This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for thiswatermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

VideoSSR: Video Self-Supervised Reinforcement Learning

Zefeng He'”?  Xiaoye Qu!*  Yafu Li

Siyuan Huang*

Daizong Liu’

'Shanghai Artificial Intelligence Laboratory, 2Nanjing Univerisity
3The Chinese University of Hong Kong
4Shanghai Jiao Tong University, >Wuhan University

Abstract

Reinforcement Learning with Verifiable Reward (RLVR)
has substantially advanced the video understanding capa-
bilities of Multimodal Large Language Models (MLLMs).
However, the rapid progress of MLLMs is outpacing the
complexity of existing video datasets, while the manual an-
notation of new, high-quality data remains prohibitively ex-
pensive. This work investigates a pivotal question: Can
the rich, intrinsic information within videos be harnessed
to self-generate high-quality, verifiable training data? To
investigate this problem, we first introduce three self-
supervised pretext tasks for video understanding: Anomaly
Grounding, Object Counting, and Temporal Jigsaw. To val-
idate the difficulty of these tasks, we construct the Video
Intrinsic Understanding Benchmark (VIUBench), revealing
that current state-of-the-art MLLMs struggle significantly
on these tasks. Building upon these pretext tasks, we de-
velop the VideoSSR-30K dataset and propose VideoSSR, a
novel video self-supervised reinforcement learning frame-
work for RLVR. Extensive experiments across 17 bench-
marks, spanning four major video domains (General Video
QA, Long Video QA, Temporal Grounding, and Complex
Reasoning), demonstrate that our VideoSSR consistently en-
hances model performance, yielding an average improve-
ment of over 5%. These results establish VideoSSR as a po-
tent foundational framework for developing more advanced
video understanding in MLLMs. The code is available at
https://github.com/lcqysl/VideoSSR.

1. Introduction

In past years, Multimodal Large Language Models
(MLLMs) have achieved remarkable progress in the field
of video understanding [2, 3, 9, 34, 35, 39, 45, 49]. Ben-
efiting from recent Reinforcement Learning with Verifiable
Reward (RLVR) [11, 16, 26, 43, 44, 64, 66], the perfor-
mance of MLLMs has been further improved. A corner-
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Figure 1. Distribution of answer correctness on ReWatch and
LongVideoReason. Across both models and datasets, a vast ma-
jority of questions yield a bimodal outcome, resulting in either
zero or eight correct answers. This zero variance issue is notably
more pronounced for the more powerful Qwen3-VL model.

stone of the RLVR approach is the availability of video
datasets with verifiable answers. To obtain the verifiable an-
swers, existing datasets, such as LongVideoReason [8] and
ReWatch [64], utilize multi-agent collaboration to construct
high-quality datasets with verifiable answers.

Although current datasets have effectively enhanced the
performance of models like Qwen2.5-VL [3], significant
limitations arise when applying them to more powerful
models, such as the recent Qwen3-VL [39]. First, for highly
capable models, many questions in existing datasets lack
sufficient complexity. To illustrate this, we generate eight
independent responses per question using Qwen2.5-VL [3]
and Qwen3-VL [39]. As shown in Figure 1, a vast majority
of questions yield a perfect score where all eight responses
are correct, indicating they are insufficiently challenging.
Second, the previous multi-agent annotation process intro-
duces systemic biases and artifacts, which create flawed or
spurious reward signals for RLVR, particularly when the an-
notator models are less capable than the target models. This
is evidenced by another large portion of questions where
all generated responses are incorrect, suggesting either in-
tractable difficulty or biased ground truths. The resulting
bimodal distribution of scores, with most questions exhibit-
ing zero variance, offers an ineffective learning signal for
GRPO [16, 43] training in RLVR. Consequently, training
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Figure 2. Performance comparison on four video tasks. VideoSSR-8B consistently outperforms Qwen3-VL-8B across four video tasks.

advanced models on such data yields marginal gains or even
performance degradation (Section 4.2).

Compounding the above issues is the prohibitive cost of
manual annotation for video. This predicament, however,
points to a compelling alternative: can the rich, intrinsic
information within videos be harnessed to construct high-
quality, verifiable questions for RLVR? Inspired by tradi-
tional video self-supervised learning [12, 32, 33, 57], we
first design three self-supervised pretext tasks with para-
metrically scalable difficulty, including Anomaly Ground-
ing, Object Counting, and Temporal Jigsaw, to generate
verifiable questions for video understanding. To validate
the difficulty of these tasks, we construct Video Intrinsic
Understanding Bench (VIUBench) and observe that ques-
tions targeting the intrinsic properties of the video itself
remain profoundly challenging, even for leading closed-
source models like GPT-5 [35].

