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Abstract

On-policy self-distillation (OPSD) has recently emerged as
an effective post-training paradigm that improves policy opti-
mization through dense token-level supervision from a privi-
leged self-teacher. Despite its promise, OPSD remains largely
underexplored for Video Large Language Models (Video-
LLMs). Existing methods typically construct privileged teach-
ers by augmenting their context with additional information
while keeping the primary input unchanged for both teacher
and student. Video reasoning, however, offers a distinct source
of privileged supervision within the primary input itself: long
videos contain substantial temporal redundancy, and only a
small subset of frames provides the evidence necessary to
answer a question. Building on this observation, we present
Video-OPSD, an OPSD framework that exploits privileged
visual evidence for both self-teacher construction and knowl-
edge transfer. First, our Evidence-Grounded Self-Teacher con-
ditions the teacher exclusively on annotated evidence frames
while the student continues to reason over the complete video.
This focused visual input enables the teacher to provide more
informative supervision. Second, our Evidence-Guided To-
ken Optimization adaptively weights token-level distillation
according to each reasoning token’s reliance on privileged
visual evidence, thereby emphasizing perceptually grounded
reasoning. Experiments across video understanding and rea-
soning benchmarks show that Video-OPSD consistently im-
proves upon Standard OPSD across multiple backbones and
achieves performance comparable to GRPO while requiring
substantially less training time, establishing an effective and
efficient post-training approach for Video-LLMs.

Introduction
On-policy distillation (OPD) has recently emerged as an ef-
fective post-training paradigm for providing dense token-
level supervision from a teacher model for policy opti-
mization. (Agarwal et al. 2024b; Gu et al. 2024; Lu and
Lab 2025). Building upon this paradigm, on-policy self-
distillation (OPSD) further improves both optimization ef-
ficiency and generality by leveraging a self-teacher condi-
tioned on privileged information without requiring an exter-
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Figure 1: (a) Conventional OPSD, where the teacher and stu-
dent share the same primary input and token-level distillation
is applied uniformly. (b) Our evidence-driven Video-OPSD,
featuring an Evidence-Grounded Self-Teacher and Evidence-
Guided Token Optimization.

nal teacher (Hübotter et al. 2026; Zhao et al. 2026). While
these paradigms have demonstrated promising performance
across language models and image tasks, their adaptation
to Video Large Language Models (Video-LLMs) remains
largely underexplored.

Conventional OPSD methods construct a self-teacher
by injecting privileged information as additional context,
e.g., chain-of-thought references or environmental feed-
back (Hübotter et al. 2026; Shenfeld et al. 2026; Zhao et al.
2026), while keeping the primary input the same as the
student, as shown in Figure 1(a). The teacher exploits the
model’s in-context learning capability to make use of the in-
jected privileged information, providing guided supervision
during online optimization. While this paradigm has proven
effective for textual and image tasks, it overlooks a funda-
mental property of video understanding. Videos inherently
contain substantial temporal redundancy (Song et al. 2024),
where only a small subset of frames provides the visual evi-
dence necessary for answering a question (Xiao et al. 2024).
Consequently, both the teacher and student reason over the
same video, which contains a mixture of relevant and irrele-
vant visual information. This shared, unfiltered context limits
the teacher’s ability to focus on the visual evidence that is
actually relevant, thereby degrading the quality of the super-
vision it provides. This video-specific challenge motivates a
different form of privileged supervision in which the teacher
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can reason from a more focused visual observation.
Based on this insight, we construct an Evidence-Grounded

Self-Teacher using asymmetric visual inputs for the teacher
and student. The student continues to reason over the com-
plete video, whereas the teacher is conditioned only on the
evidence frames that support the correct answer. By remov-
ing temporally redundant and distracting content from the
teacher’s context, the teacher is conditioned on a cleaner,
evidence-grounded input rather than having to identify rele-
vant evidence on its own, thereby producing a more accurate
and reliable supervisory signal for on-policy optimization.

While an Evidence-Grounded Self-Teacher provides a sub-
stantially more reliable supervisory signal, effectively trans-
ferring this privileged knowledge to the student remains
an open challenge. Existing OPSD uniformly distills the
teacher’s supervision across all tokens in the student’s roll-
out as in Figure 1(a), implicitly treating each token as equally
important throughout the reasoning trajectory. To more ef-
fectively exploit the teacher’s grounded perceptual reasoning
capability, the distillation process should reflect how strongly
each reasoning token is supported by privileged visual evi-
dence. To this end, we propose Evidence-Guided Token Op-
timization, which aggregates the teacher’s visual attention
into token-level visual scores that quantify each token’s re-
liance on privileged visual evidence. These scores are softly
normalized into token-wise weights to modulate the distil-
lation objective, thereby naturally emphasizing perceptually
grounded reasoning during on-policy optimization.

