yes.

This makes sense because the robot is moving the bread to the toaster. So:
Image 1: left gripper holds bread (closed).

Image 2: left gripper releases the bread (opens), so it’s open.

Image 3: left gripper is holding the bread again (closed).

Yes, this must be it.

So:

First question: Image 1 to Image 2.

Left gripper went from closed to open — so it opened. So answer B: Opened.
Second question: Image 1 to Image 3.

Left gripper was closed (1) — opened (2) — closed (3). So the state in Image 3 is closed. But the question is
whether it opened or closed during the transition. The transition from I to 3 includes a change (open then closed),
but the question is about the state in Image 3.

Wait, no. The question is: from Image 1 to Image 3, what is the state of the left gripper.

The options are A: Closed, B: Opened, C: No movement.

If the left gripper is closed in Image 3, then A: Closed.

Third question: Image 2 to Image 3.

Left gripper was open (2) — closed (3). So it closed. So answer A: Closed.

Wait, but the question is “whether the left gripper is opened or closed from Image 2 to Image 3.
The options are A: Closed (if it’s closed), B: Opened, C: No movement.

If it went from open to closed, then it closed — A.



Let’s verify:

Image 1: Left gripper closed (B: bread held).
Image 2: Left gripper open (B: bread on counter).
Image 3: Left gripper closed (B: bread held).
Yes.

So:

1. 1—=2: opened (B).

2. 1—3: closed (A), because it’s closed in 3.
3. 2—3: closed (A), because it’s closed in 3.
But wait, the question is about the change.
Wait, for the first question:

From 1 to 2, the gripper opened. So answer B.

Second question: From I to 3, the gripper closed (from I to 3: it started closed, opened, then closed). So the final
state is closed. So answer A.

Third question: From 2 to 3, the gripper closed (from open to closed). So answer A.
Thus, the answers are B, A, A — BAA.

But let’s check.

First question:

Image 1: closed.

Image 2: open.

So from 1 to 2, the gripper opened. So answer B: Opened.

Second question:

Image 1: closed.

Image 3: closed.

So from I to 3, the gripper is closed (final state). So answer A: Closed.
Third question:

Image 2: open.

Image 3: closed.

So from 2 to 3, the gripper closed. So answer A: Closed.

Yes, that makes sense.

So the correct answers are B, A, A — BAA.

Now, why is Image 2’s left gripper open?

Because in Image 2, the left arm is moving towards the toaster, and the bread is on the counter. So the gripper
opened.

Yes, this must be the case.

So:

1. Image 1 to 2: left gripper opened (B).
2. Image 1 to 3: left gripper closed (A).
3. Image 2 to 3: left gripper closed (A).
Thus, the answer is BAA.

</think>

<answer>BAA</answer>



Discussion. As shown, our model’s reasoning trace is notably shorter but still logically complete. This indicates that our
method encourages compression of reasoning without loss of correctness, aligning with the intuition that efficient reason-
ing is both concise and targeted.
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