Building on this insight, we introduce VideoSSR, a new
Video Self-Supervised Reinforcement learning framework
to enhance the video understanding of MLLM. We con-
struct the VideoSSR-30K dataset using the aforementioned
pretext tasks, which is entirely independent of human or
MLLM annotations. This dataset is subsequently utilized
to train our VideoSSR-8B model with GRPO. Moreover,
to overcome the challenge of sparse reward signals arising
from the inherent difficulty of these tasks, we design corre-
sponding smooth reward functions for each pretext task to
ensure efficient and stable RLVR training.

To validate the generalization capability of VideoSSR,
we conduct extensive experiments on 17 benchmarks span-
ning four main video tasks: General Video QA, Long Video
QA, Temporal Grounding, and Complex Reasoning. The
results show that our proposed VideoSSR achieves consis-
tent performance improvements across all benchmarks and
under three different input frame settings, demonstrating an
average gain of over 5% with 48 input frames.

In summary, our main contributions are fourfold:

* We generate verifiable training data for RLVR that har-
nesses intrinsic video signals.  This self-supervised
paradigm circumvents the prohibitive costs and inher-
ent biases of prevailing multi-agent and manual annota-
tion, thereby addressing a critical bottleneck in scaling
MLLMs for video understanding.

* We introduce three self-supervised pretext tasks with
parametrically scalable difficulty and construct VI-
UBench, revealing profound limitations in state-of-the-art
MLLMs for intrinsic video understanding.

* We introduce VideoSSR, a self-supervised reinforcement
learning framework for video RLVR training and con-
struct VideoSSR-30K dataset. To facilitate efficient and
stable RLVR training in VideoSSR, we further design
three tailored smooth reward functions.

» Extensive experiments across 17 benchmarks demon-
strate the superior generalization capability of VideoSSR.
Our method consistently achieves significant perfor-
mance improvements, establishing it as a foundational
framework for advancing video understanding.

2. Related Works
2.1. Reinforcement Learning for MLLMs
Reinforcement Learning with  Verifiable Reward

(RLVR) [16, 43] has been shown to significantly enhance
the capabilities of language models, a success that has been
rapidly extended to MLLMs [7, 8, 10, 18, 26, 38, 59].
For instance, Video-R1 [11] leverages existing Video QA
datasets [37, 53, 56, 61, 67] to bolster performance on
Video QA tasks. Time-R1 [50] utilizes datasets with precise
timestamp annotations to improve Temporal Grounding
capability. SpaceR [36] automatically generates verifiable
questions from the geometric and semantic ground truths
of 3D scenes [4, 30, 60], enhancing the model’s spatial
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Figure 3. An overview of our three self-supervised pretext tasks. (a) Anomaly Grounding: A temporal segment is perturbed (e.g., via
rotation), and the task is to identify the start and end timestamps of this anomaly. (b) Object Counting: Procedurally generated shapes
are overlaid onto selected frames, and the task is to count the total number of each shape type. (c) Temporal Jigsaw: The video is divided
into clips which are then shuffled. The task is to predict the original temporal order of the segments.

reasoning abilities. ReWatch-R1 [64] leverages multi-agent
collaboration to construct high-quality reasoning datasets,
thereby advancing its capabilities in complex reasoning.
Despite these diverse data sourcing strategies, several
fundamental limitations persist. The reliance on external
annotations often introduces significant bias. Meanwhile,
many approaches often specialize in enhancing a single
capability, which can limit their broader generalization.

2.2. Self-supervised learning for Video

Self-supervised learning [12, 23, 27, 28, 32, 33, 42, 47, 57]
for video aims to learn effective spatio-temporal represen-
tations from unlabeled video data. A dominant approach
involves designing pretext tasks that capitalize on the inher-
ent properties of video. For instance, early works leverage
tasks such as video jigsaw puzzles [ 1,22, 32, 46, 57] to learn
representations. Similarly, recent research has employed
the jigsaw puzzle task [19, 51, 55, 63] to facilitate the re-
inforcement learning of MLLMs. However, this reliance on
a single task means the full potential of the self-supervised
paradigm for cultivating comprehensive video understand-
ing remains underexplored. To instill stronger generaliza-
tion capabilities in MLLMs, our work expands beyond a
singular pretext task by leveraging a diverse collection of
self-supervised challenges.

