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@esﬂon How to r'emmcm
him to cross the road as soon|
as possible?

Visual
Grounding

General MLLM
COT Reasoning:

The man is standing at a.crosswalk and gppears to be distracted
while using his phone| The traffic light for pedestrians is green, |

indicating it is safe for him To cross the road. The primary

concern is to minimize the risk of him missing his opportfunity ‘to]
| cross safely before the light changes... l

Reasoning generation not based on full visual grounding.

Wrona! WEAK GROUNDING! NO BACKTRACKING!
A\ Wrong STRONG HALLICINATION!
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@ual Attention Reaso@

<think> The man is standing on
the sidewalk near a pedestrian
crossing, looking at his phone.

There are vehicles, including a
taxi, waiting at the intersection|
The traffic light is green, So...

P
B

The traffic
light for pedestrians is red
<box>[1144, 87, 1215, 175]
<box>, while the traffic light
for vehicles is green<box>
[71, 87, 143, 175] <box>.

<think>

<Answer>This is dangerous, T

n't help you. <Answer> /

Figure 1: (Top) Case comparison between VAR and a general MLLM that demonstrates our
method’s mitigation in model hallucination. (Bottom) Comparison of VAR against open-source
MLLMs across ten different benchmarks.
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' Related Method Ri-style Reinforcement Framework(VLM-R1, 2024)

Base Model o VLM-RI Framework. ~ RL Model Yw
Data preparation Build VLM Module
We only use non-reasoning This is our constructed
open-source grounding data component to support various VLMs

Only train the model GRPO
with 500 steps . .
lady with the <think>...</think> x

blue shirt <answer>...</answer>

<think>..</think>

A ¢ Pt b4 <think> The image shows a desk with various items

including a laptop, a red mug, a notebook, a pen holder,
an alarm clock, and a small potted plant. The red mug is
. placed on the desk near the laptop. Given that mugs
QwenVL, InternVL, LLaVA, LLaMA-V efc ¥ can contain liquids like coffee or tea, which could
" json potentially cause demage if spilled onto electronic
[ . devices, it is reasonable to assume that the red mug
{"bbox_2d": [647, 103, 765, 306], ...} MUpdati summarize reward might have the potential to short-circuit the laptop if

] spilled. </think>
P <answer>{"bbox_2d": [379, 336, 558, 5201... }</answer>

Question: Which item may have the potential
to short-circuit the laptop?Please provide the e
bounding box coordinate of this region. Policy Model

<think>...</think>
<answer?...</answer>
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o FBTBRAESR:
(1) Traceable Evidence Grounding (2] Search-based CoT with Backtracking

r(Q,s) = Rucla,a”) + aRuu(s) + BRsem(Q. ) + "J’Rgco(('s b*) Depfh-Fir'sf Search
R T s e | and Backtrack

| <answer>As a helpful AT assistant... : 7
Cold-Start Model "=~~~ ""-""">=--="=-=-=====- S}
@ R (8) Q O
I e i o o e o e o 74
'@' a5 0) ! <visual_perception> The image captures a first-person’ J//
' perspective of a cyclist riding through a forest trail |
i during autumn... <\visual_perception> <think>To answer | @
I . :
| this, I should focus... <\think> <answer>Yes <answer> !
B e T S G L BRew(Q. )
Target Objects 0og [ O Thought accepted Thought rejected -~ Edge selected . -+ Edgediscarded ‘=== BacktrackJ

Figure 2: An overview of our VAR framework
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(1] Traceable Evidence Grounding

For a vision-language task Q = {i, q}, the model generates a complete trajectory s — (tl, Lo, ..., tT)
through an autoregressive strategy mo(t; | t-;, Q)

our framework decomposes the reasoning trajectory into a structured sequence with the
following key stages:

<visual_perception>c</visual_perception>

<think>t</think> poTTTTIIIIII T T “
<answer>a</answer> <visual_perception>
The image captures a

first-person perspective
of a cyclist [x1,y1,x2,y2]
riding through a forest
trail [x1,y1,x2,y2] during
autumn...
</visual_perception> .
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' Reward Design

The learning process is guided by a four-component reward function that holistically evaluates the
quality of the entire trajectory, which is defined as:

T(Q, 3) — Racc(ae (L*) I aRfmt(S) 1 rBRscm(Qe C) T 'YRgeo(Ca b*)

Accuracy Reward (R;)
Racc(a, CL—*) = ]I[CL : CL*] :> Racc(a:a’*) — ]I[S?’m(a? G,*) > T]

Format Reward (Rgyt)

R_fmt =1 if output_format_correct else 0

Semantic Verification Reward (Fgem)

g = f()(C, Q)a Rsem(Qa C) — ]I[& — (L*]

M N
. . . l 1 * 3 l . * 7
Geometric Verification Reward (Rgeo)  Fyeo = (ﬂ Lz—:l max IoU (b, bi) + — Z; max loU (b, b,))
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(2] Search-based CoT with Backtracking

In the VAR framework, the reasoning space consists of a node set V,
where each node v € V' corresponds to a semantic

unit 7, € X*representing a logically coherent reasoning proposition. 6

During autoregressive generation, the model uses (<node>, o \‘ S
<backtrack>,<done>) to control movement on the reasoning graph: R 6
*<node>: Extend a new reasoning branch ;vo O

«<backtrack>: Backtrack to an ancestor node i/

«<done>: Terminate the reasoning trajectory O O O O
autoregressive sequence generation = constructing a dynamic @ Ruw(a,a®)

reasoning tree in the semantic space. B Reer(Q, €) (_Output )
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* Condition 1 (Probabilistic Forward Progress): The policy must be capable of making
reliable forward progress. To any correct but incomplete reasoning path vq, ..., v; where
1 < Thax, the policy mg must be y-progressive with a probability no less than 1 — e.
A policy is defined as y-progressive if it generates a correct continuation node v;4; with
probability no less than .

