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Abstract

Grounding events in videos serves as a fun-
damental capability in video analysis. While
Vision-Language Models (VLMs) are increas-
ingly employed for this task, existing ap-
proaches predominantly train models to asso-
ciate events with timestamps in the forward
video only. This paradigm hinders VLMs from
capturing the inherent temporal structure and
directionality of events, thereby limiting ro-
bustness and generalization. To address this
limitation, inspired by the arrow of time in
physics, which characterizes the intrinsic di-
rectionality of temporal processes, we propose
ARROWGEV, a reinforcement learning frame-
work that explicitly models temporal direction-
ality in events to improve both event grounding
and temporal directionality understanding in
VLMs. Specifically, we categorize events into
time-sensitive (e.g., putting down a bag) and
time-insensitive (e.g., holding a towel in the left
hand). The former denote events whose rever-
sal substantially alters their meaning, while the
latter remain semantically unchanged under re-
versal. For time-sensitive events, ARROWGEV
introduces a reward that encourages VLMs to
discriminate between forward and backward
videos, whereas for time-insensitive events, it
enforces consistent grounding across both di-
rections. Extensive experiments demonstrate
that ARROWGEYV not only improves grounding
precision and temporal directionality recogni-
tion, but also enhances general video under-
standing and reasoning ability.

1 Introduction

Grounding events in videos (GEV) is the task of lo-
calizing a specific timestamp in untrimmed videos
described by natural language events (Anne Hen-
dricks et al., 2017; Lin et al., 2023). As a funda-
mental ability in video analysis, GEV is crucial
for fine-grained video analysis (Luo et al., 2025;
Arefeen et al., 2024), video content retrieval (Aslan-
dogan and Yu, 2002; Gabeur et al., 2020), dense

video caption (lashin and Rahtu, 2020; Seo et al.,
2022), and video generation (Tan et al., 2024; Yang
et al., 2025a; Menapace et al., 2024).

To tackle this challenge, early approaches re-
lied on handcrafted architectures and video-query
feature-matching strategies (Hou et al., 2022; Pan
et al., 2023), but they suffer from constraints of
predefined video snippets, suboptimal video-text
features, and poor cross-task generalization. Re-
cent work has shifted to end-to-end Vision Lan-
guage Models (VLMs) (Wang et al., 2025a; Team
et al., 2025; Xiaomi, 2025), which directly process
videos and queries while retaining generalizability
either via large-scale timestamp annotation train-
ing (Huang et al., 2024a; Li et al., 2024d; Zeng
et al., 2025), integration of textual timestamp to-
kens/embeddings (Guo et al., 2025), or adaptation
to event grounding via video segmentation (Guo
et al., 2024b; Wang et al., 2024). Despite this
progress, existing methods only align events with
forward videos, failing to capture the intrinsic tem-
poral structure and directionality of events.

To investigate this limitation, we present a pilot
study (Section 3.1) and case analysis (Figure 1).
As shown in Figure 1, VLMs often struggle to rec-
ognize that reversing a video can fundamentally
change the semantics of the event, mistakenly asso-
ciating reversed events with their forward counter-
parts. In contrast, for events unaffected by tempo-
ral reversal, models struggle to consistently locate
timestamps in both directions.

To address this, we turn to the Arrow of Time (Ed-
dington, 2019; Layzer, 1975), a foundational con-
cept in physics that characterizes the intrinsic direc-
tionality of temporal processes. This perspective
highlights that the semantics of real-world events
are inherently tied to their temporal progression:
reversing time may either yield a semantically dis-
tinct event or preserve the core meaning, depend-
ing on the nature of the process. Generally, the
impact of this temporal directionality on event un-
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Figure 1: Two examples of Qwen2.5-VL-7B predicting event timestamps in forward and backward videos. In the
top row, reversing the video changes the event semantics, while in the bottom row the event remains invariant. The
model partially localizes events in forward videos but fails to recognize event absence in the first reversed case and
cannot robustly localize the event in the second reversed video.

derstanding manifests in two distinct event types:
time-sensitive events, where reversal fundamen-
tally alters meaning (e.g., "a man picks up a glass"
becomes "a man puts down a glass"), and time-
insensitive events, whose meaning remains invari-
ant under reversal (e.g., "a ball is on the table"
retains the same semantic essence when time is
reversed).