3. Method

Considering there is rich information in the video, in
this paper, we explore leveraging the intrinsic information
within the video itself to construct high-quality questions
with scalable difficulty. To investigate it, we begin by de-
signing three pretext tasks.

3.1. Pretext Tasks

In this section, we introduce three pretext tasks, includ-
ing Anomaly Grounding, Object Counting, and Temporal
Jigsaw. These tasks share a common design philosophy,
namely, they can generate verifiable question-answer pairs
directly from raw videos, independent of any human or
model-generated annotations. Furthermore, the difficulty of
these pairs can be parametrically controlled. The overall
process for these three tasks is illustrated in Figure 3.

3.1.1. Anomaly Grounding

This task assesses the model’s ability to localize tempo-
ral segments that violate natural video dynamics. Let
a video be represented as a sequence of frames V =
{f1, f2,..., fr}, with a total duration of D seconds. We
first randomly select a temporal interval [ts,t.] C [0, D],
where ts and t. are the start and end timestamps, respec-
tively. This interval corresponds to a contiguous segment of
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frames S = {f; | timestamp(f;) € [ts,te]}.

Next, we apply a perturbation function P to this segment
to create a perturbed version, S’ = P(S). The function P is
sampled from a set of predefined transformations targeting
different core capabilities:

* Fine-grained Perception: e.g., swapping the red and
blue color channels for every frame in S.

 Spatial Perception: e.g., rotating every frame in .S by
180 degrees.

¢ Temporal Perception: e.g., randomly shuffling the frame
order within S.

The final video V"' is constructed by replacing the origi-
nal segment S with its perturbed counterpart S’. The model
is then provided with the modified video V' and is tasked
to identify the anomalous interval by predicting its start and
end timestamps, (¢, t.).

3.1.2. Object Counting

This task targets the model’s fine-grained perception and
counting abilities. We define a set of primitive geometric
shapes C = {c1,¢2,...,ck}, such as circles, rectangles,
and triangles, which can be procedurally generated. For
a given video V, we randomly select a subset of frames
Fsup C V. For each frame f; € Fyp, we synthesize a set
of objects O;, where each object o € O; is an instance of a
shape class from C with randomized attributes (size, color,
rotation, position). These modified frames, denoted as fl/ s
are then used to create the final video V' by replacing their
original counterparts. The ground truth is a vector of counts

n = [Ny, Na, ..., Nk], where each element Ny, is the total
number of occurrences of shape cy:
Np= > HocOi|type(o) =ck}l (1)
fi€Fsub

Given V', the model is required to output the counts for
each shape category.

3.1.3. Temporal Jigsaw

This task is designed to evaluate the model’s temporal per-
ception, specifically its understanding of temporal coher-
ence and event ordering. We partition the video V' into
n contiguous, non-overlapping segments of equal duration,
V =1[51,5,...,S,]. We then generate a random permu-
tation 7 of the indices {1,2,...,n}. A new video V' is
created by reordering the segments according to this per-
mutation:

V' = [Sﬂ'(l)7 STI'(Q)? sy STr(n)] 2
The model is presented with the shuffled video V' and
is tasked with restoring the original temporal order. To
achieve this, it must predict a sequence of indices that cor-
rectly reorders the shuffled segments. This target sequence

is the inverse of the permutation 7 that was used for shuf-

fling. The answer is therefore the sequence defined by 7—!:

Answer = (77 5(1), 7 1(2),..., 7 (n)) 3)

3.2. Video Intrinsic Understanding Benchmark

After defining the above three tasks, a critical question
arises: are these pretext tasks sufficiently challenging for
state-of-the-art MLLMs? To investigate this, we construct
the Video Intrinsic Understanding Bench (VIUBench),
which systematically evaluates a model’s ability to com-
prehend intrinsic video properties across three core axes:
Fine-grained Perception, Spatial Perception, and Temporal
Perception. The benchmark is composed of 2700 video
question-answer pairs generated from our three pretext
tasks. The proportional distribution of data across these
tasks is illustrated in the left panel of Figure 4.
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Figure 4. Task distribution in VIUBench and VideoSSR-30K.
The left panel illustrates the proportional data distribution across
our three pretext tasks and their subtypes for VIUBench. The right
panel shows the corresponding composition of VideoSSR-30K.

