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Abstract

Despite advances in general video understanding, Video
Large Language Models (Video-LLMs) face challenges in
precise temporal localization due to discrete time repre-
sentations and limited temporally aware datasets. Exist-
ing methods for temporal expression either conflate time
with text-based numerical values, add a series of dedicated
temporal tokens, or regress time using specialized temporal
grounding heads. To address these issues, we introduce Dis-
Time, a lightweight framework designed to enhance tem-
poral comprehension in Video-LLMs. DisTime employs a
learnable token to create a continuous temporal embedding
space and incorporates a Distribution-based Time Decoder
that generates temporal probability distributions, effectively
mitigating boundary ambiguities and maintaining tempo-
ral continuity. Additionally, the Distribution-based Time
Encoder re-encodes timestamps to provide time markers
for Video-LLMs. To overcome temporal granularity limita-
tions in existing datasets, we propose an automated anno-
tation paradigm that combines the captioning capabilities
of Video-LLMs with the localization expertise of dedicated
temporal models. This leads to the creation of InternVid-
TG, a substantial dataset with 1.25M temporally grounded
events across 179 videos, surpassing ActivityNet-Caption
by 55 times. Extensive experiments demonstrate that Dis-
Time achieves state-of-the-art performance across bench-
marks in three time-sensitive tasks while maintaining com-
petitive performance in Video QA tasks. DisTime is released
at https://github.com/josephzpng/DisTime.

1. Introduction

With Large Language Models (LLMs) displaying power-
ful comprehension abilities, significant efforts have been
made to bridge the gap between language and vision, en-
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Figure 1. Comparison of temporal expression paradigms in
Video-LLMs: (a) Text-Modal Discretization: time represented via
text/number hybrids, (b) Multi-Token Discretization: dedicated
temporal tokens, (c) Specialized Temporal Heads: utilizing tem-
poral grounding models for direct regression, and (d) DisTime:
distribution-based time decoder for temporal localization.

abling LLMs to tackle visual tasks. As a result, Image-
LLMs [6, 7, 19, 27, 34, 57] have achieved breakthroughs in
image-related tasks. In the realm of video tasks, which con-
tain richer information, numerous Video-LLMs [6, 18, 20,
47,49, 53] have also made substantial progress in areas such
as reasoning, captioning, and summarization. However, for
temporal comprehension, these models typically manage
temporal information by capturing the sequence of events
rather than the precise timing of their occurrence. This
leads to significant shortcomings in time-sensitive tasks,
such as moment retrieval [9, 12, 16, 25, 39-41], dense video
captioning [16, 56], and grounded video question answer-
ing [3, 46], etc.

Temporal expression poses a significant challenge in
time-sensitive Video-LLMs. The simplest approach is to
express time using numbers, either alone or with markers,
within the text modality. Models like GroundingGPT [24],
VTimeLLM [15], and TimeMarker [4] employ this strat-
egy. However, these methods force time and numbers to
share the same decision boundary, complicating the classi-
fication process, as illustrated in Fig. la. To address modal
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confusion, some methods like Momentor [35] and VTG-
LLM [13] introduce extra tokens specifically for time ex-
pression, as shown in Fig. 1b. This approach, however,
heavily depends on the classification of these new tokens
and the balanced distribution of time data during train-
ing. Some tokens may receive insufficient training due to
long-tailed distributions in the dataset. Both approaches
share the drawback that using tokens for time expression
is inherently discrete, resulting in insufficient precision for
time representation (e.g., expressing decimals) and lack-
ing explicit modeling of relationships between adjacent nu-
merical values. The third approach, exemplified by In-
ternVideo2.5 [44] and shown in Fig. lc, creates trainable
task tokens and a specialized temporal perception head to
assist in time point decoding. These modules (e.g. CG-
DETR [33]) are typically designed for temporal grounding,
containing numerous parameters and requiring the re-input
of visual information.

To improve the representation of temporal positions in
LLMs, we propose DisTime, a method using an additional
learnable token to indicate event time spans. This token
creates a continuous embedding space for timestamps, thus
avoiding confusion with numerical text values. As shown
in Fig. 1d, DisTime utilizes the Distribution-based Time
Decoder to convert the time token into start and end times-
tamps. Inspired by DFL [22], which acknowledges the in-
herent ambiguity in boundary detection, temporal bound-
aries face similar challenges, making direct regression to
absolute time values difficult. Decoding the time token into
a distribution provides flexibility when event boundaries are
unclear, thereby reducing complexity in model prediction.
Our method first converts the time token into a probability
distribution, and then integrates this distribution to produce
specific values. Unlike the approach in Fig. lc, our decoder
utilizes a minimal number of parameters (almost negligible)
and without re-inputting original/encoded images.