Inspired by the Arrow of Time, we propose AR-
ROWGEYV, a reinforcement learning (RL) frame-
work, aiming to improve event grounding and the
understanding of temporal directionality via learn-
ing the arrow of time. Unlike specialized archi-
tectures (Chen et al., 2021; Woo et al., 2024), our
approach leverages RL to optimize temporal preci-
sion through a tailored reward signal directly, mit-
igating the tendency of VLMs to overfit textual
timestamps rather than video semantics. At its core,
ARROWGEYV enables the VLM to learn temporal
structures by discriminating between time-sensitive
and time-insensitive events. We introduce a re-
ward function that encourages distinct localizations
for time-sensitive events and their reversed coun-
terparts while enforcing consistent grounding for
time-insensitive ones. To further enhance training
efficiency, we propose a difficulty-aware strategy
that dynamically emphasizes challenging samples
through weighted adjustments and a curriculum-
based filtering of well-solved examples.

We conduct extensive experiments on three GEV
benchmark datasets, results indicate that VLMs
trained with ARROWGEYV significantly improve
the event grounding performance. In addition,
ARROWGEYV Substantially improved the VLM’s
ability to understand temporal structures in event
grounding. Finally, ARROWGEYV also improves

the out-of-distribution (OOD) performance on gen-
eral video understanding and reasoning tasks.

2 Related Work

Grounding Events in Videos with VLMs. This
task localizes specific events within untrimmed
videos (Nan et al., 2021; Wang et al., 2018; Li
et al., 2020; Zhao et al., 2017; Kulkarni and Fazli,
2025; Chen et al., 2025b; Yang et al., 2025b; Tian
et al., 2025; Hannan et al., 2024; Mu et al., 2024a).
While traditional methods rely on task-specific
heads, recent Vision-Language Models (VLMs)
leverage the reasoning capabilities of LLMs for uni-
fied temporal understanding (Huang et al., 2024a;
Li et al., 2024d). To bridge the modality gap, exist-
ing research typically focuses on large-scale super-
vised fine-tuning with timestamp-based data (Zeng
et al., 2025), introducing specialized temporal to-
kens (Hong et al., 2024), or utilizing video seg-
mentation to align structural granularity (Huang
et al., 2024b; Wang et al., 2024). Despite these
advances, current VLM-based approaches largely
overlook the intrinsic temporal directionality of
events. In contrast, ARROWGEYV introduces a prin-
cipled framework that explicitly models temporal
direction, facilitating more robust and physically
consistent grounding.

Post-Training for VLMs. Post-training techniques
are essential for adapting pre-trained VLMs to com-
plex downstream tasks. While large-scale instruc-
tion tuning has significantly boosted performance
in models like LLaVA-OV and MAmmoTH-VL
(Li et al., 2024a; Guo et al., 2024a), recent research
has pivoted toward RL to refine multimodal rea-
soning (Su et al., 2025; Meng et al., 2025). This
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Figure 2: Quatitative Analysis of Qwen2.5-VL-7B on GEV Benchmarks. Left: statistics of the portion of time-
sensitive and time-insensitive events across three benchmarks. Right: R1@m metrics on the time-sensitive subsets

of three benchmarks.

shift is particularly evident in video understand-
ing, where RL is increasingly employed to enhance
event grounding and long-form reasoning (Feng
et al., 2025; Wang et al., 2025b). However, exist-
ing RL approaches for videos often overlook the
inherent temporal structure of events. Our work
addresses this gap by explicitly instilling temporal
directionality, guiding VLMs toward a more robust
and physically grounded understanding of videos.
Time in Video. Temporal directionality is a foun-
dational self-supervised signal for video represen-
tation learning, typically utilized through shuffle-
and-learn or order-prediction tasks (Misra et al.,
2016; Wei et al., 2018; Dwibedi et al., 2019). VLM
frameworks often treat reversed videos merely as
negative samples for contrastive alignment or as
binary classification targets (Xu et al., 2021; Price
and Damen, 2019). However, recent evidence sug-
gests that VLMSs remain alarmingly insensitive to
temporal directionality in complex reasoning tasks
(Xue et al., 2025; Du et al., 2024). Unlike prior
works that focus on events where reversal funda-
mentally alters semantics, we address the nuances
of temporally invariant events and move beyond
coarse classification. Specifically, we investigate
temporal directionality within the high-precision
requirements of event grounding, demanding that
models not only detect reversal but accurately lo-
calize events across the temporal axis.

3 Method

3.1 Pilot Study

To assess the ability of current Vision-Language
Models (VLMs) to perceive temporal structure, we
conduct a pilot study using the Qwen2.5-7B-VL-
Instruct model. Our investigation focuses on time-

sensitive events whose semantic meaning is fun-
damentally altered upon time reversal (e.g., "open-
ing a door" becomes "closing a door"). As illus-
trated in Figure 2, such events constitute a signifi-
cant portion of common benchmarks, particularly
Charades-STA (Sigurdsson et al., 2016).

