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Abstract

We introduce DanmakuTPPBench, a comprehensive benchmark designed to ad-
vance multi-modal Temporal Point Process (TPP) modeling in the era of Large
Language Models (LLMs). While TPPs have been widely studied for modeling
temporal event sequences, existing datasets are predominantly unimodal, hindering
progress in models that require joint reasoning over temporal, textual, and visual
information. To address this gap, DanmakuTPPBench comprises two comple-
mentary components: (1) DanmakuTPP-Events, a novel dataset derived from the
Bilibili video platform, where user-generated bullet comments (Danmaku) nat-
urally form multi-modal events annotated with precise timestamps, rich textual
content, and corresponding video frames; (2) DanmakuTPP-QA, a challenging
question-answering dataset constructed via a novel multi-agent pipeline powered
by state-of-the-art LLMs and multi-modal LLMs (MLLMs), targeting complex
temporal-textual-visual reasoning. We conduct extensive evaluations using both
classical TPP models and recent MLLMs, revealing significant performance gaps
and limitations in current methods’ ability to model multi-modal event dynamics.
Our benchmark establishes strong baselines and calls for further integration of
TPP modeling into the multi-modal language modeling landscape. Project page:
https://github.com/FRENKIE- CHIANG/DanmakuTPPBench!

1 Introduction

Temporal Point Processes (TPPs) offer a powerful framework for modeling event sequences in
continuous time and have shown effectiveness across a wide range of domains, including social
media activity prediction, healthcare monitoring, earthquake modeling, and financial transaction
analysis [21} 14} 16} 8}, [12] 2l]. However, conventional TPP models often struggle to capture the rich
multi-modal patterns and contextual dependencies present in real-world event streams. Meanwhile,
Large Language Models (LLMs) and Multi-modal LLMs (MLLMs) have recently achieved impressive
success across various tasks [[24} [1}[11]. Integrating TPP modeling into these architectures presents
a promising yet largely underexplored direction, with the potential to enhance temporal reasoning
capabilities and unlock novel downstream applications [[19, (16} 26].

Existing TPP datasets [22, 37 31]] were not designed with multi-modality in mind, resulting in a
critical gap in benchmark resources for evaluating multi-modal TPP models. Most current datasets
focus exclusively on temporal and categorical event attributes, overlooking the rich contextual
information—such as text and visual signals—that frequently accompanies real-world event streams.
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Figure 1: Introduction to Danmaku TPP data. (a) Comparison between conventional video viewing
and Danmaku viewing experience. Danmaku appears as overlaid text messages at specific timestamps
during video playback, creating a multi-modal TPP. The example shows comments from an esports
video with timestamps. (b) Danmaku event types identified in our dataset.

This limitation constrains progress in developing models capable of joint reasoning across temporal,
textual, and visual modalities. To address this gap, we propose DanmakuTPPBench, a new benchmark
comprising two datasets: DanmakuTPP-Events, for conventional multi-modal TPP modeling, and
DanmakuTPP-QA, a novel question-answering dataset designed to assess deeper temporal and
cross-modal understanding.

We first introduce DanmakuTPP-Events, a novel multi-modal TPP dataset constructed from Bilibili’s
Danmaku (real-time bullet comment) system. Danmaku refers to user-generated comments that
appear as overlaid text at specific timestamps during video playback, creating an interactive and
communal viewing experience, as illustrated in Fig.[T] (a). As one of China’s leading video-sharing
platforms, Bilibili offers an ideal source for TPP data—each Danmaku comment naturally forms an
event with precise temporal alignment, rich textual content, and visual context from video frames.
This makes it a native setting for modeling temporal, textual, and visual modalities in combination.
The resulting dataset contains 7,250 TPP sequences and over 10.8 million Danmaku events.

While MLLMs excel at integrating diverse modalities and generating fluent textual responses, their
ability to understand and reason about temporal point processes remains largely unexplored. To
address this gap, we introduce DanmakuTPP-QA, a question-answering dataset built on top of
DanmakuTPP-Events, specifically designed to evaluate temporal-visual-textual reasoning. We de-
velop a novel multi-agent pipeline that leverages state-of-the-art LLMs and MLLMs—such as
Deepseek-R1 [7] for task generation and Qwen2.5-VL [32] for visual understanding—to auto-
matically construct 10 diverse evaluation tasks. The resulting dataset comprises a wide range of
challenging open-ended and closed-ended questions, requiring fine-grained, multi-modal reasoning
grounded in temporal dynamics.

Through extensive evaluation of both conventional TPP models and state-of-the-art MLLMs, we
show that our benchmark poses significant challenges to existing approaches. The results highlight
substantial room for improving how language models understand temporal point processes and
perform integrated temporal reasoning across modalities.

With the introduction of DanmakuTPPBench, our contributions are threefold:

(1) We present DanmakuTPP-Events, the first multi-modal TPP dataset that jointly captures temporal,
textual, and visual information from synchronized user comments and video content.

(2) We construct DanmakuTPP-QA, a challenging question-answering benchmark generated via a
novel LLM-powered multi-agent pipeline to assess temporal-visual-textual reasoning.

(3) We conduct comprehensive benchmark evaluations, uncovering key limitations in existing models
and establishing strong baselines to guide future research in multi-modal TPP modeling.