Overall, our method rethinks both self-teacher construc-
tion and knowledge transfer in OPSD by systematically lever-
aging privileged visual evidence, resulting in our evidence-
driven Video-OPSD illustrated in Figure 1(b). Through the
proposed Evidence-Grounded Self-Teacher and Evidence-
Guided Token Optimization, our framework constructs a
more informative teacher from task-relevant frames and se-
lectively transfers its perceptual reasoning capability to the
student. Extensive experiments on video understanding and
reasoning benchmarks demonstrate that our approach consis-
tently outperforms existing on-policy self-distillation base-
lines and achieves performance comparable to GRPO (Shao
et al. 2024) with substantially lower computational cost.

Our contributions are summarized as follows:
• We propose Video-OPSD, an on-policy self-distillation

framework for Video-LLMs that systematically ex-
ploits privileged visual evidence through both evidence-
grounded teacher construction and evidence-guided
knowledge transfer.

• We introduce Evidence-Grounded Self-Teacher, which
conditions the teacher only on evidence frames, enabling
more reliable supervision from focused visual context.

• We introduce Evidence-Guided Token Optimization,
which adaptively weights token-level distillation accord-
ing to each token’s reliance on privileged visual evidence,
enhancing perceptually grounded reasoning.

• Extensive experiments across multiple video understand-
ing and reasoning benchmarks validate the effectiveness
of our framework, consistently outperforming standard
OPSD and achieving performance comparable to GRPO.

Related Work
Reinforcement Learning for Video-LLMs
Reinforcement learning has recently emerged as an effective
paradigm for enhancing the reasoning capabilities of Video-
LLMs. Building on reinforcement learning with verifiable
rewards (RLVR) (Shao et al. 2024; DeepSeek-AI 2025),
recent methods introduce video-specific optimization strate-
gies, including temporal sensitivity and consistency (Feng
et al. 2025; Huang et al. 2026), spatio-temporal reasoning (Li
et al. 2025; Wang et al. 2025b, 2026; Meng et al. 2026), and
fine-grained perception reasoning (Du et al. 2026), to bet-
ter align policy learning with video understanding. More
recently, a few studies have explored on-policy distillation
for temporal video grounding (Li et al. 2026a) and video
reasoning (Lin et al. 2026), complementing sparse reward
supervision with dense token-level learning signals. Despite
this progress, existing methods have yet to exploit the privi-
leged visual evidence available during training to strengthen
token-level supervision for perceptually grounded reasoning.

On-Policy Distillation and Self-Distillation
On-policy distillation (OPD) has recently been widely ex-
plored for providing dense token-level supervision from a
teacher model for policy optimization (Agarwal et al. 2024b;
Gu et al. 2024; Lu and Lab 2025; Xu et al. 2026a; Li et al.
2026b,a). Building upon this paradigm, recent on-policy self-
distillation (OPSD) methods eliminate the need for an exter-
nal teacher by constructing a privileged self-teacher from
the same policy (Hübotter et al. 2026; Zhao et al. 2026).
Existing approaches typically realize privileged supervision
by enriching the teacher with additional contextual infor-
mation (Zhang et al. 2026), such as reference reasoning
traces or environmental feedback (Xu et al. 2024; Yang et al.
2026; Shenfeld et al. 2026; Lin et al. 2026; Xu et al. 2026a).
Our work explores a complementary direction for Video-
LLMs. Rather than augmenting the teacher with additional
context, we exploit annotated visual evidence within tempo-
rally redundant videos (Wang et al. 2025a; Song et al. 2024;
Zou et al. 2024) to develop an evidence-driven token OPSD
for Video-LLMs that more effectively transfers the teacher’s
privileged visual knowledge.

Method
Preliminaries: On-Policy Self-Distillation
In OPSD, a trainable student πθS and a frozen self-teacher
πθT are initialized from the same pretrained Video-LLM. The
self-teacher derives its supervision from privileged context
available only during training. Specifically, the student is
conditioned on cS , while the self-teacher is conditioned on
the privilege-enhanced context cT .

