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Abstract

Multimodal Reasoning Models (MRMs) lever-
aging Chain-of-Thought (CoT) based thinking
have revolutionized mathematical and logical
problem-solving. However, we show that this
paradigm struggles with generalized spatial in-
telligence. We perform a comprehensive eval-
uation of twenty-one models across thirteen
spatial benchmarks and identify a critical gap:
CoT prompting consistently degrades perfor-
mance in visual spatial reasoning. Further-
more, through a novel No-Image++ ablation,
we demonstrate that MRMs and CoT prompted
MLMs suffer from severe shortcut learning,
and hallucinate visual details from textual pri-
ors even when the image is absent. These find-
ings challenge the efficacy of text-only CoT
for spatial tasks and underscore the need for
vision-centric reasoning paradigms'.

1 Introduction

The emergence of "System 2" Multimodal Rea-
soning Models (MRMs), models post-trained via
SFT and RL to generate step-by-step reasoning,
has driven remarkable progress in mathematical
and logical domains. By leveraging Reinforcement
Learning (RL) (Lambert et al., 2024; Guo et al.,
2025) and long Chain-of-Thought (CoT) (Wei et al.,
2022; Wang et al., 2022) inference, MRMs demon-
strate the ability to self-correct and reason through
complex problems. Separately, CoT prompting is
a general technique that instructs any Multimodal
Language Model (MLM) to think step-by-step be-
fore answering. However, a fundamental ques-
tion remains: does this text-centric reasoning
paradigm translate to spatial intelligence? Spa-
tial reasoning requires grounding, geometric in-
tuition, and precise localization, which are skills
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that may not easily arise from verbose, text-based
reasoning (Tong et al., 2024a,b).

In this work, we conduct a comprehensive eval-
uation of twenty-one models: eight state-of-the-
art open-source MRMs (e.g. GThinker, ViGoRL,
TreeVGR), eight diverse backbone MLMs span-
ning three families (Qwen, InternVL, LLaVA), and
five proprietary models (GPT-40, GPT-4.1-mini,
GPT-5, GPT-5-mini, GPT-5-nano). We benchmark
these models across thirteen datasets covering static
2D relations, 3D geometry, and dynamic/temporal
understanding. To isolate the impact of CoT rea-
soning, we standardize our evaluation using a uni-
form evaluation and scoring policy. Our findings
reveal that contrary to trends in other domains, CoT
prompting degrades performance in visual spatial
tasks. Our contributions are as follows: (i) We
show that MRMs consistently underperform their
own backbone on generalized spatial benchmarks.
In our experiments, 7 out of 8 reasoning models
failed to surpass the backbone they were distilled
from. (ii) We demonstrate in Figure 1 that CoT
prompting lowers accuracy by an average of 3%
across a diverse range of MLMs. (iii) Through a
novel No-Image++ ablation, we show that MRMs
suffer from severe shortcut learning. When pre-
sented with a blank image and a “Cannot determine”
option, reasoning models continue to hallucinate
visual details and confidently select incorrect an-
swers based solely on textual priors.

These results suggest that simply scaling text-
based reasoning is insufficient for robust spatial in-
telligence, highlighting the need for vision-centric
training paradigms.

2 Methodology

We begin by describing the baseline models we
consider, datasets and our evaluation scheme.
Baselines: We rigorously benchmark the perfor-
mance of twenty-one models:
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Figure 1: (Left) CoT vs Non-CoT performance of open-source MRMs. (Right) Bar chart showing the average
accuracy of various families of MLMs over 13 benchmark datasets. For each model, the left bar shows the accuracy
achieved by CoT prompting, and the right bar shows for base prompt (non-CoT). We observe CoT prompting drops
performance over a wide range of backbones and model scales, including Qwen3-VL-8B-Thinking (Bai et al.,
2025a), a model with explicitly enhanced spatial perception.

i) QwenVL backbone: We evaluate three scales
of Qwen2.5-VL-Instruct (3B, 7B, 72B) (Bai et al.,
2025b), along with Qwen3-VL-8B-Thinking (Bai
et al., 2025a), a recent model with explicitly en-
hanced spatial perception post-trained to reason
within <think> tags. We further evaluate eight
SOTA general-purpose visual Multimodal Reason-
ing Models (MRMs) trained atop Qwen2.5-VL-
7B using RLVR (Shao et al., 2024): GThinker-
7B (Zhan et al., 2025) (Jun’25), ViGoRL-7B-
Spatial (Sarch et al., 2025) (May’25), Vision-G1-
7B (Zha et al., 2025) (Aug’25), R1-Onevision-
7B (Yang et al., 2025b) (Mar’25), VL-Rethinker-
7B (Wang et al.,, 2025b) (May’25), Vision-
R1 (Huang et al., 2025) (Mar’25), TreeVGR (Wang
et al., 2025a) (Jul’25), and ThinkLite-7B (Wang
et al., 2025d) (Apr’25); ii) InternVL backbone:
InternVL3-8B, InternVL3.5-38B (Wang et al.,
2025c¢); iii) LLaVA backbone: LLaVA-v1.6-
Mistral-7B, LLaVA-OneVision-Qwen2-72B (Li
et al., 2024); and iv) Proprietary frontier models:
GPT-40 (Hurst et al., 2024), GPT-4.1-mini (Ope-
nAl, 2025), GPT-5, GPT-5-mini, and GPT-5-
nano (Singh et al., 2025). In total, twenty-one di-
verse baselines cover reasoning and non-reasoning
models, scales from 3B to 72B, and open-source to
proprietary.

Open-source MRMs. We choose eight diverse top
performing open-source MRMs (listed above) that
are trained for general visual reasoning including
spatial tasks. ViGoRL-spatial and TreeVGR are ex-
plicitly trained to perform spatial reasoning, while
the remaining MRMs (with the exception of Vision-
R1) contain spatial domains in their training data
and are trained as general purpose visual reason-
ers. All eight MRMs are built atop the Qwen2.5-
VL-7B-Instruct backbone, enabling a controlled

comparison against a shared backbone. A key mo-
tivation for our study, highlighted in Tab. 1, is that
the original papers for these models evaluate on
math heavy datasets which are not vision-centric.
We hence comprehensively evaluate the reasoning
capabilities of these models on spatial tasks.

Baseline |

GThinker-7B
R1-Onevision-7B
ViGoRL-7B-Spatial
VL-Rethinker
Vision-G1
Vision-R1

Paper-Reported Datasets

MMStar, RWQA, MMMU-Pro
MathVision, Mathvista, Mathverse
SAT-Val, BLINK
MathVision, MMMU-Pro, MEGA
MathVista, MMMU-Pro, MMStar, ChartQA
MathVista, MMStar, ChartQA, MME 1,

Table 1: Most eval datasets are Math heavy, are not
vision-centric, and do not cover many aspects of spatial
reasoning.