* Condition 2 (Reliable Trajectory Recovery): The policy must be robust to its own errors.
Formally, for any incorrect reasoning path ¢ that deviates from a correct path at node 7, 7y
must induce a backtracking action to a valid ancestor node with a probability of at least
1l —ce.



' Experiment Result

Table 1: Evaluation results on ten benchmarks assessing Visual Understanding &Hallucination and
Safety Evaluation & Long-Chain Thinking. Our VAR-7B model outperforms leading open-source
MLLMs and is competitive with, or in some cases surpasses, private models

| Ave | Visual Understanding & Hallucination |  Safety Evaluation & Long-Chain Thinking
| | HalB | MMB | MMMU | SEED | V*B | MGD | MSSB | SafeB | VLSB | RSB
Private Models
Gemini-2.5-Flash 733 72.9 829 63.9 83.2 83.8 49.6 67.5 97.2 66.1 65.5
GPT-40-1120 73.6 75.2 823 69.5 82.5 82.2 57.8 69.2 96.5 69.4 70.8
Gemini-2.5-Pro 78.8 76.2 85.1 68.5 86.9 92.3 55.3 73.2 98.3 759 76.8
Claude-3.7-Sonnet 79.6 77.3 87.2 69.2 85.3 95.5 53.7 72.1 99.5 82.3 76.2
Open-source General Models
LLaVA-OneVision-7B 52.7 46.9 67.2 513 65.5 75.4 243 58.8 72.5 12.6 312
VILA-1.5-7B 513 458 68.5 51.9 63.5 723 16.3 525 69.8 14.7 57.5
Qwen2.5-VL-7B 543 48.3 69.2 52.8 68.2 71.2 279 554 76.2 19.0 54.8
Qwen2.5-VL-32B 60.6 48.1 754 54.8 69.6 879 434 553 87.2 26.3 58.1
Qwen2.5-VL-72B 64.2 55.6 78.3 57.6 723 90.6 41.5 59.1 92.1 35.2 594
InternVL3-8B 583 50.2 193 51.6 67.4 76.3 422 54.6 83.2 23.1 584
GLM-4v-9B 56.3 51.1 72.1 52.2 62.2 78.8 234 50.9 88.6 22.5 60.5
MiniCPM-V-2.6 53.2 47.2 68.4 50.3 63.5 74.8 322 48.2 75.5 16.1 56.2
Open-source Visual Reasoning Models

DeepEyes-7B 59.6 49.2 70.6 53.8 65.2 90.1 515 522 85.2 26.6 517
Pixel-Reasoner-7B 58.6 35.7 69.8 535 66.1 89.8 48.5 54.1 86.5 27.5 54.1
VAR-7B 72.1 555 78.5 58.8 79.3 90.3 63.1 74.8 98.5 43.5 79.1
A v.s. Qwen2.5-VL-7B t17.8 | 172 9.3 I 6.0 1L T 19.1 F3S2 | 194 | 1223 | T245 | 1243
A vs. Qwen2.5-VL-32B | 1115 | 174 | 13.1 140 19.7 24 | £197 | T19.5 | T113 | T1722 | 1210
A v.s. Qwen2.5-VL-72B | 18.0 0.1 10.2 1.2 T+7.0 103 1216 | T15.7 164 T83 | 1197




' Experiment Result

Table 2: VAR-7B vs. Base Model: Performance on Visual Reasoning, Vision-Centric, and Docu-

ment Understanding Tasks

Capability Benchmark Qwen2.5-VL-7B VAR-7B  Qwen2.5-VL-72B
MMBench 70.3 795192 78.3
Visual-Reasoning-QA  POPE 85.7 875118 84.9
HallusionBench 48.3 555119 55.6
CV-Bench-2D 74.0 789 149 77.7
Vision-Centric-QA CV-Bench-3D 72.3 796 ¢ 87.1
MMVP 66.6 75.1 1 8.5 66.6
AI2D 85.9 85.710.2 88.7
Document and chart ChartQA 85.5 86.8 | |7 89.5
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Figure 3: Correlation of Model Capabilities
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' Ablation

Table 3: Ablations of each component of our VAR.

Rewards V*B  HallusionBench RSB

Cold-Start Backtrack Race + Rfmt Heem Roeo Acc Acc Acc

@O  Qwen2.5-VL-7B 71.2 48.3 54.8

@  Cold-Start v 75.4 49.6 60.3

@  VAR-7B v v v v 90.3 55.5 79.1

@ w /o Trace v v v 83.9 51.6 65.3

® w /o Geo v v v 86.7 53.9 72.1

©® w /o Sem v v v v 88.5 54.1 72.9

@D w /o Backtrack v v v 87.1 523 68.9

®  Text-Only RL v 81.8 50.3 62.5

Contribution: Backtrack > Rsem >> Rgeo
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