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Abstract

The subtlety of emotional expressions makes
implicit emotion analysis (IEA) particularly
sensitive to user-specific characteristics. Cur-
rent studies personalize emotion analysis by
focusing on the author but neglect the impact
of the intended reader on implicit emotional
feedback. In this paper, we introduce Person-
alized IEA (PIEA) and present the RAPPIE
model, which addresses subjective variability
by incorporating reader feedback. In particu-
lar, (1) we create reader agents based on large
language models to simulate reader feedback,
overcoming the issue of “spiral of silence ef-
fect” and data incompleteness of real reader
reaction. (2) We develop a role-aware multi-
view graph learning to model the emotion in-
teractive propagation process in scenarios with
sparse reader information. (3) We construct
two new PIEA datasets covering English and
Chinese social media with detailed user meta-
data, addressing the text-centric limitation of
existing datasets. Extensive experiments show
that RAPPIE significantly outperforms state-
of-the-art baselines, demonstrating the value
of incorporating reader feedback in PIEA. The
code and datasets of this study are available at
https://github.com/sxu-nlp/RAPPIE.

1 Introduction

In recent years, the field of natural language pro-
cessing has seen a surge in interest towards Implicit
Emotion Analysis (IEA), which is focused on dis-
cerning emotions from objective statements that
lack explicit emotional expressions but still convey
such feelings (Liao et al., 2022). Unlike classical
emotion analysis, which relies on explicit senti-
mental cues and can be formalized as f(s) (where
a model f predicts the emotion of a given content
s), IEA is highly subjective and influenced by user
traits. This leads to diverse emotional responses
to the same content, necessitating the refinement
to Personalized IEA (PIEA) as f(s, a), where a

Figure 1: The illustration of the implicit emotion dy-
namic propagation, interaction, and enhancement be-
tween author and readers in social media.

represents the author of s. For the example s in
Figure 1, the emotion expressed by a pessimist or
a skeptic can be quite distinct.

Current studies on sentiment/emotion analysis
that consider user subjectivity usually introduce au-
thor’s information into the text by incorporating the
author’s attribute (Mireshghallah et al., 2022; Liao
et al., 2023) or author-product interaction relation-
ships (Kertkeidkachorn and Shirai, 2023; Lyu et al.,
2023). However, these efforts often overlook the
potential influence of content readers on implicit
emotions. This is particularly evident in the social
media scenario, where some authors may delib-
erately employ ambiguous emotional expressions
with provoking or confrontational overtones when
composing their content, aiming to elicit predeter-
mined emotions from their readership, see Figure 1
for an example. According to the theory of the im-
plied reader in narratology, the implicit emotions
in the author’s content are not generated by the
readers but rather conveyed to the readers through
text, narrative, and plot during the creative process
of the author (Schmid, 2010). Therefore, in this
study, we propose to model the reader’s feedback
and interactive propagation process and integrate
them into the author’s personalized implicit emo-
tion modeling, formalized as f(s, a, {r}), where
{r} is the reader group of s.

To the best of our knowledge, there has been
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no research that utilizes readers’ information to
enhance authors’ implicit emotion identification.
This is primarily due to the challenges faced in
the modeling of reader’s feedback and interactive
propagation process, summarized in the following:

(1) How can we obtain readers’ feedback to-
wards the author’s content? Although the com-
mentary behaviors of readers on social media the-
oretically can be captured through the crawling
of forwarding chains, the “spiral of silence effect”
(Sohn, 2022) dictates that most readers do not en-
gage in observable actions (like reposting or com-
menting). Besides, the forwarding chains are sub-
ject to dynamic changes due to reader actions like
deletion or revision, which hampers the accurate
and comprehensive acquisition of real reader feed-
back data. Fortunately, existing agent-based re-
search (Aher et al., 2023; Xie et al., 2024) demon-
strates that Large Language Models (LLMs) can
effectively simulate human behavior, supporting
the construction of user agents to model their emo-
tional feedback in social media scenario.

(2) How can the interactive propagation
among readers be modeled? Different readers
may adopt varying emotions and behaviors upon
engaging with the content from an author, and
within the reader community, they assume differ-
ent propagation roles in the process of interaction.
This commonality of propagation roles provides
a certain supplementation when reader informa-
tion is inadequate (Li et al., 2024). To capture
the intricate dynamics among readers, a role-aware
Graph Neural Network (GNN) serves as an optimal
method (Zhao et al., 2024). Incorporating role in-
formation into graph propagation learning enables
precise analysis of the emotional states induced
by the author’s implicit emotions within the reader
community. This facilitates a comprehensive under-
standing of how the interactive propagation among
readers with distinct roles influences overall feed-
back.

