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Abstract

Multimodal Large Language Models (MLLMs) have made
great progress in video understanding tasks. However,
when it comes to understanding complex or lengthy videos,
MLLMs tend to overlook details or produce hallucinations.
To alleviate these issues, recent work has attempted to lever-
age reinforcement learning (RL) to boost models’ deep lin-
guistic reasoning of complex videos. But these methods
have two main problems: First, the RL framework they used
has unstable training, high training costs, and is difficult
to train satisfactory video reasoning models; Second, the
linguistic reasoning process is difficult to guarantee the re-
liability of visual information. To alleviate these problems,
we propose to use multimodal elements for reasoning, and
we design a novel framework to build and enhance versa-
tile video reasoning capabilities on MLLMs. We carefully
design a multi-task cold start and multi-task reinforcement
learning to improve the model’s visual perception and pro-
ficiency in multiple capabilities. In the inference phase,
we leverage multimodal reasoning and dynamic sampling
to further improve the performance. We verified the effi-
ciency of the framework on a base MLLM (Qwen2-VL-7B-
Base). Through cold-start with 3k data and reinforcement
learning training with 5k data, combined with inference
design, our final model significantly outperforms the base
model on seven public video benchmarks, even surpassing
and approaching the state-of-the-art Instruct Models such
as Qwen2.5-VL-7B-Instruct trained with large-scale data.

1. Introduction

The recent surge of large language reasoning models [16,
19, 31, 49] has marked great progress towards a new era
of artificial intelligence, particularly in addressing challeng-
ing and realistic tasks such as mathematics, reasoning, etc.
These advances have also promoted the rapid development
of multimodal large language models (MLLMs) [15, 17,

28]. A notable trend is the extension of reinforcement
learning (RL) methods from the linguistic to the multi-
modal domain. Recent studies focus on improving RL al-
gorithms [27], designing more effective verifiers [36, 39],
and expanding to diverse modalities [38, 59].

Despite the promising performance of MLLMs trained
with RL algorithms on image understanding tasks [5, 55],
RL training on video tasks has not achieved comparable
improvements [12, 34], and establishing a stable and ef-
ficient RL framework for video understanding remains an
open challenge. Existing RL training frameworks [7, 12] for
videos typically involve high-cost long Chain-of-Thought
(CoT) reasoning annotations, large-scale CoT cold start,
and large-scale RL training. For example, Video-R1 [12]
curates 165k data for cold start and 260k data for RL train-
ing. These models build on Instruct Models (e.g., Qwen2.5-
VL-Instruct), which have already undergone large-scale
SFT and post-training on image and video tasks using a
direct-response paradigm, i.e., generating a brief answer
immediately in response to a question. However, the inher-
ent prior of such models favors direct responses over step-
by-step reasoning, limiting their performance on tasks re-
quiring logical reasoning [57]. Therefore, it requires large-
scale data and extensive training to enable the model to de-
velop robust reasoning capabilities and adapt to reasoning
formats and tasks. Although recent methods [12, 34] have
enhanced the model’s ability to reason over video content
and generate summaries, they still lag behind the original
Instruct Models, revealing a performance gap between rea-
soning training and direct-response models.

Furthermore, recent studies [12, 15] only use RL train-
ing to incentivize the linguistic reasoning path, which may
include reasoning contents such as problem analysis, video
perception, information reasoning, and summary. However,
using only a textual reasoning path makes it difficult to en-
sure the long-term accuracy of visual information, and long-
term text reasoning is prone to lead to incorrect and hallu-
cination [20]. For video tasks, more effective and accurate
reasoning paradigms involving multimodal elements should



be explored instead of relying merely on text elements, in
order to better cope with reasoning-intensive video under-
standing tasks. Meanwhile, although giving the model a
longer budget during reasoning (e.g., more than 1k text to-
kens) can stimulate a self-reflective mechanism during the
reasoning process, it also leads to a longer inference time,
which will become a crucial bottleneck in real-world video
applications.

