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Abstract— Automatic response generation of video comments
(RGVC) aims to generate a target reply to the content of the
target comment based on the video context. Existing works for
RGVC normally rely on large language models (LLMs), and
mostly neglect the importance of extracting key information from
both linguistic and visual perspectives. This limitation hinders
the deployment of fluent and targeted response generation
systems in real-world robotic and automated applications,
where computational efficiency and precision are essential. In
this work, we introduce a lightweight response agent with a
novel multimodal informative seeking approach (Mis), which
includes a Comment Context Retrieval (CCR) module and
a Key Vision Selection (KVS) module to simultaneously seek
essential information from both textual and visual modalities.
Specifically, the CCR module enriches the dialogue context by
retrieving relevant comments from other comment blocks, while
the KVS module utilizes a spatial-temporal Transformer with
cross-modal attention to highlight the most crucial information
in the video. Moreover, we also build a large-scale user-
level multimodal chitchat (UMC) dataset with exact comment-
response interactions to better investigate RGVC. Extensive
experiments demonstrate that our model effectively captures
human points of interest and generates more fluent and diverse
responses than state-of-the-art methods in both open and closed
resources. These attributes make MIS particularly suitable for
deployment in social robots, service automation, and other
interactive robotic systems requiring real-time visual and
linguistic inference.

I. INTRODUCTION

Automatic response generation of video comments (RGVC)
aims to generate replies to target comments based on video
context. This task holds significant application value in human-
robot interaction [1], [2], social companion systems [3], [4],
interactive marketing [5], [6], and service robotics [7], [8].
Recently, [9] proposed a benchmark dataset and a primary
response agent but still faces several challenges:

First, from textual perspective, the previous study nor-
mally uses an external general knowledge base to enhance text
representation capabilities [10]. However, such a large-scale
knowledge base with only general facts are often less relevant
to the RGVC task. Therefore, task-relevant knowledge should
be employed to augment textual representations. Second, from
visual perspective, the previous study usually uses the entire
video content as context for response generation. Comments
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Time
To video: He did not make contact with the ball again after the ball was slipped from his hand. The
dispute arises from the ball hitting the ground more than three times. (7

O To video: What kind of shoes are these? C2

To CI: Even if it touched the basketball a bit, it doesn't really count as dribbling. g7 @

[

{To RI: As long as it touches the ball, it definitely counts.. R2 }

[Ta R2: What you said was of no use, but in the end, it still has to be decided by the referee. R3

Fig. 1. An example of video comments and responses in real-world scenario.
In the video, two basketball players engage in a one-on-one basketball game
with a strict three-dribble limit per possession. They are disputing the number
of dribbles during a specific round. Below the video, different users post
their opinions or reply to specific users’ comments in different video blocks.

typically address specific parts of a video, involving multiple
topics [11], [12]. For example, in Figure 1, one comment
C1 focuses on the basketball game rules in the video, while
another comment C2 inquires about sneakers. Thus, using the
entire video content can lead to unnecessary computational
costs and noise towards the response generation of one specific
comment. Therefore, key chunks of videos and specific frame
regions should be selected. Third, from dataset perspective,
the previous benchmark dataset has vague correspondences
between comments and replies. For example, in Figure 1, R2
responds to R1 rather than the initial comment CI, yet pairs
like (C1, R2), (Cl, R3) and even (CI+C2, RI) are included
in the prior dataset, which complicates the model design
for response generation. Therefore, exact matched comment-
response pairs should be collected through meticulous human
verification. Finally, from real application perspective,
existing approaches normally rely on large language models
(LLMs) [13], [14], which are computationally intensive and
challenging to deploy in embedded systems or mobile robotic
platforms that require low latency and high efficiency.