(3) There is a lack of high-quality implicit
emotion datasets with user information avail-
able. Existing IEA datasets only focus on an-
notating the emotion of textual content, but lack
user-related information such as historical postings
and social relationships. This limitation results in
existing methods resorting to fictional user identi-
fiers for personalized analysis (Mireshghallah et al.,
2022). Liao et al. (2023) constructed a Chinese
dataset for personalized sentiment analysis, but the
annotations are limited to coarse-grained sentiment

polarities.
In this paper, we introduce the PIEA task which

incorporates user-specific information to address
the subjective variability in classical IEA. To over-
come the scarcity of user-specific data in existing
corpora, we construct two PIEA datasets covering
both Chinese and English, encompassing implicit
emotions, user attributes, social relationships, and
historical postings. We propose a novel model
named Reader Agent-based Propagation enhance-
ment for Personalized Implicit Emotion analysis
(RAPPIE). RAPPIE first utilizes LLM to create
reader agents that simulate readers’ emotional feed-
back to authors’ content. Drawing on communi-
cation theory, we categorize reader roles into four
types and develop a role-aware multi-view interac-
tive propagation graph model to capture the inter-
active propagation among readers from different
behavioral perspectives. Then we integrate author
attributes and fused readers’ feedback with the con-
tent to enhance PIEA.

Our key contributions include:
(1) Refining IEA into PIEA and proposing the

RAPPIE model, which effectively models authors’
implicit emotions through agents-based simulation
of reader’s emotions and behaviors, mitigating is-
sues related to the “spiral of silence effect” and be-
havior data incompleteness in acquiring real reader
feedback.

(2) Developing a role-aware multi-view interac-
tive propagation graph learning method to address
reader information sparsity and model the emotion
propagation and interaction among readers.

(3) Introducing two new PIEA datasets covering
different linguistic and cultural backgrounds, en-
riched with comprehensive user metadata beyond
textual annotations. Extensive experiments val-
idate the superior performance of our approach
compared to state-of-the-art (SOTA) baselines.

2 Related Work

2.1 Implicit Sentiment Analysis

The interdependence between emotion and sen-
timent has been well-recognized. Recent re-
search has mostly focused on implicit sentiment
analysis, mainly categorized into deep seman-
tic modeling-based and knowledge enhancement-
based approaches.

Deep semantic modeling methods typically
leverage textual structural information to capture
implicit sentiment expressions, such as aspect-

16157



category-opinion-sentiment quadruples (Cai et al.,
2021), alignment of implicit sentiment-emotion la-
bel (Li et al., 2021), causal intervention between
sentence and sentiment (Wang et al., 2022), and
dependency measurement in both distance and
type views (Zhao et al., 2024). These methods
still struggle with insufficient emotional infor-
mation within the text itself. On the other hand,
knowledge enhancement approaches, such as incor-
porating explicit commonsense knowledge (Liao
et al., 2022), user attribute information (Lyu et al.,
2023; Liao et al., 2023), abstract meaning represen-
tation graphs (Ma et al., 2023; Tran et al., 2023),
and chain-of-thought reasoning based on LLM (Fei
et al., 2023), aim to interpret implicit emotions by
integrating external knowledge. Nevertheless, the
external knowledge sources introduced by these
methods are still limited to the content authors
themselves, making it challenging to enhance the
implicit emotion identification process with read-
ers’ emotional feedback.

2.2 LLM-based Agent

In recent years, the expansion of model scale and
the abundance of training data have empowered
LLMs with unprecedented capabilities. Research
by Guo et al. (2024) and Wang et al. (2024a) has
demonstrated the ability of large language mod-
els to simulate human behaviors from various per-
spectives, particularly showcasing unique strengths
in language comprehension and generation. Re-
searchers in diverse fields have also taken advan-
tage of the powerful semantic understanding ability
of LLMs to design intelligent agents that address
a variety of complex application scenarios, such
as fake news detection (Nan et al., 2024), recom-
mendation systems (Huang et al., 2024), and di-
alogue domains (Owoicho et al., 2023; Davidson
et al., 2023; Li et al., 2024). Nevertheless, these
approaches construct LLM-based agents primarily
through behavioral simulation, overlooking the in-
teractions and representation modeling among
multiple agents influenced by their respective
propagation roles.

3 Method

3.1 Problem Definition and Notations

Given a predefined pair 〈s, u〉, where s represents
implicit emotional text, authored by a user u. PIEA
aims to identify the potential implicit emotions and
their categories in s, based on u’s personalized in-

formation. A user u is described by: user attributes
ua and historical posts uh. ua primarily encompass
individual information such as gender uga, region
ura, and personalized tag uta, while uh collects other
content posted by u. Additionally, a user relational
network graph Gf is also included to provide the
following relationships between users.

3.2 RAPPIE Model

The framework of our proposed RAPPIE model is
illustrated in Figure 2.

3.2.1 Reader Agent Creation
Given a set of users {u}, we construct prompt tem-
plates for creating reader agents based on user at-
tributes ua and user historical posts uh. We ran-
domly sample content from users’ posts in the
training set to build the prompts, as illustrated in
Figure 5 in Appendix A. Considering the agent
creation process, we employ multiple LLMs with
different architectures as the foundations for reader
agents, which are used to generate readers’ feed-
back on a given post, including emotions, com-
ments, and behaviors.