Datasets: We evaluate on thirteen datasets cov-
ering various aspects of spatial reasoning, which
can be broadly categorized into static 2D datasets
and 3D/dynamic datasets. The former datasets are
usually confined to single images and focus on pla-
nar spatial relationships, usually from the camera’s
perspective. We place BLINK (Fu et al., 2025),
CV-Bench2D (Tong et al., 2024a), MM VP (Tong
et al., 2024b), RealWorldQA (xAl, 2025), Spatial-
Bench (Cai et al., 2025), VSR (Liu et al., 2023),
and V*Bench (Wu and Xie, 2024) in this category.

We also consider benchmarks that require
reasoning involving 3D geometry, depth, multi-
image consistency, and temporal reasoning. These
datasets often involve understanding the 3D
position and relative orientation from the object’s
perspective inside the image. 3DSRBench (Ma
et al., 2024), CV-Bench3D (Tong et al., 2024a),
MindCube (Yin et al., 2025), MMSIBench (Yang
et al., 2025a), OmniSpatial (Jia et al., 2025), and
SAT-Real (Ray et al., 2025) belong to this category.
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We choose these datasets as they have real-world
objects set in natural scenes, are difficult to
answer on account of being vision-centric (Tong
et al., 2024a), and cover a wide range of spatial
capabilities. A summary of the datasets along with
the various spatial facets they test is provided in
Appx. Tab. 5. The left half of the table describes
the 2D datasets and the right half the rest.

Evaluation: To ensure uniform evaluation,
we follow VLMEvalKit (Duan et al., 2024)
to provide a uniform system prompt as
well as a uniform question format. All
benchmarks are multiple-choice questions
(MCQs) with options provided in the question
prompt. The question format for all datasets
is: Question:<question>\nOptions:\nA.
<optA>\nB. <optionB> ...\nPlease select
the correct answer (letter and option
text) from the options above. We append
dataset-specific prompts for OmniSpatial &
MindCube to ensure good performance. The
prompts are detailed in Appx. § A.

Metric. We use vLLM (Kwon et al., 2023) version
0.10.0 for performant, batched inference of MLMs
on 4 NVIDIA A100 GPUs. We use a batch size
of 16, set max new tokens generated to be 32768,
set model context length as 32768, and perform in-
ference on b float16 precision. Proprietary models
are accessed via the OpenAl ChatComplete API
with the default temperature. We use pass@1 accu-
racy under greedy decoding (with temperature set
to 0) as our metric. Open-source model results are
over 3 seeds.

System Prompts. We evaluate models in two
settings, using a i) base prompt/non-CoT prompt

such as “You are a spatial-reasoning
assistant. The user asks a question,
and the Assistant solves it.” or

a ii) CoT prompt where we append “First
output the thinking process in <think>
</think> tags and then output the final
answer in <answer> </answer> tags.”
to the base prompt. For CoT evaluation of
MRMs, we use the custom CoT prompt they
train on (instead of default shown above) for
best performance as shown in the table below.

The custom Model | Custom CoT | Simple CoT
CoT prompt GThinker-7B ‘ 62.52 ‘ 59.57
used for each Vision-G1 63.26 62.06

MRM is shown in Appx § A.
Scoring the generations. We use an LLM-as-

a-judge along with a carefully designed prompt,
shown in Appx. § A.3, to score all generations.
We pick Qwen3-30B-A3B-Instruct-2507, a small
non-reasoning text model as our judge for scor-
ing since our evaluation is on MCQs with short
answers i.e the final answer of the model is not
free-form but restricted to the options provided. To
validate our choice, we re-score the generations of
Vision-G1 using GPT-40 as the judge, and compare
it with our chosen judge. We observe a Cohen’s
kappa score (Cohen, 1960) of > 0.99 indicating
near-perfect agreement of judges.

3 Results and Analysis

(i) CoT Prompting Hurts Visual Spatial Reason-
ing. Contrary to trends in math and logic domains,
we observe that CoT prompting frequently hurts
performance in visual spatial tasks. Figure 1 (left)
shows the performance of open-source MRMs un-
der both CoT and non-CoT prompting. Surpris-
ingly, these models, which have been explicitly
trained via RL to reason, often perform better when
this reasoning capability is suppressed. Six of the
eight MRMs achieve higher accuracy with the non-
CoT prompt than with their native CoT prompts.
GThinker is an outlier, dropping —23.14% as it
is not robust to changes in its prompt and gener-
ates ill-formed CoT-style traces even when given
the direct-answer base prompt (example in Appx.
§ C) Figure 1 (right) shows that this trend holds
across three families of models (Qwen, InternVL
& LLaVA), and across a range of model strengths
(params ranging from 3B to 72B). It also holds
for Qwen3-VL-8B-Thinking (Bai et al., 2025a),
a recent Qwen3-family model with explicitly en-
hanced spatial perception and a native <think>-
mode where non-CoT still outperforms CoT by
0.64% at a strong baseline of ~65% (dataset-wise
results in Appx. Table 8).