Table 1: Comparison between prior TPP datasets and our proposed DanmakuTPPBench. K denotes
the number of event types, L.  stands for the average TPP sequence length. The Danmaku event
types identified in our dataset are illustrated in Fig. [T] (b)

Dataset Seq.No. K L,,, TextMark ImageMark QA
Retweet [38]] 12,055 3 70 X X X
Stackoverflow [13]] 2,200 22 65 X X X
Taobao [30] 2,000 17 150 X X X
Taxi [29] 2,000 10 37 X X X
ActiveRT [23]] 39,970 - 197 X X X
RNCNIX [15] 8,129,126 2 7 X X
Amazon Review [22]] 6,019 24 27 X X
DanmakuTPP-Events 7,250 9 1494 X

DanmakuTPP-QA 2,605 9 967 (10 tasks)

2 Related Works

We summarize widely used datasets for TPP modeling in Table[I] These datasets primarily focus
on capturing temporal patterns and event types across various application domains. The Retweet
dataset [38] contains user retweet sequences, categorized into three groups based on follower counts.
The StackOverflow dataset [13]] records user badge-awarding events with 22 distinct badge types.
The Taobao dataset [30] captures user click behavior across 17 item categories, while the Taxi
dataset [29] logs pick-up and drop-off events in New York City, categorized into 10 location-based
event types. Although these datasets provide valuable temporal signals, they lack multi-modal context.
The ActiveRT dataset [[25]] contains tweets linking to YouTube videos collected over six months,
introducing some content-level variation. The RNCNIX[15] and Amazon Review[22] datasets
incorporate textual information—news articles and customer reviews, respectively—offering partial
multi-modality. However, these datasets still lack visual components, limiting their applicability
for modeling richly contextualized event sequences. In contrast, our proposed DanmakuTPP-
Events dataset is the first to natively integrate temporal, textual, and visual modalities by leveraging
timestamped user comments overlaid on video content. This enables more comprehensive multi-
modal TPP modeling in a naturally aligned setting.

To the best of our knowledge, no existing benchmark provides a question-answering (QA) dataset
specifically designed for TPPs. However, recent efforts in time series analysis—a closely related
domain—have begun to explore QA-based evaluation. For example, Kong et al. [17] proposed
TSQA, a large-scale dataset comprising approximately 200k QA pairs across diverse time series
domains such as weather and traffic. Similarly, ECG-QA [23] targets electrocardiogram interpretation
through expert-validated QA pairs covering clinically relevant topics. Building on these ideas, we
introduce DanmakuTPP-QA, a novel QA benchmark that goes beyond conventional TPP modeling
to assess temporal-visual-textual reasoning capabilities. It comprises 10 diverse task types designed
to challenge and evaluate the ability of language models to integrate information across multiple
modalities—addressing a significant gap in current TPP benchmarks.

3 DanmakuTPPBench

To bridge the gap in multi-modal TPP datasets and address the limited progress in TPP under-
standing, we introduce DanmakuTPPBench—the first comprehensive benchmark supporting both
multi-modal TPP modeling and multi-task TPP understanding. DanmakuTPPBench comprises two
complementary components: (1) DanmakuTPP-Events, a dataset for conventional TPP modeling;
and (2) DanmakuTPP-QA, a curated benchmark designed to evaluate TPP understanding via a suite
of QA tasks. In this section, we describe the construction pipeline and design principles behind
DanmakuTPPBench in detail.
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Figure 2: Statistics of DanmakuTPP-Events dataset. (a) The proportion of TPP data for video topics.
(b) Distribution of video durations. (c) Distribution of Danmaku event count.

3.1 Construction of DanmakuTPP-Events Dataset

Data Collection. We select Danmaku data as the foundation for our benchmark, as it inherently
represents a multi-modal temporal point process. The Danmaku system enables users to post live
comments that are overlaid on video playback at specific timestamps, naturally forming temporal
events enriched with textual content and corresponding video frames. This seamless integration of
temporal, textual, and visual modalities provides a unique opportunity to study complex interactions
between user engagement patterns and rich contextual signals—an aspect that traditional TPP datasets
fail to capture.

videos with Danmaku comments. We manually collect all videos posted by the top 100 most
popular creators on Bilibili in 2024ﬂ resulting in a total of 7,250 videos. From these videos, we
construct a large-scale multi-modal TPP dataset, DanmakuTPP-Events, which includes 10,820,790
Danmaku events. Formally, for a given video v, the Danmaku sequence is represented as H, =

text
i

image

N . .
i °),;_1» Where each event i comprises a timestamp ¢;, event type e;, a textual mark

a,

(tiaeivm , M

mX, and an associated video frame miim £, We preprocess and format the dataset following the

protocol established in [31].

Ethical Issues. During the data collection process, we strictly adhered to Bilibili’s Terms of Service
and only collected data from publicly available videos that did not require any login or authentication.
Furthermore, regarding data privacy and user anonymization, all Danmaku comments in the interactive
videos are entirely dissociated from any identifiable user information. The dataset we constructed
contains only Danmaku text, temporal sequences, and video frames, and excludes any user account
details, personally identifiable information (PII), or other privacy-sensitive content. Finally, to
mitigate potential harassment or harmful content that may exist in raw data from the video platform,
we proactively implemented multiple methodological precautions to ensure ethical compliance, as
detailed in the Appendix [A]

Data Statistics. As shown in Fig. 2] (a), DanmakuTPP-Events spans fourteen distinct video categories.
Gaming constitutes the largest share (23%), followed by education (18%), lifestyle (12%), and
animation (10%). This diverse topical distribution ensures broad domain coverage, enhancing the
dataset’s ecological validity for TPP modeling.

Fig. 2] (b) presents the distribution of video durations, revealing that most videos fall within the 0—500
second range. The distribution exhibits a long-tail pattern, with a small number of videos exceeding
1000 seconds and a few reaching up to 5000 seconds. These variations introduce significant diversity
in the temporal structure of Danmaku activity.