3.2.2 Global Multi-behavioral Interactive
Overlapping Network

Based on the created reader agent, we construct
an overlapping network, denoted as NGMIO =
{U, {Efw, Erp, Erc}}, that captures the global
multi-behavioral interactions among users. Each
node u ∈ U represents a user, who assumes two
identities: as an author of their content and as a
reader of others’ posts. Multiple heterogeneous
directed edges may exist between a pair of nodes,
including three types of interactive behaviors: fol-
lowing, reposting, and reposting with a comment.

The following edges Efw can be directly ob-
tained from the graph Gf , and we utilize reader
agents to simulate the other two behaviors. For
each user node u ∈ U , we first acquire the set
of posts Pu that user u have published as authors
within the training set. We then construct prompts
based on 〈p, r〉 pairs (p ∈ Pu, r ∈ U and r 6= u)
following Figure 5 in Appendix A, and input them
into the reader r’s agent. It’s worth noting that this
simulation process is not limited to readers who
follow u, which helps in obtaining more compre-
hensive reader feedback but leads to a huge number
of pending 〈p, r〉 pairs. To address this, we employ
a text similarity calculation method based on Tf-Idf
to filter the top-k posts Pr top−k semantically rele-
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Figure 2: The framework of our proposed RAPPIE model. The entire study consists of four core modules: (1)
utilizing reader information prompts to construct the reader agent for feedback simulation, (2) a global interactive
multi-behavior overlapping network is constructed based on the simulated behaviors of reposting and reposting
with a comment, as well as following, among different users, (3) a role-aware multi-view GNN is employed to
learn users representations from multiple interactive perspectives, integrating reader propagation role during the
graph learning process, (4) implicit emotion prediction is carried out by fusing content semantic with propagation
role features and reader-feedback enhanced author embeddings.

vant to the reader r’s historical posts urh, and use
Pr

top−k for feedback simulation to establish edges
Erp and Erc between nodes r and u, respectively,
see Appendix B for detailed simulation results.

3.2.3 Role-aware Multi-view Interactive
Propagation Graph Learning

(1) Multi-view generation
Given the diverse heterogenous relationships rep-

resented by the edges between nodes in the over-
lapping network NGMIO previously constructed,
adopting a multi-view learning approach to cap-
ture the mutual influences under each interactive
relationship or behavior and then fusing these rep-
resentations is a promising solution (Liang et al.,
2024). In this section, we propose a role-aware
multi-view interaction propagation graph learn-
ing method. Based on the overlapping network
NGMIO constructed in the previous section, we
generate three independent views of user interac-
tive relationships focusing on following, reposting,
and reposting with a comment, denoted as Vf , Vr,
and Vc. For a user u’s node in the graph, the node
embedding eu consists of three parts: the attributes
associated with u when acting as an author, the
simulated feedback content when u is a reader, and
the reader propagation role information.

(2) Agent-generated comments encoding

For simulated reader feedback modeling, given
a related post P ir ∈ Pr top−k to reader agent r, the
generated emotions and comment content (with a
<CLS> token added at the beginning) in r’s feed-
back is denoted as cir. An LLM-based encoder is
employed to obtain the initial semantic encoding.
In Particular, we extract the input matrix of the
final output layer, which predicts the probability
distribution of the generated sequence as the seman-
tic encoding matrix of the input prompt, defined
as Mcir = LLM(cir) ∈ RN×d1 , N is the unified
maximum length of generated content. Then, a
2-layer self-attention mechanism is applied for se-
mantic compression on {Mcir}, i ∈ k, defined as:

M̃cr = {Self-att(Mcir)}i∈k (1)

Hcr
r = Self-att(M̃cr) (2)

Eq.(1) integrates the semantics within Mcir and
extracts the embedding of the <CLS> token as the
semantic encoding for cir. Eq.(2) further consoli-
dates all cir and uses the first <CLS> encoding from
the fused embeddings as the compressed semantic
feature Hcr

r ∈ Rd1 of agent-generated comments.
(3) Author attributes encoding
For author attributes, we design a prompt

template promptu as “User individual informa-
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tion=[gender:uga, region:ura, tag:uta]” and input the
filled prompt into the LLM-based encoder with a
pooling layer, denoted as Eq.(3).

Hat
u = Pooling(LLM(promptu)) ∈ Rd1 (3)

where d1 is the dimension of embedding, and
Pooling(·) is the average pooling operation for di-
mensionality compression of the LLM-based en-
coded matrix. Then Hat

u is fused with the agent-
generated comment embedding Hcr

r obtained by
Eq.(2) when user u is identified as a reader, defined
as Eq.(4).

Hap
u = W1(H

at
u ⊕Hcr

r ) + b1 (4)

where W1 ∈ Rd1×2d1 , and b1 ∈ Rd1 are the train-
able parameters, and ⊕ means the operation of
concatenation.