The trend further extends to proprietary mod-
els: Table 4 reports five GPT-family models, and
non-CoT remains competitive with or exceeds CoT
across the board. GPT-5 and GPT-5-nano in par-
ticular show clear CoT degradation (+0.65% and
+1.23% for Non-CoT, respectively), mirroring the
open-source trend, while GPT-40 and GPT-4.1-
mini show only marginal CoT gains (< 0.5%)
despite the additional inference compute required
for reasoning. We further analyze the CoT traces
of proprietary models and find two notable differ-
ences from open-source models: (i) proprietary
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Models ‘ 3DSRBench  BLINK CV-Bench MindCube MMSIBench MMVP
\ 2D 3D
QWCDZ.S—VL—7BCOt 57.110'39 53‘44()»30 75.920'03 76.090'31 30.830_25 27.470,21 72-440.68
Qwen2.5-VL-7B 55.380.06 5604003 77.17)03 83.7800s 35.11008  26.87000  75.78y 10
GThinker-7B 56.58000  54.T6017 1740005 82.9500s 40.1603  27.3303  73.780.42
R1-Onevision-7B 48.520.20 43.270'50 53.31()‘04 58.000,42 27.090,42 13.300‘30 56.16016
ViGoRL-7B-Spatial 55.84.20 52.51p9926 76.599.27 86.14919 39.360.16 25.870.17 73.220.49
VL-Rethinker-7B 56.990.11 54.600'23 76~060A12 80.75014 37.81027 26.90003 75.89()‘16
Vision-G1 55‘910.01 54'600.08 76.700,15 83.750'14 38.100,31 26.070,12 76.560,16
Vision-R1-7B 55.01p.20 46.47066 T71.580.12 75.83031  36.950.59 22.900.36 72.220.32
TreeVGR-7B 51.530.03 53.160'25 76.240_09 75.170'13 44-250.66 27.17()‘33 71.33()‘27
ThinkLite-7B 57.26013  57.1300s 76.89015 80.44016  30.13093 27.97056  73.560.16
Models OmniSpatial RealWorldQA SAT SpatialBench VSR V#*Bench | Avg.
QWGHZ.S-VLJBCOt 40400.80 63.050.27 59.22()‘57 61.75()‘70 81.830'35 76.27025 59.68
Qwen2.5-VL-7B 45.230 11 69.02000 6311515 6287500 8538504 79.060.00 | 62.68
GThinker-7B 47-68014 68.670,06 58.44()‘16 60.07(115 83.77()‘04 81.150‘00 62.52
R1-Onevision-7B 31.540'10 49.870_46 51~500.83 50-190.18 72‘500.32 54.190_79 46.88
ViGoRL—7B—Spatial 364970,21 65.670.55 58.440_68 58.65049 82.080,07 77.49074 60.68
VL-Rethinker-7B 39.840.26 68.500.39 65.000 .95 61.57 15 84.404 08 64.57108 | 60.99
Vision-G1 46.880.21 69.76()_16 62.67()‘00 64.93()_0() 86.550.08 79.93()‘25 63.26
Vision-R1 39.750.16 67.41¢.06 58.45¢ 32 60.51¢.08 79.950.18 78.18p.25 | 58.86
TreeVGR-7B 47'290.38 67-580,11 62.11()‘79 60.260(16 74.800‘07 83.60()‘49 61.11
ThinkLite-7B 45.360'43 69.370_06 66.440,42 62.190_32 86‘850,04 80.280_25 62.61

Table 2: Accuracy of SOTA MRMs on 13 spatial benchmarks. The top two rows shows performance of the base
model Qwen2.5-VL-7B, which is competitive with MRMs trained to perform multimodal reasoning. We identify
that open-source MRMs do not exhibit generalized spatial intelligence beyond their base model.

Models ‘Random‘QwenZSc{)t Qwen2.5‘GThinker R1-Ov ViGoRL VL-Re. Vision-G1 Vision-R1 TreeVGR ThinkLite
No-Image 38.83 37.45 38.59 44.17 28.1 43.18 41.26 44.46 41.15 4191 42.48
No-Image++| - 434 76.41 5.55 11.22 3095 47.73 25.28 7.29 11.35 36.00

Table 3: Results of two variant of the No-Image ablation, where the images are replaced with an uninformative
full gray image. For No-Image, MRMs show much higher average performance, indicating their ability to shortcut
an answer just from the question (random is better). For No-Image++ (higher better), where a “cannot determine”
option is added, we find Qwen_cot as well as MRMs still choose other options as they are biased by the text trace.

datasets in Tab. 2. The first two rows indicate back-
bone results, where cot indicates evaluation un-

models produce significantly shorter traces (~350
characters for GPT-5-mini vs. ~3600 characters

for Qwen3-VL-8B-Thinking), and (ii) proprietary
traces lack the reflective phrases (e.g., “wait”, “let
me reconsider”) and repetitive looping commonly
observed in open-source MRMs. An example out-
put is shown in Appx. § C.3. We hypothesize that
this conciseness helps proprietary models avoid the
hallucination-inducing verbosity that harms open-
source models, though their training details remain
opaque. These observations suggest that the qual-
ity and conciseness of reasoning traces, rather than
their mere presence, may be key to preserving spa-
tial reasoning performance under CoT prompting.

(ii) RL-trained Multimodal Reasoning Mod-
els Underperform their Backbone. We present
the accuracies of eight open-source MRMs on 13

der CoT prompt. We observe that the non-CoT
Qwen2.5-VL backbone shows strong average per-
formance of 62.68%. Surprisingly, despite exten-
sive SFT and RL training designed to enhance
visual reasoning, seven out of the eight MRMs
fail to surpass this baseline. Even models explic-
itly finetuned for spatial tasks ViGoRL (—2%) &
TreeVGR (—1.57%) underperform the backbone.
Vision-G1 is the only exception, and outperforms
the backbone by +0.6%. However, as we show in
the paragraph below, Vision-G1 also posts the high-
est No-Image accuracy among all MRMs (Tab. 3),
suggesting its performance may stem partly from
exploiting dataset shortcuts and question-only tex-
tual cues rather than grounded visual reasoning.
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(iii) Reasoning Models Show Over-reliance on
Text Rationale. We highlight a crucial shortcom-
ing of text-only CoT reasoning, where we observe
an over-reliance on the text modality which leads to
hallucination of visual content. We perform a No-
Image ablation, where we pass an uninformative
fully gray image (of the same size and aspect ratio
as the original image) as input along with the ques-
tion. The first row of Table 3 reports the average
accuracy across all 13 datasets. We observe that
MRMs perform significantly better than random
guessing (e.g., GThinker achieves 44.17%), indi-
cating they can "shortcut” the answer by ignoring
visual content and relying solely on question text,
options, and world-knowledge priors.

To verify this behavior stems from hallucina-
tion rather than lucky guessing, we introduce the
No-Image++ setting, which retains the gray image
but appends a “Cannot determine from the image”
option as the ground truth. As the second row of
Tab. 3 shows, the Non-CoT backbone correctly
abstains on 76.41% of samples, whereas MRMs
fabricate reasoning traces supporting one of the
original options. Fig. 2 provides a qualitative exam-
ple, and Fig. 3 shows the effect generalizes across
three MLM families.

ViGoRL hallucination under No-Image++ (blank image)
Question (CVBench2D): “Where is the cave located with
respect to the trees? Options: A. above, B. below, C. Cannot
determine from the image”

Output: <think> The cave entrance appears to be at the bot-
tom of the image, while the trees are higher up, suggesting
that the cave entrance is below the trees. (300, 450) ...The
cave entrance is clearly situated at the bottom of the image,
which is below the trees. (250, 550) </think> <answer>
below </answer>

Note: The MRM hallucinates coordinates and spatial rela-
tionships using world knowledge.

Figure 2: Qualitative examples of No-Image++ failure
mode. ViGoRL hallucinates detailed spatial reasoning
for a blank image in the No-Image++ setting.