We evaluate the VLM by prompting it to localize
time-sensitive events in both forward and backward
videos. We then measure localization accuracy
using Intersection over Union (IoU). For the for-
ward video, we use the original ground truth, while
for the backward video, we use a corresponding
pseudo-ground truth created by reversing the orig-
inal event’s timestamps. Ideally, a model with a
robust grasp of temporal structure and direction-
ality should recognize that the described event no
longer exists in the reversed sequence, resulting
in an Intersection-over-Union (IoU) score close
to zero. However, as shown in the right panel of
Figure 2, the VLM localizes these time-sensitive
events even in backward videos, producing a high
IoU. This reveals a critical failure: the model fails
to capture temporal structure, struggling to distin-
guish the semantic change of events in forward and
backward video.

3.2 Background of GRPO: RL for LLM

As a pioneer among open-sourced R1-style LLMs,
Deepseek-R1 (dee, 2025) leverages Group Relative
Policy Optimization (GRPO) to train the policy
model 7g (i.e., the LLM) to think before answering,
making it particularly well-suited for tasks with
well-defined answers, such as mathematical reason-
ing. In the GRPO framework, given an input ques-
tion p, the LLM samples G candidate responses
o = {o1,...,0G}, and a reward function r(-) as-
signs a reward score to each response, yielding



{r(o1),...,r(oc)}. GRPO encourages the LLM
to generate responses that maximize a weighted
sum reward R(o), defined by:

(o) — mean({r(0;)}<.,)
std({r(0;)}%)

~
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where mg(0) denotes the probability of LLM
generating the response o, and mq_, represents the
LLM parameters from a recently optimized state.
And the latter term is the Advantage A; of i-th
candidate. To ensure training stability and avoid
large deviations from the original language model
behavior, the final training objective incorporates
a KL-divergence regularization term (dee, 2025),
penalizing divergence between my and mgq:

H;%X Eo~7r901d (p) [R(O) — BDxkL (7['0H7Tref)] (2

where (3 is a scaling coefficient. We omit the
clipping operation for simplicity.

3.3 ArrowGEV

Formulation. The task of Grounding events in
videos requires a model M to map an untrimmed
video V' and a natural language event II to a spe-
cific temporal timestamp 7™ = M (V, 1) that
accurately aligns with a ground-truth annotation
T&. As discussed in Section 3.1, the VLM strug-
gles to capture the temporal structure of events in
the video. To overcome this limitation, we lever-
age the backward video, denoted as V', to enhance
the understanding of temporal structure. Our key
insight is that the effect of temporal reversal is not
uniform across all events; it depends on the event’s
intrinsic properties. Therefore, to construct a mean-
ingful learning signal from the reversed video V’,
we first categorize events according to their tempo-
ral nature.

Event Categorization. We categorize events into
two types:

1) Time-sensitive events: Events whose seman-
tics are transformed into a distinct, often opposite,
action when time is reversed (e.g., “opening a door”
becomes “closing a door””). We expect a model to
recognize the changed semantics and reduce the
prediction on the same video segment.

2) Time-insensitive events: Events whose seman-
tics are preserved under temporal reversal (e.g. “a
car is parked”). We expect a model’s prediction to
be consistent with respect to time reversal.

Then, we design an RL framework to encourage
the VLM to not only accurately localize the times-
tamps of the events in the forward video, but also
to distinguish the existence of time-sensitive events
and recognize time-insensitive events in the back-
ward video. After training, ARROWGEYV enables
the VLM achieve above and learn the temporal
structure more robustly to enhance the localization.

3.4 Temporal Directionality Reward
Modeling

A reward function for GEV should ideally incen-
tivize a model to localize the events while under-
standing an event’s temporal structure.

To determine the type of each event, we use
an LLM to perform reasoning to classify each
event ¢ as time-sensitive or time-insensitive. The
model first generates the reasoning process r ~
Piim(+|p, @), and then determines the type of event
c(q) ~ Puum(+|r, p, q). The analysis of event cate-
gorization verifies the reliability in the supplemen-
tal material Section 1, and see the prompt in the
supplemental material Section 3.