To address these limitations, we propose VideoRea-
soner, an efficient framework that builds and enhances ver-
satile video reasoning capabilities for base MLLMs. To
construct a simple and usable framework and verify the ef-
fectiveness of this framework. We set the task to conduct
training based on Base MLLMs. The basic goal is to use
this framework to enhance video understanding capabilities
more efficiently; that is, the video understanding perfor-
mance needs to exceed the corresponding Instruct Model,
and explore whether this framework can bring about ef-
fects beyond expectations. As mentioned earlier, there is an
inherent performance gap when using the Instruct Model.
The usage of the Base Model is proposed here to avoid the
performance gap and to verify the effectiveness of the ba-
sic framework. Furthermore, in the experimental section,
we also presented the training results based on some In-
struct Models. As for how to bridge this gap, more sub-
sequent work is needed for exploration. Meanwhile, since
this framework subsequently designs the reasoning process
of multimodal elements, which involves multitask learning,
the Base Model is more suitable as a baseline because it has
only undergone multimodal pre-training and can adapt to
multitask learning more efficiently.

To avoid error accumulation and hallucinations of vi-
sual content understanding caused by only using textual rea-
soning, we extend it to three perspectives: event reason-
ing, keyframe reasoning, and direct-response. As important
contents in videos, events and keyframes can express clearer
information than text. To this end, we design a two-stage
training method to enable the model to learn and enhance its
reasoning ability from these perspectives. In the first stage,
a multi-task SFT is designed as a cold start. We design a
unified instruction for multiple tasks as shown in Figure 1.
These tasks have different task prefixes and subsequent spe-
cific contents. An example is shown in the left part of Fig-
ure 1. For keyframe reasoning, we do not directly output
the indices of keyframes for reasoning. Instead, we adopt
a simple approach that predicts the key elements. In the
second stage, we propose a novel multi-task reinforcement
learning method. For a given video-question pair, multiple
sets of responses are generated using prompts with differ-
ent task prefixes, and task-specific rewards are defined for
Group Relative Policy Optimization (GRPO). After train-
ing, we design an inference pipeline leveraging the model’s
three video reasoning capabilities. Specifically, the model

performs event reasoning and keyframe reasoning in paral-
lel, conducts dense sampling of the outputs, and then feeds
the sampled video frames back into the model to generate a
direct response.

Through extensive experiments on various public video
benchmarks, including general video understanding, video
reasoning, and video temporal grounding benchmarks, we
validate the effectiveness of the proposed VideoReasoner
framework. Based on Qwen2-VL-7B-Base, through a
cold start with 3k samples and RL training with 5k sam-
ples, combined with the proposed inference pipeline, the
framework achieves substantial improvements across seven
benchmarks, outperforming Qwen2-VL-7B-Instruct on five
benchmarks and Qwen2.5-VL-7B-Instruct on three bench-
marks. Compared with the data and training costs required
for SFT or post-training used in training two Instruct Mod-
els, our framework requires only 8k data while achieving
comparable results, demonstrating its efficiency and high-
lighting its potential for real-world applications.

