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1. Related Work
1.1. Large Vision-Language Models
Projector-based pipelines such as BLIP-2 align frozen vi-
sual encoders with LLMs by mapping image features
into the language space [9]. Subsequent instruction-tuned
families such as LLaVA and LLaVA-OneVision strength-
ened multimodal following and efficiency while support-
ing higher input resolutions [7, 11]. Recent open-source
series continue to scale capability and context handling
across sizes, notably Qwen2.5-VL [1] and InternVL3 [32].
Language-only Chain-of-Thought often helps [21], but long
textual prefixes can dominate attention during decoding,
weakening token–evidence links and inducing hallucina-
tions [10]. Modern evaluations make this gap explicit:
TreeBench separates first-order perception from second-
order reasoning to measure “thinking with images” [19],
and RH-Bench quantifies the trade-off between longer rea-
soning and hallucination via RH-AUC [10]. Our method is
designed for these backbones and addresses decoding-time
drift without retraining.

1.2. Mitigating hallucinations and thinking with im-
ages

Training-time grounding improves perception or alignment
via larger corpora, refined instruction tuning, region-aware
objectives, or RL, but ties improvements to data and archi-
tecture [9, 11]. Post-hoc detection flags ungrounded state-
ments after generation [14] but leaves token choices un-
changed. A complementary trend equips models with the
ability to think with images by interleaving visual oper-
ations and intermediate representations at inference or by
training policies that decide when and how to look.

Training-free inference-time interventions. Beyond
RL/SFT pipelines, several training-free methods also
improve visual grounding at test time. Woodpecker [26]
performs inference-time hallucination correction by ver-
ifying and revising inconsistent visual claims. IBD [33]
mitigates hallucinations by image-biased decoding that
steers token selection toward visual evidence without
retraining. ControlMLLM [23] provides training-free
visual prompt learning to bias multimodal decoding via
lightweight control signals, while ViperGPT [18] executes
Python programs to support compositional visual reason-
ing. A recent survey [17] further systematizes this line of
“thinking with images” methods and perspectives.

Externalized visual thoughts. Several works materialize
intermediate visual reasoning steps instead of purely textual
CoT. Visual sketchpad treats sketches (lines/boxes/marks)
as a visual chain-of-thought that guides problem solv-
ing [4]. MVoT renders explicit visualization-of-thought im-
ages and aligns them with language via a token-discrepancy
objective [8]. Visual Planning proposes a two-stage
VPRL scheme for image-based planning without explicit
tools [25]. Thinking with Generated Images couples step-
wise subgoals with self-critique using generated pictures to
steer complex reasoning [2]. GRIT trains grounded CoT
with box-level evidence, improving traceable reasoning [3].

Tool-/operation-augmented reasoning. Another line
uses tools or pixel operations during reasoning, often
optimized with RL or preference learning. Pixel-
Reasoner incentivizes zoom/selection while reasoning [15];
DeepEyes learns when to crop/zoom end-to-end [30];
Chain-of-Focus (CoF) adaptively searches and enlarges
key regions [28]; OpenThinkIMG and VisTA train policies
to select and compose visual tools [6, 16]. SAM-R1
leverages segmentation rewards to improve multimodal
segmentation and reasoning [5]. VTool-R1 and PyVision
expose programmable visual editing/plotting tools or
dynamically generated Python tools for agentic multimodal
reasoning [24, 29]. MMSearch-R1 learns web/image
search in-the-wild [22]. Beyond static imagery, VITAL
and VR-Thinker extend tool-augmented reasoning to long
videos and video reward models [20, 27]. System-level
releases such as OpenAI o3 natively integrate visual tool
manipulation with broader tool use [13]. Recent frame-
works also bridge high-level reasoning with fine-grained
perception (VLM-FO1) [12] and explore RL policies that
select from a palette of perception tools (ReVPT) [31].
Traceable Evidence Enhanced Visual Grounded Reasoning
(TreeVGR) pairs a methodology with TreeBench for
fine-grained evaluation [19].

Position of our approach. The above systems achieve
impressive grounded reasoning but typically require curated
traces, RL or SFT, and model-specific engineering; frequent
cropping or tool calls can also raise inference cost and cou-
ple pixel operations with the whole sequence. We take an
orthogonal, training-free route: keep the base VLM frozen,
intervene only at ambiguous steps, and negotiate the next-
token distribution with textual evidence produced on de-
mand by a lightweight decider. This design aims to re-



duce hallucination propagation while remaining backbone-
agnostic and scalable across model sizes.