For each example selected for distillation, the student gen-
erates one on-policy trajectory:

ŷ = (ŷ1, . . . , ŷL) ∼ πθS (· | cS). (1)

The self-teacher then replays the student trajectory under
its privileged context. At output position l, both branches
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Figure 2: Overview of Video-OPSD. The Evidence-Grounded Self-Teacher observes only the evidence frames together with
the gold answer, while the student observes the same evidence frames within a broader video context. The student generates a
single on-policy trajectory, which is subsequently replayed by the teacher under its privileged context. Evidence-Guided Token
Distillation measures each generated token’s attention to evidence visual signals and uses the resulting scores to weight the
token-level JSD objective.

evaluate the same student-generated prefix:

pSl = πθS

(
· | cS , ŷ<l

)
, (2)

pTl = πθT

(
· | cT , ŷ<l

)
. (3)

This prefix alignment provides supervision at states visited by
the current student policy. Through teacher-forced replay of
the student trajectory, the self-teacher produces next-token
distributions for all positions in a single forward, without
autoregressively generating a response. Unlike GRPO (Shao
et al. 2024), which typically requires multiple rollouts per
input, OPSD obtains dense token-level supervision from one
student rollout followed by one teacher replay.

Framework Overview
We consider a video reasoning training example:

x = (V, q, a, T e), (4)

where V denotes the video, q is the question, a is the gold
answer, and T e is the annotated temporal interval containing
the visual evidence that supports the answer. We initialize a
trainable student πθS and a frozen self-teacher πθT from the
same pretrained Video-LLM.

As illustrated in Figure 2, Video-OPSD contains two com-
plementary components. First, the Evidence-Grounded Self-
Teacher constructs privileged supervision by restricting the
teacher’s visual observation to frames from the annotated

evidence interval. The same evidence frames are included
unchanged in the student input, ensuring that the teacher
does not rely on visual information unavailable to the stu-
dent. The student additionally observes additional frames
from the remaining video and must learn to identify and
utilize the evidence within this broader temporal context.

Second, Evidence-Guided Token Optimization uses the
teacher’s attention during replay to estimate how strongly
each generated token relies on visual evidence signals. Since
the teacher’s entire visual input consists of evidence frames,
its attention to visual tokens directly measures the attention
allocated to visual evidence signals and provides a model-
internal proxy for token-level visual evidence reliance. The
resulting scores are used to adaptively weight the matching
of the token-level distribution.

Evidence-Grounded Self-Teacher
Let Ie denote the indices of frames sampled from the an-
notated evidence interval T e, and let Ia denote the indices
of additional frames sampled from the remaining video. We
define IS = Ie ∪Ia and construct the corresponding visual
inputs as:

V T = V [Ie], V S = V [IS ]. (5)
The teacher observes only the evidence frames, whereas the
student observes the same evidence frames together with ad-
ditional frames. Consequently, every visual signal available



to the teacher is also accessible to the student, preventing
information leakage (Yang et al. 2026). The teacher’s visual
privilege arises from removing non-evidence context, rather
than from observing signals unavailable to the student.

Following prior OPSD methods, the teacher is additionally
conditioned on the gold answer:

cS = (V S , q), cT = (V T , q, a). (6)

The gold answer provides textual privilege, while the
evidence-grounded observation provides video-specific vi-
sual privilege. Together, they enable the teacher to produce
supervision from a more focused perceptual context.

Since privileged conditioning does not guarantee a reli-
able teacher prediction, we apply a correctness gate before
distillation. The frozen teacher first greedily generates:

ỹT = Greedy
[
πθT (· | cT )

]
, (7)

and the example is retained only if:

g(x) = I
[
ANS(ỹT ) = a

]
, (8)

where ANS is a rule-based answer extractor. Incorrect or
unparsable teacher responses are excluded from distillation.

Evidence-Guided Token Distillation
To more effectively leverage the teacher’s grounded percep-
tual reasoning, we estimate each generated token’s reliance
on visual evidence from the teacher’s attention during tra-
jectory replay and use the resulting scores to weight the dis-
tillation objective. Let Ve denotes the index of visual tokens
corresponding to V T , R denotes the number of Transformer
layers, and H is the number of attention heads, the evidence
score at position l is defined as:

sl =
1

3H

R∑
r=R−2

H∑
h=1

∑
j∈Ve

A
(r,h,j)
l , (9)

where A
(r,h,j)
l denotes the attention from output position l

to visual token j at layer r and head h. We sum the attention
mass over all visual tokens and average across all heads in
the last three layers.

