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Abstract

Fine-grained visual reasoning requires multimodal large lan-
guage models (MLLMs) to identify task-relevant visual evi-
dence and ground their reasoning in local image regions. Ex-
isting agentic methods typically rely on reinforcement learn-
ing with verifiable rewards or supervised fine-tuning on large-
scale annotated reasoning traces, leading to costly explo-
ration, hand-designed verification rules, or heavy dependence
on textual supervision. A natural way to avoid such exter-
nal answer labels is to learn from trajectories sampled by the
student itself, which points to On-Policy Distillation (OPD).
To understand what OPD can and cannot provide for visual
reasoning, we revisit it as negative-free stop-gradient align-
ment. This perspective shows that, although OPD provides
effective token-level correction, its ceiling is constrained by
the absence of trajectory-level discrimination. Motivated by
these observations, we propose V-Zero, an answer-label-free
framework for visual reasoning with contrastive evidence gat-
ing. V-Zero uses no annotated textual answer labels; instead,
during training it pairs a question-relevant regional crop with
a negative visual view to evaluate student-sampled trajecto-
ries and gate dense token-level distillation. Experiments on
multiple visual reasoning benchmarks show that V-Zero con-
sistently improves fine-grained visual reasoning while pre-
serving strong generalization. Notably, V-Zero is more than
5x faster than previous supervised fine-tuning methods and
more than 10x faster than reinforcement learning baselines.
Code and dataset will be released at https://github.com/eVI-
group-SCU/V-Zero.

Introduction

As Multimodal Large Language Models (MLLMs) rapidly
develop (Bai et al. 2025; Comanici et al. 2025), fine-grained
visual reasoning (Wu and Xie 2024; Wang et al. 2024) has
become a critical capability for evaluating them. Unlike gen-
eral visual understanding (Yu et al. 2023; Yue et al. 2024;
Liu et al. 2024), fine-grained visual reasoning requires mod-
els to inspect local details, identify task-relevant visual evi-
dence, and reason over specific image regions.

Recent studies have explored the integration of agen-
tic visual search and reasoning (Zheng et al. 2025; Zhang
et al. 2025a), often referred to as thinking with images (Su
et al. 2025). By interleaving reasoning with visual search,

this paradigm enables models to decide where to look,
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Figure 1: Differences between Supervised Fine-tuning
(SFT), Reinforcement Learning (RL), and On-Policy Dis-
tillation (OPD).

gather task-relevant visual evidence, and refine their an-
swers in a grounded manner. Despite their promise, these
methods (Zheng et al. 2025; Zhang et al. 2025a) often rely
on reinforcement learning, which incurs costly exploration
and requires predefined verifiable rules for training signals.
Another line of work (Wei et al. 2026) adopts supervised
fine-tuning (SFT) on large-scale annotated image-text data,
achieving promising results but requiring massive textual
supervision and risking catastrophic forgetting (Chu et al.
2025). These observations motivate the central question of
this work:

Can visual reasoning be improved without costly RL ex-
ploration, large-scale textual answer labels, or substan-
tially disrupting the original capabilities of MLLMs?

To answer this question, we turn to On-Policy Distilla-
tion (OPD), which provides dense supervision on trajecto-
ries sampled from the student itself and therefore offers a
promising alternative to reward-based RL and offline SFT.
However, standard OPD treats all student-generated prefixes
uniformly. Once the student enters an erroneous reasoning
path, the teacher can only provide token-level correction
conditioned on that prefix, without assessing whether the
trajectory is drifting away from the correct answer (Fu et al.
2026).

In this paper, we first develop a complementary view of
OPD by reinterpreting it as a negative-free stop-gradient
alignment objective. This perspective explains why OPD is
effective in providing dense on-policy supervision, while re-
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vealing that its potential is limited by the lack of explicit
trajectory-level discrimination for erroneously drifting tra-
jectories. Building on this view, V-Zero keeps the student-
side rollout process of OPD, but adds a teacher-side evi-
dence comparison module to evaluate each rollout at the tra-
jectory level. Specifically, the teacher replays each student
trajectory under paired positive and negative visual evidence
views, and their contrast is used to estimate rollout reliability
and gate dense visual reasoning supervision.