To address these challenges, we propose a lightweight
response agent for video comments with both textual retrieval
and visual selection, termed multimodal informative seeking
(M1s). This is designed to be efficient and scalable, making it
suitable for robotic and automation applications. Additionally,
we collect a more accurate comment-response matching
dataset for RGVC evaluation, user-level multimodal chitchat
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(UMC). Specifically, our proposed agent involves: Feature
Processing: both textual and visual feature sequences are
extracted by light CLIP [15]. Textual Retrieval: a retrieval
strategy for the textual context (historical comment-response
pairs of a video) is proposed to capture pairs closely related
to the target comment, enhancing the representation of the
target comment. Visual Selection: Using the target comment
as a query, we leverage cross-modal attention to select
key visual information (video clips and frame regions).
Fusion and Response Generation: We fuse textual and visual
representations through a lightweight decoder to generate the
target response. In summary, our contributions are as follows:

e We propose MISs, the first lightweight agent to simul-
taneously seek informative parts of both textual and visual
modalities for RGVC, making it suitable for robotic and
automated interaction systems.

e We construct and manually verify a new RGVC dataset,
user-level multimodal chitchat (UMC), ensuring fully cor-
responding comments and responses and supporting further
development of human-robot interaction systems.

e We conduct systematic experiments and extensive
analyses on both previous and our datasets, validating the
effectiveness of response agent M1S. The key code fragments
and data examples are available in the anonymous project:
https://anonymous.4open.science/r/Mis-40F8/README.md.

II. RELATED WORK

Automatic Response generation for video comments
(RGVC) holds significant importance for enhancing inter-
active capabilities in robotic and automated systems [16],
[17], [18]. To our knowledge, [9] is the first to focus on
RGVC, but its limitations are noted in the introduction. Thus,
we cover relevant studies involving video and sentence inputs
expecting a response output.

A. Video Question Answering (VQA).

VQA is categorized into multiple-choice [19], [20] and
open-ended question answering [21]. The former simplifies
VQA into classifying answer options, while the latter gener-
ates answers. The representative model [21] uses optical flow
to select frames as visual context, combined with question
sentences for BLIP-based answer generation, which normally
cannot be applied into most data and time-consuming. Unlike
these, we adopt a hierarchical visual selection strategy to
refine visual context and retrieve relevant comment-reply
units from historical comments, enriching text semantics. This
not only reduces computational overhead but also enhances
semantic alignment—an essential feature for real-time robotic
applications.

B. Multimodal Dialogue Generation (MDG).

To simulate real life and achieve MDG, various models
are proposed to tackle multimodal dialogue challenges:
Maria [22] uses UniLM and object tags to enhance visual per-
ception, BLIP-2 [23] aligns visual and textual modalities with
Q-Former, and Video-LLaVA [24] combines video frames
and linguistic features efficiently. Unlike these, we target

video and one-on-one comment-response pair, not continuous
mixed conversations with multiple people. Additionally, we
avoid relying on resource-intensive large multimodal language
models, aiming for more efficient and specific performance in
RGVC. This aligns well with the requirements of embedded
and robotic systems.

III. METHODOLOGY

In this section, we first define the RGVC task, and then
describe our proposed MIS. Figure 2 provides an overview
of our approach, which comprises four main components:
input feature processing, comment context retrieval (CCR),
key vision selection (KVS), cross-modal decoder.

Task Definition. The goal of RGVC is to generate the
response R for a given video V' and a textual comment C,
formulated in an auto-regressive manner as follows:

l
P(R|V,C,0) = [ [ P(wilw<:, V., C,0) (1
i=1
where [ denotes the max length of the generated response R,
w; means the i-th word in R, and 6 is the set of trainable
parameters of the model.

A. Input Feature Processing

Visual Encoder. Given a video sample V', we first sample
T frames from this video using the average sampling method,
so that it can be represented as V € RTXHXWXN yith
T frames, N channels, height H and width W. We divide
the video into M chunks, each video chunk contains L =
[T/M] frames, where [-] denotes the ceiling function. For
each frame I, we extract both the global features and region
features with pre-trained vision-language Transformer, CLIP
[15]. Specifically, we first extract the features of the entire
frame as global features, the process can be formulated as:
XGlobal — £(T), where [ is the video frame, f, is the visual
extractor, and X 91" denotes the global features of frame I.

