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Abstract THUMOS14

Video temporal understanding is crucial for
multimodal large language models (MLLMs)
to reason over events in videos. Despite re-
cent advances in general video understanding,
current MLLMs still struggle with fine-grained
temporal reasoning. While reinforcement learn-
ing (RL) has been explored to address this is-
sue recently, existing RL approaches remain
limited in performance on time-sensitive tasks.
In this work, we propose MUSEG, a novel
RL-based method that enhances temporal un-
derstanding by introducing timestamp-aware
multi-segment grounding. MUSEG enables
MLLMs to align queries with multiple relevant
video segments, promoting more comprehen-

sive temporal reasoning. To facilitate effective GPT-40-2024-11-20 VideoChat-R 1-thinking
learning, we design a customized RL training Qwen2.5-VL-7B-Instruct TimeZero-Charades-7B
recipe with phased rewards that progressively Video-R1 MUSEG-7B (Ours)
guides the model toward temporally grounded Figure 1: Performance of our MUSEG-7B on various
reasoning. Extensive experiments on temporal temporal grounding (Charades-STA, THUMOS 14 and
grounding and time-sensitive video question an- THUMOS15) and broader

swering (QA) tasks demonstrate that MUSEG (E.T. Bench Subset) tasks.

significantly outperforms existing methods and

generalizes well across diverse temporal un- et al., 2024; Team et al., 2023; Bai et al., 2025)

derstanding scenarios. View our project at

in understanding complex temporal structures in
https://github.com/THUNLP-MT/MUSEG.

videos and making accurate, context-aware predic-

1 Introduction tions based on when and how events unfold.

Despite rapid progress and impressive results
Video temporal understanding (Liu et al., 2024a;  ip general video understanding, current MLLMs
Chen et al., 2024; Cheng et al., 2025b) refers to  gtj]l show significant limitations in temporal un-
tasks of comprehending events based on tempo-  derstanding (Liu et al., 2024b; Li et al., 2025c).
ral dynamics such as temporal grounding (Gao  Early efforts to address this are mainly based on
etal., 2017), dense video captioning (Wang et al.,  gupervised fine-tuning (SFT) to improve temporal
2024), grounded video question answering (Xiao comprehension (Bai et al., 2025; Liu et al., 2024a;
et al., 2024), etc. This capability is vital for mul- 1 et al., 2025a). As reinforcement learning (RL)
timodal large language models (MLLMs) (Hurst  hag been shown to significantly improve complex

*Equal Contribution. reasoning and comprehension in large language
Corresponding Authors. models (LLMs) (Guo et al., 2025), recent stud-
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Query: What does the man in the video do after swimming?
A. He refuels the car. B. He performs a show for children.

C. He falls asleep.
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D. He takes a shower.
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[ VideoChat-R1-thinking:

<think>The video shows a man swimming in a pool ... The

video does not provide enough information to determine what

L the man does after swimming.</think><answer>B</answer> )
<

40s 60s

( MUSEG-7B (Ours):
<think>\nThe video shows the man swimming in a pool at 30s.
After swimming, he is seen refueling a car at 33s. The video
then cuts to a scene where the man performs a show for
children at timestamp 38s. The final scene shows the man in a
hotel room, seemingly asleep, at 60s. The sequence of events
clearly shows the man swimming, refueling the car,
performing for children, and then falling asleep in a hotel

\_room.. .</think><answer>A</answer> )

Figure 2: An example comparing our MUSEG-7B with
previous models. MUSEG-7B performs more precise,
timestamp-aware reasoning by effectively using multi-
ple key temporal cues to derive the correct answer.

ies have extended RL techniques to the video do-
main (Feng et al., 2025; Li et al., 2025b; Wang
et al., 2025b; Zhang et al., 2025b), encouraging
models to “reason before answering”. This typi-
cally involves designing a format reward to ensure a
structured reasoning process and an answer reward
such as Intersection over Union (IoU) to measure
the correctness of the predictions.

However, directly applying RL to video tempo-
ral understanding tasks has not achieved the same
level of performance improvement as in textual
domains (Feng et al., 2025; Li et al., 2025b). We
attribute this limitation to two key challenges. First,
most existing methods (Li et al., 2025b; Wang
et al., 2025b) rely solely on single-segment tempo-
ral grounding, where each input query corresponds
to only one video segment. This limits the ability to
capture fine-grained, multi-segment temporal infor-
mation, which is essential for complex video under-
standing tasks. Second, although temporal under-
standing depends fundamentally on reasoning over
temporal cues, current RL approaches often fail to
model them effectively. Reasoning process of cur-
rent models typically consists of brief descriptions
of video content, lacking detailed temporal analysis
of key events, as illustrated in Figure 2. Therefore,
we argue that advancing MLLMs in video temporal
understanding requires rethinking both the training
task design and RL training recipe.

In this paper, we propose timestamp-aware

MUIti-SEgment Grounding (MUSEG), an RL-
based method designed to enhance the temporal un-
derstanding and reasoning capabilities of MLLM:s.
On the task side, we incorporate multi-segment
grounding into the training process, enabling mod-
els to learn from queries that align with multiple
relevant video segments. This promotes stronger
temporal understanding and better generalization
to a wide range of time-sensitive tasks. On the
training side, we introduce a customized RL train-
ing recipe with phased rewards, which progres-
sively encourage the model to establish temporally
grounded reasoning processes. Our recipe features
a dedicated segment matching reward and a times-
tamp reward, encouraging models to perform fine-
grained temporal reasoning over multiple segments
as shown in Figure 2. Additionally, we employ a
multi-phase training strategy that balances guided
learning and exploration. As illustrated in Figure 1,
MUSEG achieves significant improvements on tem-
poral grounding benchmarks and generalizes effec-
tively to other time-sensitive video understanding
tasks. Our contributions are as follows:

* We propose MUSEG, a novel RL-based
method for video temporal understanding,
which enables MLLMs to reason over multiple
temporally distributed events by incorporating
multi-segment grounding into training.

* We design a tailored RL training recipe featur-
ing novel reward functions and a multi-phase
training strategy, effectively promoting fine-
grained and temporally grounded reasoning.

* We conduct extensive experiments and anal-
yses, showing that MUSEG consistently out-
performs existing methods on video temporal
understanding benchmarks, and validating the
effectiveness of our task and training designs.

