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Abstract

Recent advances in Video Large Language Models (Video-LLMs) have demon-
strated their great potential in general-purpose video understanding. To verify
the significance of these models, a number of benchmarks have been proposed
to diagnose their capabilities in different scenarios. However, existing bench-
marks merely evaluate models through video-level question-answering, lacking
fine-grained event-level assessment and task diversity. To fill this gap, we introduce
E.T. Bench (Event-Level & Time-Sensitive Video Understanding Benchmark), a
large-scale and high-quality benchmark for open-ended event-level video under-
standing. Categorized within a 3-level task taxonomy, E.T. Bench encompasses
7.3K samples under 12 tasks with 7K videos (251.4h total length) under 8 domains,
providing comprehensive evaluations. We extensively evaluated 8 Image-LLMs
and 12 Video-LLMs on our benchmark, and the results reveal that state-of-the-art
models for coarse-level (video-level) understanding struggle to solve our fine-
grained tasks, e.g., grounding event-of-interests within videos, largely due to the
short video context length, improper time representations, and lack of multi-event
training data. Focusing on these issues, we further propose a strong baseline model,
E.T. Chat, together with an instruction-tuning dataset E.T. Instruct 164K tai-
lored for fine-grained event-level understanding. Our simple but effective solution
demonstrates superior performance in multiple scenarios.

1 Introduction

The recent advent of Multi-modal Large Language Models (MLLMs) [12, 91} 159, [115} 166, [17] has
led to a substantial paradigm shift in visual-language understanding, moving away from designing
task-specific models and collecting domain-specific data, towards developing general-purpose task-
solvers for open-ended scenarios. By integrating LL.Ms with visual encoders, these models jointly
benefit from perception abilities and powerful reasoning skills, showing remarkable performance in
even unseened applications, demonstrating great potential for such scheme.

To effectively evaluate the capabilities of these models, a number of benchmarks [107, 45162 14},[106,
48,169,150, 163] have been introduced to study their feasibilities in different scenarios. Yet, most of the
benchmarks are focusing on image or short (seconds-long) video understanding, which require strong
static scene understanding abilities but overlooking the fine-grained temporal information. Some
recent works [86}167] tend to evaluate MLLMs on longer videos, but they still leverage multiple-choice
question-answering (MCQ) as their main task, lacking flexibilities for open-ended tasks. Nevertheless,
none of the existing benchmarks are designed for multi-event or time-sensitive scenarios, thus they
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[RAR] Referred Action Recognition

What type of action ic the camera wearer
performing at around 23¢7

[ECA] Event-Caption Alignment

Which cegment can be bect deccribed by
‘person sit by the table while eating chocolate?

[RVQ] Referred Video Question-Answering

Watch the video at 1.4¢ - 5.2¢ and ancwer
"Which object was taken by the percon?”

0s 8s 17s 35s 0s 65 12s 32s
(A) From 1.2 to 7.6 seconds (B) From 10.2 to 15.3 seconds (A) The dish (B) The kettle (C) The plate

(C) From 18.6 to 24.1 seconds (D) From 12.5 to 28.4 seconds (D) The refrigerator () Unable to answer

Correct Answer: (C)

(A) Taking ing out of
() Putting ing on top of
Correct Answer: (B)

(B) Opening
(D) Closing

Correct Answer: (E)

[TVG] Temporal Video Grounding [EPM] Episodic Memory [TAL] Temporal Action Localization

Localize the event about "buffalo is running”.

Where did I find the blue T-chirt in this shop? Detect all the moments containing ‘ecricket shot”.

os 186s 4255 480s  0s 87s 110s

Correct Answer: The event happens in 44.1 - 50.1 seconds.

Correct Answer: The place can be viewed in 330.7 - 350.2 seconds. Correct Answer: It happens in 27.5 - 29.2 and 48.1 - 50.3 seconds.

[EVS] Extractive Video Summarization [VHD] Video Highlight Detection [DVC] Dense Video Captioning

Summarize thic video to 15% of the total length. Identify the highlights of ‘girl making chocolate juice”

Densely describe all the events in the video.

0s 12s 43s 1565 23 98s 150s

Correct Answer: The video summary locates in 4 - 12, 28 - 32, 56 -
58, 64 - 66, and 88 - 100 seconds.

Correct Answer: The highlights of the given query happen at 18,
76, 84, and 105 seconds.

Correct Answer: 0 - 56 seconds, @ woman is talking to the camera.
58 - 94 seconds, she introduce the ingredients. 105 - 170 seconds...

[SLC] Step Localization and Captioning [TEM] Temporal Event Matching [GVQ] Grounded Video Question-Answering

Identify and summarize all the key ctepe in the video. Find a similar moment to the one in 56 - 64 ceconds. How many screws did I pick just now?

0s 51s 94s 2465 0s 38s 83s 150s

Correct Answer: 0 - 4 seconds, shake and spray it. 42 - 68 seconds,
rub it around. 78 - 90 seconds, wash with water. 98 - 112 seconds...

Correct Answer: A similar event (a person with mask pushing a
shopping cart) can be found in 18 - 30 seconds.

(A) Five (B)Two (C) Three (D) One
The relevant event can be found in 235.5 - 241.6 seconds.

Correct Answer: (C)

Figure 1: Task definitions in E.T. Bench. The 12 tasks derives from 4 essential capabilities for time-
sensitive video understanding: , grounding, dense captioning, and complex understanding.

e

suffer from severe single-frame biases, as can be seen in the comparable performances between
Image- and Video-LLMs in these benchmarks 148]).

To address these issues and better understand the open-ended capabilities of these models, we propose
E.T. Bench, a comprehensive benchmark for event-level and time-sensitive video understanding. As
shown in Figure[T]and compared in Table[T] our benchmark significantly diverse from previous ones
that it focus on time-sensitive understanding on long and multi-event videos. Our motivation is that a
well-performing Video-LLM should possess the capability to precisely refer to and localize any events
that align with user interests. Based on this assumption, we build our task taxonomy by summarizing
four essential capabilities required for time-sensitive video understanding: referring, grounding, dense
captioning, and complex understanding. Then, each capability is delineated with carefully designed
tasks. The diversity of scenarios is ensured by meticulously collecting videos from 15 datasets
covering 8 domains. A comprehensive data cleaning, annotation repurposing, instruction design,
manual verification, and sampling pipeline is leveraged to generate 7.8K high-quality annotations.

We extensively evaluate 20 models, including 7 open-source Image-LLMs, 9 open-source Video-
LLMs, and 4 commercial MLLMs, on E.T. Bench. The results reveal that state-of-the-art models
on existing VideoQA benchmarks [69] struggle on our E.T. Bench, especially on grounding,
dense captioning, and complex understanding tasks. We attribute it to two key limitations of
existing development pipelines for MLLMs. First, the discrete next-token prediction paradigm
has natural drawbacks in numerical calculations [38], limiting timestamp understanding and
generation. Second, most existing video instruction-tuning datasets [66] predominantly
comprise short videos with coarse-level annotations, brining significant gap between training and
real-world applications. To tackle these problems, we propose E.T. Chat, a novel time-sensitive
Video-LLM that reformulates timestamp prediction as an embedding matching problem, serving as a
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Table 1: Quantitative comparison between E.T. Bench and existing Video-LLM benchmarks.

Avg./Max. Long Event Time Answer Evaluation

Benchmark Domain Annotator #Tasks #Samples #Videos Duration Video Level Sensitive Type Method

SEED-Bench [45] Action LLM 3 3,757 3,757 8 frames X X X MCQ  Likelihood
EgoSchema [67] Egocentric  LLM 1 5,031 5,031 180s/180s v X X MCQ Likelihood
AutoEval-Video [16] Open Human 9 327 327 15s/101s X X X Open GPT-4
Video-Bench [69] Open LLM 1 17,054 5917 56s/3,599s X X MCQ Mixed#
TempCompass [63] Open LLM 4 7,540 410 12s/35s X X X MCQ/Open Rule/GPT
MVBench [48] Open Humanf 1 4,000 3,673 15s/116s X X X MCQ Rule
E.T. Bench (Ours) Open Humanf 12 7,289 7,002 129s/795s v v v/ MCQ/Open Rule

T Repurposed from existing datasets ¥ Including next-token likelihood, T5 sentence similarity, and GPT-3.5 assisted evaluation

strong baseline on E.T. Bench. As for data, we also curate E.T. Instruct 164K, an instruction-tuning
dataset tailored for multi-event and time-sensitive scenarios. Extensive comparisons demonstrate the
effectiveness of the proposed model and dataset. We hope that the proposed benchmark, model, and
dataset can inspire future research on Video-LLM:s.

2 Event-Level & Time-Sensitive Video Understanding Benchmark

In this section, we illustrate the detailed pipeline employed to develop our E.T. Bench. As shown in
Figure 2] (right), the pipeline begins with the definition of four essential capabilities for event-level
and time-sensitive video understanding, i.e., referring, grounding, dense captioning, and complex
understanding, arranged in increasing order of difficulty. For each capability, we design a series of
tasks specifically for effective assessment of the respective capability. For each task, we meticulously
select existing datasets with timestamp annotations provided by human annotators, and rewrite
them into instruction-following formats according to task formulation, ensuring high quality and
verisimilitude. The diversity of E.T. Bench is guaranteed by carefully choosing variable-length
videos from different domains. Finally, a thorough manual check, filtering, and sampling process is
conducted to eliminate unsatisfactory samples. Details for each step are introduced as follows.

2.1 Hierarchical Task Taxonomy

To evaluate the open-ended Video-LLMs from various perspectives, we design a three-level task
taxonomy depicted in Figure 2] (left). Definitions for capabilities and tasks are as follows.

Referring means the ability to comprehend time information from user inputs. For example, given a
question “What is the person doing from 23s to 35s?”, the model has to understand which part of the
video is the user referring to, and provide response with more consideration on that segment. For
better quantifying the model performances, we formulate all the referring tasks as multiple-choice
question-answerings (MCQs), including 1) [RAR] Referred Action Recognition: 1dentify the action
given a coarse timestamp hint (e.g., “around 12s”). The model has to determine the actual reference
according to both the video and options. 2) [ECA] Event-Caption Alignment: Select the correct
temporal boundary for a given caption. The model need to understand and distinguish multiple
timestamps in the options. 3) [RVQ] Referred Video Question-Answering: Answer the question
conditioning on a given segment. Each question is supplied with four candidates and an “unable to
answer” option, denoting the case when it cannot be answered with given the segment.

Grounding indicates the ability to localize event- or moment-of-interests with accurate timestamps.
It diverse from previous works [48} [101]] that only consider coarse-level grounding, e.g., “at the
beginning/middle/end of the video”. Outputs for grounding tasks are open-ended, processed by
rule-based parsers and evaluated with continuous metrics. The definitions of tasks are 1) [TVG]
Temporal Video Grounding: Determine the temporal boundary of a single event according to the text
description. 2) [EPM] Episodic Memory: Localize the event that can answer the given question in
egocentric scenarios, e.g., “Where is my backpack?”. 3) [TAL] Temporal Action Localization: Detect
and localize a series of segments containing the given action, e.g., finding all “golf swing” segments
in a long video. 4) [EVS] Extractive Video Summarization: Provide a list of segments that can be
merged to form a compact video summary (with around 15% of the total duration). 5) [VHD] Video
Highlight Detection: Cherry-pick a single timestamp (e.g., “I5s”) that can best reflect the highlight
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Figure 2: Left: Task taxonomy and sample distribution. Right: Generation pipeline for E.T. Bench.
We conduct a thorough process of pre-filtering, annotation repurposing, instruction writing, manual
check, and sampling to obtain high-quality fine-grained annotations. Details discussed in Section @

moment corresponding to a query. Note that the formulations of [TAL], [EVS], and [VHD] have
been modified (compared with previous works [83} 87, 44]) to fit the nature of LLMs.

Dense Captioning is a more complicated ability that requires jointly localize key-events and generate
descriptions/summaries for each segment. This is more practical for storytelling or key-information
extraction from long videos in comparison with video-level captioning on trimmed clips [103} [12].
We define two dense captioning tasks according to different goals: 1) [DVC] Dense Video Captioning:
Comprehensively describe all the events happened in the video. This is a general case with the goal
of covering as much events as possible. 2) [SLC] Step Localization and Captioning: Identify and
describe only the key-steps in instructional videos. In this case, the segments are shorter & disjoint
and the step descriptions are more precise compared with [DVC].

Complex Understanding refers to the versatile integration of the aforementioned time comprehension
and event localization, requiring the model to demonstrate proficient event-level and time-sensitive
understanding. The two tasks are: 1) [TEM] Temporal Event Matching: Find and locate a similar event
in the same video conditioning on the given segment. This involves a two-stage reasoning process
that first identify the event in the given timestamps, then localize another segment with the most
similar content. 2) [GVQ] Grounded Video Question-Answering: Answer the given multiple-choice
question by selecting an option and localizing a segment that supports the answer. This is also a
complex scenario requiring both understanding and localization abilities. Validating the localization
results can help diagnose the reasoning process of Video-LLMs.

2.2 Data Collection and Annotation

The key challenge of data collection is how to obtain videos with precise temporal boundary annota-
tions. Previous works either prompt LLMs with frame-level information extracted from collections
of experts [100} 76l [101}134]] or transform human-annotated moment tags (e.g., 5.2s) to boundaries
(e.g., 3.2s to 7.2s) using pre-defined rules [56} [78]. These solutions can only generate temporal
boundaries with substantial noise, which are not suitable for accurate model evaluation. Therefore,
we meticulously curate multi-event videos from existing datasets with high-quality human-annotated
timestamps, and repurpose the annotations by transforming them according to our task formulations.
To ensure the diversity of scenarios, we carefully select 15 datasets from 8 domains, i.e., indoor
activities, tabletop, sports, egocentric, cooking, news & vlogs, how-to, and open. All the videos are
collected from val or test splits to prevent potential data leakage. For annotation generation, we
develop for each task a thorough process containing pre-filtering, manual annotation repurposing,
and instruction template design, presented in Figure 2] (right). Please refer to Section [A]for detailed
task-specific pre-filtering criteria, repurposing methods, and instruction templates.