Subsequently, we split frame [ into B patches, represented
as I = {I',I?,...,IP}, and extract features from each patch
as region features, formulated as follows:

yRegion _ [fv(jl);fv(IQ);...;fv([B)} @

where I is the i-th patch of frame I, [;-] denotes the
concatenation function, and XRe€" represents the region
features of frame I.

Finally, we get the final features of frame I as follows:

X = [XGlobal; XRegion} (3)

Therefore, the video features we obtain can be represented
as X, € RMXLx(B+1)xD where D is the dimension of
video features.

Textual Encoder. We use CLIP to encode the information
from historical comment context. For each comment sentence
¢; = {e1,ea,...,em,}, we concatenate them with [SEP] and
format them as C = [c1, [SEP],cs,[SEP],...,c,], where
n denotes the number of historical context, m; is the token
length of sentence c;. We then feed the concatenated comment
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Fig. 2. The overall architecture of our proposed MI1s. The model’s workflow is structured into four steps: First, we segment the video into multiple chunks
and utilize a frozen vision-language Transformer to extract features for each frame. Second, we actively enhance the semantics of the historical context with
a comment context retrieval module. Third, a key vision selection module is employed to focus on vision areas that are most relevant to the target comment.
Finally, we deploy an auto-regressive decoder to formulate the target response based on the fused features of vision and text.

context C' into CLIP to obtain the text representation, which
can be formulated as:

5= fi(C) “4)

where f; is the frozen textual encoder, S denotes the extracted
text representation.

B. Comment Context Retrieval (CCR)

We believe that relying solely on the target comment
information within a single comment block beneath a video is
insufficient for comprehensive video understanding. Therefore,
the objective of the comment context retrieval module is to
filter out irrelevant historical comment-response blocks and
construct a smaller candidate set for target comment, thereby
enhancing the conversational context.

During the training process, we assume that different
comment blocks under the same video share the same context.
Consequently, for each video comment, we retrieve various
video comment blocks under the same video in the training
data by the nearest-neighbor algorithm, forming an external
comment-reply pair H. We define O = {01,09,...,0,} as
the set of comment contexts from other comment blocks
under the same video, where n is the number of different
blocks. To ensure the relevance of the retrieved dialogues
to the current target comment, we introduce a threshold, 7,
to determine whether the current sample requires contextual
semantic enhancement. Comment Context Retrieval on the
training process can be formulated as follows:

v; = STRANS(0;), Q = STRANS(Gtrqin) %)
argmax(v; - Q) if max (v;-Q)>T
0* = vzevn-m( Q) “iEVﬁ‘am( @ (6)
None otherwise

where STRANS denotes the Sentence Transformer, ggrqirn 1S
the current target comment, and Vi,qin = {v1,02,..., 0} is
the embedding set of all comment contexts from other blocks
under the same video.

Subsequently, we match the index o* with the highest
similarity to get the corresponding comment-reply pair H
and concatenate H with C' to obtain the semantically enriched
target comment context C' = [H; C], where C' is the initial
comment.

Since the different comment blocks under the same video
are unseen during the testing process, we also utilize the
nearest-neighbor algorithm to search the embedding space for
the Top-1 comment-reply pairs in the training data that are
close to the target comment of the test sample. We define Z =
{21, 22, ..., 2n} as the set of different comment contexts from
training data, where n is the number of different comment
blocks. Comment Context Retrieval on the testing process
can be formulated as follows:

v; = STRANS(2;), @ = STRANS(qtest) 7
arg max(v; - if max (v; - >
¥ = Ui%‘/tcst (v:-Q) ”16‘/“%-"( 9 (8)

None otherwise

where Viest = {v1,v2,...,0,} is the embedding set of all
comment contexts from training data.

After obtaining the semantically enriched comment C, we
encode it using a trainable textual encoder: E = ENCm(CA’),
where ENCyy is the trainable textual encoder, and £ denotes
the representation of semantically enriched comment, with a
dimensionality of Ds.