2. Extended Analysis
We first quantify the effect of the visual decider via out-
come flips, and then analyze failure cases to distinguish
its side effects (T→F) from intrinsic limitations (F→F). On
TreeBench with Qwen2.5-VL-7B (405 questions), the de-
cider is triggered in 64.9% of cases (263/405). On these
triggered samples, the outcome changes are: F→T 11.8%
(31/263), T→F 0.8% (2/263), T→T 14.8% (39/263), and
F→F 72.6% (191/263).

Why does T→F happen? All T→F cases are “accidental-
correct” outcomes of the base model: early visual ground-
ing is incorrect, but the final option is guessed correctly.
When the decider fixes this early visual fact, downstream
textual reasoning errors remain, causing the flip.

Why does this not cause degradation in general? Such
cases are rare because the visual decider is limited to single-
step grounding. When the base model is already correct, it
rarely injects misleading evidence that overturns the final
answer. Thus, the decider introduces little negative effect in
aggregate, while its benefit is bounded by the base model’s
reasoning capacity.

Why are many cases F→F? Most F→F cases fall into
three categories: (i) 59 questions with purely textual rea-
soning errors, where visual evidence cannot help; (ii) 11
questions where the image is difficult to recognize; and (iii)
121 questions where the base model is far from the correct
solution, e.g., assigning high confidence to an incorrect to-
ken, leaving little room for the decider to intervene. These
results indicate that the decider mainly refines the reasoning
chain rather than fundamentally upgrading the base model’s
reasoning capability.

3. Limitation
Our method is incompatible with tool-calling traces that
replace natural language such as TreeVGR [19]. Our de-
coding assumes that both the evidence and the next token
live in the same lexical space and carry comparable se-
mantics. Concretely, the supervisor computes an evidence
score by averaging p(w | e<j) over textual prefixes and
then forms an evidence-induced distribution that is negoti-
ate with the base model. In TreeVGR-style pipelines, how-
ever, the chain is interleaved with non-linguistic tool tokens
such as <box>(x1,y1,x2,y2)</box>. These coordinates
(often split into digits and punctuation by the tokenizer) en-
code grounding outside natural language. As a result, there
is no meaningful distributional overlap between such tags
and ordinary answer tokens. The KL-based supervision be-
comes ill-posed: when this misaligned signal is mixed back
into the base distribution, the supervisor cannot provide a

reliable reweighting, and performance can degrade below
the frozen base model. Put differently, TreeVGR’s trace-
able evidence improves grounding by replacing parts of the
CoT with tool tags, whereas our method improves ground-
ing by negotiating with textual evidence; the former breaks
the assumption our supervisor relies on. Therefore, we do
not apply ECRD to TreeVGR-style traces in this paper.

4. More execution examples of ECRD Case B

As shown in Figs. 1 and 2, we provide additional examples
of ECRD at work in Case B, further demonstrating the ef-
fectiveness of our method.

In particular, because the spatial relations in the figure
are relatively complex, we provide an interpretation of the
second example in Fig. 2. At the key step, the candidate set
is { “blue”, “white” }. The base slightly prefers “blue”,
while the evidence-induced distribution prefers “white”,
and the reweighted gap remains small, so the trigger fires.
This choice is crucial: if the model selects “blue”, it will
treat the second ship as the blue boat in front of the pier, be-
cause that blue boat has no cockpit, the chain will wrongly
conclude that the first ship without a cockpit is the second
ship. The visual decider reads the image with the prefix
tail and returns the evidence sentence: “The second ship
from the left is white and located behind the pier.” ECRD
forces the token “white” for the current step and appends
this sentence to the pool. Subsequent steps then follow this
micro-observation, enabling the model to locate the ships
correctly and derive that the first ship from left to right with-
out a cockpit is the third one.
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Question: Recognize the 
question and options in 

the image and answer it.

ECRD Case B:  visual decider corrects the chain.
 Model Answer Prefix:
The question asks for the color of the hat 
from a man wearing a light brown jacket 
standing next to someone in a white T-
shirt. In the image, there is a man in a 

light brown jacket standing to the left of a 
person in a white T-shirt. The man in the 

light brown jacket is wearing a

 Negotiation (token, probability):
 base model: (black, 0.508) (green, 0.463)
 evidence: (black, 0.538) (green, 0.433)
 reweighted: (black, 0.523) (green, 0.448)

 Candidate Set: { “black”, “green” }

 Visual Decider Output:
 coordinates: see the red box in the left image.
 evidence: There is a man in a light brown 
 jacket wearing a green hat.
 answer: green

 Model Final Answer:
The question asks for the color of the hat from a man wearing a light brown jacket standing next to 

someone in a white T-shirt. In the image, there is a man in a light brown jacket standing to the left of a 
person in a white T-shirt. The man in the light brown jacket is wearing a green cap. Therefore, the 

correct answer is D.