Another challenge for time-sensitive Video-LLMs is the
scale of temporal-aware datasets. Current video train-
ing datasets [2, 21, 51] predominantly focus on caption-
ing, summarizing, and reasoning, often neglecting tempo-
ral awareness. The labor costs of annotating large vol-
umes of time-sensitive data are significant. Although meth-
ods like VTimeLLM [15], InternVid-MR [11], and Mo-
mentor [35] propose unsupervised approaches to expand
temporal grounding data, they share a common limita-
tion: temporal granularity constraint, referring to reliance
on shot boundaries and coarse fixed temporal intervals.
VTimeLLM uses detected shot boundaries as time points,
making event localization prone to errors within single
shots, as simple boundaries do not accurately capture event
timing. InternVid-MR divides videos into 2-second seg-
ments, determining event boundaries based on visual-text
similarity, which often results in low labeling accuracy, par-

ticularly for short-duration events. Momentor merges seg-

ments by assessing the consistency of character instances

between consecutive shots, but it still depends on the tempo-
ral boundaries of shots, ignoring static objects like scenery.

To expand temporal-aware video data, we propose an
annotation paradigm that overcomes temporal granularity
constraints for event boundaries. Our method harnesses the
captioning abilities of Video-LLMs for event extraction and
employs the fine-grained localization capabilities of dedi-
cated models for event boundary detection. Drawing on ex-
pertise from well-annotated data, the pseudo labels break
free from shot-boundary constraints, making them more
suitable for temporal grounding tasks. We employ three
dedicated models: UniMD [52] for traditional in-domain
temporal grounding, Mr.Blip [32] for high-precision local-
ization with LLMs, and TFVTG [55] for zero-shot settings
without training. A scoring strategy evaluates the ground-
ing results, selecting the highest-scoring model output as
the ensemble result for each event. Ultimately, we gener-
ated 1.25 million event annotations, over 55 times larger
than the ActivityNet-Caption [16] dataset.

To summarize, this paper makes three contributions:

* We propose DisTime, a method that uses a single token
for temporal expression in Video-LLMs. This approach
transforms the token into a distribution via a distribution-
based time decoder, which addresses event boundary un-
certainty and enables continuous time modeling.

* We propose an automated annotation paradigm that com-
bines the captioning capabilities of LLMs with the fine-
grained grounding abilities of dedicated temporal ground-
ing models. With this paradigm, we create the InternVid-
TG dataset, featuring 179K videos and 1.25M events.

» Experiments demonstrate that DisTime enhances the fine-
grained grounding abilities of Video-LLMs across three
time-sensitive tasks. Notably, on Charades-STA [9], our
model surpasses all dedicated models and current Video-
LLMs in R@ 14,03 score, even in a zero-shot setting.

2. Related Work

Time-sensitive video understanding.  Time-sensitive
video understanding tasks require interpreting a video as a
sequence of interconnected events and locating them in a
temporally grounded manner. Moment Retrieval [9, 12, 16]
focuses on identifying the timing of a specific event within
a video. Dense Video Captioning [16, 56] involves describ-
ing and summarizing all events with their temporal infor-
mation along the video timeline. Grounded Video Question
Answering [3, 46] demands understanding questions while
addressing the embedded temporal information. Thus, these
tasks challenge models to have strong temporal sensitivity.
Vision language models. With advancements in Large
Language Models (LLMs), there is a growing focus on ex-
tending their capabilities from natural language process-
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Figure 2. Overview of the Video-LLM with DisTime. Our DisTime method employs a single token (denoted as <TIME_STAMP>) to
represent continuous time, transformed by a distribution-based time decoder and time encoder. Initially, sampled timestamps are converted
into time tokens and integrated into the LLM’s input sequence. During autoregressive generation, when a <T IME_STAMP> is encountered,
its corresponding LLM last-layer embedding is decoded into start and end times. These timestamps are then re-encoded to update the

temporal context for subsequent autoregressive steps. In the final output sequence, the decoded times replace the <TIME_STAMP>. This
approach enables the Video-LLM to explicitly model time, thereby enhancing its time-sensitive capabilities.

ing to the visual domain, enhancing functions such as
question answering, description, and summarization based
on visual information. Recent Vision Language Mod-
els [6, 7, 19, 27, 57] incorporate learnable modules to in-
tegrate language and vision, primarily targeting image-level
perception and comprehension. As multimodal research has
progressed, Video-LLMs [18, 21, 23, 53] have emerged,
showing strong performance in tasks like video question an-
swering and captioning. However, these approaches largely
concentrate on visual-level task requirements and exhibit
limitations in high-level temporal perception.

Temporal-awareness video language models. To tackle
the challenges of time-sensitive tasks, recent Video-
LLMs have focused on constructing time-sensitive data
and enhancing temporal awareness in their architectures.
GroundingGPT [24] improves performance by generating
time-sensitive datasets and integrating multimodal data.
VtimeLLLM [15] enhances temporal perception through op-
timized training strategies, enriched datasets, and tailored
instruction. TimeChat [37] and TimeMarker [4] incorporate
temporal information from the current video frame into the
multimodal input, enabling systems to perceive and inter-
pret temporal dynamics effectively. However, these meth-
ods model time using textual representation, sharing de-
cision boundaries with regular numerical values, thereby
complicating classification and introducing quantization er-
rors. Momentor [35] and VTG-LLM [13] introduce special
tokens for timestamp modeling. Momentor uses a temporal
perception module to ensure time continuity, while VT G-
LLM incorporates absolute-time tokens to manage times-

tamp information, reducing quantization errors. Despite
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this, these methods rely heavily on numerous new tokens for
representing time absolutely, often overlooking time conti-
nuity and boundary fuzziness. We aim to maintain time con-
tinuity while addressing boundary fuzziness attentively.