After annotation generation, we conduct a careful manual review on the samples, focusing on content
suitability, annotation correctness, instruction clarity, scene diversity, video & event length, and task
difficultly. Feedback from this review helped us actively optimize the generation process. Finally, to

https://doi.org/10.52202/079017-1009 32079



300 4 300 298

200

150 4 150

123
1004 90
76 87

507 59 30 31

0
RAR ECA RVQ TVG EPM TAL EVS VHD DVC SLC TEM GVQ

Figure 3: Left: Word cloud of text queries shows a considerable degree of diversity. Right:
Distribution of averaged video durations (in seconds) across 12 tasks.

balance the quality and efficiency of evaluation, we randomly sample up to 500 samples for each
sub-task (task-source combination). In most cases, each video would only be sampled once.

2.3 Benchmark Analysis

We present some statistics of the generated benchmark. Detailed comparisons are shown in Table T]
Overall, the proposed E.T. Bench contains 7,289 samples under a taxonomy of 4 capabilities, 12
tasks, and 20 sub-tasks. There are in total 7,002 unique videos originate from 15 datasets, covering 8
domains. The average duration of videos is 129.3s, with the minimum and maximum values of 6.2s
and 795.0s, respectively. This differs from most existing benchmarks that have averaged durations
only 10 ~ 20 seconds. We also have diverse answer types for different tasks, including both MCQ and
open-ended styles. The evaluation process is purely rule-based without human or LLM integration,
ensuring satisfied objectivity. Below we introduce more detailed analysis on the benchmark.

Task and Sample Distribution. Figure 2] (left) shows the distribution of tasks, sub-tasks, and samples
in E.T. Bench. Here, a sub-task is defined as a task-source combination, e.g., [TVG] contains two
sub-tasks from two source datasets. A large proportion of samples are in the grounding category, as
we emphasize the moment localization ability of modern Video-LLMs.

Text Queries. Figure [3] (left) shows the word cloud of text queries in E.T. Bench. Thanks to the
wide range of video domains, the queries are also diverse in terms of both nouns and verbs. Most
queries are human-centric, describing human activities or human-object interactions. Please refer to
Section [A 4] for distributions of nouns and verbs.

Video Durations. Figure [3| (right) shows the distribution of averaged video durations across tasks.
Our videos have a wide spectrum of durations, where referring tasks have relatively shorter videos,
and grounding and captioning have longer ones. Our experimental results in Table 3] show that the
duration of videos have significant influence on model performance.

3 Our Method

Extensive evaluations (in Table [3) reveal that even the state-of-the-art Video-LLMs cannot perform
well on E.T. Bench, especially on the more complicated grounding, dense captioning, and complex
understanding tasks. We attribute this phenomenon to two key limitations of existing development
pipelines for Video-LLMs: 1) Model: Existing models fall short in numerical modeling [211 23],
which are essential capabilities for arithmetic calculations — timestamps processing in our case; 2)
Data: Both pre-training and instruction-tuning are conducted on short & single-event videos, leading
to weak general understanding abilities for multi-event videos. To address these limitations, we
propose E.T. Chat, a novel Video-LLM that reformulates timestamp prediction as an embedding
matching problem, serving as a strong baseline on E.T. Bench. we also curate E.T. Instruct 164K,
an instruction-tuning dataset tailored for multi-event and time-sensitive video understanding.

3.1 Model

Figure E] presents the overall architecture of E.T. Chat. Given a video frame V; € R¥XW >3 sampled
attime ¢t € T, where H and W are the height and width, we first leverage a frozen visual encoder
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Figure 4: Overall architecture of E.T. Chat. We reformulate timestamp Table 2: Distribution of
prediction as an embedding matching problem. See Sectionfor details. E.T. Instruct 164K.

E, to convert it into patch embeddings P; € RX*¢, where K and C are the number of patches and
feature dimension. To preserve high temporal resolution while reducing redundant compute, we adopt
a frame compressor E,. to merge and project patch embeddings to a single token ef, € R1*P where
D is the embedding dimension of LLM. The compressed frame tokens {ef }7_, are then concatenated
with text tokens {eg}fle and sent into LLM for response generation.

Frame Compression. As illustrated in Figure 5]
the frame compressor E. arises from [51]] and con-
sists of a Q-Former [46] F, with M learnable
queries, a context aggregator F,, and a projector o &

E,. For each time step, F, accepts patch embed- queries
dings P, and the text prompt T as inputs, and re- e OH

Patch Embeddings P,

)
Context
Aggregator

E

& 103080014

<

samples them into learnable queries Q; € RM*¢ |-

Then, F/, merges Q,; with P, and compresses them  rokenizes H f

into a single token. FE), finally projects it to the ™™ ] Q patch Token ¥ Learnabe
. . Text Token —p Data Flow

same embedding space as LLM. In particular, the OH gww&m Frame Token

context aggregator I, is built upon cross attention

module [26], formulated as follows: Figure 5: Detailed illustration of frame com-
(wWg x Qp) " x (W, x Pt)) 0 pr(elssti)r. It accepts vdeeo patch embgddings P,
C and the text prompt T as inputs, and compress
F, — Mean(a x \1£> +Q) 2 video frame features into a single token.
t= ¢ ¢

a = Softmax(

Here, F; € R'*¢ is the compressed frame token for time ¢, containing text-conditioned visual
information. This process can be parallelized across all frames. The projected video token sequence
e, is then concatenated with text tokens e, to form the inputs with shape (' + N) x D for LLM.

Timestamp Prediction as Embedding Matching. Our key insight focuses on the design of timestamp
processing. As discussed in Section we claim that directly generating continuous signals
(i.e., timestamps in our case) via discrete next-token prediction is sub-optimal. Motivated by the
characteristic of Transformers that they are naturally good at selective copying rather than numerical
calculations [27, 38]], we propose to reformulate timestamp prediction as an embedding matching
problem. That is, we train the model to generate/copy embeddings of video frames that it would like
to refer to, and obtain timestamps by matching these embeddings back to the video.

Specifically, we define a special token <vid> used to stimulate the matching process. When <vid>
is generated during inference, e.g., the model outputs “the event happens around <vid>", this token
is utilized to match a video frame token, such that the desired timestamp can be easily obtained from
the matched frame index. For example, for a video sampled to 1 FPS, if <vid> is matched to the
i-th frame, then <vid> means the ¢-th second of the video. The matching process is designed to be
simple and efficient. We denote the [-th layer hidden states of <vid> token and video frame tokens
ash! , e R™Pand bl € RT*P respectively. During matching, two MLPs E,;4 and Ey,., are
first leveraged to project the hidden states to the alignment space g:

8uvid = E’uid<h5i;1)a gfrm = Efrm(hql;l) (3)
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Here, L refers to the total number of LLM layers. We extract <vid>’s hidden states from the second-
last layer to preserve a larger feature range [30]. Subsequently, we compute the cosine similarities
between g,,;4 and all {g}irm}tT:1 to obtain the matched frame index t,,qtch:

_ 8uid * 8frm c RIXT
|gviallz - [1gfrmll2

The frame index t,,,4¢ch 1S then multiplied with frame rate r to generate the real timestamp in seconds.
Through this operation, the direct prediction of timestamps is replaced by embedding matching,
which is easier to learn as a selective copying problem by Transformer-based models. For the case
when <vid> occurs in inputs, the input features of <vid> are added with the corresponding frame
features. During training, an extra binary matching loss is utilized:

S » Umaten = argmax(s) )

T
1
»Cmatching = _f E Yt - IOg(St) (5)
t=1

Here, y; denotes the binary label indicating whether ¢ is the ground truth frame. L,qtching is added
with the original language modeling 1oss L4 guage to jointly optimize the model.

Numerical Continuity. The matching process above still cannot preserve numerical continuities
among them, as the hidden states of adjacent frames may be far away from each other. We introduce
two modifications to effectively alleviate this problem. First, we observe that the causal self-attentions
in LLM block out the bi-directional information flow. This is reasonable for text but limits the
ability of video understanding. Thus, we allow bi-directional attentions among video tokens. Second,
we introduce a smoothed label ﬁ to replace the binary label y; in Eq where « is a hyper-

parameter controlling the extent of smoothing, and ¢, refers to the ground truth frame index.

3.2 Instruction-Tuning Dataset

The proposed E.T. Instruct 164K contains multi-event understanding samples generated from 14
source datasets, illustrated in Table [2| It covers a wide range of event-level understanding tasks,
including temporal grounding, summarization, highlight detection, dense captioning, and question-
answering. More details about the generation process are presented in Section [C|

4 Experiments

4.1 Evaluation Settings

As different tasks in E.T. Bench are under different settings with diverse output formats. A single
metric (e.g., accuracy) like existing benchmarks is not sufficient. To balance the quantity of metrics
and the ease of ranking, we unify the metrics within each capability and leverage accuracy for
referring tasks, F1 score for grounding tasks, F1 score and sentence similarity for dense captioning
tasks, and recall for complex understanding tasks. Detailed metrics are introduced in Section [D.T]

4.2 Main Results

We extensively evaluate 7 open-source Image-LLMs, 9 open-source Video-LLMs, and 4 commercial
MLLMs on E.T. Bench. Details of each model are introduced in Section[D.2} For Image-LLMs,
we uniformly sample 8 frames and add an extra prompt indicating the video duration as a hint for
timestamps. For Video-LLMs, we use their default number of frames as inputs. Commercial MLLMs
are evaluated by calling APIs on a subset with 470 samples. The inputs for GPT-4V and GPT-40 are
aligned with Image-LLMs. For Gemini-1.5 models, raw videos are directly uploaded.

The evaluation results are presented in Table[3] We report the metrics averaged among sub-tasks due
to space limit. The Random in the first row refers to random guessing. We also provide comparisons
and ranking in Figure[6] Below we summarize our key findings from the results.

Performance gap between Image- and Video-LLMs. We observe that on referring tasks, most
Image- and Video-LLMs perform at the same level. Some Image-LLMs such as XComposer and
Qwen-VL-Chat can even beat most Video-LLMs. This is because the videos for referring are generally
short, as compared in Figure 3] (right), such that the sampled 8 frames cover most information. The gap
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Table 3: Performance of representative MLLMs on E.T. Bench. We evaluate both open-source and
commercial models. The best and second-best results are marked purple and orange , respectively.

\ Referring Grounding Dense Captioning Complex
Method

| RAR4c EVC e RVQacc TVGrs EPMp; TALp; EVSp VHDr DVCry DVCsin SLCr1 SLCsin TEMRee GVQpec
Random ‘ 250 250 200 - - - - - - - - - - -
Open-source Image-LLMs: All models use 8 uniformly sampled frames as inputs. Prompts have been added with hints about timestamps.
LLaVA-1.5 [58] 342 274 262 6.1 1.9 7.8 24 309 145 115 0.9 9.5 7.7 0.0
LLaVA-InternLM2 [11] | 34.0 348 37.0 2.7 0.1 0.3 02 323 16.9 8.5 0.1 4.7 72 1.5
mPLUG-OwI2 [105] 37.8 264 346 1.1 0.2 3.0 4.1 36.8 0.1 8.1 0.1 7.7 6.2 0.0
XComposer [111] 33.0 19.6 402 49 1.5 9.9 28 289 5.4 59 2.7 9.0 10.5 0.0
Bunny-Llama3-V [31] 332 274 266 7.0 0.1 5.1 04  30.6 13.5 8.8 0.1 7.6 72 0.0
MiniCPM-V-2.5 [93] 37.6  28.0 37.6 2.0 0.1 4.4 134 187 6.2 11.8 1.4 9.7 0.7 0.0
Qwen-VL-Chat [7] 334 322 336 162 40 107 163 344 174 138 6.2 13.1 32 1.5
Open-source Video-LLMs: All models use their default numbers of frames as inputs.
Video-ChatGPT [66] 226 242 230 7.0 1.3 15.1 8.4 288 8.8 11.3 5.7 10.2 15.9 0.0
Video-LLaVA [33] 33.6  33.0 226 7.0 19 150 03 289 280 150 0.9 8.3 75 0.1
LLaMA-VID [51] 304 384 288 55 12 8.0 14 300 271 126 52 11.1 7.0 0.9
Video-LLaMA-2 [110] 288 274 280 0.1 0.0 0.0 0.0 1.5 0.6 14.5 0.0 15.2 0.0 0.1
PLLaVA [104] 338 226 318 6.9 1.1 5.7 0.3 289 133 10.6 9.7 11.8 4.1 1.2
VTimeLLM [33] 284 310 292 7.6 1.9 182 159 289 124 13.1 8.7 6.4 6.8 1.9
VTG-LLM [28] 6.6 120 7.8 159 3.7 144 268 482 402 186 208 144 8.9 1.4
TimeChat [82] 308 276 246 262 39 101 29.1 405 16.6 125 5.6 9.2 18.0 1.5
LITA [34] 33.0 408 272 222 46 180 297 239 397 172 210 122 16.0 2.2
E.T. Chat (Ours) ‘ 446 370 336 386 102 30.8 254 625 384 197 244 146 16.5 3.7
Commercial MLLMs: Evaluated on a subset with 470 samples.
GPT-4V [11] 333 409 462 270 1.8 18.0 28.6 55.1 16.1 194 219 135 23.9 0.0
GPT-40 [72] 278 273 577 404 45 200 176 569 469 223 231 14.9 13.6 0.0
Gemini-1.5-Flash [80] 389 500 615 439 54 270 54 608 316 149 165 133 20.8 1.0
Gemini-1.5-Pro [80] 61.1 273 577 431 62 338 79 470 240 175 5.8 9.8 32.1 1.0
E.T. Chatf (Ours) ‘ 333 318 308 329 89 281 153 609 398 195 237 148 14.8 1.3

T Evaluated on the same subset as commercial MLLMs

becomes larger on tasks with longer videos such as [TVG] and [TAL], demonstrating the importance
of temporal modeling on E.T. Bench compared with other benchmarks.