2 Related Work

Video Temporal Understanding. Previous re-
search on video temporal understanding mainly
focuses on cross-references and alignments be-
tween videos and texts (Arnab et al., 2021; Luo
et al., 2021; Liu et al., 2021; Xu et al., 2021; Wang
et al., 2021). Recent advances in video temporal
understanding have moved from these cross-modal
attention-based local feature matching approaches
to broader time-sensitive tasks, such as temporal
grounding (Gao et al., 2017), dense video caption-
ing (Wang et al., 2024), and grounded video ques-
tion answering (Xiao et al., 2024). They attempt to
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fuse video temporal features and text features with
LLMs to enhance model performance (Liu et al.,
2024a; Li et al., 2025¢; Yan et al., 2025).

However, these methods involve automatic con-
struction of Chain-of-Thoughts (CoTs) (Wei et al.,
2022) in training data. Thus, they are limited
by fixed reasoning patterns and potential issues
with data quality, and model performance remains
suboptimal on temporal understanding tasks, and
struggle to generalize to complex scenarios (Liu
et al., 2024a; Chen et al., 2024; Cai et al., 2024;
Huang et al., 2024). Instead, we empower models
to develop temporal-aware reasoning patterns au-
tonomously, rather than constraining them to learn
predefined patterns.

RL for Video Understanding. RL has been
widely adopted in various textual tasks (Shao et al.,
2024; Ouyang et al., 2022; Schulman et al., 2017).
Recent works apply RL to general video question
answering (Feng et al., 2025; Chen et al., 2025b;
Dang et al., 2025; Wang et al., 2025a; Chen et al.,
2025a; Zhang et al., 2025a) and temporal ground-
ing tasks (Li et al., 2025b; Cheng et al., 2025a).
However, these methods primarily provide rewards
based on correctness of answers. The effective
utilization of temporal information in the reason-
ing processes is not accounted for in the rewards,
which may result in less effective CoTs. Models
still struggle on complex temporal grounding tasks,
and there is still room for improvement in general-
izing to broader temporal understanding scenarios.
In contrast, our approach imposes supervision on
both reasoning processes and final answers.

3 Preliminaries: Reward Design in GRPO

Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) is a reinforcement learning (RL) train-
ing algorithm that has been widely adopted to en-
hance the reasoning abilities of large language
models (LLMs). A key factor in GRPO is the
design of the reward function. Prior work has
demonstrated that verifiable rewards, though sim-
ple, can be highly effective in improving LLM
reasoning (Guo et al., 2025; Yang et al., 2025). For
instance, DeepSeek-R1 (Guo et al., 2025) incorpo-
rates two rule-based rewards:
¢ Accuracy Rewards: Assess whether the
model produces correct outputs. For math
tasks, correctness is verified by rule-based
checkers, while for coding tasks, correctness
is validated by compilers combined with pre-
defined test cases.

Query Type | w/ Shortcut  Total
Single-Segment 15 50
Multi-Segment 4 50

Table 1: Results of preliminary empirical study. We
sample single-segment grounding and multi-segment
grounding queries from E.T. Bench (Liu et al., 2024a),
and examine whether they can be answered by shortcut
of recognizing key objects.

* Format Rewards: Ensure that model
outputs follow the required structure,
namely the format of “<think>...</think>
<answer>...</answer>".

While such rewards have proven effective in tex-
tual domains, we will show that directly applying
them to video temporal understanding tasks leads
to suboptimal performance.

4 Method

In this work, we propose a novel RL-based ap-
proach for video temporal understanding. The key
components include multi-segment grounding as
the training task (Section 4.1), a carefully designed
reward function with timestamp awareness (Sec-
tion 4.2), and a new training paradigm with phased
rewards (Section 4.3).

4.1 Multi-Segment Grounding Task

Temporal grounding is the task that requires models
to match text queries with corresponding video seg-
ments, which is capable of improving temporal un-
derstanding abilities of MLLMSs (Liu et al., 2024a;
Bai et al., 2025). Broadly, temporal grounding
queries can be categorized into two types: single-
segment grounding, where each query is associated
with a single video segment, and multi-segment
grounding, where a query may correspond to mul-
tiple video segments.

Previous RL-based temporal grounding ap-
proaches (Li et al., 2025b; Wang et al., 2025b)
typically adopt single-segment grounding as the
training task. However, our empirical study reveals
that a notable portion of single-segment ground-
ing questions can be solved through unintended
shortcuts, for example, by identifying key objects
rather than reasoning about the temporal structure
of events. As shown in Table 1, this shortcut ac-
counts for about 30% of cases, based on a man-
ual check of 50 single-segment grounding ques-
tions sampled from E.T. Bench (Liu et al., 2024a).
These findings suggest that relying solely on single-
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Figure 3: Overview of MUSEG. (a) Our proposed segment matching reward (up) and timestamp reward (down). (b)
RL-based training process with phased rewards of MUSEG.

segment grounding tasks is insufficient for enhanc-
ing temporal understanding ability of MLLMs.

In contrast, multi-segment grounding queries are
difficult to be answered by shortcuts, as shown in
Table 1, so we add them to our training process.
We ensure the number of single-segment ground-
ing and multi-segment grounding queries are bal-
anced, and our selected data are diverse in scenar-
10s. Experiments demonstrate that incorporating
multi-segment grounding significantly enhances
model performance (see Section 5.3).

4.2 Reward Design

We utilize segment matching reward (Section 4.2.1)
to evaluate outputs for multi-segment grounding
tasks, timestamp reward (Section 4.2.2) to stimu-
late model ability for temporal-aware reasoning,
and format reward (Section 4.2.3) to encourage
models to think before providing answers.

4.2.1 Segment Matching Reward

Segment matching reward aligns model outputs
with ground truths. It consists of two parts, global
matching and local matching, to enhance model
abilities of understanding overall video contents,
and grasping detailed events, respectively.