3. Method

This section delves into the proposed DisTime, a method
that uses a single token to represent continuous time in
large language models (LLMs), enabling transformation
between time tokens and timestamps via Distribution-
based Time Encoder-Decoder. In Sec. 3.1, we present
an overview of our approach to time-sensitive video under-
standing. Sec. 3.2 details the rationale and strategy for mod-
eling time as a distribution in LLMs. We then introduce the
Iterative Time Refinement mechanisms (Sec. 3.3) that up-
date the temporal context during the autoregression process.
Finally, Sec. 3.4 outlines the objective function and training

methodology for optimizing the time token, time decoder,
and time encoder.

3.1. Overview

The architecture of our time-sensitive video-LLM with Dis-
Time is illustrated in Fig. 2, comprising five core com-
ponents: a visual encoder with a projector, a text en-
coder, a LLM, a time decoder (®me-qec) and a time encoder
(Pgime-enc)- First, a certain number of video frames are uni-
formly sampled from the video. Then, the visual encoder
encodes the video frames, and the projector maps them into
the language space to obtain visual tokens {Vz’}isz where
T is the number of sampled time steps in the video. Then,
we derive a sequence of temporal representations {7;}7_;



by processing the timestamps through the time encoder, as:
Ty = (I)lime—enc(ti)ai = 172a"'7T (D

where ¢; € [0, 1] is the relative timestamp normalized to the
video duration. Subsequently, the time tokens {7;}7_, and
visual tokens {v; }7_, are interleaved and jointly input to the
LLM with the user’s instruction text tokens {Q; }¥ ,, as:

,Qn), ()

where {Q;} is encoded via text encoder. We use a ded-
icated time token, termed Distribution-based Time To-
ken, to represent continuous time. This token is instanti-
ated in the vocabulary as <TIME_STAMP>. The autoregres-
sive generation process includes both standard vocabulary
tokens and the dedicated time token. When the LLM out-
puts <TIME_STAMP >, we extract the corresponding hidden
state hy;,e from the final layer and pass it to the time de-
coder to obtain continuous timestamps, as follows:

st,et = (I)lime—dec(htime)7 3)

where st € [0,1] and et € [0, 1] denote the decoded start
time and end time. These timestamps are then reprocessed
through the time encoder to refresh the temporal context for
subsequent autoregressive steps. The <TIME_STAMP> is
replaced with the re-encoded time token, establishing ex-
plicit temporal referencing that functions as video timeline
pointers. Finally, the <TIME_STAMP > is replaced with cor-
responding decoded timestamps (st, et), which are concate-
nated with generated text tokens (e.g. event _2) to form the
LLM’s complete output. This produces time-sensitive pre-
dictions with explicit timestamps.

Our method is compatible with mainstream Video-LLMs
(e.g. InternVL2.5 [5], LLaVA-OneVision [18]) that retain
temporal-aligned input token sequences while being incom-
patible with the models using global temporal aggregation
(e.g. LinVT [10], BLIP3-Video [38]).

Input = Concat(7y,v1, ..., 70, v, Q1, . - .

3.2. Modeling Time as Distribution

DisTime to LLMs. Current Video-LLMs excel in global
video understanding but often struggle with time-sensitive
tasks due to imprecise event timing modeling. Existing so-
lutions either (1) express time in text modality (complicat-
ing the classification for time and numbers), (2) use nu-
merous learnable tokens (suffering from long-tailed distri-
butions and temporal discontinuity), or (3) employ heavy
temporal modules (adding extra high computational costs).
The representation of time remains a critical optimization
target for time-sensitive modeling.

Furthermore, inspired by [22], we recognize the inher-
ent ambiguity in event boundary detection. For instance,
the query “A person is drinking water from a cup” intro-
duces annotation uncertainty, such as whether to include the
cup-picking action in the temporal segment. This ambiguity
makes direct regression to absolute timestamps susceptible
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Figure 3. The illustration of time decoder and time encoder.
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to precision errors. Holistic analysis of multiple boundary
hypotheses is essential to mitigate uncertainty.