Anomaly Grounding. For the Anomaly Grounding task,
we select five representative perturbation types from a larger
pool of 14 (detailed in Supplementary Material 2.1). The
selected types include: (1) swapping the red and blue color
channels, (2) rotation by 180 degrees, (3) zooming out, (4)
horizontal mirroring, and (5) shuffling the intra-segment
frame order. We compute the Mean Intersection over Union
(mIoU) between the predicted and ground-truth temporal
intervals as the performance score.

Object Counting. For the Object Counting task, we use
three primitive shapes (circles, rectangles, and triangles)
and configure two difficulty levels:

* Easy: Objects are overlaid onto a maximum of three
frames, with no more than three instances of any single
shape type appearing in any given frame.

* Hard: The constraints are increased to a maximum of
four frames and up to four instances per shape per frame.

A score of 1 is awarded for a specific shape type if the pre-

dicted count is exactly equal to the ground-truth count, and
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Table 1. Performance comparison on VIUBench. The benchmark assesses three core abilities (Fine-Grained Perception, Spatial Percep-
tion, and Temporal Perception) via our three pretext tasks (Object Counting, Anomaly Grounding, and Temporal Jigsaw). For both open
source and closed source models, the top result is shown in bold, and the second-best is underlined.

Ability Fine-Grained Perception Spatial Perception Temporal Perception Average
Task Object Counting Anomaly Grounding Temporal Jigsaw  Counting  Grounding  Jigsaw  Overall
Type Easy Hard Channel Rotate ZoomOut Mirror  Shuffle  Easy Hard - - - -
Random Guess
Random Guess 11.1 6.3 25.9 25.4 254 25.2 25.2 0.1 0.0 8.7 25.4 0.1 16.1
Closed Source Models
GPT-5 [35] 88.4 70.3 82.6 81.8 56.5 48.9 34.1 39.0 27.0 79.4 60.8 33.0 58.7
Gemini-2.5-Pro [9] 80.8 61.3 84.6 82.3 51.0 55.7 52.1 253 177 71.1 65.1 215 56.7
Gemini-2.5-Flash [9] 35.7 22.4 75.8 73.7 28.5 30.2 28.6 83 4.0 29.1 474 6.2 34.1
Seed1.5-VL [15] 72.3 52.0 79.0 70.7 19.4 31.4 24.1 20.7 9.3 62.6 449 15.0 422
Open Source Models
Qwen?2.5-VL-7B-Instruct [3] 11.3 5.3 6.4 13.7 8.1 5.2 7.0 0.7 0.0 8.3 8.1 0.3 6.4
VideoJigsaw-7B [55] 12.1 5.4 1.5 45 1.2 1.1 2.0 203 5.0 8.8 2.1 12.7 59
Qwen3-VL-8B-Instruct [39] 13.8 7.7 50.1 534 214 13.6 14.1 1.3 0.0 10.7 30.5 0.7 19.5
Qwen3-VL-32B-Instruct [39] 20.1 13.0 66.1 63.0 17.6 29.4 18.9 1.3 0.0 16.6 39.0 0.7 255
Qwen3-VL-235B-A22B-Instruct [39]  23.8 14.8 68.9 67.8 329 28.3 26.8 7.7 33 19.3 45.0 55 30.5
GLM-4.5V [20] 59.1 454 66.4 61.0 21.2 29.8 15.3 11.0 33 52.3 38.7 7.2 34.7
InternVL-3.5-8B [49] 15.2 9.6 25.9 42.4 6.1 9.8 3.1 0.0 0.0 12.4 17.5 0.0 12.5
InternVL-3.5-38B [49] 28.0 15.9 47.0 54.5 9.6 18.2 124 0.0 0.0 21.9 28.3 0.0 20.6
VideoSSR-8B (Ours) 29.0 24.6 88.7 89.0 94.4 67.8 41.0 24.3 8.0 26.8 76.2 16.2 51.9

0 otherwise. The final task score is the average of these
binary scores across all shape types.

Temporal Jigsaw. The Temporal Jigsaw task is configured
with two difficulty settings based on the number of seg-
ments the video is partitioned into:

* Easy: The video is partitioned into 6 segments.