Notably, V-Zero eliminates the need for annotated textual
answer labels while using less than half of the computa-
tional budget required by prior methods. Extensive experi-
ments on multiple visual reasoning benchmarks show that
V-Zero improves fine-grained visual reasoning by an av-
erage of 3.1 points compared with the Qwen3.5-4B base
model while preserving strong generalization. Crucially,
these gains come from training-time visual evidence crops
rather than ground-truth answer labels, while still cutting
training cost by over 5x relative to SFT methods and over
10x relative to RL baselines, with no extra tool-call over-
head at inference time.

In summary, our contributions are as follows:

e A theoretical view of OPD. We reinterpret OPD as
negative-free stop-gradient alignment and identify its
missing trajectory-level discrimination.

* Contrastive evidence gating mechanism. We propose
V-Zero, which contrasts paired positive and negative vi-
sual evidence views to gate answer-label-free on-policy
distillation at the trajectory level.

* Efficient and generalizable visual reasoning. V-Zero
improves the Qwen3.5-4B base model by 3.1 points on
average while preserving general capabilities and cutting
training cost by over 5x/10x relative to SFT/RL.

Revisiting OPD as Negative-Free
Stop-Gradient Alignment

Before presenting V-Zero, we revisit OPD as an alignment
objective on student-induced states. OPD efficiently pro-
vides dense token-level correction by matching student pre-
dictions to teacher targets on sampled prefixes, but it lacks
trajectory-level discriminative supervision.

On-Policy Distillation with Teacher-Side Views

OPD trains a student policy 75 on states generated by the
student itself. Let D = {z;}}¥, be a set of prompts. For
each prompt z, the student samples a group of G on-policy
trajectories J(z) = {y(¥) g 1, with the standard single-

rollout case recovered when G' = 1. Each trajectory y(9) =

(y§g ), ... ,y(ng )) is generated autoregressively as

y,ig)NWS(|xy(g)) g=1,....G, k=1,...,T,.
)]
We denote the resulting group rollout distribution by 75 (- |
x). The sampled trajectories are treated as stop-gradient
training data. The teacher is then queried on the same
student-induced prefixes, and the student is optimized to

match the teacher on the states it actually visits:
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At each student-induced preﬁx, the full-vocabulary local
reverse-KL is

(9))
DI(ng) Z 7s(v | ac,ygz)l 0g ———— = 4
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In practice, sampled-token OPD (Lu and Lab 2025; Fu et al.
2026; Li et al. 2026b) is used to form a sampled log-ratio
score for this local reverse-KL objective:

ms(v | z,y

(9) |z (9))
dlo:k) _ sg logM 5)
= oy Loy ]
SRE NOERT/} (©6)

To optimize this reverse-KL. minimization objective with
student-sampled tokens, we use a stop-gradient sampled sur-
rogate:

@(ngiij = C/lrg Y logﬂs(yk | Z/<;2) @)
This formulation naturally extends to training with priv-
ileged information. The student still samples trajectories
from the original prompt x, while the teacher may condition
on additional information z that is unavailable to the student,
such as a localized crop or a reference solution (Zhao et al.
2026). The teacher target is then evaluated as

mol(- | 2, 2,99, (8)

and the OPD objective is obtained by replacing (- |

x, y(flz) with (- | z, z,ygz).

An Asymmetric Alignment View of OPD

The privileged-information formulation reveals an asym-

metric alignment structure underlying OPD. For each

student-induced state (z, y(<g,Z) the student branch defines a

(g:k) _ ( (9)

base view v; x,y .y ), while the teacher branch de-

fines a target view vt(g *) In standard OPD the two views
share the same context; with teacher-side information, the
teacher view is augmented to v§9 ) (z, z,yg,z). These

two views induce predictive distributions over the same

next-token decision:
Sk k
g = sg|m(- | vf")].