We convert the evidence scores into normalized token
weights as below:

wl = L
exp(sl/τ)∑L

u=1 exp(su/τ)
, (10)

where τ controls the sharpness of the weighting distribution.
This normalization keeps the average token weight equal to
one. Tokens with stronger evidence reliance receive greater
distillation weight, while all generated tokens remain part of
the objective.

Since an LLM’s probability mass is typically concentrated
within a small number of top tokens, the Top-K truncation
introduces negligible approximation error for the distribu-
tion while substantially reducing computation. Therefore, we
compute the token-level divergence over the teacher’s Top-K
vocabulary support at each token position l:

KT
l = TopKK(pTl ), (11)

and renormalize the student and teacher distributions as:

p̄bl,k =
pbl,k∑

v∈KT
l
pbl,v

, k ∈ KT
l , b ∈ {S, T}. (12)

Following the generalized JSD formulation in Agarwal et al.
(2024a), we define:

ml = βp̄Tl + (1− β)p̄Sl , (13)

and

dJSD-K
l = βDKL

(
p̄Tl ∥ml

)
+ (1− β)DKL

(
p̄Sl ∥ml

)
. (14)

The final objective is:

LVideo-OPSD = Ex∼D

[
g(x) · 1

L

L∑
l=1

wld
JSD-K
l

]
. (15)

The teacher distributions and evidence-guided weights are
treated as fixed targets, and gradients are propagated only
through the student branch.

Experiments
Experimental Setup
Training data. We construct a compact training set from
two datasets with ground-truth temporal window annota-
tions. Specifically, we use 5K randomly sampled examples
from STAR (Wu et al. 2024) and approximately 1.5K ex-
amples from the Video-Holmes training split (Cheng et al.
2025). We use the original questions and gold answers pro-
vided by the two datasets and do not introduce additional
human annotations.

Evaluation benchmarks. We evaluate all methods on
five video understanding and reasoning benchmarks: Video-
Holmes (Cheng et al. 2025), Video-MMMU (Hu et al. 2025),
Video-MME (Fu et al. 2025), TempCompass (Liu et al.
2024), and WorldSense (Hong et al. 2026). All benchmarks
are evaluated under a unified video-only protocol with 32
frames: the model receives only video frames and the textual
question, without audio, subtitles, or transcripts.

Implementation details. We conduct the main experi-
ments on three models: Qwen2.5-VL-7B (Bai et al. 2025b),
Qwen3-VL-4B (Bai et al. 2025a), and Qwen3-VL-8B (Bai
et al. 2025a). Training is conducted on eight NVIDIA H100
GPUs using a total of 6.5K training examples for one epoch.
We adopt JSD-Top-50 as the distillation objective. The per-
device batch size is set to 2 with 8 gradient accumulation
steps, and the learning rate is 1 × 10−6. Training is per-
formed in BF16 precision with gradient checkpointing and
DeepSpeed ZeRO-2 enabled.

Baselines. For each backbone, we compare our method
against supervised fine-tuning (SFT), GRPO (Shao et al.
2024), and Standard OPSD (Zhao et al. 2026). All the meth-
ods are conducted with the same training data, frame budget,
and evaluation protocol. For the SFT baseline, we condition
the backbone on the ground-truth answer and use its greed-
ily decoded reasoning trajectory as the supervision target for



Method Video-Holmes Video-MMMU Video-MME TempCompass WorldSense Avg.
Qwen2.5-VL-7B 27.8 48.1 57.6 67.9 36.1 47.5

+ SFT 33.2 48.5 56.4 69.2 36.3 48.7
+ GRPO 35.3 49.9 60.7 70.9 36.6 50.7
+ OPSD 33.4 48.1 57.7 68.5 36.7 48.9
+ Video-OPSD 36.2 49.9 58.6 70.9 39.2 51.0

Qwen3-VL-8B 40.9 63.3 63.7 74.4 40.7 56.6
+ SFT 41.1 65.6 62.2 75.3 41.2 57.1
+ GRPO 42.9 68.0 66.4 77.2 42.1 59.3
+ OPSD 42.7 67.5 64.1 75.1 40.4 58.0
+ Video-OPSD 44.3 68.7 66.8 77.5 42.8 60.0