Fig.[2|(c) shows the distribution of Danmaku comment counts per video. While the majority of videos
receive 500-2000 comments, there are pronounced peaks around 1000 and 3500, with some videos

2The full list of creators is available at https://www.bilibili.com/BPU2024/
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Figure 3: Multi-agent framework for automated construction of DanmakuTPP-QA. The framework
consists of five main components: (1) DanmakuTPP-Events (top left) containing synchronized video
frames, timestamps, and user comments; (2) Task-Design Agent employing a reasoning LLM to
generate diverse evaluation tasks; (3) Annotation Agent Group extracting object tags, image captions,
sentiment polarity, and event types; (4) Quality-Control Agent implementing consensus strategies to
refine annotations through majority voting and gap filling; (5) Task-Solve Agent Group solving the
designed tasks based on multi-modal inputs. This framework enables the creation of DanmakuTP P-
QA covering multiple tasks with ground truths.

attracting 8000-10000 comments. This wide variation in comment density gives rise to a rich variety
of temporal patterns, ranging from dense comment bursts to more dispersed interactions over time.

Together, the heterogeneity in video topics, durations, and comment densities contributes to the
complexity and expressiveness of the DanmakuTPP-Events dataset, offering not just breadth of
content, but depth of interaction, and making it a valuable resource for advancing multi-modal TPP
modeling.

3.2 Multi-Agent Collaboration for DanmakuTPP-QA Construction

To enable temporal-textual-visual reasoning, we curated a subset of 2,605 videos from the
DanmakuTPP-Events dataset, each containing between 500 and 1,500 Danmaku events. Based
on this selection, we developed a multi-agent collaborative framework for automated data construc-
tion, resulting in a challenging multi-task benchmark: DanmakuTPP-QA. As shown in Fig.[3] our
pipeline integrates five specialized agents, each responsible for a key stage in the data generation
process:

(1) Task-design Agent. This agent formulates meaningful research tasks by analyzing the structure
and attributes of Danmaku-based TPP data. We use Deepseek-R1 [[7] for its strong reasoning ability,
prompting it to act as domain experts (e.g., social scientists or network analysts). It defines task goals,
input-output formats, and identifies attribute limitations in the dataset. Applied to DanmakuTPP-
Events, this agent designed 10 distinct tasks, including 8 closed-ended and 2 open-ended formats.

(2) Annotation Agent. Responsible for labeling each TPP event based on task definitions, this
module uses both textual and visual models. Text annotations are generated using Qwen2.5 [32]],
while visual annotations are produced using Qwen2.5-VL [3]] and the Recognize Anything Model
(RAM) [36]]. This ensemble strategy ensures high-quality, multi-modal annotations across Danmaku
comments and corresponding video frames.

(3) Quality-control Agent. This agent validates annotation consistency by aggregating and recon-
ciling outputs from multiple Annotation Agents. We utilize Qwen3 to compare results, apply
filtering, and consolidate labels. When conflicts arise, majority voting and rule-based gap-filling
strategies are employed. The final outputs are integrated with the original DanmakuTPP-Events data
to form the curated QA dataset.



(4) Visualization Agent. It transforms temporal sequences and annotated attributes into interpretable
visualizations. Using Qwen2.5-Coder [10]], Python scripts are automatically generated to produce
charts such as Danmaku intensity timelines, sentiment evolution plots, and event-type distributions.
These visualizations enrich the raw data with aligned textual-temporal-visual representations.

(5) Task-solve Agent. To generate reference answers, this agent group analyzes both the raw TPP data
and the visualizations. We incorporate multiple advanced LLMs and MLLMs, including Qwen3 [33],
Qwen2.5-VL [32], and Gemma-3 [27]. LLMs extract temporal dynamics from textual sequences,
while MLLMs align event information with visualizations, leveraging their capabilities in chart inter-
pretation and multi-modal reasoning. Final answers are obtained via majority voting, supplemented
by gap-filling and manual verification, and are used as ground-truth labels in DanmakuTPP-QA.

The following is a sample output from Task-solve Agent addressing a question provided by Task-
design Agent:

Question:

< |TPP_data| >

Please provide a detailed analysis of the sentiment trend in the Danmaku comments over time.
Answer:

The sentiment trend starts negative but quickly rises to a stable positive polarity around 0.4, with
minor fluctuations. Significant inflection points include an initial sharp rise at 01:00:01 and a
peak near 01:00:04. The trend remains consistently positive thereafter, indicating a generally
positive viewer reaction. Abrupt changes are minimal, suggesting a steady emotional response
throughout the video. Major sentiment shifts occur only at the beginning, transitioning from
negative to positive.

where < |TPP_data| > serves as a placeholder for the corresponding TPP data associated with
each video. Detailed prompt designs for all agents are provided in Appendix [B] To ensure evaluation
accuracy, all answers generated by the Task-solve Agent group for the test set underwent rigorous
manual verification. This process guarantees the high fidelity of the ground-truth annotations,
establishing a reliable foundation for downstream model evaluation and performance benchmarking.

Composition. DanmakuTPP-QA is divided into three subsets: a training set (2,005 samples), a
validation set (300 samples), and a test set (300 samples). As summarized in Table[2] the benchmark
comprises 10 distinct tasks, including 8 TPP-focused QA tasks and 2 higher-level temporal-textual-
visual reasoning tasks. These tasks collectively span a wide range of challenges, such as predicting
the timing and burst peaks of Danmaku events, classifying their trigger types, analyzing sentiment
trends, and identifying the underlying causes of Danmaku bursts.