(©))

and 7. (- |

R = 7 (- | vl9P),

(9:k )) (9))

Here 75(- | vs
(g7k))

abbreviates ﬂg( | z,y

abbreviates either (- | x,y ,2) in standard OPD or

(- | x, 2, y(g)) when teacher-side information is used. The

stop- gradlent operator makes the alignment asymmetric: the
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Figure 2: Overview of V-Zero. The student samples sibling rollouts from the full image, while a teacher-side evidence com-
parison module replays them under paired positive and negative visual evidence views to produce trajectory-level contrastive
evidence gates. The final distillation target remains the positive teacher view.

student remains the online branch to be optimized, while the
teacher provides a fixed target.

Thus, OPD can be viewed as a negative-free stop-gradient
alignment objective over student-teacher views:

) = (g, M) | (10)

align

where d(-,-) can be instantiated by the sampled-token
reverse-KL score. The corresponding stop-gradient sampled
score is

A0 gn = s8[log M) () — log ¢t ()] . (1)

v ~ g, (12)
The corresponding surrogate loss is

O = Bl ign log 4 (0,7). (13)
This view also exposes a key limitation of standard OPD.
Although OPD provides dense token-level alignment, it does
not explicitly score the correctness of the full trajectory.
Once the student enters an erroneous reasoning path, the
teacher can only provide local next-token targets condi-
tioned on that prefix, without assessing whether the trajec-
tory as a whole is approaching the correct answer. As a re-
sult, standard OPD may optimize locally plausible continu-
ations while lacking trajectory-level discriminative supervi-
sion. V-Zero addresses this limitation by estimating rollout
reliability through paired positive and negative teacher-side
visual evidence views and using trajectory-level contrastive
evidence gates to modulate dense token-level distillation.

Method

V-Zero improves fine-grained visual reasoning by adding a
contrastive evidence gating mechanism to on-policy distil-
lation. The student samples on-policy trajectories from the
full image, while the teacher replays the same trajectories
with additional paired positive and negative visual evidence
views beyond the original image. The resulting trajectory-
level contrastive evidence gate estimates rollout reliability
and modulates positive-view OPD.

Student Rollouts and Teacher Evidence Views

Given a prompt x with the original full image, the student
samples a group of G trajectories:

V(@) = {y“Ye,

These trajectories are sibling rollouts from the same prompt
and policy. For each sampled trajectory, the teacher replays
the same token sequence with the original full image plus an
additional pair of visual evidence views. The positive view
2T is a target-region crop that preserves task-relevant vi-
sual evidence, while the negative view z~ is an equal-size
crop randomly sampled outside the target region after a 2
downsampling of the original image. This teacher-side ev-
idence comparison estimates how strongly each rollout de-
pends on the relevant visual evidence. The teacher then com-
putes sampled-token log-probabilities under the two addi-
tional views:

Y9 ~mg(-lx).  (14)

(9, =logm(y? |z, 2, y9), (15)

09, =logm(y? | 2,27, y9). (16)
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Q: "What is the title of the
framed poster visible?"
A: "Ely Diocese”

Q: "What is the speed limit
indicated on the sign?"
A:"30 km/h”

Q: "What is the relative
position of the white truck
compared to the trams?"

A: "To the right of the trams"
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Figure 3: Attention visualization on representative fine-grained reasoning samples. In the first row, the question focuses on the
title of the framed poster in the lower-right image region; V-Zero and the Qwen3.5-4B baseline are the only methods that cover
the correct visual area, with V-Zero producing stronger activation. In the second row, the answer depends on the speed limit
sign near the bottom of the image, where V-Zero shows the strongest focus. In the third row, the question requires the spatial
relation between the white truck and the trams, and V-Zero is the only method that clearly highlights both visual targets.