(4) Propagation roles encoding
In communication studies, propagation roles re-

flect the shared behavioral preferences of a user
category, offering essential supplementation when
user data is sparse. In this study, drawing upon the
role behavior theory (Biddle, 2013) in communica-
tion, we establish a quaternary role system based
on the dimensions of users’ rationality-sensibility
and action-hesitation, and define four propagation
roles: Emotional person, Gatekeeper, Onlooker,
and Rationalist. Additionally, we craft role descrip-
tions, grounded in specific events, which provide
foundational information for role modeling, a more
detailed explanation of the propagation roles can
be found in Appendix C. To capture the propaga-
tion roles’ features, we concatenate each role’s de-
scription with example content and feed them into
an online LLM. By leveraging the LLM’s back-
ground knowledge, we obtain a more enriched
role explanation, denoted as riextend. A rewrit-
ing prompt “Please repeat the following content:
[riextend]” is designed to acquire the semantic en-
codings Ri (i ∈ {E,G,O,R}) of the propagation
roles through the LLM-based encoder. The feature
embeddings of the four propagation roles constitute
a role semantic matrix denoted as Hrole ∈ R4×d1 .
To model the associative distribution between users
and roles, we employ a multi-head attention mech-
anism (MATT for short) to integrate the semantic
features of propagation roles with the fused user
embedding Hap

u , defined as Eqs.(5) and (6).

Mapr
u = MATT(Hap

u ,H
role,Hrole) (5)

Hapr
u = W2(H

ap
u ⊕Mapr

u ) + b2 (6)

where W2 ∈ Rd1×2d1 , b2 ∈ Rd1 are the trainable
parameters.

(5) Multi-view graph learning
For each view v ∈ {Vf ,Vr,Vc}, the node em-

bedding eu of user u is initialized with Hapr
u , and

the LightGCN (He et al., 2020) is adopted to model
the interaction influence between users. The graph
propagation learning and optimization processes
are defined as Eqs.(7)-(8).

ev(T+1)
u =

1

|µvu|
∑

j∈µvu
e
v(T )
j (7)

ỹij = softmax(Wv(e
v(T )
i ⊕ e

v(T )
j ) + bv) (8)

where |µvu| means the size of the first-order neigh-
bor set µvu for user u in the given view v, T =
{0, 1, . . . ,K} denotes the number of propagation
rounds. i, j ∈ U and i 6= j. Wv ∈ R2×2d1 and
bv ∈ R2 are the trainable parameters.

The cross-entropy loss function is employed
to optimize the model by minimizing the differ-
ence between the predicted edge distribution ỹij
and the golden label yij . After all views have
been optimized, the node embedding evu of user u
across these views collectively constitute the matrix
Hrf
u = [e

Vf
u , eVru , e

Vc
u ] ∈ R3×d1 , which embedded

reader feedback information.

3.2.4 Reader Feedback Enhanced Implicit
Emotion Identification

To perform information enhancement on implicit
emotional contents, we also obtain the semantical
matrix of implicit emotional content s published
by u using the LLM-based encoder, defined as
Hs
u = LLM(s) ∈ RN×d1 , where N is the uni-

fied maximum length of input texts. The gated
multi-head attention model is employed to fuse
the reader-feedback enhanced author embeddings
Hrf
u of u with Hs

u, as well as the reader propaga-
tion roles’ semantic matrix Hrole, as illustrated in
Eq.(9)-(12).

Ms
u = WsH

s
u + bs

Mrf
u = WrH

rf
u + br

Mrole = WeH
role + be

(9)

asu = MATT(Mrf
u ,M

s
u,M

s
u)

aroleu = MATT(Mrf
u ,M

role,Mrole)
(10)

gsu = asu � σ(Wgsa
s
u + bgs)

groleu = aroleu � σ(Wgra
role
u + bgr)

(11)

gou = gsu⊕groleu ⊕(gsu+groleu )⊕(gsu�groleu ) (12)
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where Ws ∈ RN×d2 , Wr ∈ R3×d2 , We ∈ R4×d2 ,
Wgs,gr ∈ Rd2×d2 , bs,r,e,gs,gr ∈ Rd2 are the train-
able parameters, σ is the sigmoid function, and �
is the element-wise multiplication.
gou is then fed into the prediction layer to obtain

the implicit emotion probability distribution. The
loss is measured using the cross-entropy function,
defined as:

ỹ = softmax(Wog
o
u + bo) (13)

L = − 1

|D|
∑

〈s,u〉∈D
y〈s,u〉 log ỹ〈s,u〉 +R(θ) (14)

where Wo ∈ Rl×4d2 , bo ∈ Rl are the weight and
bias, respectively, |D| is the size of dataset D, y〈s,u〉
is the golden label and R(θ) is the regularization.

4 Experiments and Analysis

4.1 Dataset and Evaluation Metrics

We construct two large-scale PIEA datasets that
cover the mainstream Chinese and English social
media platforms, Weibo and Twitter. The datasets
consist of 7 implicit emotional categories, along
with the corresponding user metadata including
attributes, historical posts, and following relation-
ships (only in Weibo). For details on the construc-
tion of the datasets and statistical analysis, please
refer to Appendix D.

To evaluate the performance of the models, we
utilize the F1 score for individual emotions, along
with the overall macro-F1 and accuracy metrics.