C. Key Vision Selection (KVS)

Chunk Selection (CS). Given the video features X, €
RM*Lx(B+1)xD “the goal of chunk selection is to identify
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the video chunks most relevant to target comments. Firstly,
we separate the global and regional features of the video,
and then perform spatial pooling on the global features to
derive the chunk features of the video. Specifically, let f/"
indicate the [-th frame feature in m-th chunk, and then obtain
the chunk features by performing spatial pooling on frame
features. The process can be formulated as follows:

f™ = Pooling(f1", f3", ..., fT') &)

where f™ is the m-th chunk features, and Pooling(-, )
denotes the mean pooling function here.

Given the chunk features F' = [f1; f?;...; fM], region
features XRegion historical context features S, and seman-
tically enriched historical context features E, we initially
apply cross-attention between the chunk features F' and initial
target comment features S. Subsequently, we implement
a differentiable top-k feature selection process on XRegion,
which can be formulated as follows:

Q = ¢9(S)7K = ¢f(F)7V — XRegion
KT
X¢s = SELECTOR(softmax ( ), V)

Top,, \/ﬁ
where ¢, and ¢ are fully connected layers, Selector is a
differentiable top-k selection function implemented with the
Gumbel-Softmax trick [25]. X represents the chunk-selected
features resampled from multiple video blocks, which can be
described as X, € RToPrXLxBxD
Region Selection (RS). For the [-th frame within the chunk-
selected features X, which comprises B patch-level region
features, we aim to further select the region features most
relevant to the initial comment features S, the process is
formulated as follows:

(10)

(I

Q:¢s’(5)v K:¢w(Xcs)7

X SELESTOR(mﬁUnax(V&ﬁ;
where ¢4 and ¢, are fully-connected layers. X represents
the region-selected features resampled from multiple frame
patches and can be expressed as X, € RToPr*LxTop;xD

We then flatten the region-selected features and concatenate
them with the chunk features I, and obtain the final visual
representation Xyis by projecting concatenated visual features
into text token space.

Xea = [F§ er]; Xyis = ¢f (Xcat)
D. Cross Modal Decoder

Our model is based on the Encoder-Decoder paradigm,
where it fuses semantically enhanced textual features with
selected key vision features, formulated as:

Xsrc = [E;Xvis} (15)

In this setup, the target response is defined as ¥ =
{y1,Y2,--.,Yn}. The cross-modal decoder then generates
the responses in an auto-regressive manner. We optimize the
model using the cross-entropy loss as:

Lgen =

V=X

v

(12)

(13)

(14)

_EyiNYlogp(yi‘y<i7Xsrc) (16)

IV. EXPERIMENTATION
A. Experimental Setting

Dataset. We evaluate models on the TikTalk dataset [9],
which comprises 38K videos and 367K conversations sourced
from DouYin. The dataset is divided into training, validation,
and test sets, containing 35703, 1000, and 2000 videos
respectively. Following [9], we eliminate the videos with
corrupted formats and finally obtain the dialogue counts:
418 341 for the training set, 1402 for the validation set, and
2827 for the test set.

For our UMC dataset, we collect 22766 videos from
DouYin' and extract a total of 307000 user-level conver-
sations from various video comment blocks. As the same
with [9], we ensure each conversation in the validation and test
sets includes at least five ground-truth responses. The dataset
is divided into 300000 training samples, 2000 validation
samples, and 5000 test samples, respectively.

Metrics. We evaluate our models using both automatic
metrics and human evaluation.

For automatic metrics. We utilize BLEU [26], ROUGE [27]
and CIDEr [28] to assess the similarity and relevance of
generated responses to reference responses. Additionally, we
adopt Distinct [29] to measure the diversity of generated
responses. We compute the metrics individually for each
ground-truth response and then average the results to obtain
the final metrics for each conversation. We adopt the public
NLG evaluation code? to calculate these metrics.

For human evaluation. Following [9], we define three
distinct dimensions to evaluate generated responses: 1) Sen-
sibleness (assessing whether the model-generated responses
are fluent and diverse, avoiding simple phrases like “me
too” and ensuring they are not mere imitations of previous
comments), 2) empathy (evaluating whether the model-
generated responses resonate empathetically with humans
and are not easily discerned as Al-generated responses.) and
3) the overall quality based on the first two aspects.