Strong Video-LLMs on existing benchmarks struggle on E.T. Bench. Some state-of-the-art
Video-LLMs on existing benchmarks, e.g., Video-LLaMA-2 and PLLaVA, are less effective on our
E.T. Bench, especially on grounding and dense captioning tasks. We attribute this to the single-frame
bias caused by both model architecture and training data. It also motivate us to consider the balance
between spatial and temporal modeling in Video-LLM:s.

Some Video-LLM:s fail to follow instructions. During evaluation, we also notice that some models,
e.g., Video-LLaVA and Video-LLaMA-2, fail to generate outputs in desired formats for some tasks
even with carefully designed instructions and examples. For instance, Video-LLaVA can only generate
repeated text outputs without any timestamps for [EVS], while Video-LLaMA-2 faces the similar
problem on almost all grounding tasks. we claim that this is due to the severe overfitting on their
instruction-tuning data, which do not contain any timestamps outputs.

Some Image-LILMs performs exceptionally well. Qwen-VL-Chat and Bunny-Llama-3-8B-V are
two models producing relatively good results compared with other Image-LL.Ms and even some
Video-LLMs. On [TVG] and [DVC], Qwen-VL-Chat achieves 15.6 and 21.3 F1 scores, respectively,
surpassing a number of Video-LLMs. But there is still a significant gap when compared with
best-performing Video-LLMs such as TimeChat and LITA.

Time-sensitive Video-LLMs are the first-class models. VTimeLLM, TimeChat, and LITA are three
Video-LLMs with explicit optimizations for timestamps modeling, such that they can persistently
follow instructions and generate considerable responses.

Commercial MLLMs are still competitive. Even with 8-frame inputs, GPT-4V and GPT-40 show
their significance compared with open-source models on some tasks such as [TVG], [TAL], and
[DVC]. By supporting direct video inputs, Gemini-1.5 series achieve the strongest performance on a
number of tasks in E.T. Bench, including [RAR], [EVC], [RVQ], [TVG], [TAL], [VHD], and [TEM].
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Figure 6: Left: Performance comparison between E.T. Chat and representative models. Right:
Ranking of MLLMs on E.T. Bench, where red means higher ranks and blue represents lower ranks.

E.T. Chat fills the gap between open-source and commercial MLLMs. Benefit from the novel
timestamps processing design and the multi-event instruction-tuning data, E.T. Chat achieves state-of-
the-art performance among open-source MLLMs on most tasks, and obtain comparable results as
commercial MLLMs. Notably, significant improvements can be viewed on [EPM], [VHD], [TEM],
and [GVQ]. Implementation details and ablation studies can be viewed in Section[B.2]and Section[D.4]
respectively.

5 Related Work

Video Large Language Models. Video-LLMs [66)] 53] represent a class of
intelligent chatbots capable of understanding videos and perform various open-ended tasks. Generally,
a Video-LLM comprises a visual encoder [[77, for perception, a projector [37, [46] for feature
alignemnt, and a LLM [94], 04] [18] [TT] for reasoning and response generation. VideoChat [47] and
Video-ChatGPT [66] are two earliest attempts in this direction. Following works tend to provide
better solutions via adding audio modality [110], joint training on images and videos [53} 40], or
performing alignment before projection [33]]. A recent trend [33] involves the integration of
Video-LLMs with time-sensitive understanding capabilities, while their solutions remain sub-optimal.
Therefore, we propose to reframe timestamp generation as an embedding matching problem.

Benchmarks for Video-LLMs. The increasing number of Video-LLMs motivate the development of
benchmarks [43] 48| 63]. Among the earliest is SEED-Bench [43], a MLLM benchmark
that supports both Image-LLMs and Video-LLMs and offers three evaluation dimensions in the realm
of temporal modeling. AutoEval-Video [16] and Video-Bench [69] are designed specifically for
videos. They employ LLMs for either QA generation or model evaluation. MVbench [48]] provides
a novel scheme to repurpose existing datasets for Video-LLM evaluation. Recent benchmarks also
expand their scope and consider the ability of understanding extremely long videos [67) or
comprehending fine-grained temporal order information [63]]. Nevertheless, none of the benchmarks
have been designed for multi-event and time-sensitive understanding. In response to this gap, we
introduce E.T. Bench, the first benchmark providing comprehensive evaluations on these scenarios.

6 Conclusion

In this work, we introduce E.T. Bench, a large-scale and comprehensive benchmark for multi-event
& time-sensitive video-language understanding. Our benchmark encompasses a wide range of tasks
on diverse video domains, evaluating multiple capabilities of Video-LLMs. Our experimental results
reveal that current model designs and instruction-tuning data for Video-LLMs exhibit limitations
in their capacity for timestamp representation and fine-grained multi-event modeling. To address
these challenges, we further develop a novel model E.T. Chat, in conjunction with a multi-event
instruction-tuning dataset, E.T. Instruct 164K, which serves as a robust baseline solution for such
scenarios. We hope that the proposed benchmark, model, and instruction-tuning dataset will inspire
future research on developing Video-LLM:s.
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Appendix

In the appendix, we provide more details about the proposed benchmark, model, and instruction-
tuning dataset to complement the main paper. Additional analysis, ablation studies, visualizations,
and discussions are also incorporated. Below is the table of content.

A. Benchmark
1. Pre-filtering Criteria
2. Annotation Repurposing and Cleaning
3. Instruction Templates
B. Model
1. Design Space for Timestamp Processing
2. Implementation Details
C. Instruction-tuning Dataset
1. Task Selection
2. Data Collection and Instruction Generation
D. Experiments
1. Evaluation Metrics
2. Baselines
3. More Benchmark Results
4. Ablation Studies
5. Qualitative Results
E. Limitations & Future Work

F. Licenses

A  Benchmark

A.1 Pre-filtering Criteria

Table @] presents the pre-filtering criteria for each source dataset when generating E.T. Bench.

A.2 Annotation Repurposing and Cleaning

We summarize the detailed annotation repurposing and cleaning process for each task as follows.

[RAR] Referred Action Recognition. We adopt the action localization subset of Perception Test
[[74] for this task. We first select videos with at least three different actions, in which one action
is sampled as ground truth. We then sample two other actions from the same video as intra-video
distracters, and one action from other videos as inter-video distracter. The coarse timestamp hint is
sampled from the segment containing only the ground truth action.

[ECA] Event Caption Alignment. We utilize Charades-STA [24] as data source. For each event-
query pair, we randomly generate distracters (temporal boundaries) with 0.5 x to 2x lengths compared
with the ground truth, and ensure the temporal IoUs between any two options are no more than 0.5.

[RVQ] Referred Video Question-Answering. We leverage the high quality QA pairs from interaction
and sequence question types of STAR [102]. Since the original annotations only contain question-
relevant temporal boundaries, we randomly pick 20% of the QA pairs and modify their boundaries to
have no overlap with the original ones, in order to synthesis the case when the question cannot be
answered within the given boundary. An extra “unable to answer” option is added to all QA pairs.
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Table 4: Pre-filtering criteria for E.T. Bench generation. N/A means no filtering.

Type | Task | Source | Domain(s) | Selection Criteria
- Video ¢ [TAL] U [TEM]
+ Tabletop - Subset = “Action Localization”
[RAR] Referred Action Recognition Perception Test [74] - Indoor Activities | - Video Duration € [20s, 600s]
%D - Egocentric - #Actions per Video > 3
E) « Action Class # “other”
Q
~ v
‘ [ECA] Event-Caption Alignment ‘ Charades-STA [24] ‘ - Indoor Activities i le::r gugzgi € [2s, 308]
| [RVQ] Referred Video Question-Answering | STAR [102] | - Indoor Activities | - QType € {Interaction, Sequence}
- Video ¢ [VHD] U [TEM]
QVHighlights [44] - News & Vlogs + Moment Duration € [2s, 50s]
[TVG] Temporal Video Grounding - #Segments per Query = 1
‘ ‘ Charades-STA [24] ‘ - Indoor Acivities | idéo & [ECA] (25, 504]
‘ [EPM] Episodic Memory ‘ Ego4D-NLQ [26] ‘ - Egocentric ‘ X/;if:ezugzrl%j 20[(?),2 50s]
- Video ¢ [RAR] U [TEM]
. Tabletop « Subset = “Action Localization”
Perception Test [74] - Indoor Activities ngegg;g:;a[t]frn Afzifnoz 61%08]
. s X
%‘) Egocentric - Action Class ¢ {moving object(s)
"2 around, other}
3 . .
g [TAL] Temporal Action Localization . Video Duration < 600s
THUMOS’ 14 [39] - Sports - #Segments per Action < 10
- Action Class # “ambiguous”
« Video Duration < 600s
THUMOS’ 15 [25] - Sports - #Segments per Action < 10
« Action Class # “ambiguous”
| | TVSum [§7) | - Open | + Summary Ratio € [0.1,0.25]
[EVS] Extractive Video Summarization
| | SumMe [29] | - Open | + Summary Ratio € [0.1, 0.25]
- « Video ¢ [TVG] U [TEM]
QVHighlights [44] ‘ - News & Vlogs ‘ e, 4
‘ [VHD] Video Highlight Detection ‘ - #Highlights per Query < 2
| | YouTube Highlights [89] | - Open | - Highlight Ratio € [0.05,0.9]
- How To . .
HiREST [I08] - Indoor Activities | ° %;W is C’fl?lev“b”l’ to the Video
[DVC] Dense Video Captioning - Cooking + Video1s Clippable
o
&
g | | YouCook2 [TT3] | - Cooking | - N/A
£, ;
15 Tac - How To - Step Duration > 2s
% ‘ ‘ CrossTask [116] ‘ - Cooking ‘ « Repeated/Unordered Steps € &
£ . .
A& | [SLC] Step Localization and Captioning . How To + Video Duration € [10s, 600s]
A « Step Duration > 2s
HT-Step [3] - Indoor Activities .
. Cookin - #Steps per Video > 2
g « Repeated/Unordered Steps € &
- Video ¢ [RAR] U [TAL]
£ . Tabletop - Subset = “Action Localization”
] . ... |+ Video Duration € [20s, 600s]
g Perception Test [74] Eldoorn ﬁ;:lmnes . Action Duration € [2s, 50s]
g [TEM] Temporal Event Matching gocentne + #Actions per Video > 2
E - Action Class # “other”
B - Video ¢ [TVG] U [VHD]
g QVHighlights [44] - News & Vlogs « Segment Duration € [2s, 50s]
5 - #Segments per Query > 2

\ [GVQ] Grounded Video Question-Answering \ QAEgo4D [9]

- Egocentric

« Segment Duration € [2s, 50s]
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[TVG] Temporal Video Grounding. Two datasets, i.e., Charades-STA [24] and QVHighlights [44]
are chosen. We filter out the samples with event duration shorter than 2s or longer than 50s, as these
are generally noisy samples. On QVHighlights, only the samples with single events are chosen to
align with our formulation.

[EPM] Episodic Memory. We employ Ego4D-NLQ [26]] and conduct a thorough data cleaning &
verification process. First, we perform a rule-based fix for noisy questions. Some common cases
are: 1) Question starts with an additional “Query Text:” string. 2) Typos such as “I” — “i” or “1”.
3) Unclear references such as “person x”. We also found that some questions are ambiguous in the

context of long videos, so we randomly crop the all the videos to 300-second long.

[TAL] Temporal Action Localization. We adopt Perception Test [[74], THUMOS’ 14 [39] (test
split), and THUMOS’ 15 [25]] (val split). Videos with ambiguous action classes, e.g., moving object(s)
around and other in Perception Test, and ambiguous in THUMOS, are discarded. To reduce the
difficulty, samples with more than 10 ground truth moments are filtered out as well.

[EVS] Extractive Video Summarization. We repurpose TVSum [87] and SumMe [29] to generate
samples. In conventional video summarization, each frame is annotated with a probability of being the
summary, which is incompatible with Video-LLMs that cannot strictly produce temporally-aligned
frame-level scores, as can be seen in the near-random results in [82,[76]. Therefore, we reformulate it
to predicting a set of temporal boundaries that compose the summary. Ground truths are obtained by
sorting the frame-level scores and generate boundaries for consecutive frames with top-15% scores.
When a video is annotated by multiple annotators (i.e., in TVSum), we simply average the scores.
This reformulation helps models persistently generate reasonable results.

[VHD] Video Highlight Detection. Samples are generated from QVHighlights [44] and YouTube
Highlights [89] using a similar method as [EVS], but for highlights we only consider the frames with
the highest scores. That means, ground truths are the frames with the highest highlight saliencies.
During inference, a prediction is considered correct if the timestamp falls into any of the temporal
boundaries. We directly utilize the text queries in QVHighlights as highlight queries. For YouTube
Highlights, the domains are used, and videos with highlights covering more than 90% are discarded.