To address these limitations, we propose DisTime - a
time modeling paradigm that represents time as probability
distributions within LLMs. Our framework achieves con-
tinuous temporal representation through two key innova-
tions: (1) Single-Token Constraint: This encapsulates con-
tinuous temporal information within a dedicated token us-
ing a lightweight encoder (Pime-enc) and decoder (Prime-dec)s
enabling precise temporal grounding with minimal compu-
tational overhead. (2) Distribution-Aware Decoding: This
resolves boundary ambiguity through probabilistic times-
tamp generation, where final temporal coordinates are de-
rived from weighted combinations of multiple hypotheses.
Distribution-based time token. The dedicated time token
in LLMs is termed Distribution-based Time Token (denoted
as <TIME_STAMP>), distinctly separating it from numeri-
cal text tokens in the vocabulary. When the LLM generates
a <TIME_STAMP>, a lightweight decoder with a softmax
function transforms it into a latent probability distribution,
with each dimension of the latent embedding corresponding
to an anchor point on the normalized time axis. These prob-
ability distributions enable continuous value representation.
Time decoder. The time decoder is used to decode the
<TIME_STAMP> into continuous timestamps, as shown in
Fig. 3. Specifically, we partition the normalized temporal
axis into regm,q. + 1 discrete bins, each linked to an an-
chor point representing the probability of the timestamp be-
ing localized at that position. Formally, the temporal dis-
tribution is represented as a vector € = [ey, €], Where
e € R2X("e0maatl) and e, and e.; denote the start and
end time distributions, respectively. A lightweight Multi-
Layer Perceptron (MLP) followed by a softmax activation
maps the <TIME_STAMP> to distribution vectors e, as:

e = élime—dec(htime) = SOftmaX(MLP(htime))- “4)

Continuous timestamps of start time and end time are de-
rived via anchor-weighted summation, as:

st=Yrmer el) a;, et =3 el ay, (5)

where {a;}. 9" are anchors defined as: a; = i/7€gmqz-
Time encoder. As shown in Fig. 3, the time encoder acts
as the inverse of the decoder, translating continuous times-

tamps (st,et) € [0,1] into a time token 7. Firstly, each
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Figure 4. The autoregression of text token and time token.

timestamp is projected into a Gaussian-regularized distri-
bution to model annotation ambiguity, as: ps; ~ N (st, §?),
pet ~ N (et, 6?), where § controls the distribution spread.
Here § = 1 for boundary uncertainty. The continuous distri-
butions ps; and p.; are then discretized into 7eg,,,q. + 1 Uni-
formly spaced bins spanning [0, 1] to obtain the discretized
distributions é,; and é.;. Next, a MLP projects the con-
catenated distributions [&¢, &.¢] into LLM-compatible time
tokens T, as:

T = MLP([éSt, éet])' (6)
The encoding process operates through two stages: (1) time
token injection during input visual sequence composition,
and (2) LLM autoregressive processing. In the former stage,
we set st = et to model instantaneous temporal positions.
In the latter stage, we utilize timestamps decoded by the
time decoder and replace the <TIME_STAMP > with the en-
coded token 7 for refined temporal representation.

3.3. Iterating Time Refinement

Time token re-encoding. The hidden embedding of
<TIME_STAMP> inherently capture event boundary ambi-
guity (e.g. multi-modal distributions). In the autoregressive
generation paradigm of LLMs, retaining raw time tokens
across iterations can propagate errors due to representation
uncertainty. To address this, we use probability-weighted
timestamps from the decoder output to refine the LLM’s
temporal context. As shown in Fig. 3, we re-encode the
decoded timestamps into fixed-variance Gaussian distribu-
tions via the time encoder. This re-encoded time token
serves dual purposes: it transforms ambiguous temporal
token interpretations into well-defined Gaussian-distributed
representations and ensures distributional alignment across
all time tokens. Through this method, arbitrary decoded dis-
tributions are normalized into standardized Gaussian forms,
enabling consistent temporal representation and enhancing
the LLM’s temporal comprehension capability.

Time token autoregression. The time token autoregression
operates in a similar fashion to text tokens, as depicted in
Fig. 4. Both token types undergo explicit decoding: text
tokens map to vocabulary indices, while time tokens decode
to continuous timestamps (st, et). The decoded results are
then transformed into embeddings for subsequent iterations
via domain-specific encoding: an embedding layer for text
tokens and a time encoder for time tokens.

3.4. Training Strategy

Training Object. The loss function comprises three com-
ponents: distribution focal loss £g;s; for temporal distribu-
tion learning, 1d-IoU regression loss L., to directly op-
timize temporal grounding, and next token prediction loss
Ly for autoregressive generation. The distribution focal
loss [22] is key for training the distribution-based time to-
ken and time decoder, as it learns the underlying general
distribution without introducing additional priors. The uni-
fied training objective is formulated as: £ = Ay - L4 +
A2 - Lreg + A3 - Lgise, Where we set Ay = Ay = A3 = 1 for
balanced multi-task optimization.

Training Recipe. Based on the Video-LLMs that have been
trained for general understanding capabilities, our method
trains only one stage for enhancing temporal grounding
ability. During this stage, the vision backbone and inter-
mediate layers are frozen, and LoRA [14] is employed for
efficient fine-tuning of the LLM. Additionally, the parame-
ters of the LLM token embedding, LLM head, and the time
encoder and decoder are fully trained.