4.2 Implementation Details

Our framework is built upon PyTorch, leveraging
P-Tuning v2 (Liu et al., 2022) for the fine-tuning
of the reader agent, optimized by Adam on 2 RTX
3090 GPUs. The learning rates are [2e-6, 5e-6]
for Weibo and Twitter datasets, respectively. The
unified maximum sequence length N is 128, and
the batch size is 8. The maximum iterations K
for interactive propagation is limited to 1, which
will be further detail discussed in section 4.6. The
GLM4 1 and Qwen2.5-turbo 2 are adopted as the
foundation LLMs for reader agents, respectively.
The LLM-based encoders include ChatGLM-6B
(Du et al., 2022) and Qwen2.5-14B (Team, 2024).
The embedding dimensions [d1, d2] are configured
as [4096, 2048] (ChatGLM-6B) and [5120, 2560]

1https://bigmodel.cn/
2https://qwenlm.github.io/zh/blog/qwen2.

5-turbo/

(Qwen2.5-14B). The hyperparameter top-k in sec-
tion 3.2.2 in Weibo and Twitter is set to [100, 100]
(ChatGLM-based) and [50, 100] (Qwen-based), re-
spectively (detail discussed in section 4.7).

4.3 Baselines
To validate the advance of our model, we com-
pare it with a range of SOTA sentiment/emotion
analysis baselines, which can be divided into the
following three categories. (1) Methods based on
knowledge enhancement: KGAN (Zhong et al.,
2023) and MMML (Wu et al., 2024). (2) Methods
based on GNNs: RDGCN (Zhao et al., 2024) and
DAGCN (Wang et al., 2024b). (3) Methods based
on LLMs: GLM4(online) (GLM et al., 2024),
ChatGLM-6B(ft) (Du et al., 2022), and Qwen-
14B(ft) (Team, 2024) are employed as the basic
LLM baselines, (ft) means the LLM is fine-tuned
with the training set. Then two sophisticated chain-
of-thought-based semantic reasoning mechanisms,
THOR (Fei et al., 2023) and TOC (Weinzierl and
Harabagiu, 2024) are combined with the basic
LLMs. We also compared the latest DeepSeek-R1
671B (DeepSeek-AI et al., 2025), optimized for
reasoning tasks, to validate the advancement of our
method. See Appendix E for detailed descriptions.

4.4 Overall Results
The overall experimental results are displayed in
Table 1, the values in bold represent the best per-
formance and underlined results are sub-optimal.
We note that the responses of some LLM-based
baselines may not strictly adhere to the required
emotion categories or may fail to provide an an-
swer, thus we treat these instances as a new error
category. The results in parentheses represent the
Macro-F1 score excluding this error category.

From the data presented in Table 1, on the
Weibo dataset, our method achieved the best or
sub-optimal results across all emotion categories
except Happy, and on Twitter, it also reached
the best performance in multiple categories such
as Sad, Disgust, and Neutral. Overall accuracy
and macro-F1 on both datasets compared to the
best baselines achieved 3.7% (MMML), 17.4%
(TOC+ChatGLM-6B(ft)), 2.7% (THOR+GLM4),
and 6.5% (THOR+GLM4) improvements, respec-
tively.

Methods such as KGAN, and MMML primar-
ily enhance model performance through external
knowledge enhancement. However, these methods
focus solely on knowledge related to the implicit
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Table 1: Overall comparison on the experimental datasets.

Datasets Models Happy Anger Sad Disgust Fear Surprise Neutral Macro-F1 Accuracy
KGAN 0.475 0.544 0.455 0.267 0.273 0.312 0.665 0.427 0.551
MMML 0.649 0.507 0.466 0.160 0.230 0.360 0.690 0.438 0.595
RDGCN 0.512 0.275 0.329 0.113 0.291 0.000 0.650 0.310 0.515
DAGCN 0.613 0.534 0.471 0.172 0.177 0.286 0.682 0.419 0.583
GLM4 0.589 0.538 0.375 0.125 0.214 0.196 0.337 0.297(0.339) 0.417
THOR+GLM4 0.602 0.470 0.400 0.157 0.148 0.269 0.314 0.295(0.337) 0.387
TOC+GLM4 0.598 0.451 0.464 0.164 0.214 0.288 0.533 0.339(0.387) 0.502
ChatGLM-6B(ft) 0.505 0.323 0.462 0.221 0.267 0.125 0.637 0.282(0.363) 0.501
THOR+ChatGLM-6B(ft) 0.627 0.422 0.476 0.227 0.300 0.292 0.598 0.420 0.529
TOC+ChatGLM-6B(ft) 0.634 0.477 0.463 0.308 0.294 0.330 0.586 0.442 0.542
Qwen-14B(ft) 0.611 0.454 0.397 0.078 0.133 0.103 0.485 0.323 0.463
THOR+Qwen-14B(ft) 0.630 0.355 0.394 0.038 0.116 0.225 0.501 0.282(0.323) 0.456
TOC+Qwen-14B(ft) 0.609 0.480 0.441 0.175 0.167 0.355 0.674 0.414 0.574
DeepSeek-R1 0.659 0.511 0.492 0.306 0.294 0.258 0.604 0.390(0.478) 0.552
ours RAPPIE(ChatGLM) 0.648 0.587 0.525 0.344 0.353 0.485 0.688 0.519 0.617