[DVC] Dense Video Captioning. We utilize YouCook2 [113]] and HiREST [108]. Although HiREST
only contains instructional videos, it is still considered as [DVC] rather than [SLC] because of the
large event coverage. We also trimmed out the opening and closing scenes of HIREST videos.

[SLC] Step Localization and Captioning. We select CrossTask [[116] and HT-Step [3]] for this task.
For CrossTask, we filter out the samples with wrong annotations, e.g., repeated steps, and select only
the videos with all steps longer than 2s to avoid ambiguous annotations. For HT-Step, we keep only
the videos with at least 2 steps and remove the samples with incorrect temporal orders.

[TEM] Temporal Event Matching. We repurpose Perception Test [[74] and QVHighlights [44]] for
this novel task, where the former focus on actions and the latter is for general events. We select
videos with actions (excluding the other category) occurs multiple times from Perception Test, and
sample one temporal boundary as the input reference. Other boundaries are used as ground truths.
For QVHighlights, samples with one query referring to multiple disjoint moments are used.

[GVQ] Grounded Video Question-Answering. We adopt QAEgo4D [9] which naturally contains
both QA pairs and corresponding timestamps derived from Ego4D-NLQ [26]. To control the task
difficulty, we randomly crop all the videos to 150-second long. Typos in QA pairs are fixed.

A.3 Instruction Templates

The instruction templates for different tasks are shown in Table[5] To ensure the models give responses
in desired formats, each instruction starts with a sentence introducing the domain/title of the video,
followed by detailed requirements about the task. We also add an explicit statement about the format
of response and an example as guidance. The model outputs are passed through carefully designed
rule-based parsers for answer extraction before evaluation.

A.4 Distribution of Queries

We visualize the frequency distribution of verbs and nouns in E.T. Bench in Figure[7]and Figure[§]
respectively. The distribution histograms demonstrate the diversity of queries in E.T. Bench.
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Table 5: Instruction templates in E.T. Bench. Green text indicates the candidate expressions for
difference domains. Blue text means the placeholder to be filled according to each sample.
denotes the timestamp representation, e.g., “23.6s” (for text only models) or special time tokens.

Type | Task |Instruction Template

| Example Response

Referring

[RAR]

You are given a video containing a series of actions. Watch the video carefully and
identify the action around by choosing from a set of options. The format of
your response should be: “Best Option: (your choice)”. For example: “Best
Option: (B)”. Now I give you the options: (A) <option> (B) <option> (C) <option>
(D) <option>. Please provide your choice.

Best Option: (A)

[ECA]

You are given a video about indoor activities. Watch the video carefully and select
the moment that can be best described by the sentence “<query>". The format of
your response should be: “Best Option: (your choice)”. For example: “Best
Option: (A)”. Now I give you the options: (A) - (B) -

(&) - (D) - . Please provide your choice.

Best Option: (C)

[rRVQ]

You are given a video about indoor activities. Watch the video carefully and answer
a multiple choice question solely based on the event in - . The
format of your response should be: “Best Option: (your choice)”. For example:
“Best Option: (C)”. You may select “unable to answer” if the question can not be
answered based on the provided moment. Now I give you the question:
“<question>". The options are (A) <option> (B) <option> (C) <option> (D)
<option> (E) <option>. Please provide your choice.

Best Option: (D)

Grounding

[TVG]

You are given a video about daily activities /indoor activities. Watch the video
carefully and find a visual event described by the sentence: “<query>". The format
of your response should be: “The event happens in <start time> - <end time>".
You must represent start and end times in seconds. For example: “The event
happens in 10.2 - 12.8 seconds”.

The event happens in -

[EPM]

You are given an egocentric video about daily activities. Watch the video carefully
and find a visual event that can answer the question: “<question>". The format of
your response should be: “The event happens in <start time> - <end time>". You
must represent start and end times in seconds. For example: “The event happens in
10.2 - 12.8 seconds”.

The event happens in -

[TAL]

You are given a video containing a series of actions. Watch the video carefully and
find all the visual events belonging to the action category: “<action>". The format
of your response should be: “The action happens in <start time> - <end time>,
<start time> - <end time>, and <start time> - <end time>". You must represent start
and end times in seconds. For example: “The action happens in 4.2 - 6.8, 7.5 - 10.3,
15.1 - 18.6, and 23.4 - 27.5 seconds”.

The action happens in -
and -

[EVS]

You are given a video about <domain>. Watch the video carefully and summarize
it into multiple short segments. The total length of the segments should be about
15% of the original video. The format of your response should be: “The summary
locates in <start time> - <end time>, <start time> - <end time>, and <start time> -
<end time>". You must represent start and end times in seconds. For example:
“The summary locates in 5.2 - 7.5, 9.4 - 12.3, 16.9 - 18.2, and 21.8 - 25.4 seconds”.

The summary locates in -
and -

[VHD]

You are given a video about daily activities. Watch the video carefully and find a
highlight moment according to the sentence/its domain: “<query>". The format of
your response should be: “The highlight moment happens at <time>". You must
represent time in seconds. For example: “The highlight moment happens at 26.8
seconds”.

The highlight moment happens at

Dense Captioning

[DvC]

You are given a video about “<query>". Watch the video carefully and densely
describe all the events in it. For each event, you need to determine the start and
ends times and provide a concise description. The format of your response should
be: “<start time> - <end time>, <description>". For example: “90 - 102 seconds,
spread margarine on two slices of white bread. 114 - 127 seconds, place a slice of
cheese on the bread.”.

- , place bulgur wheat in
a bowl and add boiling water. -

, finely chop a bundle of parsley
and add to a bowl. - N
remove the leaves from stalks of mint
chop finely and add to the parsley.

[sLc]

You are given a video about “<task>". Watch the video carefully and identify all
the key steps in it. For each step, you need to determine the start and ends times
and provide a concise description using a few words. The format of your response
should be: “<start time> - <end time>, <description>". You must represent start
and end times in seconds. For example: “24.8 - 30.2 seconds, cut apple. 35.6 - 40.4
seconds, wash dishes.”.

- , add sugar. -

, pour water. - s
cut lemon. - , squeeze
lemon. - , pour lemon
juice. - , stir mixture.

Complex Understanding

[TEM]

You are given a video about daily activities / containing a series of actions. Watch
the video carefully and identify the event in - , then localize a
different moment that contains the most similar event. The format of your response
should be: “The similar event happens in <start time> - <end time>". You must
represent start and end times in seconds. For example: “The similar event happens
in 16.8 - 20.4 seconds”.

The similar event happens in -

feval

You are given an egocentric video about daily activities. Watch the video carefully
and answer a multiple choice question. Your answer should contain a choice of the
best option and a relevant moment that supports your answer. The format of your
response should be: “Best Option: (your choice). The relevant event happens in
<start time> - <end time>". Now I give you the question: “<question>". The
options are (A) <option> (B) <option> (C) <option> (D) <option>. Please provide
your choice and the relevant moment.

Best Option: (C). The relevant event hap-
pens in - .

32088

https://doi.org/10.52202/079017-1009



4 2256
2000 A
1500 A
1073
1000 A
681
500 1 437
244 232 211
182 178 166 117 113 112 109 107 94 87 85 82 80 76 73 72 72 72
0 T T T T T T T T T T T T T T T T T T T T T T T T —»
O @ @ O & O @ H L F LA A &S S F L P S e
& & 3 ‘§§é§§y§$ P FF TS < §6(§$ S$ & %A$@ $ A§9
§ @ & DX

Figure 7: Frequency distribution of verbs in E.T. Bench. We only visualize the top 25 out of 461
verbs for clarity. The x- and y-axes denote the verbs and their frequencies, respectively.
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Figure 8: Frequency distribution of nouns in E.T. Bench. We only visualize the top 25 out of 3,090
nouns for clarity. The x- and y-axes denote the nouns and their frequencies, respectively.

B Method

B.1 Design Space for Timestamp Processing

As illustrated in Figure 0] existing MLLMs typically handle timestamps (for videos) or coordinates
(for images) in three ways: 1) Numerical Expressions [75) 13} 82| 33]]: Representing numbers
directly in the form of text. This straightforward strategy loses continuity among numbers [21} 23]
A wrong prediction could be extremely far away from the ground truth. 2) Special Tokens [15} 99,
34, [76]: Defining a set of special tokens to quantize time/position into a fixed number (typically 100
to 300) of bins. This solution inevitably brings severe quantization loss, and it is not flexible for
videos with variable lengths. Moreover, introducing too many new tokens into the vocabulary would
break the pre-trained distribution of LLMs, making them hard to optimize without post pre-training.
3) External Modules [43] 65, [30]]: Leveraging pre-trained external models (e.g., SAM [41]]) for
grounding. This would introduce extra parameters and latency to LLMs. It is not directly compatible
with videos as well, as existing temporal grounding models [44} 61! 168,577, 160] are domain-specific
and hard to generalize to all scenarios like SAM. Therefore, we propose to reformulate timestamp
prediction as an embedding matching problem.
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Figure 9: Design space for timestamp processing. Existing MLLMs handle timestamps in videos or
coordinates in images via a) numerical expressions, b) special tokens, or ¢) external modules. Details

are discussed in Section

B.2 Implementation Details

Table 6: Hyper-parameters for fine-tuning.

We adopt the pre-trained ViT-G/14 from EVA-CLIP  Hyper-parameter Value
[22]] as visual encoder. The architecture of frame com- Vil Encoder E,
pressor apq LLM are based on Q-Former [19,146] al}d Frame Sampling Rate LFPS
Phi-3-Mini-3.8B [[1], respectively. We first pre-train  Preprocessing Center Crop
the model following the stage-1 and stage-2 recipes in i)ni)uﬁ 1;?501“10“ Z?i x ﬁ“
[51]], then activate the MLP projectors Eyiq & Etrm, aten oize ‘
and fine-tune them on E.T. Instruct 164K. E,;q and _ [reme Compressor I
E ¢, are randomly initialized, and the embeddings ~ Number of Learnable Queries M 32
for <vid> token are initialized from the averaged em-  Number of Layers s
beddings of all existing tokens. During fine-tuning, - - —
we freeze the visual encoder and the FEN layers in 2/ Proector Boia & By
Q-Former, and introduce LoRA [32] adapters on the E}ggbefs‘?f Layers 15236
LLM. Therefore, only the attention layers and pro- olnpﬁ? SIIZZ: 3072
jectors in frame compressor E., LoRA adapters, and T o
. . arge Language Mode
matching projectors (Ey;q & Ef.p,) are learnable. : S
We train the model with mixed precision (FP16) on Egﬁi; gz
a compute node with 8 x NVIDIA V100 GPUs. The 1 orA Dropout Rate 0.05
training process costs around 20 hours. More detailed =~ LoRA Modules QKVO Layers
hyper-parameters are listed in Table 6] Model Training
Max Number of Tokens 2048
. . Number of Epochs 1
C Instruction-Tuning Dataset Batch Size 32
Learning Rate for LoORA Se-5
. . . Learning Rate for Other Parameters 2e-5
To fill the gap of lacking multi-event and time-  Weight Decay 0.0
sensitive training data for MLLMs, we introduce E.T. ~ Warmup Ratio 0.03
Inst t 164K, al le inst ti tuni dat t LR Scheduler Type Cosine
nstruc , alarge-scale instruction-tuning datase Optimizer AdamW [6]
with fine-grained timestamp annotations. Statistics ~ AdamW 8y, 82 (0.9, 0.999)

about the dataset are shown in Table

C.1 Task Selection

E.T. Instruct 164K covers 9 event-level understanding tasks, including [RVC] referred video caption-
ing, [TVG] temporal video grounding, [TAL] temporal action localization, [EVS] extractive video
summarization, [VHD] video highlight detection, [DVC] dense video captioning, [TVC] tagged video
captioning, [SLC] step localization and captioning, and [GVQ] grounded video question-answering.
Most tasks are aligned with E.T. Bench but with different source datasets. The only exception
are [RVC] and [TVC], where the former requires the model to generate captions for the the given
temporal boundary, and the latter is similar to [DVC] but with starting timestamps only. Note that
[RAR], [ECA], [RVQ], [EPM], and [TEM] are in E.T. Bench only, which can be regarded as held-out
tasks during evaluation.
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Table 7: Task and sample distribution in E.T. Instruct 164K.

Task \ Source Manual Label  Avg. Duration \ #Samples  Ratio
[RVC] \ HowToCaption [84] X 176.9s \ 16,907 10.3%
DiDeMo [5]| v 49.0s 33,000 20.1%
[Tve] QueryD [70] X 173.7s 4267 2.6%
TACoS [79] v 151.9s 6,093 4.1%
NaQ [78] X 296.5s 10,546  6.4%
[TAL] ActivityNet [10] v 118.8s 9,807  6.0%
HACS [112] v 159.5s 15,218  9.3%
[EVS] \ VideoXum [55] v 123.5s \ 7989  4.9%
[VHD] \ Mr. HiSum [88] X 196.4s \ 9,056  5.5%
[Dvc] ‘ ActivityNet Captions [42] v 118.9s ‘ 9,830 6.0%
[TVC] | ViTT [33] X 210.0s | 2908  1.8%
[SLC] COIN [90] v 138.9s 7,659  47%
HowToStep [52] X 189.8s 20,000 12.2%
[GvQl ‘ EgoTimeQA [20] X 150.0s \ 10,000  6.1%
Total 146.4s \ 163,880  100%

C.2 Data Collection and Instruction Generation

We meticulously sample videos and annotations from 14 datasets, including HowToCaption [84]],
DiDeMo [3], QueryD [70], TACoS [79], NaQ [78]], ActivityNet [10], HACS [112], VideoXum
[55], Mr. HiSum [88]], ActivityNet Captions [42], ViTT [35], COIN [90], HowToStep [52], and
EgoTimeQA [20]. During sampling, we ensure that the videos have no overlap with E.T. Bench.
Different from E.T. Bench in which all the samples are manually labeled, more than 40% of the
samples in E.T. Instruct 164K are with automatically generated annotations. A similar filtering
and rule-based cleaning process as E.T. Bench generation is conducted. Note that videos from
EgoTimeQA are randomly cropped to 150-second long to reduce ambiguity during training.