Global matching is shown in upper left area of
Figure 3 (a). We measure the overlap ratio among
all the ground truth segments {G;} and the pre-
dicted segments { P; }:

where G; and P; are represented as intervals. In the
local matching process, we pair ground truths and
predictions one-to-one as {(G.,, P,)}_,, where
N = max(|{Gi}|,|{P;}|). As shown in upper
right area of Figure 3 (a), we sort {G;} and {P;}
according to their start timestamps, and match G,
with P, where k is the new index after sorting
and 1 < k < min(|{G;}|,|{P;}|). For the rest of
ground truths or predictions, we match them with
empty segments ¢. We also explore other matching
strategies in Section 6.1. After matching, we lever-
age the normalized version of GloU (Rezatofighi
et al., 2019), denoted as NGIoU, as the metric to
assess the overlap between paired ground truth GG,
and prediction P,,, where 1 < n < N. NGIoU
ranges from 0 to 1 and is defined as follows:

NGIoU(Gh, P,)

1 G N P,
_2<1+ >
2)

|Gy, U Py
where C is the shortest video segment covering
G, and P,. We use GIloU instead of IoU be-
cause it better guides model optimization when
there is no overlap between the predicted video
segment and the ground truth. Specifically, to en-
courage the model outputs to align more closely
with the ground truth, we impose a penalty when
the number of predicted segments differs from that
of the ground truth. This is implemented by set-

[C\ (G U P
C]

> |GiN Py W ting the NGIoU score to 0 when paired with ¢, i.e.,
TG UGR)] NGIoU(-, ¢) = 0, and NGIoU(¢, -) = 0. Finally,
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the average NGIoU of all pairs is calculated:

SN NGIoU(Gy, P,)
L = .

N

3)

And final segment matching reward is defined as

rG +TL
™ = 5 .

“4)

4.2.2 Timestamp Reward

Explicitly incorporating temporal information into
reasoning process during video comprehension
helps models better understand complex temporal
structures and events in videos, while neglecting
temporal information may lead to misconceptions
about video content (see the example in Figure 2).
Previous works (Feng et al., 2025; Yu et al., 2025)
reveal the importance of model ability of temporal-
aware reasoning. Unfortunately, it remains a chal-
lenging problem to stimulate this ability.

To tackle this problem, we design the timestamp
reward rt to enforce models to include timestamps
which occur in the final answers in their reasoning
processes. Suppose {7 } and {7} } are timestamps
occurring in the answer and reasoning process of a
model output, then

&)

T = Ly eqriy

where [ is indicator function. As shown in lower
part of Figure 3 (a), when all the timestamps occur-
ring in the answer are found in thinking process,
models get the reward. If some timestamps fail to
match, the reward is set zero. With the timestamp
reward, we encourage models to focus on temporal
details during reasoning instead of thinking purely
based on overall video contents.

4.2.3 Format Reward

Our format reward follows DeepSeek-R1 (Guo
et al., 2025), enforcing models to output their
thinking processes and final answers in format
“<think>...</think><answer>...</answer>":

1, if o; has right format

TE = 6
F {0,0therwise ©

4.3 Training Recipe with Phased Rewards

Our preliminary experiments indicate that explic-
itly encouraging models to output timestamps as-
sists models in establishing a timestamp-aware rea-
soning strategy in early stages, but later leads to
performance drop once the model becomes more

capable. A possible reason is that enforcing such
behavior restricts models to explore and develop
more flexible reasoning strategies. To address this,
we propose a training recipe with phased rewards,
as illustrated in Figure 3(b).

In the early stage, all the three rewards, including
the segment matching reward rg, the timestamp
reward rr, and the format reward ry;, are combined
to form the final reward:

r1 = [Brr + (1 — B)re] + ary. @)

In the later stage, we remove the timestamp re-
ward to allow for more flexible reasoning patterns,
yielding the following final reward:

®)

Training with phased rewards leads to greater
performance improvements than using either r;
or r, alone throughout the entire process. Further
analysis is provided in Section 6.2. Search of hyper-
parameters « and [ is introduced in Appendix B.

Ty =TF + ary.

5 Experiments

5.1 Implementations

Our training dataset is constructed from E.T. In-
struct 164k (Liu et al., 2024a) and Charades-
STA (Gao et al., 2017). For E.T. Instruct 164k,
we only sample data from temporal video ground-
ing (TVG) and temporal action localization (TAL)
tasks. Our final training dataset consists of 12.6k
samples, including 6,967 with a single segment and
5,633 with multiple segments as ground truths.
We train MUSEG-7B and MUSEG-3B based
on Qwen2.5-VL-7B-Instruct and Qwen2.5-VL-3B-
Instruct (Bai et al., 2025) (abbreviated as Qwen?2.5-
VL-7B and Qwen2.5-VL-3B in Table 2), respec-
tively. They are trained with timestamp reward
( r1 ) for 400 steps and without timestamp re-
ward ( 7 ) for another 500 steps. For comparison,
we also conduct SFT and naive RL experiments
on Qwen2.5-VL-7B-Instruct with our constructed
dataset as baselines. For naive RL experiment, we
remove timestamp reward, and retain only global
matching part of segment matching reward as well
as format reward. All other settings remain con-
sistent with those used for training MUSEG-7B.
Training details can be found in Appendix A.

5.2 Benchmarks and Evaluation Metrics

We evaluate MUSEG-7B and MUSEG-3B on
both temporal grounding tasks (in-domain) and
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| In-Domain | Out-of-Domain

Model Charades-STA | THUMOS14 THUMOSI15 Perception Test E.T. Bench E.T. Bench (Subset)

(Single-Seg) | (Multi-Seg)  (Multi-Seg)  (Multi-Seg) REF GND CAP COM AVG | REF GND CAP COM AVG

API-based Models
GPT-40 ‘ 25.1 ‘ 5.5 6.7 ‘ - - ‘ 374 165 11.6 6.8 18.1
Open-source ~ 7B Models
Qwen2.5-VL-7B 50.2 24.9 23.4 25.3 53.1 30.7 162 113 278 | 51.0 303 16.5 93 2638
+vanilla SFT 28.1 15.5 15.6 20.3 243 113 153 6.6 144 | 278 12.6 150 8.7 16.0
+vanilla GRPO 53.9 25.8 25.6 30.0 544 37.6 235 206 340 | 509 366 237 178 323
E.T. Chat 45.6 23.7 24.9 9.2 38.4* 38.0*% 16.7* 13.5% 26.7 | 31.8*% 33.8*% 17.1* 11.1* 235
TRACE-7B 29.9% 7.6 7.8 14.0 33.6* 33.8*% 20.3*% 25.8% 284 | 252 172 147 53 156
Video-R1 11.3 3.5 34 5.7 503 253 156 124 259 | 492 222 156 128 250
VideoChat-R1 59.4 14.3 13.4 27.1 558 356 22.1 195 333 | 470 359 24.1 125 299
TimeZero 59.2 14.4 12.7 26.8 559 358 214 17.1 32,6 | 469 351 229 152 30.0
MUSEG-7B (Ours) 59.7 29.7 29.3 31.7 619 375 23.7 240 368 | 60.8 388 251 19.0 359
Open-source ~ 3B Models
Qwen2.5-VL-3B 414 12.6 12.8 194 51.7 204 13.6 80 234 | 529 204 127 7.6 234
TEMPURA 44.5 8.7 12.1 20.7 463 26.1 144 102 243 | 564 22.8 13.3 35 240
MUSEG-3B (Ours) 537 21.0 203 29.1 539 300 187 88 279 | 543 287 183 118 283
Table 2: Results of MLLMs on in-domain and out-of-domain tasks. *Results are copied from original paper.