* Hard: The video is partitioned into 8 segments.

A score is awarded only if the predicted sequence of seg-
ments is identical to the ground-truth permutation.

As shown in Table 1, we evaluate a suite of powerful
MLLMs on VIUBench. Our findings reveal that this bench-
mark poses a significant challenge even for the most ad-
vanced models. Notably, even a strong closed-source model
like GPT-5 [35] only achieves a modest average score of
58.7. The performance of open-source models is even more
limited. For instance, Qwen3-VL-8B attains an average
score of just 19.5. These results underscore a critical in-
sight that understanding and reasoning about intrinsic video
properties, such as fine-grained details and temporal coher-
ence, remains a substantial bottleneck for current MLLMs.
This highlights the effectiveness of VIUBench in exposing
the limitations of existing models and validates its role as a
challenging benchmark for future research.

More importantly, our experiments with VIUBench re-
veal a key advantage of these pretext tasks: the difficulty
of the generated questions can be easily scaled by adjust-
ing simple parameters. For instance, in the Object Counting
task, switching from the “Easy” to the “Hard” configuration
caused the score of GPT-5 to drop sharply from 88.4 to 70.3.
A similar trend is observed in the Temporal Jigsaw task. By
increasing the number of video segments from six to eight,

the model’s score plummeted from 39.0 to 27.0. Even for
Video Jigsaw [55], a model specifically trained on jigsaw
tasks, its performance decreases significantly from 20.3 to
5.0 under the same conditions. To sum up, all these find-
ings demonstrate that our method can dynamically generate
tasks that challenge powerful MLLMs. The ability to para-
metrically control task difficulty ensures that VIUBench can
remain a relevant and challenging benchmark for evaluating
the continuous advancements of future models.

3.3. Video Self-Supervised Reinforcement Learning

Motivated by the insights from our proposed VIUBench,
we introduce a novel framework that leverages Video Self-
Supervised Reinforcement learning (VideoSSR) to enhance
the generalization of MLLMs. To perform RLVR, we first
construct the VideoSSR-30K dataset, which consists of the
aforementioned three pretext tasks. The proportional dis-
tribution of VideoSSR-30K dataset is detailed in the right
panel of Figure 4. A detailed breakdown of the data com-
position is provided in Supplementary Material 1.3.

For RLVR training, we employ GRPO [16, 43]. We do
not use recent variants of GRPO [62, 69], as our primary
focus is on the data itself. Our reward function is based
solely on answer correctness. However, the inherent diffi-
culty of these tasks poses a problem for RLVR training: us-
ing a strict reward function often results in sparse rewards,
leading to inefficient and unstable training.

To address this challenge, we design a specific smooth
reward function for each task to provide a denser and more
informative learning signal. The design of these functions
is primarily based on the concept of relative error rate.
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Table 2. Performance comparison on General Video QA and Long Video QA tasks.

General Video QA Long Video QA
Model Frames MVBench TempCompass AoTBench VinoGround Video-MME LVBench LongVideoBench CGBench
Closed Source Models
GPT-4o [34] - 64.6 73.8 63.4 54 71.9 30.8 62.0 452
Gemini-1.5-Pro [45] - 60.5 67.1 58.3 35.8 75.0 33.1 58.6 37.2
Open Source Models
32 66.9 74.9 59.8 452 64.1 39.6 58.6 40.1
Qwen3-VL-8B-Instruct [39] 48 67.6 74.8 60.2 45.0 66.0 41.5 60.0 41.7
64 67.8 74.8 60.7 45.0 66.4 43.0 61.3 42.6
32 68.6(+1.7) 75.7(+0.8) 60.5(+0.7)  55.6(+10.4) 65.2(+1.1)  41.5(+1.9) 59.6(+1.0) 40.2(+0.1)
VideoSSR-8B (Ours) 48 68.8(+1.2) 75.8(+1.0) 61.7(+1.5)  55.6(+10.6) 66.7(+0.7)  42.9(+1.4) 61.1(+1.1) 42.5(+0.8)
64 68.9(+1.1) 75.7(+0.9) 61.8(+1.1)  55.6(+10.6) 67.6(+1.2)  44.0(+1.0) 61.5(+0.2) 43.4(+0.8)