Qwen3-VL-4B 37.3 48.7 52.6 71.9 38.2 49.7
+ SFT 39.3 51.8 55.4 72.2 39.0 51.5
+ GRPO 41.5 52.5 61.0 73.0 39.4 53.5
+ OPSD 40.1 51.0 60.6 71.8 38.1 52.3
+ Video-OPSD 41.8 52.9 60.7 73.2 39.7 53.6

Table 1: Main results on five video understanding and reasoning benchmarks across three Qwen-VL backbones under the unified
video-only evaluation protocol. Comparisons are made within each backbone.

training. Standard OPSD conditions the frozen teacher on
the gold answer, while using the same 16-frame visual input
as the student during training and uniformly weighting all
token-level distillation losses.

Main Results
Table 1 reports the results across three Qwen-VL backbones.
We report the average results over three independent runs.
Video-OPSD consistently improves the base models, yield-
ing average gains of 3.5, 3.4, and 3.9 points on Qwen2.5-VL-
7B, Qwen3-VL-8B, and Qwen3-VL-4B, respectively. More
importantly, compared to standard OPSD, our method further
improves the average score by 2.1, 2.0, and 1.3 points and
achieves higher performance in all 15 backbone–benchmark
comparisons. These consistent gains demonstrate that ex-
ploiting privileged visual evidence provides effective super-
vision beyond vanilla OPSD.

Video-OPSD further achieves performance comparable
to GRPO, slightly outperforming it on Qwen2.5-VL-7B and
Qwen3-VL-8B while matching its average score on Qwen3-
VL-4B. As shown in Table 4, under the Qwen2.5-VL-7B
setting, our framework requires only 2.2 hours of training
compared with 5.5 hours for GRPO, corresponding to 40%
of its training time. These results show that dense token-
level supervision from a single student rollout and teacher
replay can achieve GRPO-comparable performance while
substantially reducing the cost of video post-training.

Ablation Studies
All ablation experiments in this section are conducted using
Qwen2.5-VL-7B. Unless otherwise specified, all variants use
the same training data, frame budget, frozen teacher, correct-
ness gate, Top-50 JSD objective, and evaluation protocol.
This controlled setup ensures that performance differences
can be primarily attributed to the design factor under in-
vestigation in each ablation. We report average performance
across the five evaluation benchmarks to provide a concise
and consistent comparison among variants.

Method Avg.
Qwen2.5-VL-7B 47.4
OPSD 48.9

+ Evidence-Grounded Input 49.8
+ Evidence-Guided Weighting 50.4

Video-OPSD (Both) 51.0

Table 2: Component ablation of evidence-grounded teacher
input and evidence-guided token-wise weighting.

RQ1: How does each component contribute to the per-
formance of Video-OPSD? We first conduct a controlled
2×2 component ablation to disentangle the contributions of
evidence-grounded self-teacher construction and evidence-
guided token-wise weighting. As shown in Table 2, evidence-
grounded self-teacher alone improves the average score of
Standard OPSD from 48.9 to 49.8, while token weighting
provides a larger improvement to 50.4. Combining both com-
ponents further increases the average score to 51.0, outper-
forming Standard OPSD by 2.1 points.

These results indicate that the two designs play dis-
tinct yet complementary roles: the evidence-grounded self-
teacher improves the quality of privileged supervision, while
evidence-guided token optimization determines where this
supervision should be transferred most effectively.

RQ2: Where does the privileged teacher’s advantage
come from? The privileged teacher differs from the stu-
dent in two aspects: it observes temporally localized evidence
frames and is conditioned on the gold answer. To disentangle
these two sources of privilege, we conduct a 3 × 2 abla-
tion over the teacher input. For the visual input, we compare
three configurations: (1) eight frames sampled from the anno-
tated temporal evidence window, (2) the same eight evidence
frames with additional eight non-evidence context frames to
form a 16-frame input, and (3) 16 uniformly sampled frames



Teacher Visual Input Gold Answer Accuracy (%)
Evidence Frames Only No 70.4
Evidence Frames + 8 Padding Frames No 64.9
Uniformly Sampled 16 Frames No 49.8
Evidence Frames Only Yes 85.3
Evidence Frames + 8 Padding Frames Yes 83.7
Uniformly Sampled 16 Frames Yes 78.5

Table 3: Accuracy on the training set to disentangle the
sources of privileged teacher information.

from the full video. Together, configuration (2) serves as a
bridge: it isolates the effect of added context frames relative
to configuration (1), and controls for frame count relative to
configuration (3), which isolates the effect of temporal lo-
calization. For each visual configuration, we further evaluate
the teacher both with and without gold-answer conditioning.