Detailed model versions and introduction of other baselines can be found in Appendix C.

broader time-related tasks (out-of-domain). For in-
domain evaluation, we use the Charades-STA (Gao
et al., 2017) test set for single-segment grounding
and report performance using mloU. For multi-
segment grounding, we adopt validation sets of
THUMOS14, THUMOSI15 (Idrees et al., 2017),
and Perception Test (Patraucean et al., 2023), and
measure F1 scores averaged over four IoU thresh-
olds (0.1, 0.3, 0.5, and 0.7), following previous
work (Liu et al., 2024a).

For out-of-domain evaluation, we further assess
model generalization on a variety of time-related
tasks in E.T. Bench (Liu et al., 2024a), including
referring (REF), grounding (GND), dense caption-
ing (CAP), and complex understanding (COM).
We adopt the metrics from the original benchmark:
accuracy for referring, F1 score for grounding, sen-
tence similarity for dense captioning, and recall for
complex understanding.

5.3 Main Results

As shown in Table 2, MUSEG-7B and MUSEG-3B
outperform other SFT- or RL-based methods on
most in-domain and out-of-domain tasks among
all ~ 7B and ~ 3B models, and even surpass GPT-
40. Our method shows a significant advantage over
base models. MUSEG-7B achieves more than 10%
performance enhancement on all the tasks com-
pared to its base model Qwen2.5-VL-7B-Instruct.
Also, it is worth noting that our model gets dou-
bled performance on complex understanding task,
showing strong ability of generalization.
Furthermore, we compare MUSEG-7B with
vanilla GRPO baseline (“+vanilla GRPO” in Ta-
ble 2), which is trained on the same data as
MUSEG-7B, and with VideoChat-R1 (“VideoChat-

R1” in Table 2), which is trained exclusively on
single-segment grounding using vanilla GRPO
with Charades-STA as the training dataset. As
depicted in Table 2, VideoChat-R1 experiences
a performance decline on multi-segment ground-
ing tasks, whereas the vanilla GRPO baseline with
multi-segment grounding task exhibits limited per-
formance enhancement. This suggests that simply
introducing multi-segment grounding during train-
ing is insufficient to yield substantial gains. In con-
trast, our MUSEG-7B delivers significantly larger
gains across both grounding tasks and a broader set
of time-sensitive tasks, while maintaining compa-
rable general video QA performance to its base
model (see Appendix D). These results further
demonstrate that the effectiveness of MUSEG-7B
stems from its innovative design of training tasks
and reward recipes.

Qualitative case studies presented in Figure 4
provide additional evidence of effectiveness of our
proposed model. The first case is a multi-segment
grounding task (in-domain) with the query “clean
and jerk”. VideoChat-R1-thinking and TimeZero-
Charades-7B only recognize the video segment cor-
responding to the first attempt, consistent with the
fact that they are trained only with single-segment
grounding tasks. In contrast, MUSEG-7B accu-
rately localizes all three weight-lifting attempts.
The performance gap highlights effectiveness of
multi-segment grounding training tasks.

The second case involves referred action recog-
nition (out-of-domain) query about event happen-
ing around 4.1 seconds. Seen from the video, the
person first opens the bottle, and then pour wa-
ter out from it. VideoChat-R1 incorrectly aligns
the event of pouring water from the bottle (occur-
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Multi-Segment Grounding You are given a video about human actions. Watch the video carefully and find all the visual events
belonging to the action category: 'clean and jerk'.

| EEEEEEEEEEEEEEEEEEENEN] LIT AL I I A TR iill
v i -
| - = 1 I ® M I
=l et @] ‘ | ok ﬁ
[ w ) 1| ; I |
> - F
Ss 9s 11s 12s 16s 20s 21s 26s 30s 35s 43s

-
Groundtruth 5.4s 11.6s 13.0s 19.7s 21.4s 29.3s

4.2s 6.8s 7.5s 10.3s 15.1s 18.6s 23.4s 27.5s

Qwen2.5VL-7B-Instruct
The action happens in 4.2 - 6.8, 7.5 - 10.3, 15.1 - 18.6, and 23.4 - 27.5 seconds.

VideoChat-R1-thinking 03 14.0s

<think> The video shows a weightlifter performing the clean and jerk action. The clean and jerk is a compound weightlifting movement that involves lifting a
barbell from the floor to the shoulders and then pressing it overhead ... </think> <answer> 4.00 to 14.00 </answer>

TimeZero-Charades-7B S B

<think> The video shows a man performing weightlifting exercises, specifically the clean and jerk. The clean and jerk is a compound movement that involves
lifting a barbell from the floor to the shoulders and then pressing it overhead ... </think> <answer> 5.00 to 13.00 </answer>

MUSEG-7B (Ours) 438 12,05 20.0s 30.0s
<think> The action happens in 4.50 - 12.00, 12.00 - 20.00, and 20.00 - 30.00. The person in the video is performing the clean and jerk weightlifting exercise,
lifting the barbell from the ground to their shoulders and then raising it overhead. </think> <answer> 4.50-12.00 12.00-20.00 20.00-30.00 </answer>

-
Referred Action Recognition Watch the video carefully and identify the action around 4.1 seconds by choosing from a set of options.