4. InternVid-TG

Existing large-scale video training datasets primarily em-
phasize captioning, summarization, and reasoning tasks
while lacking temporal awareness. Furthermore, though
some automated annotation methods [11, 15, 35] attempt to
scale supervision, they remain constrained by shot bound-
aries or coarse fixed temporal intervals. To expand time-
aware supervision and overcome these constraints, we pro-
pose a temporal-aware data expansion framework that syn-
ergistically combines the summarization capabilities of
large multimodal models with the fine-grained localization
capabilities of temporal dedicated models. Fig. 5 illus-
trates the proposed annotation paradigm, which comprises
four steps: event capturing, event boundary detection, scor-
ing and ensemble processes, and instruction writing. Ulti-
mately, we automate the annotation of InternVid-FLT [42]
video data, transitioning from the original video-text align-
ment data to temporal grounding data, named InternVid-
Temporal-Grounding (InternVid-TG).

4.1. Generation pipeline

Event capturing. Video-LLMs are trained on a large
amount of video caption data, which endows them with
powerful descriptive capabilities. We leverage this to ex-
tract event descriptions present in videos. First, we obtain
the untrimmed sources from InternVid-FLT. We maintain
the original resolution of the video and decode it at 1 fps
to form an image sequence, which serves as the visual in-
put for GPT-40 [1]. Next, we use the query “please identify
the events that occur in the video” to prompt the model.
In response, GPT-40 generates dense video captions in the
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1. Event Capturing Using LLM

video !
| An off-road vehicle takes a lea
} over a mound of dirt, showcasin,
I its suspension and agility.

(=]

5

P
G

@ video

|
I
i
i
i
| ! _—
| Event-2: ! ' =
A | The trailing vehicle overtakes | i s o e
.ﬂ please identity the events ! he leading car. i Event ! . .
®2  that occur in the video. | ;Zk L;‘ 3”117 car | ) start time & end time
GPT-40 Events } IS } - -
R — dedicated model.
4. Instruction Writing — 3. Similarity Scoring & Ensemble
T T T T T T T 1 ———
! Question: ! C——  visual . similarity
| Given the event “the | = — > InternVideo2 SCOIS
Voo o i T
—  trailing vehicle overtakes | i | 4 text
== . ., } the leading car.”, please } s (oo (@ @) (i
| identify the timing of the | Event
ax convert I y g ! | m— |
Events | Geets | ———J+score
templates Conversation | Answer: i
| The event takes place at | .
| | ——— highest
1 [5, 8] second. I bl
} } Event seore

Figure 5. The pipeline of our temporal-aware data expansion paradigm, which utilizes multimodal LLM and dedicated temporal models to

generate temporal grounding annotations.

format of “(start time, end time, event description)”. Here,
we disregard the segment information in the response and
use the event description as the extracted event. Finally, we
obtain = 7.0 events per video.

Event boundary detection using dedicated models. In
the step of automatically annotating time points, to elim-
inate the dependency on shot segmentation, we directly
use three models specifically designed for visual temporal
grounding to perform the annotation. These models include
UniMD [52], Mr.Blip [32], and TEVTG [55].

UniMD is a traditional method specialized for tempo-
ral grounding. We retrain it using the visual features from
InternVideo2 [43] as input because the training data for
the visual encoder of InternVideo2 includes videos from
InternVid-FLT. This adaptation makes UniMD more suited
to the domain of InternVid-FLT. Mr.Blip is a dedicated
Video-LLM trained for temporal grounding, and it is one
of the state-of-the-art (SOTA) models in the Charades-
STA [9], ANet-Caption [16], and QVHighlight [17] bench-
marks. In QVHighlight, it achieves a top-1 recall at 50%
TIoU (R@1ipy=05) of 74.77%, demonstrating a high degree
of overlap in event localization. TFVTG is a train-free
video grounding model adapted for zero-shot scenarios. In
zero-shot situations, it achieves a top-1 recall at 30% IoU
(R@1py=03) of 67.04% on the Charades-STA benchmark,
showing competitiveness with the fine-tuned SOTA LD-
DETR [54] which achieves 73.92% R@ 15,0 3.

By inputting the extracted event descriptions and the
videos, we independently input them into these three dedi-
cated models to obtain the time segment for each event.
Similarity scoring and ensemble. To evaluate the seg-
ment output from step two, we introduce a similarity scor-
ing strategy. This score subsequently serves as the basis for
ensembling the segments from these three models. We uti-
lize InternVideo?2 [44] as our scoring model. Initially, each
video segment is trimmed, and the video encoder of Intern-

Dataset annotator  #videos Avg Dura. (s) #events #events/vid
Ego4d [12] Human 2k 472 18.4k 9.2
Charades-STA [9] Human 10k 30 68k 6.8
ANet-caption [16] Human 15k 118 22.5k 1.5
VTimeLLM [15] LLM 146k 52 353k 2.4
InternVid-MR [11] LLM - - 150k -
Momentor [35] LLM 65k 403 1460k 22.5
InternVid-TG LLM= g0, 55 1250k 7.0
(ours) dedicated

Table 1. Comparison among InternVid-TG, existing human-
annotated datasets, and unsupervised datasets.