Anomaly Grounding. For the temporal grounding of
anomalies, the Intersection over Union (mloU) naturally
serves as a smooth reward signal. It provides a score be-
tween O and 1 that reflects the degree of overlap between
the predicted and ground-truth temporal segments. Let Tpeq
and T}, be the predicted and ground-truth intervals, respec-
tively. The reward Rgoung 18 simply as below:

|1 red CZYt
p g
|j rede t|

p g

Rground = IOU(Tprem Tgt) (4)

Object Counting. For the counting task, our reward func-
tion provides a dense signal based on the average relative
error across all shape categories. For each category k, we
first compute a score Rcount,x that is inversely proportional
to the relative error. Let y; be the ground-truth count and
Ui, be the predicted count for category k. The score for a
single category is:

Reoun e = max (0,1 - 'y’“_yk') 5)
' Yk +¢€
Here, the absolute error is normalized by the magnitude of
the ground-truth value, and a small constant ¢ (e.g., 10™?)
ensures numerical stability. The final reward for the entire
task, Rcount, 1S the average of these scores over all K shape
categories:

1 K
Rcount = E ; Rcount,k (6)

Temporal Jigsaw. For the jigsaw puzzle, our reward func-
tion measures the structural correctness of the predicted se-
quence. We compute a penalty based on the cumulative dis-
placement of elements from their correct positions. Let Py
be the ground-truth permutation and Pbethe predicted per-
mutation. Let pos(v, P) denote the position of an element
v in a sequence P. The total displacement error Ejgeay 1S
defined as:
n .
Ejgaw = 3 Ipos(k, P) — pos(k, P)| (D)
k=1

This error is then normalized by the maximum possible er-
ror, Eynax, which occurs for a reversed sequence. The final
reward is given by:

E‘jigsaw

Rjigsaw =1- €]

max

4. Experiments

Implementation Details. Our VideoSSR-8B model is
built upon the Qwen3-VL-8B-Instruct [39]. We perform
RLVR on our newly constructed VideoSSR-30K dataset
for one epoch. Key hyperparameters for training include
a learning rate of 1 x 1075, a global batch size of 64, and
a rollout number (V) of 8 for generation, a KL divergence
penalty with a coefficient of 1 x 1073, MAX_FRAMES is
configured to 48, and MAX_PIXELS is set to 256 x 256
for efficient training. The entire training process is con-
ducted on 8 H200 GPUs and takes approximately 16 hours.
To ensure a fair and reproducible comparison, both Qwen3-
VL and VideoSSR are evaluated under identical conditions:
FPS is set to 2, with MAX_FRAMES configured to {32,
48, 64}. MAX_PIXELS is set to 512 x 512. Greedy de-
coding is used to ensure reproducibility. Following recent
research [55], chain of thought [52] is not utilized to mit-
igate hallucination [31] and ensure correct output format-
ting, therefore enhancing performance. The code is avail-
able at Supplementary Material.

Benchmarks and Baselines. To comprehensively evalu-

ate the generalization capability of VideoSSR, we conduct

experiments on 16 distinct benchmarks spanning four major

video task categories:

* General Video QA: MVBench [25], TempCompass [29],
AoTBench [58], and VinoGround [65].

* Long Video QA: Video-MME [13], LVBench [48],
LongVideoBench [54], and CGBench [6].

* Temporal Grounding: QVHighlights [24], Activi-
tyNet [5], CharadesSTA [14], and TACoS [40].
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Table 3. Performance comparison on Temporal Grounding and Complex Reasoning tasks.

Temporal Grounding

Complex Reasoning

Model Frames QVHighlights ActivityNet CharadesSTA TACoS VideoMMMU Video-TT VCRBench CVBench
Closed Source Models
GPT-40 [34] - - - 357 61.2 46.6 29.0 69.2
Gemini-1.5-Pro [45] - - - - 53.9 423 48.2 -
Open Source Models
32 43.7 36.5 50.3 22.4 58.2 41.8 7.4 61.8
Qwen3-VL-8B-Instruct [39] 48 46.4 38.4 50.0 25.9 58.5 43.0 7.4 61.5
64 48.6 39.8 49.2 28.1 58.8 44.0 8.8 61.6
32 59.6(+15.9)  42.1(+5.6) 52.1+1.8)  23.1(+0.7)  59.9(+1.7)  442(+2.4) 10.7(+3.3) 63.5(+1.7)
VideoSSR-8B (Ours) 48 61.1(+14.7)  43.0(+4.6) SLIGLD)  277(+1.8)  60.0(+1.5)  449(+1.9) 153(+7.9) 63.8(+2.3)
64 62.6(+14.0)  43.7(+3.9) 499(+0.7)  30.6(+2.5)  60.9(+2.1)  45.8(+1.8) 17.8(+9.0) 63.3(+1.7)
e Complex Reasoning: VideoMMMU [21], Video- Temporal Jigsaw task. VideoSSR also obtains consistent

TT [68], VCRBench [41], and CVBench [70].