CoT-induced hallucination is not Qwen-specific.
To rule out a backbone-specific artifact, we repeat
the No-Image++ probe on two further backbones
from different MLM families: InternVL3-8B and
LLaVA-v1.6-Mistral-7B. As Fig. 3 shows, all three
Non-CoT backbones correctly abstain on most sam-
ples (avg. 76.41% Qwen2.5-VL, 85.52% LLaVA-
v1.6, 68.07% InternVL3), but switching to CoT
prompting reduces abstention in every family (by
-33.0%, -52.8%, -17.5% respectively), confirming
that the failure arises from the CoT paradigm itself.

No-Image++ Average

MMVP

—— Qwen2.5-VL-7B-Instruct (Non-CoT)
—= Qwen2.5-VL-7B-Instruct (CoT)
InternVL3-8B-hf (Non-CoT)

InternVL3-8B-hf (CoT)
—— LLaVA-v1.6-Mistral-78 (Non-CoT)
— = LLaVA-v1.6-Mistral-7B (CoT)

Figure 3: No-Image++ accuracy across 13 benchmarks
for three MLLM backbones under Non-CoT (solid) and
CoT (dashed) prompting. CoT causes all three families
(Qwen2.5-VL, InternVL3, LLaVA-v1.6) to hallucinate
instead of selecting the “Cannot determine” option.

Model |  Avg. CoT Avg. Non-CoT
GPT-40 (Hurst et al., 2024) 65.55 (+0.50) 65.05
GPT-4.1-mini (OpenAl, 2025) 67.79 (+0.39) 67.40
GPT-5 (Singh et al., 2025) 69.00 69.65 (+0.65)
GPT-5-mini (Singh et al., 2025) | 69.86 (4+0.08) 69.78
GPT-5-nano (Singh et al., 2025) 60.63 61.86 (+1.23)

Table 4: CoT vs Non-CoT proprietary models. The
dataset-wise results are shown in Appx. Table 9.

4 Conclusion

We show that the success of reasoning models in
logic and math does not yet extend to the spatial
domain. Our benchmarking of twenty-one models
across thirteen datasets reveals that CoT prompt-
ing consistently degrades spatial reasoning perfor-
mance, with specialized MRMs frequently under-
performing their own base models. Crucially, our
No-Image++ analysis identifies the mechanism be-
hind this failure: current reasoning chains tend to
hallucinate visual information based on textual pri-
ors rather than engaging in grounded perception.
Our analysis of proprietary models further suggests
that concise, non-repetitive reasoning traces may
mitigate this degradation. Our work highlights
the need for vision-centric training paradigms for
MRMs. Promising future directions include (i)
test-time visual verifiers that evaluate each reason-
ing step against image evidence and trigger back-
tracking on incorrect visual claims, and (ii) visual
process reward models that incentivize grounded,
perception-first reasoning during training.
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Limitations

In this work, we have sought to cover a broad range
of visual spatial reasoning datasets and R1-style
MRMs. However, we do not claim that the 13
datasets included represent the entirety of the vi-
sual spatial reasoning domain. Given the current
landscape of MRM, it is challenging to completely
isolate all confounding factors that may lead to per-
formance improvements or declines across these
datasets. We note that proprietary model training
details remain opaque, limiting deeper analysis of
their behavior. We believe this study offers a solid
foundation for future research to further explore
vision-centric reasoning paradigms.
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A Prompts

In this section we present the dataset prompts as
well as different system prompts used in the base-
lines.

A.1 System Prompts

Base prompt. This is the simple no-thinking
prompt used by Qwen2.5-VL-7B. You are a
spatial-reasoning assistant. The user
asks a question, and the Assistant solves
it.

CoT prompts. We give the list of CoT system
prompts we use to evaluate the MRM baselines.
Below we present prompts used by GThinker, R1-
Onevision, ViGoRL-Spatial, VL-Rethinker, Vision-
G1, and Vision-R1 respectively.

GThinker: A conversation between User and
Assistant. The user asks a question, and
the Assistant solves it. The assistant
first thinks about the reasoning process
in the mind and then provides the user
with the answer. The reasoning process
and answer are enclosed within <think>
</think> and <answer> </answer> tags,

respectively, 1i.e., <think> reasoning
process here </think><answer> answer
here </answer>. In the reasoning

process enclosed within <think> </think>,
each specific visual cue is enclosed
within <vcues_x*>...</vcues_x*>, where
* indicates the index of the specific
cue. Before concluding the final answer,
pause for a quick consistency check:
verify whether the visual cues support
the reasoning and whether each step
logically follows from what is seen. If
correct, conclude the answer; otherwise,
revise the visual cues and reasoning,
then conclude.

R1-Onevision: You are a spatial-reasoning
assistant. The user asks a question, and
the Assistant solves it. First output
the thinking process in <think> </think>
tags and then output the final answer in
<answer> </answer> tags.

A conversation between
The User asks a

ViGoRI-Spatial:
User and Assistant.
question,

and the Assistant solves it.

The Assistant
through the

systematically reasons
problem step by step
by checking and verifying possible
solutions and image regions, while
grounding reasoning steps to specific
objects and their relationships in the
image using (x,y) coordinates. There may
be one image or two images concatenated
together, in which case the Assistant
must compare the spatial relationships
between the two images.\n\n All reasoning
processes must be enclosed within a single
set of ’<think>’ tags, and reasoning
steps must include specific reference
coordinates:\n\n For example, <think>
{Reasoning text}. {Further reasoning
text} {more reasoning} </think> The final
answer should be enclosed in ’<answer>’
tags in the format: <answer> {text of
selected answer choice} </answer>\n\n The
Assistant must help the user identify the
correct answer choice from the options
provided.\n - If the correct answer is
unclear, select the most relevant option
based on the spatial relationships and
dynamics within the image.\n - The
Assistant should verify each step and
check multiple possible solutions before
selecting the final answer.

VL-Rethinker: Please think step by step,
and **regularly perform self-questioning,
self-verification, self-correction to

check your ongoing reasoningxx, using
connectives such as "Wait a moment”,
"Wait, does it seem right?", etc.

Remember to put your final answer within
D.
Vision-G1: You FIRST think about the
reasoning process as an internal
monologue and then provide the final
answer. The reasoning process MUST BE
enclosed within <think></think> tags.
The final answer MUST BE put in .

Vision-R1: A conversation between User and
Assistant. The user asks a question, and
the Assistant solves it. The assistant
first thinks about the reasoning process
in the mind and then provides the user
with the answer. The reasoning process

869



and answer are enclosed within <think>
</think> and <answer> </answer> tags,
respectively, 1i.e., <think> reasoning
process here </think><answer> answer
here </answer>.

A.2 Dataset Prompts

We use prompts from the respective papers for
OmniSpatial, MindCube and Spatial457 as recom-
mended.