Video?2 is employed to extract visual features. Concurrently,
the textual feature of each event caption is derived using In-
ternVideo2’s text encoder. The cosine similarity between
these features is computed to assess text-video relevance.
For each event, the temporal result with the highest score is
selected as the ensemble output. In the supplementary ma-
terials, we present evidence supporting the effectiveness of
our scoring strategy and ensemble approach. Additionally,
we use the human-annotated InternVid-TG-1k, comprising
1,000 queries, to assess the quality of the pseudo labels.
Instruction writing. We design 5 dialogue templates to
convert temporal grounding annotations into single-turn
conversations, which require identifying timestamps for the
given event descriptions in the video.

4.2. Impact

Scale. Tab. | presents our dataset’s data distribution.
InternVid-TG annotates 1.25M events from 179k videos,
originating from the same source as VTimeLLM and
InternVid-MR. However, we extract more events, resulting
in the largest video count among these datasets. Overall,
our method provides a scalable data expansion approach.
Since InternVid-FLT includes 4 million videos, we can ex-
pand further to incorporate more videos if needed.

5. Experiment

In this section, we begin by detailing the experimental setup
(Sec. 5.1) and benchmarks (Sec. 5.2). Following this, in
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Dataset Task
VideoChat2 [21] (232k) | General Video Understanding
ANet-Caption [16] (37k) Moment Retrieval
ANet-Caption [16] (9.8k) Dense Video Captioning

YouCook2 [56] (2k) Dense Video Captioning
ET-Instcuct [28] (126k) Multi-Event
InternVid-TG (1250k) Moment Retrieval

Table 2. Details of the training data covering both general video
understanding and time-sensitive comprehension.

Sec. 5.3, we conduct ablation studies to examine the time
distribution representation, time token re-encoding, and the
effectiveness of our proposed dataset. Finally, in Sec. 5.4,
we provide further comparisons with current Video-LLMs
for time-sensitive and general QA tasks. Additional abla-
tion studies, qualitative analyses, and further benchmarks
are included in the supplementary material.

5.1. Implementation Details

The proposed DisTime is integrated into two current Video-
LLMs, InternVL2.5 [5] and LLaVA-OneVision [18], to en-
hance its performance on time-sensitive tasks. We use
InternVL2.5-1B, LLaVA-OneVision-7B, and InternVL2.5-
8B as baselines, with ablation studies conducted on
InternVL2.5-1B. For visual input, both Video-LLMs sam-
ple frames at equal intervals: InternVL2.5 samples 16
frames, while LLaVA-OneVision samples at most 32
frames. The MLP for the time encoder and decoder consists
of three fully connected layers with ReLU functions. The
time decoder and encoder are parameter-efficient, collec-
tively comprising just 0.36% of InternVL2.5-1B, 0.34% of
LLaVA-OneVision-7B and 0.84% of InternVL2.5-8B. The
specific training data are detailed in Tab. 2.

5.2. Benchmarks

The comprehensive evaluation covers three time-sensitive
tasks: Moment Retrieval (MR), Dense Video Caption-
ing (DVC), and Grounded Video Question Answering
(Grounded-VQA). For MR, we use the Charades-STA [9],
ANet-Caption [16], and QVHighlights [17]. For DVC,
we evaluate on ANet-Caption and YouCook2 [56]. For
Grounded-VQA, we employ the NExT-GQA [46] dataset.
Additionally, we assess our model’s performance on gen-
eral video understanding tasks using MVBench [21], Video-
MME [8], and LongVideoBench [45].

5.3. Ablation Study

Roles of distribution representation. The comparison be-
tween directly predicting timestamps (denoted as “Direct”)
and obtaining timestamps through distribution prediction
(denoted as “Dist.”) is presented in Tab. 3. Utilizing dis-
tribution representation for time enhances the model’s per-
formance across all metrics in the MR task’s Charades-STA
dataset and the DVC task’s YouCook2 dataset. Notably,
YouCook?2 exhibits a significant improvement, with the F1
score increasing from 2.2% to 16.3%.

Charades-STA (MR) YouCook2 (DVC)
Direct Dist. Re-Enc. R@1 R@1 R@1
(I0U=0.3) (1oU=0.5) (IoU=0.7) mloU | SODAc CIDEr Fl Score
v 76.6 519 249 49.5 0.6 0.9 22
v 71.0 53.5 26.7 50.1 0.9 4.0 16.3
v v 78.1 56.3 29.7 516 4.2 15.6 205

Table 3. Ablation study of different components in the time tok-
enizer. “Direct” indicates that the decoder directly predicts times-
tamps, while “Dist.” means the decoder first predicts a distribution
and then aggregates it into timestamps. “Re-Enc.” denotes the use
of time token re-encoding for the next step of autoregression.

Charades-STA (MR) QVHighlights (MR)
Training Data Rr@I R@I R@I R@1 R@I )
(0U=03) (10U=05) (oU=0.7) ™Y | (1oU=03) (oU=0.5) MAP@> mAP@TS

Bascline T4 514 29 487 | 387 7.7 348 125
w/VTimeLLM [15] | 76.2 519 250 493 | 510 2538 460 188
w/ 351 | 766 506 26 418 | 397 178 35.1 125
W/ TnternVid-TGT 718 555 80 510 | 522 264 162 189
W/ InternVid-TG 78.1 563 297 516 | 541 27738 419 192

Table 4. The effectiveness of the LLM-generating time-sensitive
datasets. Baseline refers to the basic training data, which includes
general video understanding and time-sensitive datasets excluding
the datasets used for comparison. InternVid-TG' denotes a subset
that includes videos overlapping with those in VTimeLLM.