Let ¢(q) € {insensitive, sensitive} denote the
event’s category. We formulate the grounding
reward r as a linear combination of two compo-
nents: a localization accuracy reward 7,.., which
promotes precise event localization in the forward
video, and a temporal directionality reward 7mp,
which enforces temporal understanding. These are
balanced by a weighting factor \:

3)

The accuracy reward 7, is defined as timestamp-
aware IoU (Wang et al., 2025c) with the ground-
truth 78, which encourages the alignment between
start and end time with the ground-truth based on
the standard IoU:

Tgrounding = Tacc + )\rtemp

HoU(T™4, T2y _ fou.(1—Lts = taly. g _Ite - t]
| (4)
e EUTMLTE )

To define the temporal directionality reward, let
T = M(V’,q) be the VLM’s predicted times-
tamp on the backward video. We define a temporal
reversal operator R(7) £ [d — t.,d — t,] for a
timestamp 7 = [ts,te] in a video of duration d.
This allows us to compute a directionality score,
S¢, measuring the alignment between the reversed
prediction and the mirrored forward prediction:

Se & tToU(T™, R(T™Y)) (6)

)
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Figure 3: Overview of ARROWGEV. First, we input the event and both forward and backward videos into the VLM
to obtain the predicted timestamps in both directions. Then we calculate the reward based on the category of the
event. Having the reward for samples, we use GRPO with difficulty-aware training strategies to optimize the VLM
for improved localization accuracy and directionality understanding.

The temporal directionality reward rem leverages
this score to enforce the expected temporal prop-
erties of events. For time-insensitive events, a
high reward (7emp = Se) reflects strong overlap
between the predicted timestamps in the forward
and backward videos, demonstrating consistency
in the model’s localization across both directions.
In contrast, for time-sensitive events, a low reward
is desirable, as it indicates that the model success-
fully distinguishes the semantic shifts introduced
by temporal reversal. Specifically, the reward func-
tion (7emp = 1 — S¢) penalizes the incorrect local-
ization of time-sensitive events in backward videos,
encouraging the generation to indicate the event’s
nonexistence, rather than an incorrect timestamp.
Together, these cases motivate our final unified re-
ward function:

Se
1- 8,

T'grounding = TacetA- lf C(Q) - lnser.ls.ltlve
if c(q) = sensitive
(7
By optimizing Equation 7, our model is explicitly
incentivized not only to be accurate but also to
develop an internal representation that is consistent
with the fundamental temporal properties of events.
Reasoning Template Reward. To facilitate com-
plex temporal reasoning, we adopt a think-before-
act paradigm, requiring the model to generate
intermediate rationales before predicting times-
tamps. We enforce this via a binary format re-
ward rom(0) € {0, 1}, which validates if the out-
put o strictly adheres to the template: <think> ...
</think> <answer> <ty to t.> </answer>. This
structural component is then integrated into the fi-
nal objective, which combines our format, accuracy,

and temporal directionality rewards:

(®)

Tfinal = Tgrounding + Tform(o)
3.5 Training

To train the model, we propose two strategies to ad-
dress the difficulty-bias issue and improve training
efficiency.

Difficulty-Aware Weight Adjustment. During the
training, samples progressively become easier for
the model. This will lead to a difficulty-bias issue.
To alleviate this, we propose a weight adjustment
that enables the model to focus more on the hard
samples. Specifically, we introduce a difficulty
coefficient w;oc — tloU(T™4, T2 for i-th sample
to quantify the difficulty level. In this case, we
sample G predictions by the VLM and calculate
the difficulty weight:

G
1— &35 tHoU(T ™, Te)

T

Wi = €xp ’ (9)
This coefficient dynamically adjusts sample
weights by computing the average tloU of different
responses for i-th sample: A; = w; A;.

Dynamic Curriculum via Difficulty Filtering.
The efficacy of the above detailed policy optimiza-
tion is highly dependent on the quality and chal-
lenge of the training data distribution, D. As the
policy VLM 7y improves, a static data set can be
dominated by samples that no longer provide a suf-
ficient learning signal. To counteract this and main-
tain a challenging training environment, we imple-
ment a dynamic curriculum strategy that adaptively
refines the data distribution throughout the train-
ing. Specifically, we initialize our training set, Dy,



with the dataset from (Wang et al., 2025c¢), which
is pre-filtered to emphasize samples of moderate
difficulty. To ensure the model is persistently chal-
lenged as it learns, we introduce a dynamic diffi-
culty filter at the conclusion of each training epoch
e. To construct the dataset for the next epoch, Dc4 1,
we evaluate each sample (V,II) € D, against the
current policy 7, . A sample is deemed "mastered"
and is subsequently removed if the policy con-
sistently solves it with high accuracy. Formally,
for each (V,11), we generate a group of G rollout
outputs {7;f wd & |. The sample is filtered out if
its worst-case performance in the group exceeds a
high-performance threshold 7:

Dert = D\ {(v, e D. | min ToU(T/ ", T¢) > n}

(10)
We set 7 = 0.7 in our experiments, which is the
most strict metric for evaluating the quality of pre-
diction in most of the previous work (Ye et al.,
2025; Li et al., 2025; Nguyen et al., 2025). This
adaptive curriculum ensures that the model continu-
ally focuses its capacity on unsolved or challenging
problems, thereby maintaining a strong gradient
signal and promoting the development of a more
robust and generalizable policy.