We randomly sample 100 instances from the test set of
the TikTalk dataset to form a questionnaire and invite 25
annotators to conduct manual evaluations according to the
above three criteria on a crowdsourcing platform. After that,
we weight the annotators’ rankings of the quality of model
responses and scale the scores of each aspect to 5.

B. Baselines and Implementation Details

We conduct experiments with ten competitive models,
including three textual modal models and seven multimodal
models.

For Textual Baselines. Following [9], we adopt DialoGPT
[30] and ChatGLM-6B [31] as textual baselines and addition-
ally introduce Qwenl1.5-Chat models with different parameter
size [32].

For Multimodal Baselines. In addition to Livebot [33],
BLIP-2 [23], and the SOTA Maria+C3KG [9] established
by the TikTalk benchmark, we also introduce Mist (A

Uhttps://www.douyin.com
Zhttps://github.com/Maluuba/nlg-eval
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Type Model BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDEr |Dist-1 Dist-2 Dist-3
DialoGPT [30] 1.78 1.01 0.35 8.62 12.76 | 5.03 24.89 45.35
Textual ChatGLM-6B [31] 1.32 0.48 0.15 7.24 9.04 | 417 27.77 50.22
Qwenl.5-1.8B-Chat [32]| 3.69 1.88 0.90 11.63 2125 | 375 26.85 45.64
Qwenl.5-7B-Chat [32] 3.94 2.03 0.96 12.16 23.16 | 426 29.94 50.85
Livebot [33] 2.15 1.16 0.35 9.88 13.68 | 444 2141 3934
BLIP-2_Img* [23] 3.42 - 0.87 8.34 12.05 - 38.40 64.63
BLIP-2_Video* [23] 3.41 - 0.75 11.60 26.19 - 3732 62.44
Multimodal MIST [20] 248 0.90 0.35 10.66 9.89 | 248 18.63 36.28
Qwen2-VL" [34] 1.95 0.54 0.18 8.41 417 | 1.65 2242 47.74
GPT-40" [35] 2.78 0.92 0.36 10.08 690 | 295 3520 65.63
Maria+C3*KG [9] 4.68 1.95 0.88 13.69 2047 | 2.81 2278 43.54
Maria+CCR 4.79 2.24 1.13 13.26 19.79 | 276 2441 4731
Mis (Ours) 5.37 2.68 1.34 14.11 29.85| 426 36.13 62.02
Mis (w/o Video) 5.01 2.54 1.27 13.61 29.12 | 453 3591 60.86
Mis (w/o CCR) 5.17 2.57 1.24 14.01 27.79 | 413 34.86 60.75
Ablations Mis (w/o CS) 5.18 2.54 1.23 13.85 28.88 | 4.18 34.08 57.88
Mis (w/o RS) 4.96 2.44 1.14 13.54 26.78 | 3.87 31.29 53.92
Mis (w/o CS & RS) 3.88 1.73 0.89 11.66 21.86 | 2.87 28.06 51.53

TABLE I

THE PERFORMANCE COMPARISON OF DIFFERENT BASELINES AND OUR APPROACH ON TIKTALK DATASET. RESULTS MARKED WITH AN ASTERISK (¥)

ARE TAKEN FROM [9]. MODELS MARKED WITH A CARET () REPRESENT ZERO-SHOT SETTING.

multi-modal iterative spatial-temporal transformer framework
for long-form video question answering [20]), Qwen2-VL
(A large multimodal model capable of dynamic resolution
processing and long video understanding [34]), and GPT-
40 (about 200B parameters, as the SOTA in closed source
models [35]) as multimodal baseline models. Furthermore,
we design a variant of Maria+C3KG, called Maria+CCR, to
test the effectiveness of our CCR.

For our approach, the historical context representation
and visual representation for the vision selection module are
extracted by the ViT-B/16 version of pre-trained ChineseCLip.
Other hyperparameters can refer to Appendix.

C. Main Results

We conduct comprehensive experiments in the TikTalk
dataset. Due to the limit of computing resources and time, we
select the top four well-performing models and their variants
to conduct experiments on our proposed dataset UMC.