4 Experiments

In this section, we present a comprehensive evaluation of state-of-the-art models on our proposed
DanmakuTPPBench, demonstrating both the challenges and opportunities in modeling multi-modal
temporal point processes.

4.1 Experimental Settings

DanmakuTPP-Events Evaluation. We employ the following state-of-the-art deep TPP models
when evaluating TPP tasks on DanmakuTPP: (1) Neural Hawkes Process (NHP) [20] and Recurrent
Marked Temporal Point Process (RMTPP) [3] are two RNN-based models, encoding the temporal and
type information of historical events. As for NHP, the resulting history embedding is used to model
the conditional intensity function. (2) Self-Attentive Hawkes Process (SAHP) [33]], Transformer
Hawkes Process (THP) [39] and Attentive neural Hawkes proces (AttNHP) [34]: all three models
encode historical events through self-attention mechanism. We use the implementation provided by
EasyTPP [31]]. (3) ODE-based TPP (ODETPP) [4] models the continuous-time evolution of a latent
state via a neural ordinary differential equation. It can be viewed as a spatio-temporal point process
restricted to the temporal dimension, with the spatial component omitted. All models are trained with
the default setting in the EasyTPP framework to ensure a fair and standardized comparison. We note
that the multi-modal information is not used for these models.



Table 2: Supported tasks and corresponding evaluation metrics for the DanmakuClosed-ended
multi-task dataset. For closed-ended tasks, we adopt accuracy and RMSE to evaluate the model’s
performance. For open-ended tasks, we employ a LLM for evaluation.

Task Description Evaluation Metrics = Task Type

Task-1  Danmaku burst peak counting ACC Closed-ended

Task-2 Prediction Qf the next RMSE Closed-ended
Danmaku timestamp

Task-3 Prediction qf the next Danmaku RMSE Closed-ended
burst peak timestamp

Task-4 ~ Assessment of average RMSE Closed-ended
sentiment polarity

Task-5 Sentiment polarity prediction RMSE Closed-ended
for the next Danmaku
Sentiment polarity prediction

Task-6 ¢ the next Danmaku burst peak RMSE Closed-ended

Task-7 Event type inference for ACC Closed-ended
the next Danmaku

Task-8 Prediction of Top-2 triggering event ACC Closed-ended
types for the next burst peak

Task-9 Analys.ls of global sentiment LLM-Eval Qe
dynamics and the underlying drivers

Task-10 Causal attribution analysis for LLM-Eval Operacnded

specific Danmaku burst peak formation

DanmakuTPP-QA Evaluation. We frist evaluate the TPP understanding capabilities of existing
open source pretrained LLMs (Qwen2.5 series [32], Qwen3 series [33]] and Deepseek-V3 [[18]) and
MLLMs (Gemma3 [27] and Qwen2.5-VL [28]). According to the different video clips required by
each task, we provide the textual timestamps and Danmaku content within the time window as inputs
to both LLMs and MLLMs. Inspired by the mainstream paradigm for video understanding employed
by several powerful MLLMs, we process a video as a sequence input of discrete image frames. We
randomly sample three video frames within the time window for the supplementary input of MLLMs,
enhancing the multi-modal understanding. The strategy of using three frames was intended as an
efficient starting point, balancing the need for visual context against the significant computational
and memory demands associated with processing long TPP sequences combined with numerous
video frames. Consequently, LLMs focus on mining temporal evolution patterns from timestamps
and Danmaku, while MLLMs are responsible for aligning textual TPP information with video frames
to address complex TPP tasks.

We then further evaluate the model performance after finetuning. We conduct LoRA [9] finetuning
with Qwen2.5-VL-3B. For each task, we train the model on a single NVIDIA RTX 4090 for 3 epochs
with learning rate le-4. Due to GPU memory constraints, we set a truncation of the sequence for
some tasks during training. Details about hyperparameters can be found in Appendix [C|

Evaluation Metrics. For conventional TPP tasks on DanmakuTPP-Events, we employ RMSE for
evaluating next-event timestamp prediction and test log-likelihood values for measuring modeling
performance [31]. For DanmakuTPP-QA, we use different metrics to comprehensively assess model
performance across various task settings, as shown in Table[2] Tasks related to temporal prediction
and sentiment polarity computation adopt root mean square error (RMSE). Tasks related to Danmaku
event type prediction are evaluated by accuracy. Open-ended tasks are evaluated using Qwen3-235B-
A22 to output a correctness score between 0-1 when compared against ground-truth descriptions.

4.2 Results on DanmakuTPP-Events

As shown in Fig. [4a} we observe varying performance across different TPP models on DanmakuTPP-
Events dataset. For log-likelihood evaluation, NHP achieves the best performance with a score of
0.799, followed by ODETPP (0.729), SAHP (0.713), and RMTPP (0.646), while THP (0.619) and
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AttNHP (0.550) show comparatively lower performance. This suggests that the continuous-time
LSTM approach in NHP may be more effective at capturing the complex temporal dynamics in
Danmaku data than some attention-based approaches.

For next-event prediction evaluated by RMSE where the lower is better, NHP and THP perform best
with scores of 0.932 and 0.938, respectively, followed closely by ODETPP (0.968) and AttNHP
(0.969). SAHP and RMTPP show the highest error with RMSE scores of 1.025 and 1.009, respectively.
Taken together, while NHP performs best on both metrics, discrepancies for models like SAHP and
THP suggest that modeling the event-time distribution and optimizing next-event accuracy emphasize
different inductive biases, making dual-metric evaluation essential.