2. Related Work

2.1. Multimodal Large Language Models for Videos

MLLMs [1, 2, 4, 10, 18, 62] have achieved significant ad-
vancements in video understanding tasks, and open-source
models are gradually catching up with closed-source mod-
els in terms of multimodal capabilities. MLLMs treat video
input as a sequence of images and bridge the visual tokens
and language space through a modality alignment module,
and these works use Q-Former [22] to aggregate tempo-
ral information or simple MLP projectors. The training
paradigms of MLLMs for video understanding continue to
evolve. Recently, Qwen2.5-VL [2] fuses adjacent frames
and further compresses encoded multiple visual tokens into
a single token, which is then connected to the language
model via MLP. To enhance temporal awareness, some
works propose explicit temporal textual prompts [30], tem-
poral module [53], and MRoPE techniques [2]. As for video
training, many works adopt a hybrid data training strat-
egy. For example, InternVL2.5 [8] and Qwen2.5-VL are
trained on a combination of single images, multi-frame im-
age sequences, and videos. Additionally, post-training tech-
niques are widely used to improve video reasoning perfor-
mance [2, 15, 62]. In parallel, video benchmarks have been
introduced to assess the various MLLMSs, such as general
video understanding tasks [13, 35, 45] and video reasoning
tasks [50, 60]. Recently, the use of reinforcement learning
to enhance the reasoning ability of models [12, 38], the abil-
ity to use tools [54], and evolve into video agents [? ] are
the cutting-edge directions for the development of MLLMs
towards more powerful and practical video understanding.



2.2. Multimodal Large Language Models for Rea-
soning

Large language reasoning models using CoT [44], test-
time scaling [19], and RL [31] have achieved great suc-
cess for the reasoning and instruction-following abilities,
such as in mathematics, coding, and agentic tasks. Re-
cently, DeepSeek-R1 [31] demonstrates that large-scale RL
with verifiable rewards induces emerging reasoning capa-
bilities in LLMs. Inspired by this, the introduction of
reasoning and design reasoning on MLLMs is continu-
ously evolving and has demonstrated some promising re-
sults [25, 29, 36, 47, 51]. To explore the multimodal
reasoning effect for complex video understanding tasks,
some works focus on step-by-step reasoning, CoT train-
ing, and RL training. VideoCoT [41] propose a high-quality
video dataset with chain-of-thought reasoning annotations.
Video-of-Thought [11] breaks down a complex video task
into simpler sub-problems, such as tracking or action analy-
sis, and it addresses them using step-by-step reasoning from
a low-level pixel perception to high-level cognitive inter-
pretation. For Video-MLLM RL training, [12, 38] intro-
duce GRPO training for MLLM to reasoning for fully un-
derstanding the video-language relationship before the fi-
nal answer. Recent RL training frameworks often involve
offline and online training stages. Seedl.5-VL [15] in-
corporates video data into the pretraining phase and de-
signs a post-training phase through a combination of super-
vised fine-tuning (SFT) and RL techniques. Keye-VL-1.5
leverages a slow-fast video encoding method, and the post-
training stage is continuous iterative SFT and RL training.
InternVL3.5 [37] also propose a cascade RL framework that
consists of a mixed preference optimization and an online
RL stage. However, these RL frameworks merely rely on
linguistic reasoning to analyze and interpret video content.
While our proposed framework involves not only linguistic
reasoning but also multimodal element reasoning.

3. Method

Overview In this section, we propose a two-stage training
framework to build and enhance versatile video capabilities
for base MLLMs. The main idea is to fully explore the vari-
ous video capabilities to enhance video understanding, with
the expectation that the model can effectively leverage its
pre-trained knowledge to perform these tasks. The frame-
work consists of three steps: (1) a multi-task cold start (Sec-
tion 3.2); (2) a multi-task RL (Section 3.3), and (3) an ef-
ficient video inference pipeline (Section 3.4). See Figure |
for the overview.

3.1. Background of GRPO

Group Relative Policy Optimization (GRPO) [31] is pro-
posed to save the training costs of reinforcement learning.

It foregoes the critic model that is typically the same size
as the policy model, and estimates the baseline from group
scores instead. Specifically, for each question g, GRPO
samples a group of outputs {01,092, -+ ,05} from the old
policy my,,, and then optimizes the policy model 7y by
maximizing the following objective:
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3.2. Multi-task Supervised Fine-tuning as a Cold
Start

A base MLLM is built upon a large language model and
trained with multimodal pretraining to align visual signals
with language tokens, such as Qwen2-VL [33], which pro-
cesses 1.4 trillion tokens during pretraining. Considering
that the base model is exposed to large-scale and diverse
linguistic and visual scenarios during the pre-training stage,
it is expected that the model can utilize this prior knowl-
edge for various visual tasks, including complex video un-
derstanding. To this end, we innovatively design three core
tasks for the MLLM to learn: video question answering,
video event grounding, and keyframe detection. However,
“keyframes” are difficult to define, and current MLLMs still
struggle to predict them accurately. To address this, we
reformulate keyframe detection as key element generation
and employ a visual encoder to retrieve the corresponding
video frames.