We then convert the original annotations into instruction-following formats. Following previous
works [49]82], for each task, we carefully write a well-designed instruction, then prompt GPT-4 [2]]
to extend it to multiple diverse expressions. For some tasks having overlap with previous work [82],
existing instructions are also taken into consideration. We manually select and refine 6 expressions to
serve as the instruction templates for each task. To obtain ground truth responses, we convert the
original annotations into natural language styles using manually designed templates. The generated
instruction templates and response formats are shown in Table 8] & 9]

D Experiments

D.1 Evaluation Metrics

Referring. All the tasks are formulated as MCQs, thus we adopt accuracy as the main metric.

Grounding. We compute F1 scores averaged among IoU thresholds 6;, at four levels (0.1, 0.3, 0.5,
and 0.7). For [TVG] and [EPM], only the first predicted temporal boundary is accepted. This aligns
with conventional settings that use Recall@1 as metrics. For [TAL], all the predicted boundaries are
used. In [EVS], F1 scores are computed at clip level, that is, each video is divided into 1-second long
clips, and precision/recall is defined as the percentage of true positive clips with respect to all the
predicted/ground truth clips. For [VHD], a prediction (single timestamp) is regarded as a true positive
when it falls within any of the ground truth boundaries.

Dense Captioning. Similar to grounding, we utilize F1 score at the same four levels of 67,y for
boundary predictions in [DVC] and [SLC]. This also aligns with previous works in these areas
[42] 98]]. To measure the correctness of descriptions, previous works leverage traditional metrics
[73} 154, 18l 1I97]] for machine translation, which cannot handle ambiguity in open-ended scenarios.
Therefore, we instead perform evaluation at semantic level and employ sentence similarity [81]] to
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Table 8: Instruction and response templates in E.T. Instruct 164K (Part I). Blue text means the

placeholder to be filled according to each sample, and

denotes the timestamp representation.

Task \ Instruction Templates

| Response Format

- Watch the video segment in -

and provide a concise description for it.

<answer>.

- Watch the video portion spanning from to and provide a depiction of its main event.
[rvel | Describe the video event happened in - .

+ Depict the event happening in the video from to .

- Provide a description of the activity shown in the video within -

- Focus on the video event in - and describe what is happening.

- Localize the visual content described by the given textual query “<query>" in the video, and output | The event happens in
the start and end timestamps in seconds. -

+ Detect and report the start and end timestamps of the video segment that semantically matches the
given textual query “<query>".

- Give you a textual query: “<query>". When does the described content occur in the video? Please

[TVG] | return the timestamp in seconds.

- Locate the visual content mentioned in the text query “<query>" within the video using timestamps.

- The given natural language query “<query>" is semantically aligned with a video moment, please
give the start time and end time of the video moment.

- Find the video segment that corresponds to the given textual query “<query>" and determine its start
and end seconds.

« Detect and localize all the video segments containing the given action “<action>", and provide the | The action happens in
outputs using start and end timestamps. - N -

- Find all the sections of the video where the action “<action>" occurs, and report the results with their ,and -
respective start and end timestamps.

- For the given action “<action>", locate all corresponding video sections and present the results with

[TAL] ste_lrting and ending t%mestamps. ] ) ] o ) .

- Discover and determine the locations of all video portions containing the action “<action>", and
return the start and end time in seconds.

- Locate all instances of the action “<action>" in the video and give me the start and end times for each
occurrence.

- Identify and list all segments of the video where the action “<action>" takes place, providing the start
and end times for each instance.

- Summarize the video to about 15% of the original length based on the video domain “<domain>", and | The summary locates in
provide the outputs using start and end timestamps. - N -

- Condense the video to approximately 15% of its original length, focusing on the domain “<domain>", , and -
and include start and end timestamps for each summarized segment.

- Reduce the video’s length to roughly 15%, emphasizing the “<domain>" domain, and provide the

[EVS] outputs with their respective start and end timestamps.

- Generate a 15% summary of the video, particularly related to the domain “<domain>", and include
the start and end times for each selected portion.

- Provide a summary of the video, reducing it to around 15% of its length, with a specific focus on the
domain “<domain>", including start and end timestamps for the selected segments.

- Summarize the video to about 15% of its total duration, specifically highlighting the domain
“<domain>", and include start and end timestamps for each segment.

- Find a highlight moment in the video according to the given query: “<query>", and return its The highlight moment
timestamp. happens at

- Identify a highlight in the video that matches the query “<query>", and provide the corresponding
timestamp.

[VHD] | - Detect a highlight in the video corresponding to the query “<query>", and report its timestamp.

+ Identify a highlight moment in the video based on “<query>”, and give me the timestamp.

+ Localize a highlight moment that matches the given query “<query>", and return the timestamp for it.

« According to the query “<query>", please find a single highlight moment in the video and provide its
timestamp.

- Localize a series of activity events in the video, output the start and end timestamp for each event, and - , <event>.
describe each event with sentences. The output format of each predicted event should be like: “start - - , <event>.
end seconds, event description”. - , <event>.

+ Determine the start and end times of various activity events in the video, accompanied by descriptions.

- Capture and describe the activity events in the given video, specifying their respective time intervals,

[DVC] | and output the time intervals in the “start - end seconds format”.

- Identify, timestamp, and describe various activity events occurring in the video. The timestamp

should include the start time and end time in seconds.

+ Detect and report the start and end timestamps of activity events in the video, along with descriptions.
- Pinpoint the time intervals of activity events in the video, and provide detailed descriptions for each

event.
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Table 9: Instruction and response templates in E.T. Instruct 164K (Part II). Blue text means the

placeholder to be filled according to each sample, and denotes the timestamp representation.
Task \ Instruction Templates \ Response Format
- Densely capture all the events happened in the video, and describe them in the form of “start time, , <event>. s
description”. <event>. , <event>.

- List all the events in the video in detail and format them as “start time, description”.

- Chronologically describe each event in the video, noting “start time, description”.

- Identify all the events in the video and provide a concise description for each of them. The response
for each event should contain its start time and the description.

- Pinpoint all events in the video and give a concise description with their respective start times.

- Recognize every event in the video, describing each concisely and report it as “start time, description”.

[TvC]

- Localize a series of action steps in the given video, output a start and end timestamp for each step, and - , <step>.
briefly describe the step. - , <step>.

- Locate and describe a series of actions or steps in the video, including their start and end timestamps. - , <step>.

- Identify and mark the video segments corresponding to a series of actions or steps, specifying the
timestamps and describing the steps.

- Find, identify, and determine the temporal boundaries of a series of distinct actions or steps occurring
throughout the video. For each action, output the corresponding start and end timestamps,
accompanied by a concise description.

- Identify and localize a series of steps or actions occurring in the video, providing start and end
timestamps and related descriptions.

- Locate and pinpoint a sequential series of specific actions or steps in the video, accurately specifying
the start and end timestamps for each action. Additionally, provide a succinct description.

[sLc]

- Watch the video carefully and answer the question: “<question>". Your response should mention the | <answer>. The relevant
start and end timestamps as a reference. For example: “<answer>. The relevant event happens in event happens in -
<start time> to <end time>".

- Given the question: “<question>”, please watch the video carefully and provide both
the answer and the relative moment that as a reference.

- Taking the question: “<question>" into consideration, please watch the video attentively and provide

[GVQ] | your answer along with the exact timing as a reference.

- Answer the following question and provide the corresponding start and end timestamps depicting the
relevant moment: “<question>".

- Give a response to the question “<question>" according to the video and include the precise times
marking the relevant moment.

- After watching the video, provide an answer to the following question “<question>" and point out the
relevant start and end times in the video.

measure the distances between model outputs and ground truths. Following previous practices [20],
the al1-MiniLM-L6-v2 model in Sentence Transformerg|library is used as the embedding model.

Complex Understanding. We adopt Recall@1 as the metric for both [TEM] and [GVQ]. The IoU
thresholds are aligned with grounding and dense captioning. For [TEM], only the first predicted
temporal boundary is accepted, and it is regarded as a true positive when it has the maximum IoU
among all ground truths larger than the threshold. For [GVQ], aside from boundary prediction, the
MCQ answer should also be correct for a successful recall.

With the unified evaluation metrics, we are able to average them and measure a model’s general
performance under each capability. To achieve this, we further define 5 averaged metrics: 1) Acc:
Averaged accuracy on referring tasks; 2) Fl,,4: Averaged F1 score on grounding tasks; 3) Fl.,,:
Averaged F1 score on dense captioning tasks; 4) Sim.,,: Averaged sentence similarity on dense
captioning tasks; 5) Rec,,: Averaged recall on complex understanding tasks. These metrics serve as
indicators for general performance on event-level and time-sensitive video understanding.

D.2 Baselines

We extensively evaluate 20 representative MLLMs on E.T. Bench, including 7 open-source Image-
LLMs (LLaVA-1.5 [58], LLaVA-InternLM2 [11]], mPLUG-OwI2 [105], InternLM-XComposer
[L11], Bunny-Llama3-V [31], MiniCPM-Llama3-V-2.5 [93]], and Qwen-VL-Chat [7]]), 9 open-source
Video-LLMs (Video-ChatGPT [66], Video-LLaVA [53], LLaMA-VID [51]], Video-LLaMA-2 [110]],
PLLaVA [104]], VTimeLLM [33], VTG-LLM [28]], TimeChat [82], and LITA [34]), and 4 commercial
MLLMs (GPT-4V [71], GPT-4o0 [72], Gemini-1.5-Flash [80], and Gemini-1.5-Pro [80]). Note that
the video interface for GPT-40 is not publicly available, hence we treat it as an Image-LLM instead.

“https://github.com/UKPLab/sentence-transformers
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Table 10: Model architectures of MLLMs evaluated on E.T. Bench. Size means the LLM size.

Model Size Frame Resolution Sampled Frames Visual Encoder LLM
Image-LLMs

LLaVA-1.5 [58] 7B 336 x 336 8 CLIP-ViT-L/14 Vicuna-1.5
LLaVA-InternLM2 [11] 7B 336 x 336 8 CLIP-ViT-L/14 InternLM2
mPLUG-OwI2 [105] 7B 448 x 448 8 CLIP-ViT-L/14 Llama-2
InternLM-XComposer [L11] 7B 224 x 224 8 EVA-ViT-G/14 InternLM
Bunny-Llama3-V [31] 8B 384 x 384 8 SigLIP-ViT-L/14 Llama-3
MiniCPM-Llama3-V-2.5 [93] 8B 980 x 980 8 SigLIP-ViT-L/14 Llama-3
Qwen-VL-Chat [7] 7B 448 x 448 8 CLIP-ViT-bigG/14 Qwen
Video-LLMs

Video-ChatGPT [66] 7B 224 x 224 100 CLIP-ViT-L/14 LLaMA
Video-LLaVA [53] 7B 224 x 224 8 LanguageBind-ViT-L/14 Vicuna-1.5
LLaMA-VID [51] 7B 224 x 224 1 FPS EVA-VIiT-G/14 Vicuna-1.5
Video-LLaMA-2 [110] 7B 224 x 224 8 EVA-VIiT-G/14 Llama-2-Chat
PLLaVA [104] 7B 672 X 672 16 CLIP-ViT-L/14 Vicuna-1.5
VTimeLLM [33] 7B 224 x 224 100 CLIP-ViT-L/14 Vicuna-1.5
VTG-LLM [28] 7B 224 x 224 96 EVA-VIiT-G/14 Llama-2
TimeChat [82] 7B 224 x 224 96 EVA-VIiT-G/14 Llama-2
LITA [34] 13B 224 x 224 100 CLIP-ViT-L/14 Vicuna-1.3
E.T. Chat (Ours) 3.8B 224 x 224 1 FPS EVA-VIiT-G/14 Phi-3-Mini

Table 11: Comparison on architectural designs.

<vid> Token Bi-directional Smoothing \ Accrs Flgy Flo, Sim, Rec.m

| 250 175 212 123 8.6

v 340 252 264 154 9.2
v v 337 305 275 158 98
v v 345 258 204 136 9.5
v v v | 384 335 314 171 101

We compare the architectures of open-source MLLMs in Table[I0} Optional visual encoders for these
models are CLIP [77], EVA [22], SigLIP [109], OpenCLIP [36]], and LanguageBind [[114]], while
the LLM backbones include LLaMA [94], Llama-2 [95]], Llama-3 [4]], Vicuna [18]], InternL.M [92],
InternLM?2 [[11]], Qwen [6], and Phi-3-Mini [1]].

D.3 More Benchmark Results

In Table [T9] and Table 20} we provide performance breakdown across source datasets, where we
observe that the ranking of models differs across source datasets. Table 2T]~[25] present detailed
comparisons under different IoU thresholds 6;,;; and more metrics (e.g., METEOR [8]], Rouge-L
[54], and CIDEr [97]]) on [TVG], [EPM], [TAL], [DVC], [SLC], [TEM], and [GVQ] tasks.