(A) drinking something from something (B) Opening something

(C) pouring something from something into something (D) pulling something. Groundtruth: (B)

| s s

e — V| ' v ] ~=—'d
ANEEEEEEEEEESEESESSEEEEEEEESEESSEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEN u
0s 2s 4s 6s 7s 11s 13s

-
Qwen2.5VL-7B-Instruct: (C)

VideoChat-R1-thinking: <think> The person is holding a bottle and a glass, and they are in the process of pouring the contents of the
bottle into the glass ... indicating that the person is pouring something. </think> <answer> (C) </answer>

TimeZero-Charades-7B: <think> The person is opening a bottle, which is a specific action that involves manipulating the cap of the
bottle. This action is clearly visible in the video, and it is the first step in the sequence of events. </think> <answer> (B) </answer>

MUSEG-7B (Ours): <think> The action at 4.1 seconds involves the person opening a bottle ... The person's hand movements and
the position of the bottle suggest that they are unscrewing the cap, aligning with the option of opening something ... The relevant
part of the video happens between 0.0 and 9.0 seconds, where the person's hand is seen moving towards the bottle cap, indicating the
action of unscrewing it ... The other options are less relevant ... </think> <answer> (B) </answer>

J

Figure 4: Cases of our MUSEG-7B and baselines on multi-segment grounding (in-domain) and referred action
recognition (out-of-domain) tasks.

ring at 11 seconds) with a 4.1-second timestamp,  ing” in Table 3). Additionally, we explore another
demonstrating a temporal misalignment in its rea-  design, which involves matching ground truths and
soning. TimeZero-Charades-7B provides the cor-  predictions to maximize average overlap (“w/ Lo-
rect answer but lacks precise timestamp references  cal Matching (Maximum)” in Table 3). We do this
in its explanation. In contrast, MUSEG-7B ex- by calculating maximum weighted matching in bi-
hibits superior temporal reasoning capability: it  partite graph. For ground truth segments {G;} and
not only identifies the bottle-opening action around  predicted segments { P; }, we construct a complete
4.1 seconds but also accurately localizes the corre-  bipartite graph G as

sponding video segment.

g: {(G'L?PJ’WZy])}’ (9)
6 Analyses where (G;, Pj, W;) denotes an edge connecting G;
and P; with weight W; ; = NGIoU(Gj}, P;), then
6.1 Local Matching Strategies we calculate 77, as follows:
We delve deeper to verify effectiveness of local rL = Matching(G) , (10)
matching in segment matching reward. We con- max([{Gi}], {F5})

duct experiments of removing local matching, and ~ where Matching(-) is the maximum weighted
only keeping global matching (“w/o Local Match-  matching function. Table 3 shows that including
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Local Matching Strategy Charades-STA THUMOS

| E.T. Bench (Subset)

14 THUMOSI15

| | REF  GND CAP COM AVG
w/o Local Matching 59.3 26.0 25.7 462 370 225 15.3 30.3
w/ Local Matching (Maximum) 58.2 28.6 28.2 562 315 247 174 325
w/ Local Matching (Sequential) 59.7 29.7 29.3 60.8 388 251 19.0 359

Table 3: Results with different matching strategies. For all the experiments, we train Qwen2.5-VL-7B for 900 steps

same as the training process of MUSEG-7B.
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Figure 5: Segment matching reward (a) w/o local matching, (b) w/ local matching (sequential), and (c) w/ local
matching (maximum). (d) Evolution of numbers of predicted segments during training process. For all the plots, we
only consider queries whose ground truths are more than one segments.
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Figure 6: (a) Model performance with different training
recipes. For setting of phased rewards, we train models
with timestamp reward for 300 steps when total steps
are 600 and 700, for 400 steps when total steps are 800
and 900. (b) Model performance when we vary number
of steps with timestamp reward, keeping total steps to
be 900. For all the experiments, we report average score
of Charades-STA, THUMOS14 and THUMOSI15 as in-
domain score, and average score of E.T. Bench (Subset)
as out-of-domain score.

local matching boost overall model performance
compared to only keeping global matching. Ad-
ditionally, sequential matching reaches better per-
formance than maximum matching. Therefore, we
finally adopt sequential matching in MUSEG.

We also notice that drops of model performance
on multi-segment grounding are much larger than
single-segment grounding when local matching is
removed. To better understand its reason, we exam-
ine differences in rewards model would get when it
produces a single segment or at least two segments
for a query whose ground truth consists of more

0.700
0.675
2 0.650
S
2
o)
& 0.625
e
g
£ 0.600
5]
=
€ 0.575
)
g
1
3 0.550
0.525 w/ Tir.nestamp Reward
w/o Timestamp Reward
0.500 w/ Timestamp Reward for 400 Steps
0 200 400 600 800
Step

Figure 7: Rewards with different training recipes.

than one segments. As shown in Figure 5 (a), (b),
and (c), local matching strategies impose signifi-
cant penalties on segment matching rewards when
model output only contains a single segment, but
the penalties imposed by global matching are rel-
atively weak. We further report evolution of num-
bers of predicted segments during training process
in Figure 5 (d). When we remove local matching,
numbers of predicted segments significantly drop
and their gaps from ground truths become larger.
This indicates that local matching helps better align
numbers of predicted segments with ground truths.

6.2 Design of Phased Rewards

In this section, we explore the effectiveness of our
proposed training recipe with phased rewards. We
compare it against training model with or without
timestamp reward during the whole training pro-
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Training Paradigms

Charades-STA THUMOS14 THUMOSI15

| E.T. Bench (Subset)

| | REF GND CAP COM AVG
w/o Timestamp Reward 56.9 28.4 28.3 551 376 223 13.2 32.1
w/ Timestamp Reward 57.3 26.1 24.6 573 289 220 16.1 31.1
w/ Timestamp Reward for 400 Steps 59.7 29.7 29.3 60.8 38.8 25.1 19.0 35.9

Table 4: Results with different training recipes.

cess in Table 4. From the table we can see that our
proposed recipe of training the model with times-
tamp reward for 400 steps and without timestamp
reward for another 500 steps reaches the highest
performance. We further change the total training
steps and report the results in Figure 6 (a). We can
see that our proposed recipe consistently outper-
forms other training strategies, showing effective-
ness over different data scales. We also explore
model performance under different durations of
keeping timestamp reward. Figure 6 (b) shows that
when the model is trained with timestamp reward
for 400 steps, its performance reaches the peak.

To understand the underlying reasons, we ex-
amine values of segment matching reward, which
reflects accuracy of model output, throughout the
training process. As illustrated in Figure 7, when
the model is trained either without the timestamp re-
ward or with the timestamp reward applied through-
out the entire training process, there is minimal
improvement in performance after 400 steps as rea-
soning forms of models stabilize. In contrast, if the
timestamp reward, which guides the model in ref-
erencing specific timestamps during reasoning, is
removed after 400 steps, the model can continue to
freely explore more effective reasoning strategies,
leading to continuous enhancement in its segment
matching reward in subsequent steps.

7 Conclusion

In this work, we introduce MUSEG, a RL-based
method to improve video temporal understanding
abilities of MLLMs. Experiments demonstrate ef-
fectiveness of our method on improving model
performance on single-segment and multi-segment
grounding tasks, as well as broader time-sensitive
scenarios. We hope our proposed method will in-
spire future research on enhancing temporal under-
standing abilities of MLLM:s.