OmniSpatial: Task \n — \n You will
receive 1. *xImage** - a single RGB frame
depicting a scene. \n 2. **Question** -
a natural-language query about spatial
relationships between objects in the
image. \n 3. **Options** - >=2 answer
candidates, each tagged by a capital
letter (A, B, C, D...).\n Based on
the image and question, provide your
answer. Always ground your answer in
the visual evidence; do not hallucinate
unseen objects. If uncertain, pick the
most plausible option—never refuse or
reply “insufficient information.”

MindCube: Your task is to analyze the
spatial arrangement of objects in the
scene by examining the provided images,
which show the scene from different
viewpoints.

A.3 LLM Judge Scoring Prompts

We show the prompts we use for judging MLM
generations.

MCQ Scoring: You are a helpful assistant.
\n\n Your task: given (1) a free-form
"Response” and (2) a list of "Options”,
decide which option the response most
likely corresponds to and return the
option letter. If no option clearly
matches, output "@". \n\n Inputs: -
Response: free-form text that may
include a letter, a phrase, or an
explanation. - Options: A series of
choices, each starting with a single
uppercase letter followed by ".", one
option in each line.\n\n Output format: -
STRICTLY OUTPUT EXACTLY ONE CHARACTER: a
single uppercase option letter from the

allowed set, or "@".\n - Do not output
any explanation, spaces, punctuation,
or additional text.\n\n Rules:\n 1) If
the response explicitly names exactly
one letter (patterns 1like "A", "A)",
"Option A", "Answer is C"), return that
letter immediately.\n 2) Only evaluate
the explicitly provided choice. If the
response is 1long and complex without
an explicit final choice, return "0".\n
3) If multiple choices appear in the
response, the last unambiguous one is the
final choice.\n 4) Never judge factual
correctness—only map the response to the
best matching option letter from the
given options.\n 5) If no explicit letter
can be extracted from the response,
compare the response’s meaning to option
texts. If exactly one option clearly
restates or is a synonym/number/name/unit
match for the response, return its letter.
(Example: response “1956” matches option
“B. 1956”)\n 6) If the response uses
standard MCQ phrases such as "none of
the above" or "all of the above” and a
matching option exists, map them. If
there 1is no matching option, output
"@".\n 7) If the response contains both
an explicit letter and a conflicting

phrase, prefer the explicit letter.
If conflicts remain or are unclear,
output "0".\n 8) If the response says

"I don’t know"”, "Cannot determine”, or
similar, output "@".\n \n\n - Example 1\n
Response:\n Rome\n Options:\n A. Paris\n
B. Berlin\n C. Rome\n D. Madrid\n\n
Output -> C\n\n - Example 2\n Response:\n
I don’t know\n\n Options:\n A. Glucose\n
B. Fructose\n C. Sucrose\n D. Lactose\n\n
Output -> @\n\n - Example 3\n Response:\n
A. B\n\n Options:\n A. B\n B. D\n C. A\n
D. C\n\n OQutput -> A\n\n

VQA Scoring: You are a helpful
assistant.\n\n Task: Given a short
free-form "Response” and a gold-standard
"Gold"”, decide if the Response expresses
the SAME answer as Gold. Output "1"
for match, "0"” otherwise.\n\n Inputs:\n
- Gold: the gold-standard answer which
is either (i) a short phrase, (ii)
an integer, or (iii) "Yes"/"No".\n -
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Response: a few words or a short phrase,
possibly will include reasoning steps
before the final answer.\n\n Output
format:\n - STRICTLY OUTPUT EXACTLY ONE
CHARACTER: "1" if matching, "@" if not.\n
- Do not output any explanation, spaces,
punctuation, or additional text.\n\n
Rules:\n 1) Compare only the final
answer in the Response to Gold. Ignore
any reasoning steps or intermediate
answers present in the Response.\n
2) If multiple conflicting answers or

uncertainty like "I don’t know" appear
in the Response, output "@".\n 3) Do
not use external knowledge; judge only

based on the text in Gold and Response.\n
4) Punctuation, grammar, and minor
spelling errors should be ignored.\n -
uppercase/lowercase differences should
be ignored.\n - hyphen and underscore
are ignored. For ex, "double-bus" and
"double bus" are considered the same.\n
- synonyms of "Yes"/"No"” like "Y"/"N",
"True"/"False” must be considered the
same.\n - word representations of
numbers like "one"/"two"/"three” must be
considered the same as "1"/"2"/"3".\n
5) Core concept and critical attributes
must match. For example, "New York
City"” and "New York State"” do not match.
Other examples of non-matches are “bus”
vs “double bus”; “red” vs “light red”;
“dog” vs “golden retriever”; “apple” vs
“green apple”.\n 6) If the response says
"I don’t know"”, "Cannot determine”, or
similar, output "@".\n\n Examples:\n -
Gold: Double Bus | Response: This is a
bus -> 0\n - Gold: Double Bus | Response:

I can see a double-bus -> 1\n - Gold:
Yes | Response: Y -> 1\n - Gold: 10
| Response: ten -> 1\n - Gold: red |
Response: light red -> @\n - Gold: stop
sign | Response: a stop sign on a pole
-> 1\n - Gold: person | Response: man

-> O\n\n Now read the following Gold
and Response and output exactly one
character: "1" or "0".\n

B Expanded Tables

Below we present the full table for the No-Img
Ablation containing results for all 14 datasets.

In the expanded table below, we provide dataset-
wise number for CoT vs Non-CoT performance of
MLMs of various backbones and sizes.
Gthinker-7B: visual clues (description of salient
part in text) within <vcues_*></vcues_*>tags, en-
courage rethinking (to enable reflection & relook).
Build 7k sample CoT dataset using ‘pattern-guided
cold start’ (from ScienceQA, M3CoT, Math, Sher-
lock etc). CoT data generated using a cascade
of MLMs ensuring some samples have rethinking
stages. RL data sources are very diverse and gen-
eral (from llava-ol, rlonevision, mm-eureka). 4K
samples are pick from RL sources post clustering
to enforce diversity. RL & SFT data sources are
different.

ViGoRL-7B: base models do not perform vi-
sual verification & don’t perform backtrack-
ing/reflection. Vanilla GRPO also does not incen-
tivize this behavior. Two step process, i) warm-start
CoT SFT: MCTS to generate grounded reasoning
steps, where each reasoning step anchors though
to image coordinates < s, (z¢, y¢) >. Pref MCTS
over linear rollouts to enforce exploration and cor-
rective reflection. Qwen2.5-VL-72B teacher is
used to generate about 20k reasoning traces from
1400 images of SAT data (from a total of 32k im-
ages) ii) spatially grounded RL: Entire training set
of 32k SAT questions.