D.4 Ablation Studies

Effect of architectural designs. We verify the effectiveness of <vid> token, bi-directional attention
across video tokens, and label smoothing during training. The results are compared in Table [IT]
Without introducing the <vid> token (first row), our model falls back to the numerical expression
variant discussed in Section[B.I] which struggles in timestamp prediction even with instruction-tuning
on E.T. Instruct 164K. By reformulating timestamp prediction as embedding matching (second
row), our method significantly works better on all tasks on E.T. Bench. Extra modifications, i.e.,
bi-directional attention (third row) and label smoothing (fourth row), further enhance the model to
achieve better localization abilities, demonstrated by the substantial increase in Flg,q.

Table 12: Choices of frame compressor.

Method | Accry Flgy Fle, Sime,  Receom
Pooling 29.6 25.5 21.1 11.3 9.1
Q-Former 384 335 314 17.1 10.1
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Table 13: Choices of layers for matching. Layer,;; and Layery,, are the index of LLM layer utilized
for matching, e.g., “~1” means using the final-layer hidden states.

Layer,iq Layerfrm ‘ Accref Flgml F1 cap Simcup Reccom
-1 -1 38.2 322 31.0 17.2 9.6
-1 -2 37.8 325 30.8 16.5 9.9
-2 -1 384 33.5 314 17.1 10.1
-2 -2 37.6 33.8 31.2 16.7 9.7

Table 14: Comparison on learnable modules. ATTN and FFN represent the attention and feed-
forward layers in Q-Former, respectively.

Q-Former E, Aggregator Projector LLM ‘ .
ATTN _FEN B, E, (LoRA) ‘ Accryp Flgy  Flyy Sime,, Receon
& & 36.1 29.2 27.1 14.1 8.7
& 3] & 373 305 283 15.0 9.6
4] & 4] 4] 379 318 296 157 95
4] & 4] & 384 335 314 171 101
(4] 4] & & & 375 291 322 175 9.3

Choice of frame compressor. Table|12|compares the performance of two design choices for frame
compressor E, i.e., a naive spatial pooling among frame patches P, and a query-guided compression
based on Q-Former [46]]. The results confirm that employing Q-Former for frame compression proves
to be a superior alternative.

Choice of LLM layer for matching. As articulated in the main paper, during matching, we utilize
the second-last layer’s hidden states for the <vid> token, while the final-layer’s hidden states for
frame tokens. This strategy take into consideration the small feature range of final-layer hidden
states for the <vid> token [30]. We further verify its effectiveness in Table While the results are
essentially similar, current setting exhibits a marginally superior overall performance.

Learnable modules. In Table[I4] we justify the training strategy for instruction-tuning. Updating
only the context aggregator I, and projector E, (first row) makes the training hard to converge
with new tokens, and fine-tuning the LLM with LoRA (second row) brings better performance. We
contend that the pre-trained Q-Former is suitable only for short & single event videos due to the
constraints of pre-training data. Serving as the frame compressor, such limitation would hinder the
model’s performance. Line 3 ~ 5 corroborate our hypothesis, as updating Q-Former on E.T. Instruct
164K brings notable performance improvements. Furthermore, we observe that fine-tuning the whole
Q-Former makes the model slightly overfit to dense captioning tasks, and freezing its FFN layers
could strike the balance between adapting to new data and retaining pre-trained capabilities.

Table 15: Effect of « for label smoothing.

a | Acey Flgy Fly, Simg, Recem
1.0 37.2 30.8 26.3 14.8 9.6
1.5 37.9 31.6 28.6 154 10.3
20 | 384 335 314 171 101
25 | 381 330 298 168 9.2
3.0 37.5 33.7 28.4 16.0 9.8

Effect of « for label smoothing. We ablate the effect of different « values for label smoothing in
Table [T5] Smaller o values make the optimization goal of matching scores smoother. Generally,
setting « to around 2.0 brings considerable results.

Joint effect of model and instruction-tuning dataset. We compare in Table [16| the joint effect
of model design and instruction-tuning dataset collection. We choose two representative models
(LLaMA-VID [51] and TimeChat [82]]) as baselines and train them on E.T. Instruct 164K. Our E.T.
Chat is also trained on TimelT dataset [82] for in-depth comparison. The comparison results between
line 1 & 2,3 & 4, and 5 & 6 demonstrate the effectiveness of E.T. Instruct 164K. Results in line 2, 4,
and 6 verify the significance of our model design.

Effect of instruction-tuning tasks. To study the effect of each task during instruction tuning, we
provide detailed comparisons in Table We observe that adding more tasks for instruction-tuning
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Table 16: Joint effect of model and instruction-tuning (IT) dataset.

E.T. Chat (Ours) TimelT [82]
E.T. Chat (Ours) E.T. Instruct 164K (Ours)

349 221 200 134 69
384 335 314 171 101

Model IT Dataset \ Accrs Flgy Flo, Sim., Rec.n
LLaMA-VID [51] 723K Corpus [51] 32.5 9.2 16.2 11.9 4.0
LLaMA-VID [51] E.T. Instruct 164K (Ours) 31.3 16.0 198 14.9 7.8
TimeChat [82] TimelT [82] 27.7 219 111 10.8 9.7
TimeChat [82] E.T. Instruct 164K (Ours) 29.5 243 21.5 11.5 114

Table 17: Ablation study on instruction-tuning tasks.

RVC TVG TAL EVS VHD DVC SLC GVQ | Acce Flgg Fly, Simg, Receon

v 365 98 04 103 05
v v 360 128 37 125 s
v oo 354 319 103 115 99
R O 356 325 95 118 95
v ooV v 359 336 151 108 97
v Y N v 374 348 182 125 94
v Y ooV 342 337 285 143 92
v Y N ooV v | 384 335 314 171 101

might slightly affect the performance on original tasks. This can be alleviated by carefully balancing
the number of samples per task.

D.5 Qualitative Results

Figure [T0|~[I5] present task-specific qualitative comparisons among 5 representative open-source
MLLMs, i.e., LLaVA-1.5 58], Video-ChatGPT [66], LLaMA-VID [51]], TimeChat [82], and E.T.
Chat. The correct model responses are marked green. We observe that the unsatisfactory performance
of existing methods comes from 1) weak instruction-following abilities, 2) low temporal resolution,
3) lack of event-level and time-sensitive designs, and 4) lack of multi-event instruction-tuning data.

E Limitations and Future Work

Currently, the proposed E.T. Bench is based on val or test split of existing datasets, whose training
split might be included for MLLM training. This could potentially result in data leakage, thereby
compromising the integrity of the zero-shot evaluation framework and leading to unfair comparisons.
Therefore, our next step would be self-collecting new videos and provide manual annotations under
each carefully designed task. More flexible input-output formats shall also be incorporated to
complement the existing benchmark.

For E.T. Chat, even with advanced frame compression strategies, the low spatial resolution (1 token
per frame) limits the model’s ability to understand spatial details. Modern Image-LLMs are becoming
to support extra-high-resolution image inputs, but this is not directly compatible to videos due to the
large compute resource consumption. Our future work will focus on the balance between spatial and
temporal resolution for Video-LLMs.

F Licenses

The annotations of E.T. Bench are provided to the public under CC BY-NC-SA 4.0 license. A copy can
be obtained at https://creativecommons.org/licenses/by-nc-sa/4.0/. By downloading
our dataset from our website or other sources, the user agree to adhere to the terms of CC BY-NC-SA
4.0 and licenses of the source datasets. Licenses of the source datasets are listed in Table[I8]
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Table 18: Licenses of source datasets in E.T. Bench.

Dataset | License Link
Perception Test CCBY 4.0 https://creativecommons.org/licenses/by/4.0/
Charades-STA [24}[85] Non-Commercial Use https://prior.allenai.org/projects/data/charades/license.txt
STAR [102] Apache License 2.0 https://github.com/csbobby/STAR/blob/main/LICENSE
QVHighlights [44] CC BY-NC-SA 4.0 https://creativecommons.org/licenses/by-nc-sa/4.0/
Ego4D-NLQ Custom https://ego4d-data.org/pdfs/Ego4D-Licenses-Draft.pdf
THUMOS’ 14 Research Purpose Only https://www.crcv.ucf.edu/THUMOS14
THUMOS’15 [23] Research Purpose Only http://www.thumos.info/
CCBY 4.0 https://creativecommons.org/licenses/by/4.0/
N/A https://doi.org/10.1007/978-3-319-10584-0_33
N/A https://doi.org/10.1007/978-3-319-10590-1_51
MIT License https://opensource.org/license/mit!
YouCook? [T13]| MIT License https://opensource.org/license/mit
CrossTask BSD 3-Clause License | https://opensource.org/license/bsd-3-clause
HT-Step [3] CCBY-NC 4.0 https://creativecommons.org/licenses/by-nc/4.0/
QAEgo4D N/A https://doi.org/10.1109/CVPRW56347.2022.00162

[RAR] Referred Action Recognition

Prompt:

You are given a video containing a series of actions. Watch the video carefully and identify the action around
17.1 seconds by choosing from a set of options. The format of your response should be: ‘Best Option: (your
choice)'. For example: ‘Best Option: (D). Now | give you the options: (4) closing something (B) opening
something (C) moving object(s) around (D) putting something into something. Please provide your choice.

Correct Answer: (C)

[ Best Option: (C) moving object(s) around

[ he video shows a person opening a box and placing a pece of paper inside.
[ Best Option: (A) closing something

[ prease choose an option: a)cising someting

[ Best option: (c) moving abjectts) around.

[ECA] Event-Caption Alignment

Prompt:

You are given a video about indoor activities. Watch the video carefully and select the moment that can be
best described by the sentence ‘person starts laughing'. The format of your response should be: 'Best Option:
(your choice)'. For example: ‘Best Option: (B).. Now | give you the options: (A) 1.3 - 9.6 seconds (B) 5.3 - 14.5
seconds (C) 7.4 21.4 seconds (D) 12.8 - 28.7 seconds. Please provide your choice.

Correct Answer: (D)

[ Best Option: (C) 7.4 - 21.4 seconds
[ Best Option: B. 5.3 - 14.5 seconds.
[ Best Option: (B)
( et option: @) 5.3 14.5 seconds
[ Best Option: (D).

(D ) D ) D ) VD )

Figure 10: Qualitative comparison on [RAR] (left) and [ECA] (right).

[RVQ] Referred Video Question-Answering

Prompt:

You are given a video about indoor activities. Watch the video carefully and answer a multiple choice
question solely based on the event in 7.3 - 12.9 seconds. The format of your response should be: ‘Best
Option: (your choice)'. For example: ‘Best Optio You may select ‘unable to answer" if the question can
not be answered based on the provided moment. Now | give you the question: "Which object was taken by
the person?". The options are (4) The clothes (B) Unable to answer (C) The phone/camera (D) The
cup/glass/bottle () The towel. Please provide your choice.

Correct Answer: (E)

[ Best Option: (D) The cup/glass/bottle

[ The person took the cup/glass/bottle.

T (om0

[ Best Option: (D) The cup/glass/bottle

[ Best Option: (C) The phone/camera.

(NP N ) W ) WD ) W

[TVG] Temporal Video Grounding

Prompt:

You are given a video about wild animals. Watch the video carefully and find a visual event described by the
sentence: 'the turtle is walking. The format of your response should be: The event happens in <start time> -
<end time>". You must represent start and end times in seconds. For example: 'The event happens in 10.2 -
12.8 seconds".

Correct Answer: 6.5 - 22.5 seconds

[ The event happens in 10.2 - 12.8 seconds.

[ The event happens in 10.2 - 12.8 seconds.

[ The event happens in 10.2 - 12.8 seconds.

[ The given query happens in 15 - 25 seconds.

[ The event happens in 6 - 23 seconds.

Figure 11: Qualitative comparison on [RVQ] (left) and [TVG] (right).
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[EPM] Episodic Memory

Prompt:

You are given an egocentric video about daily activities. Watch the video carefully and find a visual event
that can answer the question: 'What did | put in the bin?'. The format of your response should be: The event
‘happens in <start time> - <end time>". You must represent start and end times in seconds. For example: The
event happens in 10.2 - 12.8 seconds'.

Correct Answer: 184.5 - 189.0 seconds

[ The event happens in 10.2 - 12.8 seconds.
@ [ The event happens in 10.2 - 12.8 seconds.
[ The event happens in 10.2 - 12.8 seconds.
(e given query happens i 253.4- 256.4 seconds.
[ The event happens in 185 - 188 seconds.

(D S WD S W ) W W

[TAL] Temporal Action Localization

Prompt:

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'. The format of your response should be: The action
happens in <start time> - <end time>, <start time> - <end time>, and <start time> - <end time>". You must
represent start and end times in seconds. For example: 'The action happens in 4.2 - 6.8, 7.5 - 10.3, 15.1 -
18.6, and 23.4 - 27.5 seconds".

Correct Answer: 20.1 - 43.2, 80.3 - 90.9, and 116.6 - 134.8 seconds

[ The action happens in 4.2 - 6.8, 7.5 - 10.3, 15.1 - 18.6, and 23.4 - 27.5 seconds.
[ The action happens in 4.2 - 6.8, 7.5 - 10.3, 15.1 - 18.6, and 23.4 - 27.5 seconds.
[ he action happens in 0.0-0.1, 0.14-0.28,0.26 - 0.41, and 0.45 - 0.61 seconds.
[ here are no visual events betonging to the action category: clean and jerk.
[ The action happens in 22 - 42, 81- 90, and 81 - 134 seconds.

Figure 12: Qualitative comparison on [EPM] (left) and [TAL] (right).