Limitations

While our method demonstrates strong perfor-
mance, it is trained exclusively on temporal ground-
ing tasks. We believe that incorporating training
data from a wider range of time-sensitive tasks

could further improve the performance and gener-
alization capabilities of the trained model. Addi-
tionally, although our work primarily focuses on
time-sensitive scenarios, we believe that stronger
temporal reasoning abilities may also benefit gen-
eral video understanding tasks by enabling more
coherent and structured reasoning. We leave the ex-
ploration of how to transfer temporal reasoning ca-
pabilities to more general domains as future work.

Acknowledgements

This work is supported by Fundamental and
Interdisciplinary Disciplines Breakthrough Plan
of the Ministry of Education of China (No.
JYB2025XDXM101), the National Natural Sci-
ence Foundation of China (No. 62276152,
62236011), and Key Laboratory of Ethnic Lan-
guage Intelligent Analysis and Security Gover-
nance of MOE, Minzu University of China, Bei-
jing, China. We thank Wanran Sun for processing
training data. We thank Jiabo Ye for his valuable
discussions and suggestions. We thank Zihao Wan
and Zhaolu Kang for their discussions.

References

Anurag Arnab, Mostafa Dehghani, Georg Heigold,
Chen Sun, Mario Lucic, and Cordelia Schmid.
2021. ViViT: A Video Vision Transformer. 2021
IEEE/CVF International Conference on Computer
Vision (ICCV), pages 6816—6826.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shijie
Wang, Jun Tang, and 1 others. 2025. Qwen2.5-VL
Technical Report. arXiv preprint arXiv:2502.13923.

Mu Cai, Reuben Tan, Jianrui Zhang, Bocheng Zou,
Kai Zhang, Feng Yao, Fangrui Zhu, Jing Gu, Yiwu
Zhong, Yuzhang Shang, and 1 others. 2024. Tempo-
ralbench: Benchmarking fine-grained temporal un-
derstanding for multimodal video models. arXiv
preprint arXiv:2410.10818.

Guo Chen, Yicheng Liu, Yifei Huang, Yuping He, Baoqi
Pei, Jilan Xu, Yali Wang, Tong Lu, and Limin Wang.
2024. CG-Bench: Clue-grounded Question An-
swering Benchmark for Long Video Understanding.
arXiv preprint arXiv:2412.12075.

35557

9



Xinlong Chen, Yuanxing Zhang, Yushuo Guan, Bohan
Zeng, Yang Shi, Sihan Yang, Pengfei Wan, Qiang Liu,
Liang Wang, and Tieniu Tan. 2025a. VersaVid-R1: A
Versatile Video Understanding and Reasoning Model
from Question Answering to Captioning Tasks. arXiv
preprint arXiv:2506.09079.

Yi Chen, Yuying Ge, Rui Wang, Yixiao Ge, Lu Qiu,
Ying Shan, and Xihui Liu. 2025b. Exploring the Ef-
fect of Reinforcement Learning on Video Understand-
ing: Insights from SEED-Bench-R1. arXiv preprint
arXiv:2503.24376.

Jen-Hao Cheng, Vivian Wang, Huayu Wang, Huapeng
Zhou, Yi-Hao Peng, Hou-I Liu, Hsiang-Wei Huang,
Kuang-Ming Chen, Cheng-Yen Yang, Wenhao Chai,
and 1 others. 2025a. TEMPURA: Temporal Event
Masked Prediction and Understanding for Reasoning
in Action. arXiv preprint arXiv:2505.01583.

Zixu Cheng, Jian Hu, Ziquan Liu, Chenyang Si, Wei Li,
and Shaogang Gong. 2025b. V-STaR: Benchmarking
Video-LLMs on Video Spatio-Temporal Reasoning.
arXiv preprint arXiv:2503.11495.

Jisheng Dang, Jingze Wu, Teng Wang, Xuanhui Lin,
Nannan Zhu, Hongbo Chen, Wei-Shi Zheng, Meng
Wang, and Tat-Seng Chua. 2025. Reinforcing Video
Reasoning with Focused Thinking. arXiv preprint
arXiv:2505.24718.

Kaituo Feng, Kaixiong Gong, Bohao Li, Zonghao
Guo, Yibing Wang, Tianshuo Peng, Benyou Wang,
and Xiangyu Yue. 2025. Video-R1: Reinforc-
ing Video Reasoning in MLLMSs. arXiv preprint
arXiv:2503.21776.

Chaoyou Fu, Yuhan Dai, Yongdong Luo, Lei Li,
Shuhuai Ren, Renrui Zhang, Zihan Wang, Chenyu
Zhou, Yunhang Shen, Mengdan Zhang, and 1 oth-
ers. 2025. Video-MME: The First-Ever Comprehen-
sive Evaluation Benchmark of Multi-modal LLMs
in Video Analysis. In Proceedings of the Computer
Vision and Pattern Recognition Conference, pages
24108-24118.

Jiyang Gao, Chen Sun, Zhenheng Yang, and Ram Neva-
tia. 2017. TALL: Temporal Activity Localization
via Language Query. In Proceedings of the IEEE
international conference on computer vision, pages

5267-5275.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi-
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.
DeepSeek-R1: Incentivizing Reasoning Capability in
LLMs via Reinforcement Learning. arXiv preprint
arXiv:2501.12948.

Zhenpeng Huang, Xinhao Li, Jiaqi Li, Jing Wang,
Xiangyu Zeng, Cheng Liang, Tao Wu, Xi Chen,
Liang Li, and Limin Wang. 2024. Online Video
Understanding: A Comprehensive Benchmark and
Memory-Augmented Method. arXiv preprint
arXiv:2501.00584.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam
Perelman, Aditya Ramesh, Aidan Clark, AJ Ostrow,
Akila Welihinda, Alan Hayes, Alec Radford, and 1
others. 2024. GPT-4o System Card. arXiv preprint
arXiv:2410.21276.

H. Idrees, A. R. Zamir, Y. Jiang, A. Gorban, 1. Laptev,
R. Sukthankar, and M. Shah. 2017. The THUMOS
challenge on action recognition for videos “in the

wild”. Computer Vision and Image Understanding,
155:1-23.

Hongyu Li, Jinyu Chen, Ziyu Wei, Shaofei Huang, Tian-
rui Hui, Jialin Gao, Xiaoming Wei, and Si Liu. 2025a.
LLaVA-ST: A Multimodal Large Language Model
for Fine-Grained Spatial-Temporal Understanding.
arXiv preprint arXiv:2501.08282.