Weibo

ours RAPPIE(Qwen) 0.626 0.571 0.481 0.364 0.316 0.457 0.685 0.500 0.608
KGAN 0.546 0.270 0.420 0.286 0.310 0.207 0.240 0.326 0.375
MMML 0.623 0.266 0.533 0.354 0.286 0.318 0.293 0.382 0.474
RDGCN 0.603 0.474 0.188 0.321 0.169 0.160 0.212 0.304 0.438
DAGCN 0.618 0.269 0.512 0.326 0.283 0.318 0.264 0.370 0.460
GLM4 0.700 0.360 0.579 0.345 0.341 0.363 0.227 0.364(0.416) 0.480
THOR+GLM4 0.724 0.344 0.567 0.437 0.362 0.389 0.086 0.415 0.513
TOC+GLM4 0.729 0.364 0.509 0.278 0.341 0.321 0.205 0.392 0.476
ChatGLM-6B(ft) 0.227 0.242 0.262 0.309 0.030 0.135 0.271 0.185(0.211) 0.254
THOR+ChatGLM-6B(ft) 0.657 0.171 0.360 0.414 0.330 0.317 0.286 0.362 0.434
TOC+ChatGLM-6B(ft) 0.706 0.360 0.467 0.291 0.344 0.321 0.213 0.338(0.386) 0.449
Qwen-14B(ft) 0.703 0.339 0.568 0.401 0.116 0.299 0.267 0.385 0.480
THOR+Qwen-14B(ft) 0.708 0.345 0.647 0.206 0.397 0.426 0.191 0.365(0.417) 0.491
TOC+Qwen-14B(ft) 0.615 0.374 0.558 0.323 0.452 0.302 0.317 0.368(0.420) 0.446
DeepSeek-R1 0.716 0.378 0.646 0.334 0.451 0.429 0.228 0.398(0.455) 0.499
ours RAPPIE(ChatGLM) 0.636 0.321 0.568 0.461 0.299 0.390 0.329 0.429 0.490

Twitter

ours RAPPIE(Qwen) 0.687 0.333 0.657 0.394 0.374 0.271 0.381 0.442 0.527

emotional contents, lacking the modeling and inte-
gration of user-specific information. RDGCN and
DAGCN are typical methods that employ GNNs to
capture textual dependencies and sentiment aspects.
Nevertheless, The lack of explicit emotional cues
makes it challenging for syntactic dependency rela-
tions to achieve an effect similar to that observed
in explicit emotional analysis. In comparison, our
RAPPIE model incorporates user-content-reader
feedback interactions, enhancing literal semantics
through reader agents and a role-aware graph learn-
ing method that captures behaviorally-driven se-
mantic information inspired by content.

Considering that LLM-based baselines, while
they have robust semantic understanding capabili-
ties, their standalone performance is limited. Chain-
of-reasoning mechanism like THOR or TOC con-
tributes to the semantic inference of implicit emo-
tions, particularly when combined with fine-tuned
LLMs. However, these methods primarily focus on
the reasoning process of implicit emotional seman-
tics, failing to model the outcomes of reasoning
in human thinking from a behavioral perspective.
The instability of some LLM-generated results also

means that relying solely on LLMs is not the op-
timal solution for specific downstream tasks. In
contrast, our approach surpasses the base LLMs
and their reasoning-enhanced models, as well as the
GLM4 or DeepSeek-R1 with tens of billions param-
eters. This demonstrates that agent-based user sim-
ulation introduces richer information about readers’
feedback and interactive propagation beyond text
semantics, which cannot be learned simply by in-
creasing data or parameter scale. The DeepSeek-R1
model, enhanced by reinforcement learning-based
inference, demonstrates superior fundamental ana-
lytical capabilities compared to GLM4 and Qwen.
Despite its current limitation in incorporating in-
formation beyond semantics, it exhibits significant
potential as a novel foundational LLM in the future.

Additionally, the model’s performance on the
Twitter dataset is generally inferior to that on the
Weibo dataset, likely due to the absence of user
follow relationship data, which diminishes the ac-
curacy of reader propagation modeling. The differ-
ences in results between the two datasets indicate
that PIEA in social media across diverse linguistic
and cultural backgrounds is susceptible to founda-
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tion LLM. ChatGLM excels in simulating users
with Chinese cultural backgrounds, while Qwen
outperforms on more international social media.

4.5 Ablation Study
Table 2 summarizes the ablation study results. The
exclusion of reader feedback from our fusion mech-
anism (w/o Mrf

u ) leads to a maximum performance
degradation in macro-F1 of 8.5% and 3.6% on two
respective datasets. The removal of propagation
role information in the fusion layer (w/o Mrole)
also impacts performance. During the propagation
phase, the isolation of propagation role embeddings
Hrole on nodes intensifies user data sparsity, neg-
atively affecting results. Models without compre-
hensive reader data, such as those with text + user
attributes (Ms

u + Hat
u ) or text alone (Ms

u), show
inferior performance due to the absence of critical
reader information.