Question: Which of the 
several stools in the 

picture is the farthest 
away from this person?

ECRD Case B:  visual decider corrects the chain.
 Model Answer Prefix:

To determine which bench is the 
farthest away from the person, let's 
analyze the positions of the benches 

relative to the person:\n\n1. The 
person is located in the bottom right 
corner.\n2. The bench closest to the 

person is on the

 Negotiation (token, probability):
 base model: (right, 0.611) (left, 0.389)
 evidence: (left, 0.732) (right, 0.268)
 reweighted: (left, 0.522) (right, 0.478)

 Candidate Set: { “right”, “left” }

 Visual Decider Output:
 coordinates: null
 evidence: The bench on the right side of the 
 courtyard is closer to the person in the bottom 
 right corner compared to the bench on the left.
 answer: right

 Model Final Answer:
To determine which bench is the farthest away from the person, let's analyze the positions of the benches 

relative to the person:\n\n1. The person is located in the bottom right corner.\n2. The bench closest to 
the person is on the right side of the square.\n3. The bench to the left of the arch is far from the 
person.\n4. The bench on the left side of the square is further away than the benches mentioned 

above.\n5. The bench to the right of the arch is relatively close to the person.\n\nGiven this analysis, the 
bench on the left side of the square is the farthest away from the person.

Figure 1. Execution examples of ECRD Case B.
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Question: 
What is the 
color of the 
third dress 
from the 

right-hand 
side, located 
in the upper 
right corner 

of the image?

ECRD Case B:  visual decider corrects the chain.
 Model Answer Prefix:
To determine the color of the third dress from 
the right-hand side in the upper right corner 
of the image, I need to focus on the dresses 
displayed there. The dresses are hanging on 
a line, and the one in the middle appears to 

be black and white. The other two dresses on 
either side have different colors.\n\n1. The 

first dress from the right is

 Negotiation (token, probability):
 base model: (red, 0.504) (blue, 0.486)
 evidence: (red, 0.522) (blue, 0.468)
 reweighted: (red, 0.513) (blue, 0.477)

 Candidate Set: { “blue”, “red” }

 Visual Decider Output:
 coordinates: see the red box in the left image.
 evidence: The first dress from the right-hand 
 side is blue, partially hidden by the tree.
 answer: blue

 Model Final Answer:
To determine the color of the third dress from the right-hand side in the upper right corner of the image, I 

need to focus on the dresses displayed there. The dresses are hanging on a line, and the one in the middle 

appears to be black and white. The other two dresses on either side have different colors.\n\n1. The first dress 

from the right is blue and white.\n2. The second dress from the right is red and white.\n3. The third dress from 

the right is black and white.\n\nBased on this observation, the correct answer is black and white.

Question: From left to right, 
which is the first ship without 

a cockpit?

ECRD Case B:  visual decider corrects the chain.
 Model Answer Prefix:
The question asks to find the first ship 

without a cockpit from left to right. 
First, identify the ships in the image. 
The ships are docked along the canal, 
and their positions are as follows: the 
first ship on the left is white and has a 

motor at the back, the second is a

 Negotiation (token, probability):
 base model: (blue, 0.470) (white, 0.313)
 evidence: (white, 0.457) (blue, 0.326)
 reweighted: (blue, 0.394) (white, 0.389)

  Candidate Set: { “blue”, “white” }

 Visual Decider Output:
 coordinates: see the red box in the left image.
 evidence: The second ship from the left is 
 white and located behind the pier.
 answer: white

 Model Final Answer:
The question asks to find the first ship without a cockpit from left to right. First, identify the ships in the image. 
The ships are docked along the canal, and their positions are as follows: the first ship on the left is white and 
has a motor at the back, the second is a white boat, the third is a white boat, the fourth is a white boat, the 
fifth is a blue boat, and the sixth is a blue boat. The first and second ships are both white motorboats, and 
each of them has a cockpit. The third ship is the white boat in the middle. It has a motor at the back, but it 

does not have a cockpit. So, the first ship without a cockpit is the third one.

Figure 2. Execution examples of ECRD Case B.
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