[EVS] Extractive Video Summarization

Prompt:

You are given a video about getting vehicle unstuck. Watch the video carefully and summarize it into
multiple short segments. The total length of the segments should be about 15% of the original video. The
format of your response should be: ‘The summary locates in <start time> - <end time>, <start time> - <end.
time>, and <start time> - <end time>". You must represent start and end times in seconds. For example: ‘The
summary locates in 5.2 - 7.5, 9.4 - 12.3, 16.9 - 18.2, and 21.8 - 25.4 seconds'.

Correct Answer: 0 - 14, 66 - 74, 118 - 122, and 130 - 132 seconds

The summary locates in 0.0 - 0.2, 0.28 - 0.49, 0.48 - 0.7, 0.63 - 0.89, and 0.81- 1.0, 0.91 -
1.0, and 0.99 - 1.0, 0.9 - 1.0, and 0.99 - 1.0, 0.99 - 1.0, and 0.99 - 1.0, 0.99 - 1.0, and 0.99 -

1.0,0.99 - 1.0, and 0.9 - 1.0, 0.99 - 1.0, and 0.99 - 1.0, 0.9 - 1.0, and 0.99 - 1.0...

[ The summary locates in 5.2 - 7.5, 9.4 - 12.3, 16.9 - 18.2, and 21.8 - 25.4 seconds. ]
@ The video shows a man and his dog getting stuck in the mud. They are helped by a

group of people who use a chain to pull the vehicle out. The video also shows the man
and his dog playing with a frisbee in a field. The summary of the video is as follows:

* The video starts with a man and his dog getting stuck in the mud.

*A group of people helps them by using a chain to pull the vehicle out.

*The man and his dog are then shown playing with a frisbee in a field.

0.0 - 3.9 seconds, A man is in a studio talking to the camera. 4.9 - 61.1 seconds, A car
is seen on a railroad track and it begins to move. 62.4 - 148.5 seconds, The people on

the track try to get the car off the track, and a tow truck is called in.

[ The summary locates in 1- 11, 64 - 86, and 128 - 135 seconds.

[VHD] Video Highlight Detection

Prompt:
You are given a video about daily activities. Watch the video carefully and find a highlight moment according
to the sentence: 'the kids are playing on the floor with the dog". The format of your response should be: ‘The
highlight moment happens at <time>". You must represent time in seconds. For example: 'The highlight
moment happens at 26.8s"

Correct Answer: Any moment within 82 - 108 seconds

A

@ [ The highlight moment happens at 100.0s.
[ The highlight moment happens at 10.5s.
[ The highlight moment happens at 26.8s.
@ [ The highlight moment happens at 25.5 seconds.

Figure 13: Qualitative comparison on [EVS] (left) and [VHD] (right).
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DVC] D Video Captioni
L 1 Dense Video Captioning [SLC] Step Localization and Captioning

Prompt:

You are given a video about ‘making spicy tuna roll’. Watch the video carefully and densly describe all the
cooking steps. For each step, you need to determine the start and ends times and provide a concise
description. The format of your response should be: "<start time> - <end time>, <description>', You must
represent start and end times in seconds. For example: '90 - 102 seconds, spread margarine on two slices of
white bread. 114 127 seconds, place a slice of cheese on the bread..

Prompt:

You are given a video about ‘cook a veal roast'. Watch the video carefully and identify all the key steps. For
each step, you need to determine the start and ends times and provide a concise description using a few
words. The format of your response should be: '<start time> - <end time>, <description>". You must
represent start and end times in seconds. For example: '24.8 - 30.2 seconds, peel and chop into small pieces.
35.6 - 48.4 seconds, fry the tomatoes.".

00:00 - 00:12, A man with brown hair and a black shirt. ———— ~
e e ot Sy w90 uavats ) (0.0 0.25 seconds, man wearing white shirt.
, Aman with brown hair and a black shirt. 0.25 - 0.45 seconds, man’s hands holding food.
0.45-0.65 seconds, man’s hands shaping food.
0.65 - 0.85 seconds, food on a plate.
90 - 102 seconds, spread margarine on two slices of white bread. 0.85- 1.0 seconds, food in a bowl.
114 - 127 seconds, place a slice of cheese on the bread. - J
130 143 seconds, cut the cheese into small pieces.
145 - 158 seconds, cut the tuna into small pieces. @ [ I cannot provide a concise description of the video as it is not available. ]
160 - 173 seconds, mix the tuna and cheese together.
175 - 188 seconds, roll the tuna and cheese mixture into small balls. o - -
\ 190 - 203 sconds,place the balls on a plte. J vio 00:00-00:16, The video starts with a black screen.
00:17 - 00:31, The video shows a loaf of bread.
00:32 - 00:45, The video shows a bowl of flour.
ﬁ the video, the person is seen cutting the cheese into small pieces and mixing it "\ 00:46 - 00:6, The video shows a bowl of eggs.
with the tuna. After that, they roll the tuna and cheese mixture into small balls and 00:61 - 00:74, The video shows a bowl of milk.
place them on a plate. The video ends at 203 seconds. 00:75 - 00:87, The video shows a bowl of salt.
00:00 - 00:11, A jar of mayonnaise is shown. 00:88 - 01:0, The video shows a bowl of sugar.
00:11 - 00:22, A jar of tuna is shown. 01:01 - 01:13, The video shows a bowl of yeast... /

00:33 - 00:45, A slice of bread is shown.
Qms - 00:57, A slice of cheese is shown... /

The chef in the video is cooking a veal roast. The first step is to season the roast
with salt and pepper. The second step is to sear the roast in a pan with olive oil. The

third step is to cook the roast in the oven at 350 degrees for 15 minutes. The fourth
(" 0.0- 13.6 seconds, Aman wearing a black shirt and black pants Is seen holding o step h  degrees for 15 for
; ! ! step s to rest the roast for 10 minutes before slicing and serving.
knife and cutting up some sushi. \
14.4 - 123.5 seconds, He talks to the camera and cuts up the fish and vegetables.
\127:6- 368.2 seconds, He then prepares the fish and vegetables with some rice. e ——————— \
34-41, heat olive oil in pan over medium high heat.
ﬂ - 9 seconds, intro. N 36.- 45, brown chicken with garlic powder and parmesan cheese.
12- 33 seconds, ingredients. 41-49, season chicken breast with salt and pepper before cooking it.
33- 147 seconds, cutting fish into strips. 51-141, place chicken breasts on baking sheet lined with foil or parchment paper.
114 - 197 seconds, adding seasonings & mix well. 141- 144, brush butter onto top of chicken.
156 - 195 seconds, rolling sushi in bamboo mat. 144.- 154, sprinkle fresh herbs such as thyme, sage, basil, marjoram, and rosemary.
336 - 345 seconds, placing on top with avocado. 145 - 154, use olive ol for frying instead of butter.
st - 345 seconds, finished result. J 154 - 165, make sure not to let the sauce burn. /

Figure 14: Qualitative comparison on [DVC] (left) and [SLC] (right).

[GVQ] Grounded Video Question-Answering

[TEM] Temporal Event Matching

Prompt:

You are given an egocentric video about daily activities. Watch the video carefully and answer a multiple
choice question. Your answer should contain a choice of the best option and a relevant moment that
supports your answer. The format of your response should be: ‘Best Option: (your choice). The event
‘happens in <start time> - <end time>'. Now | give you the question: 'What did | cut in the tray?". The options
are (A) cucumber (B) meat (C) dough (D) potato. Please provide your choice and the relevant moment.

Prompt:
You are given a video about daily activities. Watch the video carefully and identify the event in 56 - 64 Correct Answer: (C) Relevant Moment: 30.9 - 58.0 seconds
seconds, then localize a different moment that contains the most similar event. The format of your response
should be The similr event happens in <start ime> - end time>". You must represent tart and end times . [ e e -GS ]
in seconds. For example: 'The similar event happens in 16.8 - 20.4 seconds'.
Correctnswer:le30lon2 sE Bssconds (shopparsiweatingmasks) The best option is that the person took four peppers. The relevant moment is when
the person is seen holding a pepper in their hand and then putting it into a bowl.

[ he simitar event happens in 5 - 64 seconds.

((ne simitar event happens in 16.8 - 20.4 seconds.
[ The similar event happens in 46.1 - 54.9 seconds.
[ The given query happens in 110.8 - 145.8 seconds. @ [ Best Option: (C) dough. The event happens in 0 - 5 seconds. J
@ ((he event happens in 30- 44 seconas. ( Best option: (. Th retevant event happens in 49 - 52 seconds. )

Figure 15: Qualitative comparison on [TEM] (left) and [GVQ] (right).

LioMA
i

Best Option: C. dough. The event happens in <start time> - <end time>.

In the video, you can see a person cutting dough in a tray. This suggests that the
person is likely preparing food, and the dough is a key ingredient in the recipe.
Therefore, the answer to the question is C. dough.
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Table 19: Performance breakdown across source datasets on grounding tasks. Abbreviations:
[QV] QVHighlights, [CS] Charades-STA, [EN] Ego4D-NLQ, [PT] Perception Test, [T14] THU-
MOS’14, [T15] THUMOS’15, [SM] SumMe, [TV] TVSum, [YH] YouTube Highlights.

‘ TVG EPM TAL EVS VHD
Method

‘ [QVlr  [CS1m [EN] ¢, [PT1F; [T141p; [T151p; [SMlp;  [TVIg [Qvly;  [YH]E
Image-LLMs: 8 uniformly sampled frames as inputs
LLaVA-1.5 [58] 3.0 9.2 1.9 7.6 7.7 8.0 3.1 1.7 33.6 28.2
LLaVA-InternLM2 [1T] 0.2 52 0.1 0.4 0.2 0.1 0.1 0.3 24.4 40.1
mPLUG-OwI2 [103]] 0.2 2.0 0.2 1.0 3.8 43 7.5 0.7 252 483
XComposer 1.4 8.4 1.5 16.8 6.3 6.6 4.1 1.4 26.2 31.6
Bunny-Llama3-V 10.2 3.8 0.1 2.6 6.3 6.4 0.3 04 20.0 412
MiniCPM-V-2.5 0.9 22 0.2 6.0 3.7 3.5 17.7 9.1 14.0 23.4
Qwen-VL-Chat 6.8 25.8 4.0 142 9.2 8.6 25.0 7.7 25.6 432
Video-LLMs: each model’s default numbers of frames as inputs
Video-ChatGPT [66] 2.8 11.1 1.3 24.0 10.2 11.0 12.9 4.0 254 322
Video-LLaVA [53] 3.0 11.1 1.9 239 10.2 11.0 0.0 0.6 26.2 31.6
LLaMA-VID [51] 1.4 9.6 12 145 4.6 5.0 0.4 2.4 25.8 34.2
Video-LLaMA-2 0.1 0.1 0.0 0.0 0.0 0.1 0.0 0.0 1.8 1.1
PLLaVA 2.8 11.0 1.1 53 5.4 6.4 0.1 0.4 26.2 31.6
VTimeLLM 2.8 12.3 1.9 27.7 13.9 13.0 15.0 16.8 26.2 31.6
VTG-LLM 9.9 22.0 3.7 20.5 10.8 12.0 27.5 26.2 42.2 54.2
TimeChat [82] 15.1 372 3.8 11.1 10.8 8.4 30.6 27.7 332 47.7
LITA [34] 184 26.1 4.6 255 14.0 145 314 28.0 224 25.4
E.T. Chat (Ours) ‘ 26.9 50.4 10.2 22.9 344 35.0 26.8 24.1 69.4 55.7

Table 20: Performance breakdown across source datasets on dense captioning and complex
understanding tasks. Abbreviations: [HI] HiREST, [YC] YouCook2, [CT] CrossTask, [HS]
HT-Step, [PT] Perception Test, [QV] QVHighlights, [QE] QA-Ego4D.

‘ DbVC SLC TEM GVQ
Method
| (HI1p; [HIlgim [YClps [YClsmn  [CT1p [CTlgin [HS)p; [HSIsim  [PTIgee [QV1ree  [QE]gec

Image-LLMs: 8 uniformly sampled frames as inputs

LLaVA-1.5 [58] 20.6 122 8.3 10.9 0.6 10.1 1.3 8.9 13.9 1.6 0.0
LLaVA-InternLM2 [TT] 16.4 9.4 17.5 7.6 0.1 5.1 0.0 43 13.0 1.3 1.5
mPLUG-OwI2 0.0 8.5 0.1 7.7 0.1 8.0 0.0 73 9.4 3.0 0.0
XComposer [T1T] 2.0 22 8.8 9.6 3.4 9.6 2.0 8.5 18.1 29 0.0
Bunny-Llama3-V [31]] 11.6 8.8 154 8.9 0.1 7.4 0.0 7.7 11.8 2.6 0.0
MiniCPM-V-2.5 9.1 123 34 11.3 1.6 9.9 1.1 9.5 1.1 0.3 0.0
Qwen-VL-Chat 14.9 12.2 19.8 15.4 9.5 11.7 3.0 14.4 4.2 2.3 1.5
Video-LLMs: each model’s default numbers of frames as inputs

Video-ChatGPT [66] 6.1 10.3 11.5 12.2 6.3 8.9 5.1 11.6 26.8 5.0 0.0
Video-LLaVA [53] 425 16.2 13.4 13.9 1.8 10.0 0.0 6.5 10.2 4.7 0.1
LLaMA-VID [51] 41.5 12.4 12.7 12.9 6.5 10.0 4.0 12.3 11.4 2.6 0.9
Video-LLaMA-2 [110] 1.2 9.2 0.1 19.8 0.0 14.4 0.1 16.1 0.0 0.0 0.1
PLLaVA [104] 5.6 10.0 21.0 11.1 9.3 10.1 10.2 13.4 6.9 1.3 1.2
VTimeLLM 14.4 13.0 10.4 13.1 10.5 5.8 7.0 7.0 42 9.4 1.9
VTG-LLM 454 19.3 35.0 18.0 20.3 14.1 21.3 14.7 14.1 3.7 1.4
TimeChat [82] 14.2 12.8 19.0 12.3 8.0 9.1 33 9.2 24.5 11.4 1.5
LITA 47.0 15.9 324 18.5 21.3 12.1 20.6 12.3 20.3 11.7 22
E.T. Chat (Ours) ‘ 46.6 21.8 30.2 17.6 26.6 15.5 22.2 13.7 26.9 6.0 3.7
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Table 21: Performance under different IoU thresholds on [TVG] (left) and [EPM] (right).