On TikTalk Dataset. As depicted in Table I, we can find
that each baseline has an advantage in a small number of
metrics, but does not exhibit a clear pattern of advantages.
Among them, in most cases, due to extremely large parameter
size, text-based large language models (LLMs, like Qwen)
show superior performance than prior multimodal models
(e.g., Livebot, MIST). To our surprise, the mainstream
multimodal large language model (Qwen2-VL) struggles
to grasp the key points in videos and tend to merely echo
the user’s comments. Although GPT-40 has a larger scale,
it performs poorly due to the inability to fine-tune the
closed source model. Compared to generation models in
various multimodal scenarios that have emerged recently,
Maria+C3KG as SOTA for RGVC performs poorly on many
cases, however, it still outperforms other baselines on common
metrics: BLEU-2 and ROUGE-L. The above phenomenon
indicates that it is necessary to design a new approach for

RGVC to improve response generation quality in various
metrics. Through the results in Table I, we observe that
our model MIS surpasses all mainstream baselines (Livebot,
Maria+C3KG) and even LLMs (Qwen, BLIP-2-7B, Qwen2-
VL-72B GPT-40-200B) in all metrics except Dist. While our
proposed agent built on BART only has a parameter count of
only 0.1B. This is mainly due to our proposed informative
seeking strategies on different modalities simultaneously.
Therefore, the proposed agent Mis possesses a lightweight
nature, enabling it to achieve the intended performance
objectives with extremely low resource overhead. Accordingly,
the agent exhibits remarkable ease of deployment across
multiple scenarios, and is particularly suitable for resource-
constrained mobile scenarios.

Additionally, in terms of diversity metrics (Dist), this is
only a small aspect of evaluating the quality of responses. As
is well known, LLMs can generate diverse responses due to
their large number of parameters and large scale of pre-trained
corpus. Especially like BLIP-2, which incorporates a large
amount of video information during pre-training. But they
did not perform the best on other metrics. So just because
the Dist metric is outstanding, the generation quality may
not be good. For specific examples, please refer to the case
study.

On our UMC Dataset. To assess the robustness and
reliability of our MIS, we conduct additional experiments
using our UMC dataset. This new dataset includes 5000
user-level test samples, as opposed to only 2827 non-user-
level test samples in the TikTalk dataset, which makes our
experimental results more convincing. As shown in Table
II, our proposed MIS outperforms other strong baselines
on all metrics. We additionally replace the knowledge graph
component in Maria+C3KG with our proposed retrieval-based
CCR module. As a result, we observe improvements in both
similarity and diversity metrics for this variant Maria+CCR
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Type Model BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDEr |Dist-1 Dist-2 Dist-3
Textual | Qwenl.5-7B-Chat [32]| 4.32 247 1.58 11.64 3271 | 280 20.12 33.71
BLIP-2_Img [23] 1.95 0.82 0.43 6.77 596 | 1.72 26.16 50.55
BLIP-2_Video [23] 2.13 0.90 0.46 7.26 733 | 1.81 2697 5246
Multimodal Maria+C3KG [9] 4.61 2.18 1.34 12.74 2464 | 1.96 1857 37.60
Maria+CCR 4.70 2.49 1.56 12.76 30.51 | 279 24.00 44.13
Mis (Ours) 5.34 2.87 1.86 13.36 34.53| 3.17 31.81 58.28
Mis (w/o Video) 491 2.56 1.61 12.78 31.38 | 3.10 31.24 57.40
Mis (w/o CCR) 5.32 2.81 1.75 13.30 32.84 | 299 31.07 57.60
Ablations Mis (w/o CS) 5.10 2.69 1.69 12.95 3223 | 295 29.11 53.65
Mis (w/o RS) 5.00 2.66 1.68 12.85 31.89 | 3.03 3096 57.95
Mis (w/o CS & RS) 4.92 2.59 1.61 12.69 3037 | 2.82 28.72 53.40

TABLE I

THE PERFORMANCE COMPARISON OF THE TOP FOUR MODELS AND THEIR VARIANTS ON OUR UMC DATASET.
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Model Perspective
Sensibleness Empathy  Overall

Qwenl1.5-7B-Chat 0.61 0.62 0.68

Maria+C3KG 0.51 0.52 0.51

GPT-40 1.29 1.16 1.20

Mis (Ours) 1.16 1.19 1.15

TABLE III

PERFORMANCE OF THE TOP FOUR MODELS IN HUMAN EVALUATION.

compared to Maria+C3KG. Additionally, experimental results
on diversity metrics demonstrate that our method not only
generates more diverse responses but also proves to be more
robust compared to other models when using user-level
comment-response matching dataset.