To support the model’s adaptability to the three afore-
mentioned tasks, we curate datasets specifically tailored for
each task. For video question answering, which is the most
commonly used task for training MLLMs, we adopt multi-
choice QA data from the training sets of [12]. For video
event grounding, we use the temporal grounding training
set from [14]. For key element generation, we collect raw
videos from [58] and employ a proprietary model [15] to
generate key elements, constructing paired video and tex-
tual key element annotations. For each input video X, and
instruction (comprising a system prompt and a video query),



<system>: Given a video, please analyze the content carefully and provide your response in one of the following formats:
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Figure 1. The proposed training paradigm aims to build and enhance versatile video reasoning capabilities for MLLMs, including a multi-

task Cold Start and a multi-task RL with high efficiency.

the target answer corresponds to one of three types, as il-
lustrated in the left part of Figure 1. The most distinctive
feature of these three responses lies in their prefixes: “The
answer is:”, “I want to locate the key event in the video.”,
and “I want to output the key elements:”. All tasks share
the same system prompt, which specifies the principles the
model should follow, as detailed in Figure 1.

For a sequence of length L, the probability of various
target answers is defined as follows:

L
p(Xa|X'ua Xinstruct) = H 770(£i|XU7 Xinst’ructa Xa,<i)

i=1
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where 0 is the trainable parameter of MLLM. All parame-
ters of the visual encoder and the language model backbone
are trainable. X, s¢ruet and X, <; are instruction and an-
swer tokens before the current prediction token x;, and the
whole response (including the prefix) is used to compute the
loss for next token prediction.

For video event grounding, we observe that using ab-
solute numerical predictions [53] makes the model’s out-
puts highly dependent on the training distribution. For in-
stance, if the model is trained on short videos, it tends
to predict very small time values and has difficulty han-

dling event localization in long videos. To address this
issue, we propose a relative numerical prediction for
event grounding, i.e., predicting the time ratio for du-
rations [start_ratio, end.ratio]. We also in-
sert two learnable special tokens < | event_start |> and
<|event_end|> to make the model stably predict the
grounding results when performing this task.

We employ only pre-trained MLLMs for multi-task fine-
tuning instead of adopting post-trained SFT models. Al-
though the latter typically achieve stronger performance,
they also exhibit stronger preferences or inductive biases
and demand larger-scale multi-task datasets for effective
fine-tuning. In our setting, we utilize approximately 3k
training samples in total, with each task accounting for
around 1k samples.

3.3. Multi-task Reinforcement learning

The Cold Start enables the base MLLM to adapt to the re-
sponses of various tasks, but it is more about proficient for-
mat output rather than truly effective learning of these capa-
bilities. To enhance these capabilities, we utilize the com-
monly used reinforcement learning algorithm GRPO [31] to
incentivize the diverse capabilities of the model. Although
recently there have been some works focusing on RL for
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video-query pair, we use different prefix hints to prompt the
model to roll out different tasks for the same query, effec-
tively improving the utilization efficiency of data.

As shown in the right part of Figure 1, we select two
tasks—event grounding and video QA—to construct the
multi-task GRPO for video training. Given the same video
and query, we prepend task-specific prefixes after the de-
fault assistant generation prompt (e.g., <assistant>).
Specifically, the event grounding prefix is: “I want to lo-
cate the key event in the video.”, and the video QA prefix is:
“The answer is:”. Importantly, we do not need to manually
construct such data. The dataset of [46] provides both the
answer metadata and reference time intervals for the same
video-query pairs. Although [46] introduces a new video
QA task, we instead repurpose this dataset to build the train-
ing set for multi-task GRPO.