4.3 Results on DanmakuTPP-QA

Table [3| presents a comprehensive evaluation of various LLMs and MLLMs on the DanmakuTPP-QA
dataset across eight closed-ended TPP tasks. The tasks range from temporal prediction (T-1 to T-3) to
sentiment analysis (T-4 to T-6) and event type prediction (T-7 to T-8), collectively assessing models’
capabilities in understanding and reasoning about multimodal temporal point processes. The results
reveal several important insights about model performance on TPP understanding tasks.

Model Scaling Effects. We observe clear benefits from scaling model size within the same model
family. For instance, in the Qwen2.5-Instruct series, the 32B and 72B variants consistently outperform
the 7B model across most tasks. This is particularly evident in Task-2 (next Danmaku timestamp
prediction), where RMSE decreases dramatically from 27.64 (7B) to 1.52 (32B) and 1.28 (72B).
Similarly, in the Qwen2.5-VL series, performance generally improves with model size, with the 72B
variant achieving the best results in Tasks 2, 3, 7, and 8. These suggest that larger models capacity
helps capture the complex temporal dynamics and multi-modal relationships in Danmaku data. This
scaling pattern aligns with findings in other domains where increased parameter counts improve
performance on tasks requiring complex reasoning and pattern recognition.

LLMs v.s. MLLMs. We do not observe a consistent advantage for MLLMs over LLMs despite
the multi-modal nature of the dataset. While MLLMSs like Qwen2.5-VL-72B excel in certain tasks
(achieving the highest accuracy of 47.17% on Task-8), LLMs often perform competitively or better
on others. For example, Llama-3.3-70B-Instruct achieves the lowest RMSE (1.11) on Task-2, and
Qwen3-30B-A3B achieves the highest accuracy (23.00%) on Task-7. We believe that the current
integration of visual information in MLLMs may not be optimal given long context lengths. This
unexpected finding suggests that text-only models may effectively leverage linguistic cues to infer
temporal patterns, and that current visual-temporal integration mechanisms in MLLMs require further
refinement to fully utilize multimodal information.

Model Family Comparison. Among the model families, Qwen3 models demonstrate strong per-
formance on sentiment-related tasks (Tasks 4-6), with Qwen3-30B-A3B achieving the best RMSE
(0.20) on Task-4. DeepSeek-V3 and Llama-3.3 excel in predicting sentiment polarity for future
events (Tasks 5-6). For event type prediction (Tasks 7-8), Qwen3-30B-A3B and Qwen2.5-VL-72B
achieve the highest accuracies, suggesting their superior ability to understand the relationship between
temporal patterns and event categories. These performance differences between model families likely
stem from variations in pretraining objectives, architectural design choices, and data composition,
highlighting the importance of model selection for specific TPP tasks in real-world applications.



Table 3: Comparative evaluation of LLMs and MLLMs on DanmakuTPP-QA closed-ended tasks.
The table presents performance metrics (ACC: accuracy, higher is better; RMSE: root mean square
error, lower is better) across 8 different tasks (T-1 through T-8) of traditional LLMs, MLLMs, and
finetuned models, with specialized models achieving superior performance on specific tasks.

Task M T2 T3 T4 T5 T6 T7 T8
Model / Metrics  ACC T RMSE | RMSE | RMSE | RMSE | RMSE | ACC 1 ACC |
LLMs

Qwen2.5-7B-Instruct  0.33  27.64 13445 0.65 0.56 0.51 10.67 32.67
Qwen2.5-32B-Instruct  0.67  1.52  122.69 0.36 0.29 024 16.67 38.17
Qwen2.5-72B-Instruct  0.67  1.28 12345 0.30 0.46 046 16.00 43.83
Qwen3-8B 6.67 1.80 12359 0.32 0.41 045 1933 41.50
Qwen3-30B-A3B 0.67 133 12196 0.20 0.33 040 23.00 43.67
Qwen3-235B-A22B  8.67 1.39 120.79 0.30 0.31 0.29 10.33 32.50
Llama-3.3-70B-Instruct 1.67 1.11 121.49 0.26 0.27 0.22 17.00 33.33
DeepSeek-V3 25.00 130 12130 0.34 0.26 022 13.67 345
MLLMs
Qwen2.5-VL-7B 9.67 11.61 12499 0.46 0.82 0.66 833 2217
Qwen2.5-VL-32B 8.0 126 12402 0.35 0.51 0.38 12.67 22.17
Qwen2.5-VL-72B 033 1.14 12125 0.28 0.47 041 1598 47.17
Gemma3-27B 033 133 12132 0.28 0.27 0.20 15.67 36.17

Finetuned
Qwen2.5-VL-3B 27.0 1.35 22043 0.05 0.16 0.08 15.33 43.00

Finetuning. The finetuned Qwen2.5-VL-3B model, despite its relatively small size (3B parameters),
outperforms all larger pretrained models on sentiment-related prediction tasks (Tasks 4-6), achieving
RMSE of 0.05, 0.16, and 0.08, respectively. This represents a reduction in error by factors of 4-6x
compared to the best pretrained models. The finetuned model also shows strong performance on
Task-1 (27.0% accuracy) and Task-8 (43.0% accuracy). These results highlight the importance of
task-specific adaptation for TPP understanding, suggesting that even smaller models can achieve
superior performance when finetuned on relevant data. However, we also observe that finetuning
can lead to performance degradation in some cases, as seen in Task-3 where the finetuned model’s
RMSE (220.43) is significantly worse than all pretrained models. This suggests potential overfitting
or optimization challenges when finetuning for certain temporal prediction tasks.