As shown in Table 3, temporally focused visual evi-
dence consistently produces a stronger teacher. Without gold-
answer conditioning, using only evidence frames achieves
70.4% inference accuracy. Adding non-evidence context
frames reduces the accuracy to 64.9%, while using 16 uni-
formly sampled frames further decreases it to 49.8%. There-
fore, compared with uniform sampling, temporally local-
ized evidence frames improve teacher accuracy by 20.6 per-
centage points. The same ordering remains after introduc-
ing gold-answer conditioning. Although gold-answer condi-
tioning improves teacher accuracy under every visual input
configuration, it does not eliminate the degradation caused
by non-evidence visual content. These results show that the
privileged teacher’s advantage comes from both answer-level
conditioning and evidence-grounded visual input, with tem-
poral evidence localization providing additional benefits be-
yond simply increasing the number of observed frames.

RQ3: How does Evidence-Guided Token Optimization
compare with alternative token weighting strategies?
We next compare several strategies for allocating token-level
distillation signals. Uniformly Distill assigns equal weight
to every generated token position. Motivated by TIP (Xu
et al. 2026b), Token Entropy uses the student’s predictive en-
tropy as a generic measure of token importance. The entropy
scores are then converted into soft token weights. We addi-
tionally evaluate a hard evidence-selection strategy, Window
Attention (Top-30%), which updates only the 30% of token
positions with the highest temporal-window attention scores.
Window Attention (Soft) retains all generated positions and
softly weights their distillation losses according to their at-
tention to the ground-truth temporal evidence window.

As reported in Figure 3, token-entropy weighting improves
the average score from 50.0 to 50.3, confirming that student
uncertainty provides a useful optimization signal. However,
the signal is generic and does not explicitly measure whether
a generated token relies on the privileged visual evidence.
Hard top-30% selection obtains an average score of 50.1. In
comparison, soft window-attention weighting achieves the
highest average score of 51.0 and performs best on four of
the five benchmarks. It outperforms full updating, token-
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Figure 3: Average scores under different token weighting
strategies.

Method TT (h) SPS Lat. (s) FLOPs (T/GPU)

SFT 0.7 2.70 2.9 47.7
GRPO 5.5 0.35 16.3 468.4
OPSD 1.9 0.97 5.3 93.3
Video-OPSD 2.2 0.82 6.1 106.1

Table 4: Training efficiency on NVIDIA H100 GPUs. TT
denotes training time, SPS denotes samples per second, and
latency and FLOPs are measured per forward pass.

entropy weighting, and hard top-30% selection by 1.0, 0.7,
and 0.9 average points, respectively. These results support
softly allocating distillation strength according to the rele-
vance of privileged visual evidence rather than relying solely
on generic uncertainty or hard token filtering.

RQ4: How efficient is Video-OPSD compared with al-
ternative post-training methods? We compare the train-
ing efficiency of different post-training methods. We report
the total training time (TT), training throughput measured in
samples per second (SPS), average forward-pass latency, and
forward-pass FLOPs per GPU.

As shown in Table 4, SFT incurs the lowest training cost,
as it directly optimizes pre-generated trajectories without on-
line rollout or teacher replay. In comparison with GRPO, our
framework reduces the total training time from 5.5 to 2.2
hours, corresponding to a 60.0% reduction. It also achieves
approximately 2.8× higher throughput, while reducing for-
ward latency and per-GPU forward FLOPs by 62.6% and
77.3%, respectively. Compared with Standard OPSD, our
method introduces only modest additional cost: the total
training time increases by 0.3 hours, while the forward la-
tency and per-GPU FLOPs increase from 5.3 to 6.1 seconds
and from 93.3 to 106.1 teraFLOPs, respectively. These re-
sults demonstrate that Video-OPSD substantially improves
the efficiency of video reasoning post-training over GRPO
while retaining computational cost comparable to OPSD.