4 Experiments

4.1 Experimental Settings.

Benchmarks. We evaluate our model on three
GEV benchmarks: Charades-STA (Sigurdsson
et al., 2016), ActivityNet (Caba Heilbron et al.,
2015), and TVGBench (Wang et al., 2025¢). To fur-
ther evaluate the generalization ability, we further
compare ARROWGEV on the video understand-
ing and reasoning benchmarks, including Temp-
Compass (Liu et al., 2024), MVBench (Li et al.,
2024b), VSI-Bench (Yang et al., 2025c), Video-
MMMU (Hu et al., 2025), MMVU (Zhao et al.,
2025), and VideoMME (Fu et al., 2024).
Implementation Details. Our methodology is built
upon the Qwen2.5-VL-7B-Instruct model (Bai
et al., 2025). For computational efficiency, we
process videos by sampling frames at 2 FPS. See
more training details in Appendix B.

Evaluation Metrics. Following established pro-
tocols (Ren et al., 2024; Huang et al., 2024a), we
report R1@m at various IoU thresholds. This met-
ric calculates the percentage of test samples where
the IoU between the top-ranked predicted tempo-
ral segment and the ground truth exceeds a given

threshold m € {0.3,0.5,0.7}. As a complemen-
tary metric, we also report the mean IoU (mloU)
averaged across the entire test set. For the video
understanding and reasoning tasks, we evaluate
performance using standard accuracy. To further
quantitatively assess the model’s comprehension
of temporal directionality, we introduce the Tem-
poral Directionality Discrepancy (TDD) metric.
The core idea behind TDD is that a model that
truly understands temporal direction should behave
differently based on an event’s intrinsic time sensi-
tivity. It is formally defined as:

Rl1@m(fwd) — R1@m(rev)
R1@m(fwd) ’

TDD(m) = (11)
where R1@m(fwd) denotes R1@m when predic-
tions align with the ground truth 74 on the forward
video V, and R1 @m(rev) denotes R1@m on the re-
versed video V' with respect to the mirrored ground
truth R(74). The interpretation of the TDD de-
pends on the event category. For Time-sensitive
events, ideal models should accurately localize the
forward event (R1@m(fwd) — 1) but recognize
its absence upon reversal due to the nonexistence of
the event (R1@m(rev) — 0), yielding a TDD ap-
proaching 1. For Time-insensitive events, models
should demonstrate temporal invariance by con-
sistently localizing the event in both directions
(R1@m(fwd) ~ Rl1@m(rev)), yielding a TDD
approaching 0. This demonstrates that the model
correctly recognizes the event’s invariance to tem-
poral direction and exhibits strong consistency.

4.2 Main Results

Table 1 compares the performance of ARROWGEV
with state-of-the-art methods. As expected, models
trained directly on the target benchmarks gener-
ally outperform zero-shot approaches. We further
observe that RL-based methods consistently sur-
pass those trained with SFT, likely because they
optimize directly on temporal signals grounded
in videos and the strong generalization ability of
RL (Chu et al., 2025; Peng et al., 2025). In partic-
ular, ARROWGEYV achieves higher accuracy than
the strongest SFT-based baseline on all R1 @m met-
rics. Moreover, compared to other RL-based meth-
ods, ARROWGEYV yields average improvements
in R1@m of 2.6% on Charades-STA, 1.9% on Ac-
tivityNet, and 2.5% on TVGBench. We attribute
these gains to explicit training to understand the
temporal structure, which enhances the robustness
of the model in localizing events within videos.