Our multi-view interactive learning reveals that
each interaction behavior contributes to capturing
reader feedback. Notably, the view of reposting
with a comment (Vc) is most influential due to its
comprehensive behavioral and emotional informa-
tion. In contrast, simple reposting (Vr) behaviors
often do not reflect readers’ emotional feedback
directly. Due to the inherent incompleteness of fol-
lowing relationships and the broadcast approach
used in simulating user feedback, removing view
Vf has a minimal impact on overall performance.

As shown in our Twitter experiments (without
Vf ), the model remains effective even when fol-
lowing relations are missing. Our model simulates
reader feedback propagation via a broadcast mech-
anism across relevant readers with shared interests
(rather than relying on explicit user following re-
lations). This can ensure that each user receives
feedback from a reader group of the same size,
eliminating bias that might arise from differences
in reader scale. In addition, the <user, post> pairs
with low-quality feedback naturally become mi-
nority edges in the broadcast network, minimally
affecting multi-view interaction learning. Unlike
static follower graphs, broadcasting mimics the
recommendation mechanism of trending topics on
social media platforms, uncovering latent user in-
teractions.

4.6 Influence of Interactive Propagation
In this section, we investigate the impact of the
maximum iterations K for interactive propagation
with RAPPIE (ChatGLM). As illustrated in Fig-

Table 2: Performance of ablation experiments.

Weibo(Macro-F1) Twitter(Macro-F1)
Models ChatGLM Qwen ChatGLM Qwen
RAPPIE 0.519 0.500 0.429 0.442
w/o Mrf

u 0.454 0.415 0.393 0.417
w/o Mrole 0.491 0.438 0.399 0.425
w/o Hrole 0.472 0.424 0.390 0.402
Ms

u +Hat
u 0.435 0.400 0.358 0.390

Ms
u only 0.433 0.395 0.306 0.367

w/o Vr 0.474 0.445 0.397 0.424
w/o Vc 0.459 0.439 0.396 0.422
w/o Vf 0.484 0.465 - -

ure 3, excessive propagation rounds do not yield
positive performance gains. This may be attributed
to: (1) the tendency of human readers to generate
feedback primarily upon initial exposure to content
and other readers’ comments, maintaining their
stance until new information is received. (2) the
over-smoothing issue(Wu et al., 2023) inherent in
GNNs, where excessive iterations lead to indistin-
guishable node representations.

Figure 3: Impact analysis of the maximum iteration in
multi-view interactive propagation graph learning.

4.7 Influence of Reader Scales

The scale of relevant readers is primarily influenced
by the hyperparameter k in ptop−kr mentioned in
section 3.2.2, which is designed to: (1) broad-
casts post to readers with aligned interests (reduc-
ing noise from unrelated users); (2) balances com-
putational cost and signal diversity. We have set
k = [100, 50, 25] for detailed analysis, and the
statistics of reader user scale and agent simulation
behavior are shown in Table 3 of Appendix B. The
impact of different reader scales on the prediction
results is illustrated in Figure 4.

As the hyperparameter k decreases, the model
broadcasts to a smaller scope of reader groups to
obtain feedback. Although smaller reader groups
have interests more similar to the content author,
this leads to a loss of generality in reader feed-
back, falling into a situation akin to an “information
cocoon.” Therefore, an adequate scale of reader
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Figure 4: Influence of different reader scales.

groups is necessary to obtain comprehensive and
complete reader feedback.

4.8 Case Study

We conduct a detailed case analysis to provide
a clearer intuitive impression of our approach.
Due to the transparency of the reasoning pro-
cess in the LLM-based method, we compared
our method with THOR+GLM4, THOR+Qwen-
14B(ft), TOC+GLM4, and TOC+Qwen-14B(ft) in
recognizing implicit emotions for the given content
and its associated historical posts list, illustrated in
Figures 7-9 in Appendix F. It is evident that while
LLMs + chain-of-reasoning mechanisms can ef-
fectively identify emotional triggers within the au-
thor’s content, their reasoning tends to be grounded
in rational and logical analysis. In contrast, the
reader agent in RAPPIE demonstrates a superior
ability to provide emotional interpretations from an
empathetic perspective. Consequently, its predic-
tions are more congruent with the author’s genuine
emotions.

5 Conclusion

In this paper, we introduce the RAPPIE model,
which targets the PIEA task by addressing the chal-
lenges in reader feedback acquisition and inter-
action modeling. RAPPIE leverages LLM-based
reader agents and a role-aware multi-view inter-
active propagation graph to facilitate personalized
emotion modeling. Additionally, we present two
new PIEA datasets covering different linguistic and
cultural backgrounds, enriched with detailed user
metadata annotations. Our experiments on these
datasets demonstrate the RAPPIE model’s efficacy,
outperforming best SOTA baseline with improve-
ments of 17.4% and 6.5% in macro-F1. In the
future, we will focus on the group-level analysis of
implicit emotions in terms of detection, propaga-
tion, and drifting.