Vision-G1: multi-domain data curation. Train-
ing data spanning many domains (all domains of
VisCoT) is collected. The training sources have
cross image reasoning data IconQA, NLVR2, Im-
ageCode and spatial reasoning datasets VQA-AS,
Super-CLEVR. Multi-round RL with data curricu-
lum is used (i.e after every round of RL data se-
lection is performed to discard low quality data).
Influence function based selection is done using
LESS (LESS: Selecting Influential Data for Tar-
geted Instruction Tuning). For difficulty based fil-
tering, use prev round checkpoint to generate k
rollouts for each sample, and retain those with avg.
acc between 0.2&0.8 (dicard too easy and too hard
samples). First IF selection gives 40K training sam-
ples, then prev round checkpt is used to perform
difficulty-based filtering, on which current round
RL training is done. Training done for 3 rounds.
Unclear if selection & filtering is done fresh over
entire data for every round, or selection done once
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Benchmark ‘ #Questions Tags Benchmark ‘ #Questions Tags

BLINK (2025) 19K DEP.REL,CNT.LOC  3pgRBench (2024) 5.2K 3D, LOC, ORI
f/l\&‘i“;‘zﬁ; 3024‘“) 13-3:)‘ REL’IS?LT’ LLC())CC’ SIZ - CV-Bench3D (2024a) | 12K DEP, 3D, REL
RealWorldOA (2025 | 765 REL LOC MindCube (2025) 1K MV, REL, EGO, INT
SpatialBench (2025) 174% REL, LOC, SIZ MMSIBench (2025a) 1K MV, TMP, LOC, ATT
V*Bench (2024) 191 ATT, REL SAT-Real (2025) 150 TMP, INT, EGO

Table 5: Summary of benchmark datasets used to measure spatial reasoning capabilities of MRMs. Star next
to size indicates circular evaluation for those datasets. The tags are REL: object-object spatial relations, DEP:
depth/relative distance, ORI: orientation, LOC: localization, SIZ: scale comparison, CNT: counting, 3D: explicit 3D
geometry (location & orientation), MV: multi-image reasoning, TMP: motion/dynamics, EGO: egocentric/allocentric

reference, INT: interaction, ATT: object attribute.

and filtering done on same set of 40k samples.

Vision-R1: Two stage: CoT SFT on 200k ‘cold-
start initialization data’ (from llava-cot & mulberry)
Vision-R1-Cold followed by GRPO training on
10k RL data (WeMath, MathVision, PolyMath,
SceMQA, Geometry3K) using a Progressive Think-
ing Suppression Training (PTST) strategy. They
observe simple R1-zero style training fails (reasons
could be lack of question coverage/diversity, no
difficulty based filtering). TO generate CoT data,
they perform ‘Modality-Bridging’ by getting text
descriptions of images, and feeding it to Deepseek-
R1. PTST keeps an output length constraint of
4K,8K,16K tokens for three stages (each 100
iters), with group sizes 16, 8, 4 resp. This curricu-
lum enforces shorter reasoning chains at the begin-
ning of GRPO training.

C Qualitative Examples

Below we present additional qualitative examples
illustrating the failure modes identified in our anal-
ysis.

C.1 GThinker Degenerate Qutput

When evaluated under the non-CoT (direct answer)
prompt, GThinker fails to follow the direct-answer
format and produces degenerate outputs for many
samples. An example from RealWorldQA is shown
below:

Question: “Which item is larger than the other?”

GThinker
<tool_call>\n\n\n\n\n\n\n\n\n\...
peats until max token limit)

output:
(re-

This degenerate behavior explains the —23.14%
drop reported for GThinker in Figure 1 (left table).

C.2 No-Image++ Hallucination

In the No-Image++ setting, the input image is re-
placed with a blank gray image and a “Cannot de-
termine from the image” option is added. Despite
receiving no visual information, CoT-prompted
models hallucinate detailed spatial reasoning. An
example from CVBench2D:
Question: “Where is the cave located with respect
to the trees?”
Input: Blank gray image + options including “Can-
not determine from the image”
ViGoRL response: <think> The cave entrance ap-
pears to be at the bottom of the image, while the
trees are higher up, suggesting that the cave en-
trance is below the trees. (300, 450) To determine
the position of the cave entrance relative to the
trees, I need to consider their vertical alignment.
The cave entrance seems to be positioned lower
in the image compared to the trees... </think>
<answer> below </answer>

The model hallucinates spatial coordinates and
reasons using world knowledge (caves are typically
located below trees) rather than acknowledging the
absence of visual information.

C.3 Proprietary vs. Open-Source CoT Trace
Style

To illustrate the trace-form differences reported in
§ 3, we show the CoT outputs of a proprietary
model (GPT-5-mini) and a top open-source MRM
(Qwen3-VL-8B-Thinking) on the same 3DSR-
Bench question. Both models arrive at the correct
answer B; the contrast lies in trace length, reflective
phrasing, and option-matching behaviour.
Question (3DSRBench): “Consider the real-world
3D locations of the objects. Which object has a
higher location? Options: A. baseball glove, B. red
hat of the person in red in the back”

872



Models ‘ 3DSRBench BLINK CV-Bench MindCube MMSIBench MMVP
\ 3D
Qwen2.5-VL-7B 49.37 38.03  39.08 58.42 28.00 25.50 49.00
Qwen2.5-VL-7B 51.10 38.51  29.14 5592 32.10 25.70 50.00
GThinker-7B 49.72 38.66 54.87 60.50 40.95 24.20 49.67
R1-Onevision-7B 38.20 26.67 30.53 46.58 25.81 12.60 23.67
ViGoRL-7B-Spatial 47.70 39.77  55.29 65.00 39.90 26.30 48.33
VL-Rethinker-7B 51.75 40.08 36.23 59.42 34.38 24.40 49.67
Vision-G1 51.85 38.66 43.60 60.17 42.57 28.90 50.00
Vision-R1-7B 48.23 34.88 30.18 57.92 35.24 21.70 48.00
TreeVGR-7B 48.61 38.93 3449 56.25 42.48 25.00 47.33
ThinkLite-VL-7B 51.39 40.24  34.77 60.08 32.10 26.00 50.00
Models OmniSpatial RealWorldQA  SAT  SpatialBench VSR  V*Bench | Avg.
Qwen2.5-VL-7B 14.61 36.99 44.00 31.53 49.75 22.51 37.45
Qwen2.5-VL-7B 15.26 36.73 47.67 35.63 48.85 35.08 38.59
GThinker-7B 37.70 44.18 46.67 38.62 50.25 38.22 44.17
R1-Onevision-7B 20.81 28.37 41.00 31.53 11.78 27.75 28.10
ViGoRL-7B-Spatial 24.07 40.65 49.00 36.94 48.04 40.31 43.18
VL-Rethinker-7B 21.98 42.09 51.33 37.69 50.16 37.17 41.26
Vision-G1 37.90 44.05 51.00 42.72 51.47 35.08 44.46
Vision-R1-7B 31.64 43.27 55.67 39.37 50.08 38.74 41.15
TreeVGR-7B 39.92 41.31 51.67 36.01 50.41 32.46 4191
ThinkLite-VL-7B 32.22 43.14 55.33 38.25 51.55 37.17 42.48