Open-ended TPP Question Performance. Beyond closed-ended tasks, we further evaluate models
on open-ended TPP questions from Tasks 9 and 10, which require deeper reasoning about temporal
dynamics. As shown in Fig.[4b] model performance varies significantly across these challenging tasks.
For Task-9 (analysis of global sentiment dynamics), Qwen2.5-VL-72B and Qwen3-235B-A22B
demonstrate the strongest performance with correctness scores of 0.48 and 0.42, respectively. In Task-
10 (causal attribution analysis), Qwen3-235B-A22B achieves the highest score (0.52), substantially
outperforming other models. Notably, we observe that while larger models generally perform better,
model architecture and pretraining strategies also play crucial roles, as evidenced by DeepSeek-V3’s
competitive performance (0.40 on Task-10) despite its smaller parameter count compared to some
other models. The finetuned Qwen2.5-VL-3B-Instruct model (finetuned specifically on DanmakuTPP-
QA) demonstrates decent performance on both open-ended tasks (0.36 and 0.30 on Tasks 9 and 10,
respectively), outperforming several larger pretrained models. This further confirms that targeted
finetuning on TPP data can effectively enhance models’ ability to reason about complex temporal
patterns, even with relatively limited parameter counts.

Overall, these results demonstrate that while current LLMs and MLLMs show promising capabilities
in TPP understanding, there remains substantial room for improvement, particularly in tasks requiring
precise temporal prediction and complex event sequence understanding. The strong performance
of finetuned models on specific tasks suggests that targeted adaptation strategies may be crucial for
advancing the state-of-the-art in multi-modal TPP modeling and understanding. The performance
gap between different models on open-ended tasks further highlights the challenge of developing
multi-modal LLMs for temporal-visual-textual reasoning with TPPs.



5 Conclusions

In this paper, we introduce DanmakuTPPBench, the first comprehensive benchmark for multi-
modal temporal point process modeling and understanding. Our benchmark addresses a significant
gap in existing TPP research by incorporating rich multi-modal context—temporal, textual, and
visual information—derived from Bilibili’s Danmaku system. The benchmark consists of two
complementary datasets: DanmakuTPP-Events for conventional TPP modeling and DanmakuTP P-
QA for evaluating temporal-visual-textual reasoning capabilities across 10 diverse tasks.

Through our multi-agent collaborative workflow, we successfully construct a high-quality dataset that
enables the systematic evaluation of how models reason about temporal patterns in conjunction with
textual and visual modalities. Our extensive experiments with both conventional TPP models and
state-of-the-art language models revealed significant challenges in multi-modal temporal reasoning,
highlighting opportunities for future research. The performance gap between specialized TPP models
and general-purpose language models demonstrates the need for improved integration of temporal
point process understanding into multi-modal systems.

Limitations: Despite these contributions, our work has several limitations. First, the dataset is pri-
marily sourced from Chinese-language content, which may limit its generalizability to other linguistic
and cultural contexts. Second, while our multi-agent annotation pipeline significantly reduces manual
effort, the quality of annotations remains dependent on the capabilities of the underlying models,
which may introduce subtle biases or inconsistencies in the labeled data. Nevertheless, DanmakuTPP-
Bench represents a crucial step forward in multi-modal TPP research, providing opportunities to
study the interplay between temporal dynamics and rich contextual information.
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dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide the data and code in the supplemental material to reproduce the
main experimental results.
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» The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
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versions (if applicable).
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results?

Answer: [Yes]

Justification: We specify all the training and test details necessary to understand the results.
See the Experiments section.

Guidelines:

» The answer NA means that the paper does not include experiments.
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Answer: [Yes]
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* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
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of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: All experiments are conducted on the server whose details are provided in the
paper. See the Experiments section.
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» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
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than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
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Answer: [Yes]
Justification: The research conducted in the paper conform with the NeurIPS Code of Ethics.
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e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
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* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: This paper presents work whose goal is to advance the field of machine
learning. There are many potential societal consequences of our work, none of which we
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* The answer NA means that there is no societal impact of the work performed.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All code, models, and datasets mentioned in the text are appropriately cited
with their original papers.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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13.

14.

15.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: New assets introduced in the paper, in particular the code and datasets, are
well documented. The documentation is provided through online platforms including
Huggingface and Github.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Ethical Compliance Measures

During the data collection process, our handling of copyright, privacy, and harmful content aligns
with academic norms and legal frameworks:

Copyright and Data Usage Compliance. All video data we used is collected from the Bilibili
platform, which allows public access to videos and Danmaku (bullet comments) via its front-end
interfaces. To ensure compliance: (1) we only collected data from publicly available videos without
any login or authentication; (2) our dataset does not contain any raw video data or audio. Instead, we
only extract frame-level visual features and metadata of Danmaku comments, including timestamp
and text. Full videos are neither stored nor reconstructible; (3) the dataset is released strictly for
academic and non-commercial research, strictly adhering to the Bilibili Platform Terms of Service.

Data Privacy and User Anonymization. We take user privacy seriously: (1) No user IDs, usernames,
IP addresses, or personal identifiers are collected or released. (2) Danmaku comments are publicly
visible and are usually pseudonymous or anonymous. All Danmaku comments within the interactive
videos are devoid of any association with the identity information of the users who posted them. The
dataset we constructed only contains Danmaku text, temporal sequences, and video frame images,
and does not include any user account information, personally identifiable information (PII), or
other privacy-sensitive content associated with users. (3) We perform automatic filtering to remove
any Danmaku containing potential personal information or sensitive content (e.g., email addresses,
phone numbers). Additionally, as demonstrated in our multi-agent collaborative framework, we have
implemented a manual review phase after data construction was completed to filter out potentially
policy-related data. (4) We do not perform user profiling or behavioral tracking; our focus is solely
on timestamped event-level modeling.