Kunchang Li, Yali Wang, Yinan He, Yizhuo Li,
Yi Wang, Yi Liu, Zun Wang, Jilan Xu, Guo Chen,
Ping Luo, and 1 others. 2024. MVBench: A
Comprehensive Multi-modal Video Understanding
Benchmark. In Proceedings of the Computer Vision
and Pattern Recognition Conference, pages 22195—
22206.

Xinhao Li, Ziang Yan, Desen Meng, Lu Dong, Xiangyu
Zeng, Yinan He, Yali Wang, Yu Qiao, Yi Wang,
and Limin Wang. 2025b. VideoChat-R1: Enhanc-
ing Spatio-Temporal Perception via Reinforcement
Fine-Tuning. arXiv preprint arXiv:2504.06958.

Yun Li, Zhe Liu, Yajing Kong, Guangrui Li, Jiyuan
Zhang, Chao Bian, Feng Liu, Lina Yao, and Zhen-
bang Sun. 2025c. Exploring the Role of Explicit
Temporal Modeling in Multimodal Large Language
Models for Video Understanding. arXiv preprint
arXiv:2501.16786.

Ye Liu, Zongyang Ma, Zhongang Qi, Yang Wu, Ying
Shan, and Chang W Chen. 2024a. E.T. Bench: To-
wards Open-Ended Event-Level Video-Language Un-
derstanding. Advances in Neural Information Pro-
cessing Systems, 37:32076-32110.

Yuanxin Liu, Shicheng Li, Yi Liu, Yuxiang Wang,
Shuhuai Ren, Lei Li, Sishuo Chen, Xu Sun, and
Lu Hou. 2024b. TempCompass: Do Video LLMs
Really Understand Videos? Findings of the Associa-
tion for Computational Linguistics: ACL 2024, pages
8731-8772.

Ze Liu, Jia Ning, Yue Cao, Yixuan Wei, Zheng Zhang,
Stephen Lin, and Han Hu. 2021. Video Swin Trans-
former. Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR),
pages 3192-3201.

Huaishao Luo, Lei Ji, Ming Zhong, Yang Chen, Wen
Lei, Nan Duan, and Tianrui Li. 2021. CLIP4Clip:
An Empirical Study of CLIP for End to End Video
Clip Retrieval. Neurocomputing, 508:293-304.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida,
Carroll Wainwright, Pamela Mishkin, Chong Zhang,
Sandhini Agarwal, Katarina Slama, Alex Ray, and 1

35558

10



others. 2022. Training language models to follow in-
structions with human feedback. Advances in neural
information processing systems, 35:27730-27744.

Viorica Patraucean, Lucas Smaira, Ankush Gupta, Adria
Recasens, Larisa Markeeva, Dylan Banarse, Skanda
Koppula, Mateusz Malinowski, Yi Yang, Carl Do-
ersch, and 1 others. 2023. Perception Test: A Di-
agnostic Benchmark for Multimodal Video Models.
Advances in Neural Information Processing Systems,
36:42748-42761.

Hamid Rezatofighi, Nathan Tsoi, JunYoung Gwak,
Amir Sadeghian, Ian Reid, and Silvio Savarese. 2019.
Generalized Intersection Over Union: A Metric and a
Loss for Bounding Box Regression. In Proceedings
of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR).

John Schulman, Filip Wolski, Prafulla Dhariwal,
Alec Radford, and Oleg Klimov. 2017. Proximal
Policy Optimization Algorithms. arXiv preprint
arXiv:1707.06347.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu,
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan
Zhang, Y. K. Li, Y. Wu, and Daya Guo. 2024.
DeepSeekMath: Pushing the Limits of Mathemat-
ical Reasoning in Open Language Models. arXiv
preprint arXiv:2402.03300.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-
Baptiste Alayrac, Jiahui Yu, Radu Soricut, Johan
Schalkwyk, Andrew M Dai, Anja Hauth, Katie Mil-
lican, and 1 others. 2023. Gemini: A Family of
Highly Capable Multimodal Models. arXiv preprint
arXiv:2312.11805.

Jiawei Wang, Liping Yuan, Yuchen Zhang, and Hao-
miao Sun. 2024. Tarsier: Recipes for Training and
Evaluating Large Video Description Models. arXiv
preprint arXiv:2407.00634.

Ning Wang, Guangming Zhu, Liang Zhang, Peiyi
Shen, Hongsheng Li, and Cong Hua. 2021. Spatio-
temporal interaction graph parsing networks for
human-object interaction recognition. In Proceed-
ings of the 29th ACM international conference on
multimedia, pages 4985-4993.

Qi Wang, Yanrui Yu, Ye Yuan, Rui Mao, and Tianfei
Zhou. 2025a. VideoRFT: Incentivizing Video Rea-
soning Capability in MLLMs via Reinforced Fine-
Tuning. arXiv preprint arXiv:2505.12434.

Ye Wang, Boshen Xu, Zihao Yue, Zihan Xiao, Ziheng
Wang, Liang Zhang, Dingyi Yang, Wenxuan Wang,
and Qin Jin. 2025b. TimeZero: Temporal Video
Grounding with Reasoning-Guided LVLM. arXiv
preprint arXiv:2503.13377.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou,
and 1 others. 2022. Chain-of-Thought Prompting
Elicits Reasoning in Large Language Models. Ad-
vances in neural information processing systems,
35:24824-24837.

Junbin Xiao, Angela Yao, Yicong Li, and Tat-Seng
Chua. 2024. Can I Trust Your Answer? Visually
Grounded Video Question Answering. Proceed-
ings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition (CVPR), pages 13204—
13214.

Hu Xu, Gargi Ghosh, Po-Yao (Bernie) Huang, Dmytro
Okhonko, Armen Aghajanyan, and Florian Metze
Luke Zettlemoyer Christoph Feichtenhofer. 2021.
VideoCLIP: Contrastive Pre-training for Zero-shot
Video-Text Understanding. In Conference on Empir-
ical Methods in Natural Language Processing.

Yibin Yan, Jilan Xu, Shangzhe Di, Yikun Liu, Yudi
Shi, Qirui Chen, Zeqgian Li, Yifei Huang, and
Weidi Xie. 2025. Learning Streaming Video Rep-
resentation via Multitask Training. arXiv preprint
arXiv:2504.20041.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chang
Gao, Chengen Huang, Chenxu Lv, and 1 others.
2025. Qwen3 Technical Report. arXiv preprint
arXiv:2505.09388.