D. Analysis and Discussion

Ablation Study. We evaluate the performance of MIS
by removing video modality (w/o Video), removing CCR
only (w/o CCR), removing chunk selection only (w/o CS),
removing region selection only (w/o RS), and removing
both CS and RS (w/o CS&RS, i.e., without KVS). The
results of our ablated approaches are presented in the last
five rows of Table I and II. From these tables, we can
find that discarding any module in our approach results in
varying degrees of performance degradation. Interestingly,

Settings
£ topk=2 top =8
B topk=2 top|=10
N topks 2 topj=12

ib) Di

12
o8
uo|l f—| | L

Diffarent Settings

ion of BLEU-4 Scores Across Different Top-K and Top-] Configurations in Mis.

3 topk=4.top|=8
B topk=4.topj=10
B topks4 top|=13

BLEU- Score
b

= twpk=6 topj=8
B topk=0,topj=10
- k=6 topj=12

Settings
£ twpk=2.topj=8
B topk=2 topj=10
E topk=2topj=12

dy of DIST-3 Scores Across Different Top-K and Top-] © in Mis

00
E15
E5.0

s
g e2s
5 1
" 800 P
b os1s
a
55.0
525
200 = i« S

Different Settings

=3 wok=d.topi=8
B wok=d topj=10
I topk=4 topy=12

3 topk=6.top|=8
B topk=6 topj=10
. opk=t topi=17

Performance of Similarity and Diversity Metrics Across Different Top-K and Top-J Settings.

removing KVS (w/o CS&RS) results in higher performance
loss compared to removing all visual features (w/o Video)
regarding the ROUGE-L and CIDEr metrics on both datasets.
This precisely indicates that using visual features directly will
bring apparent noise, indicating the necessity of designing our
KVS. This also confirms our motivation in our introduction.

Human Evaluation. For a fair comparison, we mainly
conduct human evaluation on the public dataset TikTalk.
From the results depicted in Table III, we can observe that:
1) Relying on its strong memory and expressive capabilities
(parameters) to handle diverse and noisy user comments, GPT-
40 achieves the highest overall quality in response generation.
This also suggests that due to the divergent nature of GPT-40’s
responses, its automatic evaluation scores based on n-gram
matching (BLEU) are relatively low, highlighting the necessity
of reasonable manual evaluations. 2) From an empathy
perspective, our proposed Mis obtain the highest scores,
possibly because GPT-4o still tends to generate objective
responses, making it easier to label as “Al-generated”. 3)
Regarding all aspects of human evaluation, our Mis performs
much better than SOTA Maria+C3KG and 7B LLM Qwen,
almost comparable to GPT-40, which reveals the excellent
ability of our Mis for RGVC task.

Computational Complexity. We assume 7' frames are
extracted, with BLIP-2 using 32 tokens for visual selection.
BLIP-2 extracts image features as N x Dy, where N is the
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Input Comment

Has anyone seen {Les Choristes) ?

CCR: History: (Les Choristes) is one of the best movies | have ever seen

c3kaG: Thinking about the last place they saw & | don't know where it will be
&
esponse: My elementary school teacher recommended it a decade ago.

Ground-Truth:

Maria+C3KG: Ihave also seen {Les Choristes) before.
Qwen7B: I've watched it, and it's really good.
BLIP: {Les Choristes) is a film directed by French director Christophe Barratier.
MIS (Ours): One of the best movies! My elementary school teacher recommended it to us,
and I still remember it vividly!
This movie is excellent! I have already watched it four times, and I love it so much!

(b) Input Comment

The whole Guangdong is raining without letting Zhanjiang know.