For the Temporal Grounding tasks, we report the Mean
Intersection over Union (mloU) as the primary evaluation
metric. Further details regarding each benchmark and a full
breakdown of the results can be found in Supplementary
Material 1.1.

For our primary baseline, we select Qwen3-VL-8B-
Instruct, as it represents the state-of-the-art among open-
source models. To further contextualize the performance
of our method, we also provide a comparative analysis
against two formidable proprietary models: GPT-4o0 [34]
and Gemini-1.5-Pro [45].

4.1. Main Results

General Video QA As shown in the left half of Table 2,
VideoSSR achieves substantial improvements on tempo-
rally related benchmarks such as VinoGround [65], even
surpassing closed source models. It also obtains im-
provements on more general benchmarks, for instance on
MVBench [25], achieving a score of 68.9 and similarly out-
performing the closed source models.

Long Video QA As shown in the right half of Table 2,
VideoSSR also achieves consistent improvements on four
mainstream benchmarks. As we primarily conduct training
and evaluation with a low number of frames, a gap remains
compared to closed-source models on such long video un-
derstanding tasks, which is a direction for future research.

Temporal Grounding As shown in the left half of Table 3,
benefiting from the Anomaly Grounding task, VideoSSR
achieves remarkable zero-shot improvements on multiple
mainstream temporal grounding benchmarks, especially on
QVHighlights [24] and ActivityNet [5], with gains of +15.9
and +5.6, respectively.

Complex Reasoning As shown in the right half of Table 3,
VideoSSR achieves a large improvement of +9.0 on VCR-
Bench [41], a benchmark that is highly correlated with our

improvements on other video reasoning benchmarks.

In summary, we validate the generalization capability of
VideoSSR on the 16 aforementioned benchmarks. Notably,
VideoSSR achieves consistent performance improvements
across four major video tasks under three different frame
settings. Under the 48 frame setting, VideoSSR obtains
an average improvement of 5.1% across all 17 benchmarks
(including VIUBench), comprehensively demonstrating the
effectiveness of VideoSSR.

4.2. Ablation Study

Analysis on three pretext tasks. First, we individu-
ally validate the effectiveness of the three pretext tasks,
as shown in Table 4. Benefiting from its design, the
Anomaly Grounding task leads to a significant performance
increase on CharadesSTA. Similarly, the Temporal Jigsaw
task brings a substantial boost to VCRBench. Notably,
all three tasks individually improve performance on Video-
MME, confirming their contribution to enhancing general
video understanding capabilities.

Moreover, Table 4 also shows the impact of the smooth
reward function on the results. We observe that the model
trained with a strict matching reward function performs
closer to the baseline. This is because a strict reward func-
tion often leads to sparse reward signals, which are more
likely to result in a zero advantage in GRPO. Consequently,
the training becomes inefficient, leading to smaller up-
date magnitudes. Furthermore, strict reward function intro-
duces training instability. For instance, training the anomaly
grounding task with a strict reward function even degrades
performance on CharadesSTA.

Analysis on task diversity. To further investigate the ben-
efits of task diversity, we conduct a comparative analysis
between single task training and our mixed task VideoSSR-
30K, controlling for the data scale at 30k samples for both
settings. As illustrated in Figure 5, we observe that simply
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Table 4. Ablation study of the three pretext tasks and their
corresponding smooth reward functions. G, C, and J represent
Anomaly Grounding, Object Counting, and Temporal Jigsaw, re-
spectively. v' indicates the component is used for training. R@0.5
denotes recall at an IoU threshold of 0.5. Step denotes step accu-
racy for VCRBench. The best and second best results are shown
in bold and underlined.