Unlike the Cold Start stage, where the model is required
to predict task prefixes, in GRPO, the tokens corresponding
to task prefixes are not used to compute the loss. Given
a video X,, and a query ¢, generation prompt g, and a
task prefix in {p1,p2}, a multimodal query is defined as
m = [X,,q, g,p], where [-] denotes token concatenation.

1—¢1+ e) Ai) — BDkr (7T9||7Tref)}
(5)

where KL divergency Dk and advantage A; are are the
same as defined in Equation 2 and Equation 3, respectively.

Reward Modeling The definition of the reward r; guides
the model’s learning objective. Our goal is to enable
the model to find the direction for optimization within its
own search space while maintaining proficiency in multiple
tasks. At the same time, since we choose not to predict task
prefixes, we prevent the model from getting stuck on which
format to output or overfitting to a single format during roll-
out and optimization. Instead, it performs autoregressively
to continue generating subsequent tokens for a given spe-
cific prefix. To better leverage the role of the two tasks in
enhancing video comprehension ability, we have designed
three rewards, including an IoU reward r:.y, a format re-
ward 7¢or, and an accuracy reward 7.

* IoU Reward r;.y: this reward is designed for the event
grounding task. It is computed as the IoU between the
predicted interval ratio and the ground-truth interval ratio.

¢ Format Reward 7:,.,: this reward is used for the event
grounding task to evaluate whether the model correctly
predicts the two special tokens,



¢ Accuracy Reward r,..: this reward is for the video QA
task, and it takes a value of either O or 1.

For the collaborative optimization of the two tasks, GRPO
only computes importance weights of the rollout tokens, tar-
geting the probability of the model’s response to the input
sequence. Thus, although query data from different tasks
are sampled in the same batch, the optimization objectives
of each task do not interfere with each other. For the event
grounding task, the objective is to optimize the model’s re-
sponse quality given the input video, query, and task prefix.
In this case, the accuracy reward can be set to 0, allowing
the model to focus on improving the format reward 7o
and IoU reward r1,y. For the Video QA task, the goal is
to optimize the model’s response quality for this task input.
We set the format reward and IoU reward to O and let the
model improve the accuracy reward r,... The overall re-
ward function is defined as their sum:

T(O) =T10u + Tform T Tacc (6)

For the training data of this stage, we use only 5k video
queries. The training at this stage is data-efficient and does
not require long rollouts, resulting in high efficiency.

3.4. Inference with Versatile Video Reasoning Ca-
pabilities

After reinforcement learning, the event grounding and video
understanding abilities are enhanced, and we try to com-
bine the two abilities and keyframe detections to build an
efficient video question-answering process. As shown in
Figure 2, we first input the video along with two types of
task prefixes to the MLLM, prompting the model to out-
put the duration of the related event and key elements in
parallel. For key elements, we use a text encoder [3] to ex-
tract the textual embeddings, and feed the uniformly sam-
pled video frames into a visual encoder [3] to obtain video
embeddings, from which keyframes with high similarity are
selected.

Specifically, the event grounding process outputs the
most important event interval ratio [S,, E,], which is mul-
tiplied by the video duration to obtain the absolute time
interval [S¢, E]. The keyframe detection process gener-
ates a series of keyframe positions. Based on the original
segments division, we obtained a series of time segments
{[Skys Ek1]s [Skas Bryls -+ 5 [Sk, s Bk, ]}- Then, we merge
and sort all the selected time segments to obtain the key in-
tervals. We adopt high fps dense sampling to fully utilize
key visual information. Meanwhile, to prevent the model
from ignoring global information, we also took into ac-
count other non-key time regions and implemented sparse
sampling using a low fps. We merge and sort the sam-
pled frames of these two parts, and input them together with
the video QA prefix into the MLLM to obtain the final re-
sponse.