Contrastive Evidence Gating

Given the positive and negative teacher evaluations above,
V-Zero turns visual dependence into a contrastive signal. In-
tuitively, tokens that genuinely rely on task-relevant visual
evidence should receive stronger teacher support from the
target-region crop than from the downsampled irrelevant re-
gion. For each student-sampled token, we first compute the
teacher-side visual evidence gap:

AP =09 — 9. (17)

A larger A,gg ) indicates that the token is more strongly sup-
ported when the teacher has access to the relevant visual
evidence. We then aggregate these token-level gaps into a
trajectory-level evidence score:

ZA (18)

Ty k=1
Since raw evidence scores can vary across prompts, answer
lengths, and visual contexts, V-Zero normalizes the sibling
score vector p, = (p), ..., p(&)) within each prompt:

p(g) — Lt
or+e€

The normalized quantity a(9) is a trajectory-level evidence
advantage: it measures whether the current rollout is better
visually grounded than its siblings under the same prompt.
V-Zero converts this advantage into a non-negative stop-
gradient contrastive evidence gate:

w® = sg[elip (1+ 0, wnin, waax )] (20)

The clipping bounds keep the OPD update stable. The gate
strengthens OPD for rollouts whose tokens are better sup-
ported by the positive visual evidence view and suppresses
rollouts whose teacher support is not improved by that evi-
dence.

(pz, 05) = MeanStd(py ), al9) = (19)

V-Zero Objective

After estimating the trajectory-level contrastive evidence
gate, V-Zero discards the negative view from the training tar-
get and distills only from the positive teacher view. At each
student-induced prefix, the positive-view local reverse-KL is

(v | 2,y9)

DG =3 me(v | 2,y9) log o en
vEV (v | x,z+,y<k)

The underlying V-Zero distillation objective follows the
standard reverse-KL minimization convention:

== Zw T ZD&’CL (22)

9 k=1

RKL
‘CV Zero(

In practice, sampled—token OPD forms the detached
positive-view sampled log-ratio score:

|z y(g))
E(Ingzr = sg|log Eg) (9) 23)
ﬂ-t(yk | xaz+ay<k)
The surrogate loss minimized in training is
) 1 Jl:k)
EV Zero(z y (g IgL -+
G Z g k=1 (24)

logﬂ-s(yk | 'Tay<k)'

With w(9) and c/l(Ing "4 detached, this surrogate gives the
contrastive-gated sampled reverse-KL gradient for the posi-
tive teacher view. This formulation separates evidence com-
parison from token-level imitation: paired visual evidence
views decide how much to learn from each rollout, while the
OPD target remains the positive teacher distribution. In this
way, V-Zero constructs dense on-policy supervision without
annotated textual answer labels and without external reward
signals.



Algorithm 1: V-Zero Training

Input: dataset D, student 7, teacher m;, group size G
Hyperparameters: wmin, Wmax

1: for each training step do
2: B < sample minibatch from D
3:  for each prompt z; € B do
4 {ygg)}g*':l < sample G rollouts from 7 (- | z;)
5: zj' < positive visual evidence view
6 z; < negative visual evidence view
7 forg=1,...,Gdo
8 compute Eg?,z with (z;, yi(fﬂk)
9 compute E(f’)k with (24, 2,1, y§?<) L)
10: compute E(_g)k with (2, 27, yggik)
. (9) (9) (9)
1 AW — 69— 49,
79
12: pl('g) — T(lg> Dkt Aggk)
13: end for
14: (i, 04) < MeanStd_f:l(pl(-g))
15: forg=1,...,Gdo
(D_,
16: I
17: wgg) < sg {clip(l + aEg), Wnin, wmax)}
18: A8 o s |09 — €9, for all valid k
19: end for
20:  end for »
F 7 A ‘
21 L+ \5% Zi,g wz(g)ﬁ D ket E(Igllzk log Ws(yi(,qk) |
Ty, y§7g<)k) "
22:  update 7, using V.L
23: end for
Experiments

Experiment Setup

Baselines. We compare V-Zero with three groups of base-
lines. First, we evaluate Qwen3-VL and Qwen3.5 models at
different scales to measure the gain over the backbone fam-
ily (Bai et al. 2025). Second, we compare with representative
agentic visual reasoning and thinking-with-images systems,
including DeepEyes (Zheng et al. 2026), Thyme (Zhang
et al. 2025a), Pixel Reasoner (Wang et al. 2025), and Deep-
EyesV2 (Hong et al. 2026). These systems enhance visual
reasoning through agentic multimodal reasoning. Third, we
compare with Zooming without Zooming (ZwZ), a closely
related off-policy region-to-image distillation method that
internalizes local visual perception into standard inference
(Wei et al. 2026).