Table 6: Dataset wise expanded results for the No-Image ablation

GPT-5-mini (concise, no reflection; ~350 chars).
Output: <think> Look at the scene: the catcher is
crouched at home plate holding the baseball glove
low near the ground. The person in red with the
red hat is standing behind near the dugout/stands,
clearly higher above the field. So the red hat is
at a higher 3D location than the glove. </think>
<answer> B. red hat of the person in red in the back
</answer>

Qwen3-VL-8B-Thinking (long,
option-matching; ~3600 chars).

Output: <think> So, let’s figure out which object
is higher in 3D location. First, let’s look at the
image. The baseball glove is held by the catcher,
who is crouched behind home plate. The red hat
of the person in red in the back—those are the
people in the dugout or stands, right? The catcher
is on the field, closer to the camera, but the red
hats are on the players in the background. Wait, in
terms of vertical position (height), the red hats are
on the heads of people standing, so they might be
higher than the catcher’s glove. Wait, the catcher
is crouched, so his glove is lower. The people in
the back (like the ones in red jackets) are standing,
so their hats are higher up. Let’s check the options.
Option A is baseball glove (catcher’s glove), which
is near the ground, and option B is the red hat of

reflective,

the person in red in the back. Since the people in
the back are standing, their hats are higher than the
catcher’s glove, which is at a lower height. So B is
higher. </think>

To determine which object has a higher 3D location,
we analyze the vertical positions of the options:

- **¥Option A (baseball glove)**: The baseball
glove is held by the catcher, who is crouched be-
hind home plate. This position places the glove
relatively low in the scene, close to the ground.

- #¥Option B (red hat of the person in red in the
back)**: The “person in red in the back” refers
to individuals in the dugout or stands. These in-
dividuals are standing upright, so their hats are
positioned higher in the vertical plane compared to
the crouched catcher’s glove.

Since the red hat is on a standing person (higher
vertical position) and the baseball glove is on a
crouched catcher (lower vertical position), **Op-
tion B** has a higher 3D location.

<answer> B. red hat of the person in red in the back
</answer>

Observations. The GPT-5-mini trace is a single
direct chain of perception-to-conclusion with no re-
flective phrases. The Qwen3-VL-Thinking trace is
an order of magnitude longer, contains two explicit
“Wait”-triggered re-examinations, redundantly enu-
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Models ‘ 3DSRBench BLINK  CV-Bench MindCube MMSIBench MMVP
\ 2D 3D
Qwen2.5-VL-7B 29.22 25.57 4033 19.92 32.38 39.00 27.67
Qwen2.5-VL-7B 96.90 37.87 6523 59.17 69.62 72.30 64.00
LLaVA-1.6-7B ot 46.11 18.46  32.68 40.00 1.81 18.40 40.67
LLaVA-1.6-7B 98.04 77.64  99.17 59.67 88.48 65.30 94.00
InternVL3-8Bot 36.71 46.19 56.19 3.08 1.43 48.10 75.67
InternVL3-8B 75.72 5939  99.10 5.50 13.62 57.40 82.33
GThinker-7B 0.25 0.16 1.04  0.17 0.76 2.60 2.67
R1-Onevision-7B 4.60 11.84 1036 3.08 6.00 8.90 5.33
ViGoRL-7B-Spatial 36.01 1441 30.88 1.08 8.38 27.40 24.00
VL-Rethinker-7B 47.04 10.63  49.03 60.42 28.19 41.20 39.67
Vision-G1 13.07 6.68 12.17  7.08 12.86 28.10 14.00
Vision-R1-7B 1.61 0.47 5.56  2.50 0.67 0.90 5.00
Models OmniSpatial RealWorldQA  SAT  SpatialBench VSR V*Bench | Avg.
Qwen2.5-VL-7B. 78.54 54.90 54.00 58.58 39.20 64.92 43.40
Qwen2.5-VL-7B 90.80 82.09 89.67 70.71 97.05 97.91 76.41
LLaVA-1.6-7B ot 48.66 46.14 18.67 27.05 42.39 43.98 32.69
LLaVA-1.6-7B 79.45 96.60 97.00 62.69 100.00 93.72 85.52
InternVL3-8B 46.51 82.35 83.00 47.20 55.56 75.92 50.61
InternVL3-8B 47.88 92.81 91.67 65.49 96.64 97.38 68.07
GThinker-7B 23.42 4.84 24.67 1.49 0.08 9.95 5.55
R1-Onevision-7B 27.27 12.55 21.33 12.69 4.58 17.28 11.22
ViGoRL-7B-Spatial 58.51 37.12 36.33 25.93 46.24 56.02 30.95
VL-Rethinker-7B 93.28 50.59 47.00 41.60 47.95 63.87 47.73
Vision-G1 57.60 3791 49.00 21.27 18.09 50.79 25.28
Vision-R1-7B 16.50 12.94 10.33 522 15.79 17.28 7.29

Table 7: Per-dataset No-Image++ accuracy (seed 1) for the three backbones in Figure 3 (upper block) and for six
open-source MRMs (lower block). For the backbones, rows with subscript cot use the CoT system prompt and other
rows use the base (Non-CoT) prompt; MRM:s are evaluated under their native CoT prompt. Non-CoT backbones
correctly abstain on most benchmarks, while both CoT-prompted backbones and MRMs hallucinate non-abstain

answers across families.

merates the options twice (inside <think> and
again after), and repeats the core claim four times.
Both reach the same answer, but the open-source
trace’s verbosity and option-matching are represen-
tative of the pattern we observe across benchmarks,
and are the kind of behaviour that amplifies hallu-
cination under adversarial conditions such as our
No-Image++ setting.
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Models ‘ 3DSRBench BLINK CV-Bench MindCube MMSIBench MMVP
| 2D 3D