4. Experiment

4.1. Setup

Qwen2-VL-7B-Base [33] is used as the base model, with
all parameters of the MLLM fully fine-tuned. For analysis
experiments, we also finetuned Qwen2-VL-7B-Instruct [33]
and Qwen2.5-VL-7B-Instruct [2]. All experiments are con-
ducted on H20 GPUs. We sample 64 frames per video
for both training stages and inference. The 3k training
data for the cold start stage are sampled from [12, 14, 58],
and the Sk training data for RL training are sampled
from [46]. Evaluation is performed on 7 video bench-
marks: Video-MME [13], LongVB [45], MLVU [61],
LVBench [35], VideoEval-Pro [26], VSI-Bench [50], and
MMVU [60]. The temporal grounding benchmark uses
Charades-STA [14]. More details refer to the Appendix.

4.2. Main Results

Quantitative Results Table | presents a comparison with
previous models. Compared with current state-of-the-art
models. When using Qwen2.5-VL-7B-Instruct as baseline,
compared with Video-R1 [12], our multi-task RL training
is more efficient (use much less training data) and effec-
tive (achieve more significant and stable improvements on
all benchmarks. When using Base model as baseline, RL
has achieved improvements on all benchmarks. By using
our proposed reasoning method, it has further surpassed
or achieved comparable results to the latest Qwen2.5-
VL-7B-Instruct model. Compared with Qwen2-VL-Base,
Qwen2.5-VL-Instruct adopts a better visual encoding de-
sign and uses large-scale data in the Instruct tuning stage.
Our method only uses 8k data, which highlights the poten-
tial of our proposed method.

Table 2 presents a comparison on video reasoning bench-
marks. Qwen2.5-VL-7B-Instruct with our RL achieves the
best results on both benchmarks. With our RL training,
Qwen2.5-VL-7B-Base improves by 4.8% on VSI-Bench
and 1.3% on MMVU, surpassing Qwen2-VL-7B-Instruct
on VSI-Bench. Compared with Video-R1, our multi-task
RL approach shows consistent and stable performance im-
provements on video reasoning tasks.

Table 3 presents a comparison of temporal grounding
on Charades-STA.Notably, although our baseline model,
Qwen2-VL-7B, does not support temporal grounding, fol-
lowing cold-start training it outperforms Qwen2.5-VL-7B-
Instruct. After RL training, our models achieve the best
results in mloU, R1@0.3, and R1@0.5, surpassing state-of-
the-art models. These results demonstrate that our frame-
work can develop and enhance the emerging temporal
grounding capability of base MLLMs.

Qualitative Results Figure 3 shows that our method com-
bines multiple inherent capabilities to perform video ques-



Table 1. Performance on public video benchmarks compared to previous models.

Video-MME LongVB MLVU LVBench VideoEval-Pro
Model \ Benchmark
‘ Short Medium Long Overall Val M-Avg  Overall MCQ

LLaVA-Video-72B [58] 81.4 68.9 61.5 70.6 62.4 71.3 46.1 50.1
InterlVL2.5-72B [8] 82.8 70.9 62.6 72.1 - - 37.9 -
PLLaVA-7B [48] - - - - 40.2 - - -
LongVA [56] 61.4 50.9 45.0 524 - 56.3 - 38.0
Long-LLaVA [32] 61.9 514 45.4 52.9 - - - 36.9
Kangaroo-8B [24] 66.1 55.3 46.6 56.0 54.2 - - -
VideoTree [43] - - - 56.1 523 - - -
InternVL2-8B [9] 68.0 52.0 48.9 56.3 54.6 56.3 - 39.9
ViLA-1.5-8B [23] - - - 58.2 56.3 56.7 - -
Qwen2-VL-7B-Instruct [33] 70.7 57.6 50.2 59.3 55.2 61.7 39.7 39.6
LongVILA [6] - - - 60.1 - - - -
MiniCPM-V-2.6 [52] 71.3 59.4 51.8 60.9 54.9 - - -
LongVILA-RI [7] - - - 62.4 - - - -
Baseline: Qwen2.5-VL-7B-Instruct | 74.6 61.2 514 62.4 59.3 63.0 37.7 40.3