Harassment or Harmful Content. All interactive videos and the accompanying Danmaku text
underwent rigorous content moderation upon upload to the Bilibili platform, strictly adhering to
its user agreements and relevant regional laws and regulations. In addition to relying on Bilibili’s
Terms of Service and built-in moderation systems, we actively implemented multiple methodological
precautions to ensure ethical compliance. During the data collection and sanitization stage: (1) We
construct an open-source stopword list, which includes terms related to advertisements, curse, drug,
gamble, polity, porn, violence, sensitive/phishing URLS, and other sensitive categories, to filter out
Danmaku events containing inappropriate content. The sensitive/dirty stopword list we employed
(primarily Chinese, with some English expressions included) was constructed by merging several
open-source sensitive/dirty stopword lists from GitHub, which ensures the comprehensiveness of our
stopword list. (2) Rather than randomly sampling videos from the platform, we deliberately curated
our dataset from high-quality sources. Specifically, we selected all publicly available, open-access
videos released by the Top-100 most influential content creators on the platform, as recognized
by the platform and affiliated media outlets in the corresponding year. These videos—and their
associated Danmaku comments—have been subject to sustained audience scrutiny and extensive
platform moderation over time, making them among the cleanest and most representative content
on the platform. This selective data sourcing strategy laid the foundation for building a dataset
with minimal ethical concerns. (3) Since DanmakuTPP-QA was constructed using a multi-agent
framework, we recognize the potential risk of the model introducing bias or generating harmful
content. To mitigate this, we engaged three graduate students to manually review the entirety of the
DanmakuTPP-QA dataset.

B Details of Multi-agent Framework

Task-design Agent. We employ DeepSeek-R1 as the Task-design Agent to simulate experts from
diverse domains, aiming to explore potential meaningful research tasks of danmaku temporal point
process data. Additionally, the module is also responsible for defining formal specifications for
designed tasks and analyzing the deficiencies in current datasets regarding required attributes for
task resolution. The prompt template guiding the Task-design Agent’s operations, along with a
representative output sample, is systematically presented in Figure 5]

Annotation Agent. As described in the main text, this module serves to identify deficient attributes
within the dataset, thereby supporting the resolution of research tasks designed in the preceding
module. Within the Annotation Agent group, Qwen2.5 handles textual annotation while Qwen2.5-VL
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You are an expert in temporal point processes and multimodal data analysis.

T% Context

You will be provided with Danmaku data (bullet comments)
within a interactive video and the corresponding timestamp
information and video frames. Each Danmaku data includes:

1. Temporal information: timestamp of the Danmaku

2. Text: the Danmaku comment

3. Image: the video frame corresponding to the Danmaku

2’| Task

Analyze the TPP data in the video, and take on the role of different
domain experts and suggest specific analytical questions that leverage
the TPP data.
Consider perspectives from: @
- Social Network Analysts (e.g., viewer engagement patterns)
- Content Strategists (e.g., category-specific temporal patterns)
- Behavioral Scientists (e.g., crowd behavior in response to video
content)
- Psychological analyst (e.g., correlation between emotional variety
and comment timing)
- Computer Vision Researchers (e.g., correlation between visual
elements and comment timing)
2 Propose several interesting multimodal TPP task by:
- Identifying an expert role/perspective
- Defining task specifications (Inputs/Outputs)
- Identifying missing critical data attributes

Causal attribution analysis for specific Danmaku burst peak formation :

Specifications: Task
- Event types of Danmaku design

- Sentiment polarities of Danmaku Agent
- Visual elements within video frames

™. Missing Attributes:

- Input: timestamps, danmaku, frames, event types, sentiment polarities. ..
- Output: analysis report on the causes of Danmaku burst peak formation

e e e e e e e e e o e e e e e e e e e e e e e e e e e e Em mm Em e e e e e e e e e e e e e e e e e mm e e e e e e e e e e e

Figure 5: Prompt template for Task-design Agent and its corresponding outputs.

and RAM manage visual annotation. The guiding prompt template and representative annotation
results are illustrated in Figure[6]

Quality-control Agent. We utilize Qwen3 as the Quality-control Agent to aggregate and reconcile the
outputs from multiple Annotation Agents, effectively resolving discrepancies arising from conflicting
annotations. The prompt for this module and the output samples are illustrated in Figure
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You are an expert in temporal point processes and annotation.

'% Context

Now, you are tasked with annotating missing data attributes in
Danmaku TPP data within an interactive video to support multimodal
TPP modeling. Each Danmaku data includes:

1. Temporal information: timestamp of the Danmaku

2. Text: the Danmaku comment

3. Image: the video frame corresponding to the Danmaku

4. TPP task: Task-design Agent has defined interesting TPP tasks, the
specifications of this task, and the missing data attributes:

{ Output of Task-design Agent } h ,i, Task-design

Agent

Propose a specific annotation for the missing attribute of each data item.

Danmaku example: What breed is this dog? ('.'\

Results from one of the Annotation Agents: e
- Event types of Danmaku: Question <
- Sentiment polarities of Danmaku: 0.2 Annotate:
- Visual elements within video frames: [dog, human, frisbee, garden] Agents !

- - - - ——— - - = - - - ————

Figure 6: Prompt template for Annotation Agents and corresponding annotation results.

Visualization Agent. This module is responsible for transforming temporal sequences and annotated
attributes into interpretable visualizations. The prompt template used to guide the agent and the
visualization chart of the outputs are shown in Figure|[§]

Task-solve Agent. We incorporate multiple robust LLMs and MLLMs in the Task-solve Agent group
to resolve the tasks and generate reference answers as ground-truth labels in DanmakuTPP-QA. The
prompt template of this module and the output samples are depicted in Figure[0] By orchestrating
the above agents in a coordinated sequence, the multi-agent system enables the systematic construc-
tion of high-quality datasets specifically engineered for multimodal temporal modeling and TPP
understanding.