Training Config Understanding Grounding Reasoning
Pretext Tasks | Reward Video-MME CharadesSTA | VCRBench
G C J Smooth | All Long mloU R@O0.5 | Acc Step

Baseline Model
X X X \ - \ 64.1 54.3 \ 50.3 58.4 \ 74 259
Models on Subtasks
v X X X 64.7 54.8 475 522 58 249
v o x X v 64.8 55.9 53.8 63.8 4.1 228
X v X X 64.7 54.7 51.5 59.9 63 254
X v X v 64.9 56.2 514 60.1 55 248
X X v X 64.3 55.0 51.3 59.1 134 327
X X v v 64.8 55.8 51.0 59.0 159 355
Models on All Tasks
v v Y X 64.8 55.4 51.3 59.3 10.7 304
v v v ‘ v ‘ 65.2 57.1 52.1 60.6 10.7 323

scaling up the data for a single task yields diminishing re-
turns and even degrades performance. This finding suggests
that designing a diverse set of pretext tasks, rather than fo-
cusing on a single one, is a more promising direction for
enhancing model capabilities.

—e—Counting Grounding —*—Jigsaw —— Baseline € VideoSSR

65.6 57.3
Video-MME (Long) &

Video-MME (All)

30k 0 6k 12k 30k
Data Size

0 6k 12k
Data Size

Figure 5. Comparison of single task and mixed task training at
the 30k data scale. The results demonstrates that task diversity is
more effective for improving performance than simply scaling up
the data for a single pretext task.

We also compare our method against training with
LongVideoReason [8] or ReWatch [64]. We utilize only
the multiple-choice subsets from each dataset. The specific
training procedures are:

» For LongVideoReason, the model is trained for 500 steps
with a batch size of 64.

* For ReWatch, we use a composite subset of questions
from its Video-R1 [11] and VideoEspresso [17] portions
and train the model for one full epoch.

The results are presented in Table 5. Notably, the model

trained with our VideoSSR-30K surpasses the performance

of models trained on annotated datasets of a comparable

scale. Furthermore, we observe a critical limitation: fine-
tuning the powerful Qwen3-VL on LongVideoReason, a
dataset annotated by a less capable MLLM, can even lead
to performance degradation, which further demonstrate the
importance of our self-supervised paradigm.

Table 5. Ablation study on different training datasets. ‘“None”
indicates the baseline Qwen3-VL.

Training Config
Fine-tuning Data

| Video-MME | CharadesSTA | VCRBench
[ Size | Al Long | mloU R@0.5 | Acc  Step
Baseline Model
None [ - [641 543 | 503 584 | 74 259
Fine-tuned Models
LongVideoReason [8] | 32k | 63.6  53.3 51.7 59.4 7.1 26.1
ReWatch [64] 27k | 647  56.7 51.6 59.2 27 222
VideoSSR-30K 30K | 65.2 57.1 52.1 60.6 | 10.7 323

Analysis on subtypes for the Anomaly Grounding task.
Finally, we investigate 14 distinct perturbation types and re-
port their corresponding accuracies on Video-MME, as il-
lustrated in Figure 6. Further details are provided in Sup-
plementary Material 2.1. Based on these results, we se-
lect four perturbations that offer substantial improvements
and create a uniform mixture to construct our final train-
ing set. Furthermore, we found that perturbations targeting
temporal properties, such as simulating a fast forward ef-
fect by sampling denser frame sequences, does not appear
to yield benefits and even introduced negative side effects.
This may be because the base model, Qwen3-VL, relies on
textual timestamps for its temporal awareness. Deliberately
creating visual anomalies in this domain might confuse the
model rather than enhance its learning.

65.0

64.6 64.6
VideoSSR-30K 64.5

64.

Baseline 64.1 64.1 64.1 |
64.0 63.9

63.8
63.7

63.7
63.6
63.5 63.4
63.2
63.0 ‘Saturatic Slow

on Noise  Blur Grayscale Invert _Channel Zoomin  Rotate ZoomOut Mirror Fast_ StterHold Shuffle

Figure 6. Ablation study of the 14 perturbation subtypes for
Anomaly Grounding. Accuracy is reported on Video-MME.

5. Conclusion

In this paper, we introduce VideoSSR, a novel self-
supervised reinforcement learning framework that ad-
dresses the critical data limitations in training MLLMSs with
novel pretext tasks. Our work establishes self-supervision
as a powerful method for generating scalable, low-cost,
high-quality training data, enabling models to learn directly
from the intrinsic structure of video and move beyond the
constraints of static, annotated datasets.
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