+ Video-R1 [12] 72.2 59.4 47.0 59.5 49.7 62.0 38.67 42.21

+ RL (ours) 73.2 64.07 51.2 62.87 59.0 64.31 39.61 41.71
Baseline: Qwen2-VL-7B-Base 68.3 57.0 49.6 58.3 53.7 61.4 36.8 39.2

+ RL (ours) 72.1 58.1 52.3 60.8 53.9 63.0 38.4 41.0

+ VideoReasoner (ours) 72.9 60.6 53.0 62.0 55.0 64.6 44.6 44.1

A +4.6T  +3.67 4347 +3.77 +1.37 +3.21 +7.81 +4.91

Table 2. Performance on public video reasoning benchmarks com-
pared to previous models

VSI-Bench MMYVU
Model \ Benchmark Overall MCQ
LLaVA-OV-7B [21] 324 49.2
ViLA-1.5-8B [23] 28.9 49.2
VideoTree [43] - 54.2
LLaVA-Video-7B [58] 36.2 60.2
Qwen2-VL-7B-Instruct [33] 334 63.4
Baseline: Qwen2.5-VL-7B-Instruct [2] 38.1 67.5
+ Video-R1 [12] 37.8] 64.3]
+ RL (ours) 39.17 68.07
Baseline: Qwen2-VL-7B-Base [33] 28.9 61.1
+ RL (ours) 33.71 62.47

Table 3. Performance on temporal grounding task, T denotes mod-
els use Charades-STA’s training sets.

Charades-STA [14]

Model mloU R1@03 RI@0.5 RI1@0.7
InternVideo2! [40] - - 70.0 48.9
TimeSuite’ [53] - 79.4 67.1 43.0
Qwen2.5-VL-7B-Instruct [2] 43.6 76.1 429 26.2
Baseline: Qwen2-VL-7B-Base NA

+ Cold Start! (ours) 54.1 78.6 62.4 35.8
+RLT (ours) 59.1 81.9 70.4 457

tion answering. Compared with the baseline model that uses
uniform sampling for responses, the reasoning process can

LN

[ELEX

R O & S

Event prediction: 0. B7|< ************** > |1 0

Multimodal Large Language Model

A i
| filter | filter
[Key elements: _Person in light-colored clothes Armed personnel

Figure 3. Qualitative Results for video question answering.
be visualized and is accurate. More cases refer to Appendix.

4.3. Ablation Study

Comparison of different settings in training Table 4
presents the detailed performance of cold start and RL train-
ing under single-task and two-tasks settings. First, the cold
start consistently improves baseline performance. For RL
training, using only temporal grounding data yields im-
provements only in the long-video scenario of Video-MME,
while degrading performance on other tasks. The reason
might be that this type of data does not use the final answer
as the reward, which affects the accuracy of the model’s re-
sponse. Training using both video QA data and temporal
grounding data simultaneously achieved better results than
using only video QA data, demonstrating the effectiveness
of multi-task RL training.



Table 4. Ablation Study for our proposed method.