En Yu, Kangheng Lin, Liang Zhao, Yana Wei, Zin-
ing Zhu, Haoran Wei, Jianjian Sun, Zheng Ge, Xi-
angyu Zhang, Jingyu Wang, and 1 others. 2025. Un-
hackable Temporal Rewarding for Scalable Video
MLLMs. arXiv preprint arXiv:2502.12081.

Haoji Zhang, Xin Gu, Jiawen Li, Chixiang Ma, Sule
Bai, Chubin Zhang, Bowen Zhang, Zhichao Zhou,
Dongliang He, and Yansong Tang. 2025a. Think-
ing With Videos: Multimodal Tool-Augmented Re-
inforcement Learning for Long Video Reasoning.
arXiv preprint arXiv:2508.04416.

Xingjian Zhang, Siwei Wen, Wenjun Wu, and Lei
Huang. 2025b. TinyLLaVA-Video-R1: Towards
Smaller LMMs for Video Reasoning. arXiv preprint
arXiv:2504.09641.

35559



A Implementation Details

We leverage 7B and 3B models of Qwen2.5-
VL (Bai et al., 2025) series as our base models.
They are trained on large scale image and video
data and demonstrate strong instruction following
and reasoning abilities. Additionally, there are spe-
cial designs in Qwen2.5-VL to enable models to
process absolute timestamps and dynamic resolu-
tions of video frames. During training and infer-
ence of MUSEG-7B and MUSEG-3B, we set max-
imum total video tokens to be 3584 and maximum
number of frames to be 448.

We train MUSEG-7B and MUSEG-3B for 900
steps in total, including 400 steps with timestamp
reward and another 500 steps without timestamp re-
ward. We set batch_size = 14 and learning_rate =
le—b5. We set @« = 2 in phase 1 and phase 2 reward,
and 8 = 0.4 in phase 1 reward (see experiments
of hyperparameters search in Appendix B). Given
that base models have been trained on temporal-
related data and have strong abilities of instruction-
following, we do not include SFT stage in our ex-
periments as DeepSeek-R1 (Guo et al., 2025).

It takes about 22 hours for MUSEG-7B phase
1 training, 27 hours for phase 2 training, 16 hours
for MUSEG-3B phase 1 training and 20 hours for
phase 2 training on 8 A100-80G GPUs.

B Hyperparameters Search

For o and 5, we conduct experiments using a
small dataset comprising 1400 samples for train-
ing, along with a randomly selected subset of 200
samples from THUMOS14 and THUMOSI15 for
evaluation, aiming at identifying the optimal com-
bination of hyperparameters. Based on results pre-
sented in Table 5 and Table 6, we select the best
combination of « =2 and 8 =0.4.

Hyperparameters \ THUMOS (subset)
a=1,=04 234
a=15,=04 27.6
a=2,=04 28.8
a=3,=04 19.3
a=4,=04 21.5

Table 5: Model performance under different «v settings.

C Introduction of Baselines

Our baselines can be categorized into SFT-based
methods and RL-based methods. We introduce
SFT-based models first:

Hyperparameters | THUMOS (subset)

a=2,$=02 28.4
a=2,8=04 28.8
a=2,8=06 28.7

Table 6: Model performance under different 3 settings.

E.T. Chat ( ~ 7B): It compresses video frames
into single tokens via a Q-Former-based compres-
sor with cross-attention, and generates timestamps
with special tokens. It is trained on E.T. Instruct
164k, covering 9 tasks across 14 sources.

TRACE ( ~ 7B): It is trained with a causal
event modeling framework, integrating timestamp,
salient score, and textual caption prediction tasks.
Its training data include 1.9M samples from Val-
ley, TextVR, ShareGPT4Video, and 0.9M samples
form ActivityNet Captions and InternVid.

TEMPURA ( ~ 3B): It is trained on masked
event prediction reasoning, event segmentation and
dense captioning, using 500k training samples.

Then we introduce RL-based models:

Video-R1 ( ~ 7B): It is trained by SFT with
165k samples and RL with 260k samples. Its train-
ing data consist of various general image question
answering and video question answering tasks.

VideoChat-R1-thinking ( ~ 7B, abbreviated
as VideoChat-R1 in Table 2): It is trained with
temporal grounding, object tracking, video caption-
ing and grounded video question answering tasks,
with a total data scale of 18.0k samples.

TimeZero-Charades-7B ( ~ 7B, abbreviated
as TimeZero in Table 2): It is trained towards
temporal grounding tasks. A version of its models
is trained with Charades-STA (Gao et al., 2017).

Additionally, we report performance of GPT-4o-
2024-11-20 (Hurst et al., 2024) (abbreviated as
GPT-40 in Table 2) for reference. Due to inference
cost, we do not report results of GPT-40 on Percep-
tion Test and the whole set of E.T. Bench. Only
results on a subset of 470 samples of E.T. Bench,
specified by the original paper, are reported.

D Model Performance on General Video
QA Tasks

We present model performance on general video
QA benchmarks, MVBench (Li et al., 2024) and
Video-MME (Fu et al., 2025), in Table 7. Results
indicate that our overall performance on MVBench
and Video-MME is comparable to that of our base
model. Our approach does not negatively impact
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| | Video-MME

Model MVBench

\ \ SHORT MEDIUM LONG AVG
Qwen2.5-VL-7B-Instruct 65.7 71.8 62.7 52.6 62.4
MUSEG-7B 67.4 71.9 63.7 53.6 63.1

Table 7: Model performance on MVBench and Video-MME.

model performance on general video QA tasks.

E Training Prompts

We prompt models to include timestamps in their
reasoning processes and ensure that the timestamps
are consistent with those in answers using instruc-
tion in Table 8.

Training prompts

{QUESTION} First, output reasoning process in <think>
</think> tags. The reasoning process must REFER TO
SPECIFIC TIMESTAMPS TO TELL WHERE YOU GET
THE INFORMATION FROM THE VIDEO. Then sum-
marize your reasoning process above and output selected
segments like <answer>X.XX-X.XX</answer>, where X
denotes arabic numbers. If there are multiple segments,
separate them with spaces like <answer>X.XX-X.XX
X.XX-X.XX</answer>. Your output format should be like
<think>...</think><answer>...</answer>.

Table 8: Training prompts.

F LLM Usage Statement

Throughout the preparation of this manuscript,
LLMs were used solely to assist with spelling and
grammar correction. They were not used for any
other purpose, including generating research ideas
or validating the proposed methods, analyses, or
experimental findings.
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