Method Charades-STA ActivityNet TVGBench

RI@0.3 RI@05 RI@07 mIOU | RI@).3 RI@05 RI@)7 mIOU | RI@.3 RI@0.5 RI@0.7 mIOU
2D-TAN* (Zhang et al., 2020) 573 45.8 27.9 - 60.4 43.4 25.0 - - - - -
UniVTG* (Lin et al., 2023) 72.6 60.2 38.6 - 56.1 43.4 243 - - - - -
SSRN* (Zhu et al., 2022) - 65.5 42.6 - - 54.5 332 - - - - -
SnAG* (Mu et al., 2024b) - 64.6 46.2 - - 48.6 30.6 - - - - -
EaTR* (Jang et al., 2023) - 68.4 449 - - 58.2 37.6 - - - - -
HawkEye* (Wang et al., 2024) 72.5 58.3 28.8 - 55.9 34.7 17.9 - - - - -
TimeSuite™ (Zeng et al., 2025) 79.4 67.1 43.0 - - - - - - - - -
ChatVTG (Qu et al., 2024) 52.7 33.0 15.9 - 40.7 22.5 9.4 - - - - -
TimeChat (Ren et al., 2024) 46.7 322 157 322 30.2 16.9 82 218 224 11.9 53 -
HawkEye (Wang et al., 2024) 50.6 314 14.5 - 49.1 29.3 10.7 - - - - -
VTimeLLM (Huang et al., 2024a) | 51.0 27.5 114 312 44.0 27.8 143 304 - - - -
TimeSuite (Zeng et al., 2025) 69.9 48.7 24.0 - - - - - 31.1 18.0 8.9 -
Momentor (Qian et al., 2024) 429 23.0 124 293 42.6 26.6 1.6 285 - - -
VTG-LLM (Guo et al., 2025) 52.0 33.8 15.7 - - 8.3 3.7 12.0 - - - -
Time-R17 (Wang et al., 2025b) 77.6 59.0 324 524 55.2 36.4 19.7  38.1 404 27.0 126 275
TVG-R1T (Chen et al., 20252) 60.7 36.1 13.8 393 539 337 17.5  37.6 32.1 18.1 94 230
VideoChat-Flash (Li et al., 2024c) | 74.5 53.1 27.6 - - - - - 328 19.8 10.4 -
TRACE (Guo et al., 2024b) - 40.3 19.4 - - 37.7 24.0 - 37.0 25.5 14.6 -
Qwen-2.5-VL-7B * 59.6 38.7 16.5 383 339 21.4 13.1 252 254 16.4 8.5 17.8
ARROWGEV-7B 78.0 61.6 372 5441 58.5 38.2 203 399 41.9 29.5 16.0  29.2

Table 1: Results on GEV benchmarks. The methods marked in gray™ represent fine-tuning on corresponding
benchmarks, while those in black indicate zero-shot settings. © denotes that the results are reproduced with the

official weights for fair comparison.
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Figure 4: OOD results on six general video understand-
ing and reasoning benchmarks.

4.3 OOD Generalization

Beyond GEV tasks, we further evaluate AR-
ROWGEYV on general video understanding and
reasoning benchmarks. As shown in Figure 4,
ARROWGEYV yields consistent and significant im-
provements over the base Qwen2.5-VL-7B model
across all benchmarks. These results highlight the
versatility of our approach and demonstrate that
explicitly modeling the arrow of time enhances
OOD generalization across diverse video under-
standing and reasoning scenarios. We attribute this
improvement to ARROWGEV’s ability to deeply
understand time structure, which is a core element
of general video understanding and reasoning.

4.4 Improvement on Temporal directionality
Understanding

To quantify temporal directionality, we evaluate
ARROWGEYV on both the time-sensitive subset and

the insensitive subset. For the time-sensitive sub-
set, a larger TDD indicates better temporal direc-
tionality understanding, as the model is less likely
to associate meaning-changing timestamps in the
backward video with the event. Conversely, for
the insensitive subset, a smaller TDD score reflects
better temporal directionality understanding, as it
suggests the model consistently recognizes events
in both forward and backward videos.

As illustrated in Figure 5, ARROWGEYV achieves
a dramatic improvement over the base model in
the time-sensitive and time-insensitive subsets.
For time-sensitive subsets (upper row), the TDD
score increases markedly, demonstrating that AR-
ROWGEYV successfully discriminates semantics
that diverge under temporal reversal. Conversely,
on the time-insensitive subset (bottom row), AR-
ROWGEYV achieves a significant reduction in TDD.
This reduction confirms that the model maintains
consistent localization across temporal flips, ensur-
ing robust performance regardless of event direc-
tionality. These results indicate that ARROWGEV
instills a deeper and more robust understanding
of temporal directionality in VLMs. We further
provide a case study in Appendix D.

4.5 Ablation Study

We conduct ablation studies to analyze the impact
of individual components in ARROWGEYV. Table 2
summarizes component-wise ablations: 1) Incorpo-
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Figure 5: Results of the temporal directionality discrepancy (TDD) metric on three benchmarks. The upper row
reports results on the time-sensitive subset, where higher values indicate better temporal directionality understanding,
while the bottom row shows results on the time-insensitive subset, where lower values are preferable.