Model \ Benchmark \ Video-MME LongVB MLVU LVBench VideoEval-Pro
‘ Short Medium Long Overall Val M-Avg Overall MCQ
Baseline \ 68.3 57.0 49.6 58.3 53.7 614 36.8 39.2
- Cold Start ‘ 70.4 58.1 50.2 59.6 53.8 61.1 38.0 40.3
- RL training
w/ QA 72.1 57.0 51.7 60.2 51.6 61.3 375 41.0
w/ TG 70.4 56.8 51.5 59.5 53.1 60.8 374 39.5
w/ QA & TG 72.1 58.1 523 60.8 53.9 63.0 38.4 41.0
- Inference
w/ Event 72.5 60.3 524 61.7 54.3 62.4 433 43.5
w/ Keyframe 72.6 58.9 524 61.3 54.8 634 44.6 43.0
w/ Event & Keyframe | 72.9 60.6 53.0 62.0 55.0 64.6 42.8 44.1

Table 5. Analysis of our proposed multi-task Cold Start and multi-task RL training.

Model \ Benchmark ‘ Video-MME LongVB MLVU LVBench VideoEval-Pro
‘ Short Medium Long Overall Val M-Avg  Overall MCQ
Qwen2.5-VL-7B-Instruct | 74.6 61.2 514 62.4 59.3 63.0 37.7 40.3
+ Cold Start 74.6 64.0 51.2 63.3 57.3 62.6 38.8 40.2
+RL 73.2 64.01 51.2 62.81 59.0 64.31 39.67 41.77
Qwen2-VL-7B-Instruct 70.7 57.6 50.2 59.3 55.2 61.7 39.7 39.6
+ Cold Start 71.5 57.7 49.6 59.6 57.2 62.6 39.6 40.2
+RL 7121 5871 48.9 59.61 543 38.3 39.3 38.2
Qwen2-VL-7B-Base 68.3 57.0 49.6 583 53.7 61.4 36.8 39.2
+ Cold Start 70.4 58.1 50.2 59.6 53.8 61.1 38.0 40.3
+RL 72.11 58117 5237 60.81 53.91 63.07 38.47 41.07

Comparison of different settings in inference The last
three rows in Table 4 show the model’s performance us-
ing different multimodal reasoning results during inference.
Using either event grounding or keyframe detection results
improves output accuracy, with comparable performance
across benchmarks. Notably, combining both multimodal
elements yields further gains, highlighting their comple-
mentary roles and importance in video reasoning.

Comparison of different baselines in training Ta-
ble 5 presents the detailed training results of three base-
lines, including Qwen2.5-VL-7B-Instruct, Qwen2-VL-7B-
Instruct/Base. As discussed in Sec 1, Instruct Models have
stronger preference and bias than Base Models. To en-
sure a fair comparison, all three baselines are trained using
the same dataset. Evaluation results are indicated with ar-
rows, denoting metrics where the RL-trained model outper-
forms the baseline. When Qwen2.5-VL-7B-Instruct serves
as the baseline, improvements are observed in 5 out of 8
indicators. Qwen2-VL-7B-Instruct as the baseline, 3 out
of 8 indicators improve, while a sharp decline is observed
on MLVU, likely due to instruction disobedience after RL
training. Base Models such as Qwen2-VL-7B-Base as the
baseline, improvements are observed across all indicators.

5. Conclusion

This work aims to establish a stable and efficient RL train-
ing framework for video understanding tasks. Unlike pre-
vious frameworks, which merely rely on linguistic reason-
ing for video content, we propose a novel framework that
involves multimodal element reasoning, and our goal is to
build and enhance versatile video reasoning capabilities on
MLLMs. During the training phase, we proposed a multi-
task cold start and a multi-task reinforcement learning. The
collaboration of the two training stages can continuously
improve the performance of the model and the ability of
multimodal element reasoning. Based on the multimodal
element reasoning capabilities, in the inference phase, we
leverage multimodal reasoning and dynamic sampling to
further improve the performance. We verified the efficiency
of the proposed framework on a base MLLM. Through
cold-start with 3k data and reinforcement learning training
with 5k data, the final model significantly outperforms the
base model on seven public video benchmarks, and even
surpasses the state-of-the-art models trained by large-scale
supervised fine-tuning.
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