Method ‘ F1@0.1 F1@0.3 F1@0.5 F1@(0.7 F1 Method ‘ F1@0.1 F1@0.3 F1@0.5 F1@0.7 F1
Image-LLMs: 8 uniformly sampled frames as inputs Image-LLMs: 8 uniformly sampled frames as inputs

LLaVA-1.5 19.1 4.7 0.5 00 6.1 LLaVA-1.5 5.8 1.2 0.4 0.2 1.9
LLaVA-InternLM2 7.4 3.0 0.4 00 27 LLaVA-InternLM2 0.2 0.0 0.0 00 0.1
mPLUG-OwI2 [103] 3.0 1.0 0.4 0.0 1.1 mPLUG-OwI2 [103] 0.4 0.2 0.2 0.0 02
XComposer [111]] 17.7 1.8 0.0 00 49 XComposer [T11]] 4.6 1.0 0.2 00 15
Bunny-Llama3-V [31] 244 32 0.5 00 7.0 Bunny-Llama3-V [31]] 0.2 0.0 0.0 0.0 0.1
MiniCPM-V-2.5 45 2.3 0.9 03 20 MiniCPM-V-2.5 0.6 0.0 0.0 0.0 02
Qwen-VL-Chat 31.4 19.1 10.4 4.1 162 Qwen-VL-Chat 8.4 5.2 1.6 0.8 4.0
Video-LLMs: each model’s default numbers of frames as inputs Video-LLMs: each model’s default numbers of frames as inputs
Video-ChatGPT 21.7 5.4 0.7 00 69 Video-ChatGPT 3.8 1.2 0.2 00 13
Video-LLaVA [53] 21.9 5.4 0.7 00 7.0 Video-LLaVA [53] 5.8 1.2 0.4 0.2 1.9
LLaMA-VID [3T] 16.8 45 0.7 00 55 LLaMA-VID [5T] 3.0 1.2 0.4 0.2 1.2
Video-LLaMA-2 [110] 0.3 0.0 0.0 00 0.1 Video-LLaMA-2 [110] 0.0 0.0 0.0 00 00
PLLaVA [104] 21.4 5.4 0.7 00 69 PLLaVA [104] 32 1.0 0.2 00 1.1
VTimeLLM 222 6.2 1.5 04 76 VTimeLLM 5.8 1.2 0.4 0.2 1.9
VTG-LLM 388  16.1 6.6 22 159  VTG-LLM 9.2 4.6 0.6 04 37
TimeChat [82]] 49.0 30.6 18.0 71 262 TimeChat [82]] 7.8 4.6 22 08 38
LITA 50.9 25.0 8.8 43 222 LITA 12.6 44 1.0 04 4.6
E.T. Chat (Ours) ‘ 69.1 44.9 27.7 129 38.7 E.T. Chat (Ours) ‘ 21.6 12.4 5.2 1.6 10.2

Table 22: Performance under different IoU thresholds on [TAL].

Method | F1@0.1 F1@0.3 F1@0.5 F1@0.7 Fl1

Image-LLMs: 8 uniformly sampled frames as inputs

LLaVA-1.5 17.3 9.4 33 1.1 7.8
LLaVA-InternLM?2 [11] 0.8 0.2 0.0 0.0 0.3
mPLUG-OwI2 [103] 6.7 3.8 1.3 0.4 3.0
XComposer [T1T] 22.0 12.2 45 0.9 9.9
Bunny-Llama3-V 12.1 59 1.5 0.9 5.1
MiniCPM-V-2.5 9.6 5.0 23 0.7 4.4
Qwen-VL-Chat [6] 22.6 13.3 53 1.5 10.7

Video-LLMs: each model’s default numbers of frames as inputs

Video-ChatGPT 32.6 18.7 6.8 2.1 15.1
Video-LLaVA [53] 32.6 18.8 6.8 2.0 15.0
LLaMA-VID 17.8 10.0 35 0.8 8.0
Video-LLaMA-2 [110] 0.1 0.0 0.0 0.0 0.0
PLLaVA 13.5 6.6 2.3 0.4 5.7
VTimeLLM [33] 39.3 219 9.0 27 182
VTG-LLM [28] 35.1 15.3 5.4 2.0 14.4
TimeChat 24.8 10.2 4.0 1.4 10.1
LITA [34)] 422 18.5 8.0 32 18.0
E.T. Chat (Ours) | 59.2 333 20.2 103 308

Table 23: Performance under more metrics on [DVC].

Method ‘ F1@0.1 F1@0.3 F1@0.5 F1@0.7 F1 METEOR Rouge-L CIDEr Sim
Image-LLMs: 8 uniformly sampled frames as inputs

LLaVA-1.5 [58] 29.6 17.0 7.9 33 14.5 0.9 1.8 2.1 11.5
LLaVA-InternLM2 [1T] 36.1 204 8.3 3.0 16.9 1.0 1.6 1.6 8.5

mPLUG-OwI2 [103] 0.2 0.0 0.0 0.0 0.1 0.0 0.0 0.0 8.1

XComposer 12.8 5.8 2.5 0.6 5.4 0.6 0.9 0.1 59

Bunny-Llama3-V 32.1 15.2 5.1 1.8 13.5 0.9 1.6 2.2 8.8

MiniCPM-V-2.5 15.7 6.2 2.4 0.7 6.2 1.0 1.4 0.2 11.8
Qwen-VL-Chat 39.6 20.4 6.9 2.6 17.4 1.3 22 2.7 13.8
Video-LLMs: each model’s default numbers of frames as inputs

Video-ChatGPT 189 10.8 4.3 1.2 8.8 L1 2.0 26 113
Video-LLaVA [53] 54.6 33.0 16.6 7.7 28.0 1.4 2.7 2.1 15.0
LLaMA-VID [51] 50.8 32.6 16.8 8.2 27.1 0.9 1.9 1.2 12.6
Video-LLaMA-2 [110] 1.2 0.7 0.6 0.0 0.6 0.0 0.0 0.0 14.5
PLLaVA [104] 29.3 15.9 6.1 2.0 13.3 1.3 2.4 3.7 10.6
VTimeLLM [33] 28.1 13.7 6.1 1.8 12.4 1.5 29 2.4 13.1
VTG-LLM 81.0 51.6 22.0 6.2 40.2 2.8 5.2 85 18.6
TimeChat [82] 413 17.2 6.1 1.9 16.6 1.7 33 3.5 12.5
LITA [34] 78.5 49.2 23.5 7.6 39.7 33 52 7.6 17.2
E.T. Chat (Ours) ‘ 733 46.8 23.8 9.8 38.4 33 5.7 10.4 19.7

https://doi.org/10.52202/079017-1009 32101



Table 24: Performance under more metrics on [SLC].

Method ‘ F1@0.1 F1@0.3 F1@0.5 F1@0.7 F1 METEOR Rouge-L CIDEr Sim
Image-LLMs: 8 uniformly sampled frames as inputs

LLaVA-1.5 [538] 2.1 1.1 0.5 0.1 0.9 0.1 0.1 0.2 9.5
LLaVA-InternLM2 0.3 0.0 0.0 0.0 0.1 0.0 0.0 0.0 4.7
mPLUG-OwI2 0.1 0.1 0.0 0.0 0.1 0.0 0.0 0.0 7.7
XComposer [TT1] 59 3.4 1.1 0.4 2.7 0.3 0.3 0.0 9.0
Bunny-Llama3-V 0.2 0.1 0.0 0.0 0.1 0.0 0.0 0.0 7.6
MiniCPM-V-2.5 43 0.8 0.2 0.2 1.4 0.2 0.2 0.1 9.7
Qwen-VL-Chat 13.7 7.5 3.0 0.8 6.2 0.3 0.4 0.7 13.1
Video-LLMs: each model’s default numbers of frames as inputs

Video-ChatGPT 12.2 7.1 2.5 0.9 5.7 0.4 0.7 1.2 10.2
Video-LLaVA 1.8 1.1 0.5 0.2 0.9 0.0 0.0 0.1 8.3
LLaMA-VID [51] 14.0 4.6 1.7 0.6 52 0.2 0.3 0.3 11.1
Video-LLaMA-2 [T10] 0.2 0.0 0.0 0.0 0.0 0.2 0.5 0.4 15.2
PLLaVA [104] 222 11.3 43 1.1 9.7 0.7 1.1 2.5 11.8
VTimeLLM 19.1 10.4 4.1 1.4 8.7 0.4 0.6 0.9 6.4
VTG-LLM [28] 50.1 223 8.5 2.3 20.8 1.5 24 4.3 14.4
TimeChat [82] 15.9 4.7 1.5 0.4 5.6 0.6 1.0 1.2 9.2
LITA [34) 489 232 9.1 2.8 21.0 1.4 1.8 2.3 12.2
E.T. Chat (Ours) ‘ 45.8 28.8 15.8 7.2 24.4 2.4 3.2 6.2 14.6

Table 25: Performance under different IoU thresholds on [TEM] (left) and [GVQ] (right).

Method ‘ R@0.1 R@0.3 R@0.5 R@0.7 Rec Method ‘ R@0.1 R@0.3 R@0.5 R@(0.7 Rec
Image-LLMs: 8 uniformly sampled frames as inputs Image-LLMs: 8 uniformly sampled frames as inputs

LLaVA-1.5 [58] 16.0 9.5 4.2 1.1 7.7 LLaVA-1.5 [58] 0.0 0.0 0.0 00 0.0
LLaVA-InternLM2 [11] | 14.1 8.9 4.6 1.1 7.2 LLaVA-InternLM2 [I1] | 3.8 14 0.7 00 15
mPLUG-OwI2 [T03] 12.4 7.3 3.8 1.1 6.2 mPLUG-OwI2 [103] 0.0 0.0 0.0 0.0 0.0
XComposer [111]] 21.9 13.0 5.4 1.6 105 XComposer [111] 0.0 0.0 0.0 0.0 0.0
Bunny-Llama3-V [31]] 13.8 9.1 4.5 13 172 Bunny-Llama3-V [31]] 0.0 0.0 0.0 0.0 00
MiniCPM-V-2.5 1.5 0.7 0.5 02 07 MiniCPM-V-2.5 0.0 0.0 0.0 00 0.0
Qwen-VL-Chat [6] 7.7 35 1.3 04 32 Qwen-VL-Chat [6] 24 1.7 1.0 07 15
Video-LLMs: each model’s default numbers of frames as inputs Video-LLMs: each model’s default numbers of frames as inputs
Video-ChatGPT 32.1 18.9 9.6 27 159 Video-ChatGPT 0.0 0.0 0.0 00 0.0
Video-LLaVA 16.5 8.6 39 1.0 75 Video-LLaVA 0.3 0.0 0.0 00 0.1
LLaMA-VID [51] 14.7 8.5 3.7 1.1 7.0 LLaMA-VID 24 1.0 0.3 00 09
Video-LLaMA-2 [110] 0.0 0.0 0.0 00 00 Video-LLaMA-2 [110] 0.3 0.0 0.0 0.0 0.1
PLLaVA [104] 8.4 5.1 24 07 4.1 PLLaVA [104] 2.8 0.9 0.6 03 1.2
VTimeLLM [33] 16.1 75 2.7 0.9 6.8 VTimeLLM [33] 5.5 1.7 0.3 00 19
VTG-LLM [28] 17.4 10.9 52 2.1 8.9 VTG-LLM [28] 2.8 1.7 0.7 0.3 14
TimeChat 38.6 21.7 8.9 27 18.0 TimeChat [82]] 2.8 1.7 1.0 0.3 1.5
LITA [34] 404 158 6.2 1.8 160 LITA [34] 5.5 2.4 0.7 0.0 22
E.T. Chat (Ours) ‘ 36.9 20.2 6.7 20 165 E.T. Chat (Ours) ‘ 9.3 34 14 0.7 3.7
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The checklist follows the references. Please read the checklist guidelines carefully for information on
how to answer these questions. For each question, change the default [TODO] to [Yes] , , or
[N/A] . You are strongly encouraged to include a justification to your answer, either by referencing
the appropriate section of your paper or providing a brief inline description. For example:

* Did you include the license to the code and datasets? [Yes]
* Did you include the license to the code and datasets?
* Did you include the license to the code and datasets? [N/A]

Please do not modify the questions and only use the provided macros for your answers. Note that the
Checklist section does not count towards the page limit. In your paper, please delete this instructions
block and only keep the Checklist section heading above along with the questions/answers below.

1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]
(b) Did you describe the limitations of your work? [Yes]
(c) Did you discuss any potential negative societal impacts of your work? [Yes]
(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A]
(b) Did you include complete proofs of all theoretical results? [IN/A ]
3. If you ran experiments (e.g. for benchmarks)...
(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes]

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes]

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [IN/A]

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes]
4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes]
(b) Did you mention the license of the assets? [Yes]
(c) Did you include any new assets either in the supplemental material or as a URL? [N/A]

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [Yes]

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A |

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]
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