Method | Charades-STA |

ActivityNet ‘ TVGBench

‘Rl@O.S R1@0.5 R1@0.7 mIOU‘Rl@O.?a R1@0.5 R1@0.7 mIOU‘R1@0.3 R1@0.5 RI1@0.7 mIOU

Qwen-2.5-VL-7B | 596 38.7 165 383 | 339 214 131 252 | 254 16.4 8.5 17.8
+GRPO 74.0 56.1 308 503 | 561 36.0 19.1 383 | 387 26.2 152 273
+ Weight 76.6 58.9 325 521 | 554 36.2 196 379 | 403 26.7 147 276
+ Filtering 75.2 58.6 351 519 | 561 37.1 197 387 | 410 285 141 280
+ Temporal Reward | 78.0 61.6 372 541 | 585 38.2 203 399 | 419 29.5 160 292

Table 2: Ablation results on three GEV benchmarks.

rating the temporal reward substantially enhances
robustness in event grounding. Removing this term
leads to a 4-6% drop in R1@m across benchmarks
relative to vanilla GRPO, underscoring the effec-
tiveness of capturing temporal directionality for
grounding performance. 2) Both weight adjust-
ment and difficulty filtering contribute to consis-
tent gains. Weight adjustment guides the model to
focus on harder samples, while filtering removes
already-solved examples, preventing wasted capac-
ity. Together, these strategies deliver measurable
improvements in precision and stability. 3) Beyond
component-level refinements, adopting GRPO it-
self provides a strong performance boost: the base
VLM achieves a 10-30% improvement on GEV
benchmarks, confirming the necessity of reinforce-
ment learning for event grounding.

4.6 Performance on Different VLMs

To evaluate the versatility of our learning frame-
work, we conducted experiments using different
VLMs. Specifically, we examined the perfor-
mance of our framework on Qwen-2.5-VL-Instruct-
3B, and compared it with the best-performing RL
baseline. Table 3 presents the mloU metric on
the benchmarks. The results indicate that AR-

Method ‘ Charades-STA  ActivityNet TVGBench
Time-R1-3B ‘ 40.7 23.7 19.8
Qwen-2.5-VL-3B 28.7 15.7 12.6
ARROWGEV-3B 42.3 24.3 20.3

Table 3: mloU metric across three GE benchmarks.

ROWGEYV consistently improve the performance of
the base model and outperform the best-performing
baseline, indicating the effectiveness of our frame-
work across different pre-trained VLMs. We report
the performance on all metrics in Appendix C.

5 Conclusion

We introduce ARROWGEV, which trains VLMs
to enable both event grounding and video under-
standing through learning the temporal direction-
ality. In addition to learning event localization in
forward videos, ARROWGEYV aims to distinguish
the absence of time-sensitive events and recognize
time-insensitive events in backward videos. Exten-
sive experiments demonstrate that ARROWGEV
outperforms various baselines on the event ground-
ing task and improves general video understanding
and reasoning performance compared to the base
model.



Limitation

While our method demonstrates strong perfor-
mance, the computational resources required in
this model are expensive. Additionally, although
our work primarily focuses on grounding events in
videos, we believe that learning the Arrow of Time
can be extended to more video reasoning tasks.
We leave the exploration of this direction as future
work.
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Method Charades-STA ActivityNet TVGBench

R1@0.3 RI@05 RI@07 mlOU | R1@0.3 RI@0.5 RI@)7 mlOU | R1@03 R1@0.5 RI1@0.7 mIOU
Time-R1-3B 62.6 40.0 182 407 34.8 19.8 9.0 23.7 30.5 17.0 8.0 19.8
Qwen-2.5-VL-3B | 429 26.9 128 287 22.0 11.5 4.8 15.7 18.0 9.8 52 12.6
ARROWGEV-3B | 64.9 42.5 19.7 423 36.1 19.4 9.9 24.3 31.0 18.6 7.5 20.3

Table 4: Results on three GEV benchmarks with 3B model.

Appendix
A Event Categorization Analysis

We use Qwen2.5-72B-Instruct (Yang et al., 2024)
to categorize the type of events. To verify the re-
liability of the categorization, we watch the video
and label 100 events from each dataset and com-
pute the accuracy of the model prediction. The
results in Table 5 indicate that LLMs’s prediction
is highly aligned with humans, and can well rec-
ognize whether an event is time-sensitive or time-
insensitive.

B Training Details

We leverage 7B and 3B models of Qwen2.5-
VL (Bai et al., 2025) series as our base model.
They are trained on large scale image and video
data and show strong instruction following and rea-
soning abilities. During the post-training stage, we
train the model for 5 epochs, and set a batch size
of 128, learning rate 2e-5, number of candidate
response G = 8, and coefficient A = 0.5, KL term
B = 0, temperature in weight adjust 7 = 2. We
search these hyperparameters on the validation set.
The checkpoint from the final epoch is used for all
evaluations. All experiments were conducted on a
single node equipped with 8 x H20 GPUs.