@ Habha, is this true?
DialoGPT: So cute!
ChatGLM: I am getting older.
Qwenl.8B: It's the same over here.
Qwen7B: Really, it rained as soon as I stepped out today.

Livebot: Guangdong is the same.

MIST: Hahahahaha.

Qwen2-VL: The whole Guangdong is raining without letting Zhanjiang Know.
GPT-40: Haha, friends is Zhanjiang, be careful not to be left out!

CCR : History : It rained all day in Guangdong today

9KG: China & Guangdong & Overseas Chinese
&
esponse. | am at Shenzhen.

Maria+C3KGi Is it true that it's raining in Guangdong too?
MIS (Ours): Really, it has been raining for a week here, but Zhanjiang has no rain.
Ground-Truth: Zhanjiang is so hot, I don't want to leave the air conditioning for a second.

Fig. 4. Two cases in (a) UMC and (b) TikTalk datasets, predicted by different models, respectively. We only provide two chunks and several regions with
red boxes that our MIS focuses on for each case on the left due to the space limit. C3KG denotes the relevant knowledge used by SOTA Maria+C3KG and

CCR denotes the retrieved relevant context by our MIS.

patch number and D, is the corresponding dimension in BLIP-
2. Consistent with the symbols used in this paper, MIS selects
TopK among M video chunks and TopJ among K patches,
where each video chunk contains L frames. The image
features in MIS correspond to dimension D, where D <D;.
For BLIP-2, it uses 32 randomly initialized tokens to perform
cross-attention queries on image features, known as Q-Former.
Its time complexity is O(T x64x N x D1). For MIS, its visual
selection stage is divided into chunk selection and region
selection stages. In chunk selection, its selection time com-
plexity is O(2xTopK xT x Bx D). In region selection, its
selection time complexity is O(2xTopK xTopJ x Lx Bx D).
Therefore, the total time complexity of MIS’s selection
process is O((T+ LxTopJ) x (2x TopK x B x D)), where
(NxDq) ~ 8 x (2xTopKxBxD) and (T'x64) ~ 20 x
(T + LxTopJ), which is lower than BLIP-2. Furthermore,
with a parameter count of only 0.1 billion, our agent is
significantly smaller in scale compared to existing large
language model (LLM)-based response agents (e.g., GPT-
40 with 200B parameters). This indicates that our agent is
lightweight, capable of achieving the desired performance
with minimal resource consumption. Thus, it can be easily
deployed across various scenarios, particularly on mobile
devices.

Effect of Different X' and J in KVS. As illustrated
in Figure 3, we report the different settings of the selected
chunks (K) and regions (J) in our KVS module. From this
figure, we can observe that setting a specific set of K (=4)
and J (=10) can achieve balanced results, while other settings,
although they can achieve better results in several cases, are
not the best.

Case Study. We present two examples in Figure 4,
including the two main visual chunks, several attracted
regions with red boxes, input comments, and response results
generated by mainstream competitive methods. From case
(a), we can see that our MIS can effectively capture the face

region in the second chunk, which is a famous movie star,
and can help us generate movie-related responses. Besides,
we also retrieved comments and replies related to the input
comment, further enhancing the multimodal representation for
RGVC. Compared to other strong baselines, our response is
clearly more reasonable. Additionally, from case (b), we can
observe that although multiple patches are visually noticed
(three red boxes), resulting in less visual gain, we can still rely
on comment context retrieval to enhance input information
and improve response quality. The generated results precisely
support our inference: our agent‘s auto response delves deeper
into the comments and provides more detailed content, like
“raining for a week” and “Zhanjiang”. Therefore, even if the
Dist metric of a model is high, it cannot indicate that its
response aligns with human preferences.

V. CONCLUSION

We propose MIS, a automatic response agent for video
comment, and build a user-level multimodal chitchat dataset
UMC with matching comment-response pairs. Our MIS can
simultaneously capture comment-relevant points in videos
(KVS) and augment textual information with related histori-
cal context (CCR). Extensive experiments demonstrate the
effectiveness of our MI1S and the necessity of our collected
UMC dataset.
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