Roles of time token re-encoding. As shown in Tab. 3, time
token re-encoding (“Re-Enc”) enhances distribution repre-
sentation effectiveness, particularly in the high-precision
metrics required for the MR task on Charades-STA, where
R@1;oy=07 improves by 3%. This underscores the impor-
tance of time token re-encoding for high-precision temporal
expressions. Furthermore, in the YouCook?2 dataset for the
DVC task, “Re-Enc” leads to an increase of 11.6% in the
CIDEr score and a boost of 4.2% in the F1 score.

The effectiveness of InternVid-TG. We assess our pro-
posed dataset’s effectiveness on two MR benchmarks:
Charades-STA and QVHighlights. For a fair comparison
with VTimeLLM, we used a subset (InternVid-TGT) that
shares overlapping videos with VTimeLLM, totaling ~90k
videos. As Tab. 4 shown, compared to VTimeLLM and
Momentor, the model with InternVid-TG' shows improve-
ments on both benchmarks, even though Momentor con-
tains more events than InternVid-TG. Notably, annotation
noise can decrease metrics, as seen with Momentor, where
the model’s performance on Charades dropped. Finally, uti-
lizing our full InternVid-TG dataset, expanding from 90k to
179k videos, further boosts performance.

5.4. Main Results

Moment Retrieval. As shown in Tab. 5, our model is
compared to dedicated methods and time-sensitive Video-
LLMs for the MR task on the Charades-STA, ANet-
Caption benchmarks. Our DisTime-InternVL and DisTime-
LLaVAOV models outperform all others in R@ 1,9 3, even
in a zero-shot setting. Among Video-LLMs optimized
for MR tasks (i.e. excluding InternVL2.5 and LLaVA-
OneVision), DisTime demonstrates robust time-sensitivity.
In Charades-STA, DisTime-InternVL-1B surpasses others
across all metrics, notably outperforming TimeMarker by
+4.4% in R@1;,=05. The DisTime-InternVL-8B model

21967



Charades-STA ANet-Caption
Model Size | R@I R@1 R@l | Rel R@1 R@I
(10U=03) (IoU=0.5) (1oU=0.7) (10U=03) (IoU=0.5) _(1oU=0.7)
Dedicated
UnivIG [26] B 726 602 /6 522 B - -
UniMD [52] - - 63.9 422 - - 427 25.1
MrBLIP [32] 3B - 693 493 586 - 53.92 356
LLaVA-MR [30] 3B - 70.7 496 598 - - -
Video-LLMs
Momentor [35] 7B 26 266 16 25 29 230 24 293
ChatVTG [36] 7B 527 330 159 349 40.7 25 9.4 272
VTimeLLM [15] 13B | 553 343 14.7 346 448 29.5 14.2 314
TimeChat [37] 7B - 322 13.4 - - - - -
VTG-LLM [13] 7B - 338 157 -

InternVideo2.5 [44] | 7B - 433 - 417 - - - -
TimeMarker [4] 8B 735 519 269 484 | 674 50.7 330 495
InternVL2.5% [5] 1B 3.1 15 07 5.1 53 2.9 15 55

LLaVA-OneVision* [18] | 7B 208 7.2 22 145 248 140 9.0 205
InternVL2.5* [5] 8B 279 109 42 182 21.1 12.7 8.6 172

DisTime-TnternVL. B | 781 563 297 516 671 54 231 752

DisTime-LLaVAOV | 7B 763 52.0 198 414 57.6 343 13.7 37.1

DisTime-InternVL, 8B 810 60.3 308 53.1 729 532 303 50.5

Table 5. Comparison with various models on Moment Retrieval
task in Charades-STA and ANet-Caption. “Dedicated” refers to
the model fine-tuned with benchmark-specific training data. “*”
indicates results from our supplementary testing of the model. No-
tably, in Charades-STA, our DisTime is in a zero-shot setting.

Model Size YouCook2 ANet-Caption
SODA_c CIDEr Fl Score | SODAc CIDEr METEOR

Valley [31] 7B 0.1 0.0 1.5 0.3 1.8 0.8
Momentor [35] 7B - - - 23 14.9 4.7
VTimeLLM [15] | 13B - - - 5.9 272 6.7

TimeChat [37] 7B 1.2 34 12.6 - - -

VTG-LLM [13] 7B 1.5 5.0 17.5 - - -
DisTime-InternVL 1B 42 15.6 20.5 45 17.9 4.7
DisTime-LLaVAOV | 7B 54 21.8 19.5 49 213 49
DisTime-InternVL | 8B 6.9 31.0 26.4 4.1 17.8 58