C Details of Finetuning Experiment

As described in the main manuscript, we evaluate the performance of the Qwen2.5-VL-3B model
after LoRA finetuning on the DanmakuTPP-QA dataset. For each task, training is conducted on a
single NVIDIA RTX 4090 GPU for 3 epochs using a learning rate of 1e-4, a batch size of 1, and
gradient accumulation steps of 4. The LoRA configuration employed a rank of 64, an alpha value of
16, and a dropout rate of 0.05. Due to GPU memory constraints, we employ left sequence truncation
during training, which preserves the more recent right-side context containing the most task-relevant
information. The maximum sequence length after truncation varies by task and is specified in Table 4]
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@) You are a Quality-control Agent responsible for validating and harmonizing

o annotation results from multiple Annotation Agents. Your primary goal is to

ensure consistency, accuracy, and reliability in the final dataset by
reconciling differences and resolving conflicts between annotations.

Context

You will receive annotation outputs from multiple agents who have

independently annotated the same Danmaku data. Each annotation

contains labeled elements, extracted information, and structured QA

pairs related to the events. The annotation outputs are as follow:

{ Output of Annotation Agent Group } @ 5 v=vy
X KA Annotation

000 | Task ~— Agent

[ \
! |
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
X Compare and Analyze Annotations: !
! ﬂl:l - Systematically compare the outputs across all Annotation Agents 1
1 - Identify areas of agreement and disagreement X
' Apply Filtering Criteria: 009600 !
' - Remove low-quality or irrelevant annotations N4 1
| . Conflict Resolution: ©0© !
| z, - Implement majority voting to determine the correct annotation !
' - If majority voting is inconclusive, apply the following hierarchy: 1
1 * Favor annotations that better align with the original content '
' * Select annotations with more complete information !
' Gap Filling: 1
! - Fill gaps using information from complementary annotations '
. - Ensure all essential elements are represented in the final output !
' ’@ﬂ Consolidation and Integration: 1
1 7 - Link the consolidated annotations back to the original TPP data '
| - Ensure the final output maintains the proper structure and format !
: !
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
1

1

1

1

1

1

required for the QA dataset

LN ]
; - 8 22
Danmaku example: What breed is this dog? = ﬁ

=a

Final Annotation Results: —
1 1
- Event types of Danmaku: Question Quallt3|/ !
- Sentiment polarities of Danmaku: 0.2 control |
- Visual elements within video frames: [dog, human, frisbee, garden] Agents !

e e = e e e e e e e e e e e e e e R e e e Em e e e e e e e e e Em e e

Figure 7: Prompt template for Quality-control Agent and its corresponding output.

Table 4: The task-specific maximum sequence lengths after left truncation during finetuning.

Task 1 T2 T3 T4 TS5 T6 T7 T8 T9 T-10

max sequence length 100 200 200 50 60 60 50 50 100 100
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@) You are a Visualization Agent specializing in transforming temporal

O sequences and annotated attributes into interpretable and insightful
visualizations. Your primary function is to generate Python code that creates
statistical visualizations from danmaku data and annotation results.

Context

- Raw temporal data: Danmaku/TPP comments with timestamps
- Annotation results: Processed data with several attributes:

q X 2'S
{ Output of Quality-control Agent } a8 ’ Quality-control

=la = Agent

Automated Code Generation: Generate Python scripts with libraries
like Matplotlib/Seaborn for chart generation, ensuring code efficiency
and compatibility with large-scale datasets. Prioritize dynamic parameter
adjustments for time-series alignment.

‘\ Visualization Results: E

, M i
/ W

i N (A Visualize
M” J\*/ I Agenti

| — Visualization

; : s | Charts about
— Various

: Attributes

- - - e e e e e e e e e e R R e em em em em e e e e e e e

Figure 8: Prompt template for Visualization Agent and various corresponding charts.
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You are a Task-solve Agent specialized in multi-modal reasoning for
danmaku TPP data analysis. Your purpose is to generate reference answers
by integrating information from multiple sources: raw danmaku text,
temporal data, corresponding video frames, and statistical visualizations.

Context

- Raw temporal data: Danmaku/TPP comments with timestamps
- Corresponding video frames: Only for MLLMs

{ Output of Visualization Agent } Visualization@

@]l Agent

Cross-modal reasoning:

connecting insights across text, time, and visual elements
Chart interpretation :

extracting meaningful insights from visualizations
Temporal pattern recognition:

identifying trends, spikes, and anomalies in time-based data
Comprehensive analysis:

Event identification and characterization

Contextual understanding of content-comment relationships

Integrating multiple evidence sources to form coherent answers

Final Result from one of the Task-solve Agents:

sial The bullet comment burst peaks at 140s with a sub-peak at 141.275s,
indicating a rapid-fire, tightly clustered temporal pattern typical of
self-exciting TPP dynamics. This suggests that initial comments likely
triggered a cascade of responses, amplifying engagement within a
short time window. Sentiment polarity is strongly positive, aligning
with the incongruity-based humor common in bullet comment culture.
The visual frame—featuring a calm aquatic environment—serves as a
neutral, even serene canvas, against which the absurdity of the
comment stands out, prompting laughter and rapid reposting.

- - e e e e e e e e e R R e R R e em m e e Em e e

Figure 9: Prompt template for Task-solve Agents and the corresponding output.
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