C Additional Results.

We report the performance of ARROWGEYV and
compare with the high-performing RL baseline and
the base model in Table 4 on the 3B model. The
results show that ARROWGEV outperforms the
strong RL baseline, Time-R1-3B, on most of the
metrics across all three benchmarks. These results
serve as evidence for the robustness and effective-
ness of our framework, demonstrating its ability
to generalize and enhance the temporal reasoning
capabilities of different pre-trained VLMs.

Datasets Charades-STA  Activitynet TVGBench
Accuracy (%) 94.0 92.0 96.0

Table 5: Event categorization performance on three
benchmarks.

D Case Study

Figure 6 presents qualitative comparisons against
high-performing RL baselines and Qwen2.5-VL-
7B, evaluating both time-sensitive and time-
insensitive events. For the time-sensitive event
"person opens the door,"” ARROWGEYV achieves
precise localization in the forward video. Crucially,
when the video is reversed, the event in the video
changes to "person closes the door". ARROWGEV
correctly identifies the absence of the queried event.
In contrast, competing methods erroneously local-
ize the reversed "close" action as "open", failing
to comprehend temporal directionality. When ana-
lyzing the time-insensitive event "person smiling
at the laptop,” ARROWGEYV identifies the time in-
terval in both forward and backward videos. These
results demonstrate ARROWGEV’s superior un-
derstanding of temporal semantics and robustness
compared to other approaches.

E Prompt

We list the prompt for event categorization in Fig-
ure 7.



Forward Video Backward Video

Time-sensitive event: person opens the door .

Ground-Truth: 13.0s @ 9 19.4s Ground-Truth:  The event does not exist.

ArrowTVG: 13.8s @ ® 20.0s ArrowTVG: The event is not clearly defined in the video...
TVG-R1: 10.0s @@ 17.0s TVG-R1: 3.0s @——87.0s

Time-R1: 10.3s 22.3 Time-R1:  0.0s 7.3s

Qwen2.5-VL: 13.0s o 18.0S S Qwen2.5-VL: 14.0s @ © 20.0

S
Time-insensitive event: person smiling at the laptop

B P PP PP RGP O e G |

Ground-Truth: 4.35 @ ®16.5s Ground-Truth: 11.4s O—@?3.06S
ArrowTVG: 6.0s & ®18.2s ArrowTVG: 13.0s ¢—————ug 22.0s
TVG-R1: 6.0s O 2215 TVG-R1: 0.0s @& ®22.1s
Time-R1:  0.0s 11.5s Time-R1: 0.0s 13.1s

Qwen2.5-VL: 10.0s @9 15.0s Qwen2.5-VL:0.0s @=——g 9.1s

Figure 6: Case study on time-sensitive events (upper row) and time-insensitive events (bottom row). Although
baseline methods can partially localize the correct timestamps in the forward video, they fail to distinguish the
nonexistence of time-sensitive events in the backward videos and localize the time-insensitive events in the backward
video.

Prompts for time sensitivity reasoning

You are an Al assistant specializing in the analysis of temporal properties of events.
You will be given a sentence describing an event.
Your task is to:
1. Analyze the event described in the sentence.
2. Determine if the event is temporally sensitive or insensitive.
3. Output the results in a strict JSON format without any additional text or explanations.
### Input
Event Sentence: ${sentence}
### Evaluation Criteria
Time-Sensitive (sensitive: yes): The event has a clear forward direction. If played in reverse, it describes a different, often
nonsensical or opposite, event. This indicates temporal asymmetry.
Example: "A person puts a picture on the wall." (Reversed: "A person takes a picture off the wall.")
Example: "A glass shatters." (Reversed: "Shards of glass assemble into a whole glass.")
Time-Insensitive (sensitive: no): The event is a continuous state or a cyclical action. If played in reverse, the fundamental
nature of the event does not change. This indicates temporal symmetry.
Example: "A person is playing with a light switch." (Reversed: Still looks like a person playing with a light switch.)
Example: "A ball is bouncing in place." (Reversed: Still a ball bouncing in place.)
### Output Format
Now, please output your result below in a JSON format by filling in the placeholders in [] without any explanations:

non

"reason": "[Briefly explain why the event is time-sensitive or time-insensitive, describing the forward and reverse action.]",

n,on

"sensitive": "[yes/no]"

nmn

Figure 7: The instruction for LLM to categorize events into different types.
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