RQ5: How does attention-layer aggregation affect perfor-
mance? Evidence-Guided Token Optimization estimates
each generated token’s reliance on visual evidence by aggre-
gating the teacher’s attention to evidence tokens. We examine



Attention Layers Avg.
Last layer (−1) 50.2
Last two layers (−1,−2) 50.4
Last three layers (−1,−2,−3) 51.0

Table 5: Effect of attention-layer aggregation on average
benchmark performance. Negative indices denote layers
counted backward from the final Transformer layer.

Non-Evidence Frames 0 4 8

Average Score 51.0 50.6 50.4

Table 6: Effect of adding contextual frames outside the an-
notated evidence window.

whether this evidence score should be computed from only
the final Transformer layer or across multiple layers.

As shown in Table 5, using only the final layer achieves
an average score of 50.2, while aggregating the last two
layers improves the score to 50.4. Aggregating the last three
layers yields the best average performance of 51.0. This result
suggests that combining several high-level layers provides a
more robust estimate of token-level evidence reliance than
relying solely on the final layer.

RQ6: How do non-evidence frames affect privileged su-
pervision? A central design of the Evidence-Grounded
Self-Teacher is to restrict its visual observation to tempo-
rally localized evidence frames. To answer RQ6, we examine
whether reintroducing temporally irrelevant content affects
the quality of privileged supervision. Specifically, we aug-
ment the evidence frames with either four or eight frames
sampled outside the annotated evidence window.

As shown in Table 6, using only the evidence frames
achieves the highest average score of 51.0. Adding four and
eight non-evidence frames reduces the average score to 50.6
and 50.4, respectively. The performance decreases as more
irrelevant frames are introduced, indicating that the benefit
of the Evidence-Grounded Self-Teacher stems from remov-
ing temporal noise rather than merely changing the number
of teacher frames. Restricting the teacher input to evidence
therefore provides more focused and effective supervision.

RQ7: Does updating the privileged self-teacher improve
distillation? We further study whether the privileged self-
teacher should remain frozen or evolve together with the
student through an exponential moving average (EMA). For
the EMA variants, the teacher parameters are updated from
the student parameters during training using EMA rates of
0.01 and 0.03, respectively.

As shown in Figure 4, keeping the teacher frozen achieves
the best average score of 51.0. In contrast, the EMA-based
variants obtain average scores of 50.2 and 50.3 with EMA
rates of 0.01 and 0.03, respectively. These results indicate
that a frozen teacher provides a more stable and effective
distillation than a teacher that evolves with the student.

49.5 50.0 50.5 51.0
Average Score on Video Benchmarks

Frozen

EMA (0.03)

EMA (0.01)

51.0

50.3

50.2

Teacher Model Update

Figure 4: Scores under different teacher update strategies.

Distillation Objective Avg.
JSD-30 50.3
JSD-50 51.0
Reverse KL 49.9
Forward KL 49.7

Table 7: Comparison of token-level distillation objectives.

RQ8: How Does the Choice of Distillation Objec-
tive Affect Performance? We compare different token-
level distribution-matching objectives while keeping the
Evidence-Grounded Self-Teacher and Evidence-Guided To-
ken Optimization unchanged. As shown in Table 7, JSD-50
achieves the highest average score of 51.0. Reducing the
teacher-defined support from Top-50 to Top-30 decreases
the average score to 50.3, indicating that the broader support
preserves useful information from the teacher distribution.
Reverse KL and forward KL obtain lower average scores of
49.9 and 49.7, respectively. These results show that JSD-50
provides the most effective objective by combining balanced
distribution matching with a sufficiently expressive yet com-
putationally tractable vocabulary support.

Conclusion
We introduce Video-OPSD, an evidence-driven on-policy
self-distillation framework for enhancing video reasoning by
exploiting privileged visual evidence during training. Our
framework constructs an Evidence-Grounded Self-Teacher
from temporally localized evidence frames and introduces
Evidence-Guided Token Optimization to selectively transfer
supervision according to each reasoning token’s reliance on
visual evidence. Experiments across five video understand-
ing and reasoning benchmarks demonstrate consistent im-
provements over supervised fine-tuning and standard OPSD,
while also achieving performance comparable to GRPO us-
ing only a single student rollout per training example. Ex-
tensive ablations further validate that evidence-grounded
teacher construction improves the quality of privileged su-
pervision and that evidence-guided weighting enables more
effective knowledge transfer. Overall, our results highlight
privileged visual evidence as a valuable source of supervi-
sion for efficient post-training of Video-LLMs.
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