Benchmarks. Following ZwZ (Wei et al. 2026), we evalu-
ate V-Zero on two groups of benchmarks. The first group fo-
cuses on general perception in high-resolution or real-world
scenarios, including HR-Bench (Wang et al. 2024), VStar
(Wu and Xie 2024), MME-RealWorld (Zhang et al. 2025b),
and ZoomBench under the full-image setting (Wei et al.
2026). The second group tests out-of-distribution general-

! User Prompt for V-Zero
‘I‘ Student Prompt:
" <image> {Question}"

i ]

1
| Teacher Prompt: ]
| ]
: " <image> {Question}" I

" The next image is a cropped view of the target image from the original image: "

| "<crop>. Use the crop as focused visual evidence for the relevant object or region,"

| " while keeping the original image as context." 2

Figure 4: Prompt format used in V-Zero. The student re-
ceives the full image and question, while the teacher replays
the student answer with an additional crop as focused visual
evidence.

ization with MMStar for general multimodal understanding
(Chen et al. 2024).

Training Dataset. We use the 23K high-quality training
samples curated by Zooming without Zooming (Wei et al.
2026). Each example contains a full image, a question, and
a question-relevant regional crop. For V-Zero, we addition-
ally generate a negative crop by downsampling the full im-
age by 2x and randomly sampling an equal-size region out-
side the question-relevant crop; the generated negative crop
is written into the training data. These crops are used only
during training and are not provided at inference time. We
do not construct additional tool-use trajectories or cold-start
reasoning traces.

Implementation Details. We use Qwen3.5-4B and
Qwen3.5-27B as our default student and teacher respec-
tively. We implement V-Zero with the VeRL training
framework (Sheng et al. 2025) and conduct all main training
runs on one node equipped with NVIDIA RTX PRO 6000
96G GPUs. For optimization, we use a training batch size
of 32 and a PPO mini-batch size of 16 with G = 8 for each
prompt. We set the maximum prompt and response lengths
to 25,000 and 2,048 tokens, respectively. We train with a
learning rate of 1 x 1076, The distillation loss uses the
sampled-token reverse-KL estimator from VeRL’s default
OPD settings. The contrastive evidence gating mechanism
uses clipping bounds Wiy = 0 and wpax = 2. We use the
step-60 checkpoint for the main results.

Training Cost.
Method Hardware Time V-Zero speedup
ZwZ 8xH100 ~1 day > 5%
DeepEyes 8xHI100 ~2 days > 10x
V-Zero 8 xXRTXPRO 6000 4.8h 1x

ZwZ (Wei et al. 2026) and DeepEyes (Zheng et al. 2026)
use 8 H100 GPUs; because V-Zero uses 8 RTX PRO 6000
GPUs with weaker practical BF16 throughput, these wall-
clock speedups are conservative.

Main Results

Table 1 reports the main results on fine-grained visual
reasoning benchmarks. Compared with the Qwen3.5-4B
backbone, V-Zero improves all four fine-grained perception
benchmarks with available backbone scores, including gains



Method General Perception ‘ (010))] ‘ Avg.
VStar HR-4K HR-8K ZoomBench MME-RW | MMStar | Avg.
General Large Vision-Language Models
Qwen3-VL-4B" 81.7 785 75.3 40.4 63.5 69.7 68.2
Qwen3.5-4B 84.3 84.4 80.1 52.2 69.2 71.8 73.7
Qwen3.5-9B" 89.0 878 84.5 56.8 70.2 77.5 77.6
Visually Grounded Reasoning Models
DeepEyes (7B) 85.6  75.1 72.6 64.1
Pixel-Reasoner (7B)  84.3 72.6 66.1 64.4
Thyme (7B) 822 770 72.0 64.8
DeepEyesV2 (7B) 81.8 7719 73.8 - 64.9 - -
ZwZ-4B" 91.6 82.1 79.6 52.5 68.5 71.1 74.2
ZwZ-8B" 91.6 84.9 824 56.6 69.6 73.1 76.4
V-Zero-4B (Ours) 89.0 87.8 82.6 57.8 69.8 74.4 76.9

Table 1: Main results on fine-grained visual reasoning benchmarks. V-Zero is compared with general large vision-language
models and visually grounded reasoning models across general perception, OOD generalization, and the average score. = de-
notes results obtained from our independent testing under the same experimental conditions.

of +4.7 on VStar, +3.4 on HR-4K, +2.0 on HR-8K, and
+5.5 on ZoomBench. These results show that contrastive
evidence gating substantially strengthens the ability of the
Qwen3.5-4B base model to reason over high-resolution and
localized visual evidence while keeping the inference setting
unchanged.