Qwen2.5-VL-3B,; 53.38 45.13 71.21 68.00 40.38 24.60 63.67
Qwen2.5-VL-3B 52.10 47.97  70.58 74.00 43.71 25.80 64.67
Qwen2.5-VL-7B ¢ 57.11 53.44 7592 76.09 30.83 27.47 72.44
Qwen2.5-VL-7B 55.38 56.04 77.17 83.78 35.11 26.87 75.78
Qwen2.5-VL-72B ¢ 61.66 58.50 78.86 85.42 39.90 29.50 76.33
Qwen2.5-VL-72B 59.74 63.07 79.90 86.00 42.48 32.90 79.00
InternVL3-8B,; 47.93 37.66 4492 50.42 41.62 23.60 49.67
InternVL3-8B 51.19 38.82 45.06 57.08 36.57 28.10 49.67
InternVL3.5-38B ¢ 56.10 60.23  82.06 90.17 31.43 12.70 81.00
InternVL3.5-38B 59.80 64.49 8199 87.58 47.05 30.60 81.33
LLaVA-1.6-7Bx¢ 45.01 30.04 3741 47.75 40.10 26.50 45.00
LLaVA-1.6-7B 45.55 21.20 41.03 54.50 40.29 29.50 49.33
LLaVA-OV-72B; 60.48 54.81 79.49 79.42 37.52 30.30 81.00
LLaVA-OV-72B 60.15 58.55 80.46 85.17 48.57 30.20 84.00
Qwen3-VL-8B-Thinking,; 60.67 59.13 78.65 92.75 35.14 28.70 76.67
Qwen3-VL-8B-Thinking 59.69 66.70 79.21 92.67 35.14 30.40 79.33
Models ‘ OmniSpatial RealWorldQA  SAT  SpatialBench VSR  V*Bench Avg.
Qwen2.5-VL-3B, ., 40.77 62.35 55.00 56.72 74.88 71.20 55.95
Qwen2.5-VL-3B 45.92 65.88 59.00 56.53 79.21 75.39 58.52
Qwen2.5-VL-7B o 40.40 63.05 59.22 61.75 81.83 76.27 59.68
Qwen2.5-VL-7B 45.23 69.02 63.11 62.87 85.38 79.06 62.68
Qwen2.5-VL-72B 47.68 71.76 67.33 68.66 85.35 67.54 64.50
Qwen2.5-VL-72B 49.51 73.73 71.00 69.40 87.64 78.01 67.11
InternVL3-8B; 36.92 44.05 47.00 4422 50.57 30.37 42.23
InternVL3-8B 36.07 40.39 46.33 43.66 49.51 34.03 42.81
InternVL3.5-38B ¢ 48.08 69.80 64.33 61.38 81.10 66.49 61.91
InternVL3.5-38B 48.27 76.21 64.67 68.10 83.88 69.11 66.39
LLaVA-1.6-7Bot 28.70 32.29 43.00 36.38 45.50 25.65 37.18
LLaVA-1.6-7B 22.50 39.35 35.00 36.19 49.26 34.55 38.33
LLaVA-OV-72B . 43.77 69.02 61.00 66.42 78.07 68.06 62.26
LLaVA-OV-72B 48.27 71.76 66.00 69.22 79.71 67.54 65.35
Qwen3-VL-8B-Thinking,.; 40.90 73.73 74.00 67.91 82.82 79.58 65.43
Qwen3-VL-8B-Thinking 45.73 70.98 70.33 62.87 84.21 81.68 66.07

Table 8: Dataset wise table for averages shown in Figure 1.

875



Models ‘ 3DSRBench BLINK  CV-Bench  MindCube MMSIBench MMVP
| 2D 3D
GPT-40.0t 63.20 61.60 7823 86.42 43.52 34.10 84.33
GPT-40 61.80 6523 7517 8542 47.24 34.20 84.33
GPT-4.1-mini.; 64.63 63.44 79.49 87.58 50.29 30.50 83.33
GPT-4.1-mini 62.19 64.18 8032 88.58 48.86 30.40 82.00
GPT-5.0t 66.34 63.49 8136 90.67 35.71 31.00* 87.67
GPT-5 67.87 65.02 80.88 90.50 42.76 26.10 86.00
GPT-5-mini e 65.93 63.23 8192 90.08 51.05 33.40 84.67
GPT-5-mini 66.53 64.49  80.60 90.75 52.29 34.50 82.67
GPT-5-nano..¢ 58.12 50.08 7629 86.75 18.38 24.00* 75.67
GPT-5-nano 60.50 5371 76.84 88.42 27.71 21.60 72.67
Models OmniSpatial RealWorldQA  SAT  SpatialBench VSR  V*Bench Avg.
GPT-40.0t 45.73 73.59 68.67 63.99 84.45 6440  65.55
GPT-40 46.44 76.60 64.33 63.25 80.93 60.73 65.05
GPT-4.1-miniq¢ 51.08 79.48 74.33 69.96 83.80  63.35 67.79
GPT-4.1-mini 53.29 78.69 69.33 66.98 80.20  71.20  67.40
GPT-5.0¢ 51.71* 81.31 82.00 66.23 86.74  72.77 69.00
GPT-5 50.95 82.75 85.00 68.66 86.74 7225 69.65
GPT-5-mini.q 52.51 79.61 83.00 67.35 81.67 73.82  69.86
GPT-5-mini 53.16 80.26 82.33 64.93 81.91 72.77 69.78
GPT-5-nano.; 47.97* 71.90 64.00 65.49 82.00 67.54  60.63
GPT-5-nano 46.51 74.12 72.00 66.60 81.26 6230  61.86

Table 9: Dataset-wise results for the five proprietary GPT models evaluated in Table 4. Rows with subscript cot use
the CoT system prompt; other rows use the base (Non-CoT) prompt. Starred cells (*) report accuracy computed over
the non-refusal subset only (GPT-5 and GPT-5-nano sometimes decline to answer on OmniSpatial and MMSIBench

under CoT prompting).

method | SFT RL data RL Algo Rewards Training Other
GThinker-7B CoT-SFT on diversity based DAPO fmt + acc SFT 3 epoch tab. 3&4 ablation
7K dset 4K samples Hybrid RL 170 steps rethink drops gen perf
ViGoRL-7B MCTS CoT SFT full train set GRPO format + acc ~ SFT 3 ep, RL 500 Multi-turn RL
on train subset +coord fmt steps, kl_coef 0.01 for vis. search
Vision-G1 no SFT IF selection (40K), GRPO fmt + acc 3-round RL multi-round RL
difficulty filtering w/o KL 25 ep each round

Vision-R1 CoT SFT 200K 10K no GRPO fmt + acc SFT 2 ep, RL two above show

Modality-bridging filtering 300 iters PTST cold-RFT possible

Table 10: Various methodological aspects of baselines
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