Table 6. Comparison with LLM-based models on the Dense Video
Captioning task in ANet-Caption and YouCook?2.

further widens this gap to +8.4%. In ANet-Caption, our 8B
model excels in R@ 1;,,-93 and mloU, trailing slightly be-
hind Mr.BLIP, which is dedicated to ANet-Caption, but re-
mains competitive in R@ 14,9 5. Compared to the baseline
InternVL2.5, DisTime significantly enhances the MR task
performance. The 1B model demonstrates an improvement
in R@1;,,-03 on Charades-STA, increasing from 3.1% to
78.1%. This validates our method’s superior ability to ex-
press temporal information in LLMs and to enhance their
skills in temporal localization. Furthermore, incorporat-
ing DisTime into LLaVA-OneVision considerably increases
its temporal sensitivity, showcasing the generalizability and
scalability of our method.

Dense Video Captioning. As shown in Tab. 6, in the step-
wise dense video captioning task, both DisTime-InternVL
and DisTime-LLaVAOV significantly outperform all Video-
LLMs on the YouCook2 benchmark. This improvement is
attributed to our proposed Iterative Time Refinement mech-
anism, which clarifies the output time token through re-
encoding, thereby more accurately conveying the timing of
the previous event in each subsequent autoregressive step.
For the ANet-Caption benchmark, our method surpasses
Valley and Momentor but falls short of VTimeLLM. It is
important to note that, unlike VTimeLLM, which relies
on 100-frame inputs, our method uses fewer input frames,
with DisTime-InternVL using 16 frames and DisTime-
LLaVAOV using 32 frames. Capturing nuanced event pro-
gression in ANet-Caption may require richer visual context
from additional frames.

Grounded Video Question Answering. The results for the
grounded video question answering task on the NExT-GQA

NEXT-GQA

Model SiZe | Acc@QA  Acc@GQA mIoP  10P@0.3 10P@0.S5 mloU IoU@03 IoU@O.S
SeVILA [50] 3B 68.1 166 257 347 29 217 292 138
Temp [46] 150M | 602 160 257 314 255 121 175 8.9
FrozenBiLM [48] 1B 70.8 17.5 242 285 237 9.6 13.5 6.1
DisTime-InternVL 1B 65.9 17.0 335 29 237 311 41.0 21.8
DisTime-LLaVAOV | 7B 758 228 363 484 287 319 456 235
DisTime-InternVL 8B 80.3 28.1 40.5 55.1 338 359 52.0 28.8

Table 7. Comparison with models on the Grounded Video Ques-
tion Answering task in NExT-GQA.

MVBench | Video-MME | LongVideoBench

Model Size avg (wo sub)) (val total))
TimeChat 7B 38.5 34.7 -
TimeMarker 8B 67.4 573 56.3
InternVideo2.5 7B 75.7 65.1 60.6
InternVL2.5 1B 64.3 503 479

LLaVA-OneVision | 7B 56.7 582 56.3

InternVL2.5 8B 72.0 64.2 60.0
DisTime-InternVL 1B 62.6 47.4 49.0
DisTime-LLaVAOV 7B 59.0 54.4 55.4
DisTime-InternVL 8B 72.0 59.6 60.0

Table 8. Comparison with models on the General Video Under-
standing tasks in short (MVBench and Video-MME) and long
(LongVideoBench) video benchmarks.

benchmark are shown in Tab. 7. This task not only evaluates
the understanding of question answering but also requires
the ability to temporally locate events. Among the com-
pared methods, DisTime-InternVL-1B surpasses them in
most metrics (except for Acc@GQA and [oP@0.5). When
scaled up to DisTime-InternVL-8B, it achieves the top per-
formance across all metrics.

General Video Understanding. The results of the gen-
eral video understanding task are shown in Tab. 8. Without
any targeted optimization of general understanding capa-
bilities, our methods exhibit diverse performance improve-
ments across various benchmarks. In MVBench, DisTime-
LLaVAOV-7B outperforms LLaVA-OneVision by 2.3%,
while DisTime-InternVL-8B maintains consistent perfor-
mance metrics. In LongVideoBench, DisTime-InternVL-
1B shows a improvement of 1.1%. Despite a decline in
performance on VideoMME, both DisTime-InternVL and
DisTime-LLaVAOV remains competitive when compared
to other models. For example, DisTime-InternVL-8B sig-
nificantly outpaces TimeMarker with the same parameter
size, and DisTime-InternVL-1B surpasses TimeChat, which
has a much larger parameter size. The integration of Dis-
Time primarily aims to enhance time-sensitive tasks, while
still maintaining competitiveness in general understanding
tasks.

6. Conclusion

This paper proposes DisTime, a lightweight paradigm for
enhancing temporal expression in Video-LLMs by using a
single token to regress continuous timestamps through dis-
tribution prediction. Additionally, we propose an automated
annotation paradigm that leverages LLMs and special-
ized temporal grounding models. Video-LLMs equipped
with DisTime achieve improved temporal comprehension
through efficient continuous time modeling and scalable
data generation, providing practical solutions for applica-
tions requiring fine-grained video understanding.
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