V-Zero also reaches top-tier performance among visu-
ally grounded reasoning systems. Since these methods are
built on different backbones, such as ZwZ with Qwen3 and
DeepEyes with Qwen2.5, this comparison should be read
as a cross-system result rather than a controlled backbone-
matched ablation. Nevertheless, V-Zero achieves the best
scores among visually grounded reasoning systems on HR-
4K, HR-8K, ZoomBench, and MMStar, showing that con-
trastive evidence gating is competitive with specialized vi-
sually grounded training pipelines. This result is notable be-
cause V-Zero uses teacher-side visual evidence views only
during training, while the student still performs standard
full-image inference at test time.

Importantly, these gains are obtained without annotated
textual answer labels. The only teacher-side signal used dur-
ing training is paired visual evidence views: a positive view
that preserves the relevant region and a 2x downsampled
equal-size negative view sampled from an irrelevant region.
Thus, V-Zero improves the Qwen3.5-4B backbone by con-
trasting paired visual evidence views rather than by imitating
annotated reasoning traces or final answers.

Ablation Study

Effect of contrastive evidence gating. Table 2 shows that
removing the gate weakens perception-average performance
and degrades VStar, HR-4K, and ZoomBench, indicating
that group-relative evidence scores help emphasize student
rollouts that are better supported by the positive visual ev-
idence view. The change on HR-8K is small, which we at-
tribute to the fact that the 8K setting already provides suffi-
ciently rich visual information in the full-image input. As a
result, the benefit of contrastive evidence gating is less pro-
nounced. In contrast, the gate is more useful under relatively

Variant Pos. Neg. VStar HR-4K HR-8K ZoomBench Perc. Avg.

None - - 864 864 82.4 56.6 78.0
Rand. R R 833 824 713 472 72.5
V-Zero v R 890 878 82.1 57.7 79.2

Table 2: Ablation of the contrastive evidence gating mecha-
nism. R denotes random evidence. Perception Avg. is com-
puted over VStar, HR-4K, HR-8K, and ZoomBench.

Teacher Student‘VStar HR-4K HR-8K ZoomBench Perc. Avg.

9B 4B 89.5 873 83.8 54.8 78.9
27B 4B 89.0 878 82.1 57.7 79.2

Table 3: Ablation of teacher and student model sizes. Per-
ception Avg. is computed over VStar, HR-4K, HR-8K, and
ZoomBench.

constrained visual settings, where distinguishing evidence-
supported rollouts from weakly grounded rollouts has a
larger effect on learning.

Teacher and student size. Table 3 compares different
teacher—student size configurations. The 27B-to-4B setting
corresponds to the main V-Zero result in Table 1 and gives
the higher perception average. With the same 4B student, us-
ing a 9B teacher improves VStar and HR-8K, while the 27B
teacher is stronger on HR-4K and ZoomBench.

Rollout group size. Table 4 studies the effect of the number
of sibling rollouts. Increasing the group size from G = 4
to G = 8 improves the perception-average score as well as
HR-4K, HR-8K, and ZoomBench, with the largest gain on
ZoomBench. This indicates that a larger rollout group pro-
vides a more informative within-prompt comparison for the
trajectory-level contrastive evidence gate, especially when
the task requires identifying localized visual evidence.
Training step. Table 5 reports benchmark-specific scores
and perception averages at different training steps from left
to right. Step 0 corresponds to the Qwen3.5-4B base model



Rollouts ‘ VStar HR-4K HR-8K ZoomBench Perc. Avg.

G=41| 8.0 87.1 82.0 54.1 78.1
G =8| 8.0 87.8 82.1 57.7 79.2

Table 4: Ablation of rollout group size. Perception Avg. is
computed over VStar, HR-4K, HR-8K, and ZoomBench.

Step 0 30 40 50 60 70

VStar 84.3 857 86.9 859 89.0 87.9
HR-4K 84.4 86.4 875 88.1 87.8 85.6
HR-8K 80.1 81.7 81.6 83.0 82.1 82.0

ZoomBench 522 552 53.5 56.7 57.7 55.6
Perc. Avg. 753 772 774 784 79.2 778

Table 5: Ablation of training steps. Step O denotes the
Qwen3.5-4B base model before V-Zero training. Percep-
tion Avg. is computed over VStar, HR-4K, HR-8K, and
ZoomBench.

without V-Zero training, while steps 30-70 are evaluated.
The perception average improves substantially after train-
ing and peaks at step 60, showing that contrastive evidence
gating strengthens fine-grained visual reasoning. Individual
benchmarks peak at different checkpoints, suggesting that
extended training can trade off gains across localized zoom-
ing ability and broader high-resolution perception.

Discussion and Related Work

Agentic Visual Reasoning. Fine-grained multimodal rea-
soning requires models to identify and use small but critical
visual evidence. Standard MLLMs struggle when answers
depend on localized visual search rather than global scene
understanding (Wu and Xie 2024; Wang et al. 2024). Re-
cent works address this limitation by training MLLM:s to in-
terleave reasoning with visual operations, allowing models
to gather new visual observations during inference (Zheng
et al. 2026; Wang et al. 2025; Fan et al. 2025; Zhang et al.
2025a). However, these methods typically require costly RL
exploration, predefined verifiable rewards, and additional
inference-time operations. ZwZ (Wei et al. 2026) shows that
comparable performance can be achieved without RL by
scaling supervised fine-tuning, but this requires large-scale
annotated image-text data and may increase the risk of catas-
trophic forgetting in MLLMs.

On-Policy Distillation. OPD trains on trajectories sampled
from the student itself and uses a teacher to provide dense
supervision on student-induced states (Agarwal et al. 2024;
Lu and Lab 2025). Recent studies show that OPD can serve
as an efficient post-training recipe, mitigating catastrophic
forgetting while converging quickly (Li et al. 2026b; Shen-
feld et al. 2026). Other works extend OPD to self-distillation
settings, where teacher and student are constructed from
the same model under different conditions (Zhao et al.
2026; Yang et al. 2026), or combine it with reinforcement
learning to provide dense learning signals while preserving
reward-based optimization for task correctness (Hiibotter
et al. 2026). In multimodal settings, Video-OPD (Li et al.

2026a) extends OPD to temporal video grounding and shows
that teacher-provided token-level supervision on on-policy
trajectories can outperform GRPO with faster convergence
and lower computational cost. Different from these works,
we study OPD for fine-grained visual reasoning through
a negative-free stop-gradient alignment view and convert
teacher-side evidence comparisons under paired positive and
negative visual evidence views into trajectory-level con-
trastive evidence gates.

Conclusion

We presented V-Zero, a framework for improving fine-
grained visual reasoning without annotated textual answer
labels. Starting from a negative-free stop-gradient alignment
view of OPD, we identified the absence of trajectory-level
discrimination as a key limitation of standard token-level
distillation on student-induced prefixes. V-Zero addresses
this limitation by sampling sibling rollouts from the full im-
age and replaying them with teacher-side positive and nega-
tive visual evidence views. Their contrast yields a trajectory-
level evidence advantage, which is converted into a con-
trastive evidence gate for positive-view OPD. Across fine-
grained visual reasoning benchmarks, V-Zero consistently
improves the Qwen3.5-4B backbone while keeping stan-
dard full-image inference at test time. The main results show
strong performance against both general MLLMs and vi-
sually grounded reasoning systems, and the ablations fur-
ther support the roles of evidence gating, rollout grouping,
and training-step selection. Overall, V-Zero demonstrates
that teacher-side visual evidence comparisons can provide
a practical training signal for visual reasoning without anno-
tated textual answer labels, external rewards, and inference-
time visual tools.
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