Limitations

Our study did not explicitly address the potential
biases inherent in LLMs during the simulation of
reader behaviors. This omission is based on exist-
ing agent-based research in areas like fake news
detection and dialogue, which suggests that in most
circumstances LLM biases are not necessarily de-
terminative for general downstream tasks. Our
model primarily leverages user-generated content
and user-attribute data. During dataset construc-
tion, we reviewed and excluded content that per-
tains to race, nationality, or other obvious factors
prone to evoke discrimination or bias. Neverthe-
less, it is not possible to guarantee the absence of
bias in the agent-based reader simulation process.
We conducted experiments using two mainstream
open-source LLMs across Chinese and English so-
cial media datasets, reflecting specific model biases
to some extent. In future work, addressing the miti-
gation of potential implicit biases in LLMs during
the construction of reader agents, in light of the di-
verse linguistic and cultural backgrounds of users,
remains a crucial research task.

Ethics Statement

In the process of generating comments by the
reader agent, no explicit ethical or bias constraints
were applied, relying primarily on the built-in ethi-
cal review mechanisms of the online LLM service
providers. Thus, it is crucial to note that the data
may contain potentially misleading content. As
a result, manual verification is deemed necessary
when applying these comments to real-world prac-
tices.
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A Details Prompt for Reader Agent
Construction

Figure 5 shows an example of the prompt template
for creating a reader agent. The red contents corre-
spond to uga, ura, and uta of the reader attributes ua.
The blue content represents the reader’s historical
posts uh, with multiple entries separated by [sep].
The orange part is the content to be reposted.

B Details of the Reader Feedback
Simulation Process

During the global multi-behavioral interactive over-
lapping network, we construct prompts based on
〈p, r〉 pairs, and input them into the reader r’s agent.
Due to the incompleteness of the user-following
relationships, we adopt a broadcasting approach
rather than relying on user-following connections
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Figure 5: An example of the prompt template for reader
agent creation.

for propagation simulation, to obtain more compre-
hensive simulation results. To address the issue of
propagation noise, we employ a text similarity cal-
culation method based on Tf-Idf to filter the top−k
posts semantically relevant to the reader r’s histori-
cal posts. Detailed statistics of the reader feedback
simulation results are shown in Table 3. The GLM4
and Qwen2.5-turbo (Qwen for short) are adopted
as the foundation LLMs for reader agents, respec-
tively.

C Detailed explanation of the reader
propagation roles system

In this study, drawing upon the role behavior the-
ory in communication, we establish a quaternary
role system based on the dimensions of users’
rationality-sensibility and action-hesitation and de-
fine four propagation roles: Emotional person,
Gatekeeper, Onlooker, and Rationalist, detailed as
the following Table 4.

To capture the reader propagation roles’ fea-
tures, we concatenate each role’s description
with example content and construct a prompt as:
Prompt=“The description of the propagation role
is [Description], with an example [Example]. Ex-
plain the role [Propagation Role] based on the
above description and example.” The filled prompt
is then fed into the online LLM GLM4. The en-
riched explanation of each role is shown in Table 5.

D Details of Corpora Construction and
Datasets Statistics

The original Chinese data in this study is collected
from the popular social media Weibo3 in China.

3https://weibo.com/

We construct the English PIEA dataset based on
the raw data from twitter100m_tweets4 and twit-
ter100m_users5. Compared to Weibo, the Twitter
dataset does not include following relationships be-
tween users. For the collected raw data, we first per-
form data anonymization and utilize two sentiment
lexicons, Emotion Ontology6 (in Chinese) and
MPQA Subjectivity Lexicon7 (in English), to filter
and establish implicit emotion datasets. Four post-
graduate student annotators independently label
the data, achieving average inter-annotator agree-
ment rates of 87.3% and 79.8% in Weibo and Twit-
ter corpora, respectively. We randomly divide the
datasets into training, validation, and testing sets
in an 8:1:1 ratio. Due to the significant imbalance
in the distribution of emotional data, we observe
that existing models struggle with recognizing mi-
nor emotions like fear and surprise. Therefore, we
construct class-balanced training datasets by sam-
pling instances from each emotional category to
create prompts and using the online LLM GLM4
to generate augmented data (the prompt for data
augmentation is shown as Figure 6), which is then
integrated into the training set. Detailed statistics of
the experimental datasets are presented in Table 6.

Figure 6: The prompt for data augmentation.

E Details of the Baselines

To validate the advance of our model, we compare
it with a range of SOTA sentiment/emotion analysis
baselines, which can be divided into the following
three categories.

4https://hf-mirror.com/datasets/enryu43/
twitter100m_tweets

5https://hf-mirror.com/datasets/enryu43/
twitter100m_users

6https://github.com/ZaneMuir/
DLUT-Emotionontology

7https://mpqa.cs.pitt.edu/lexicons/subj_
lexicon/
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Table 3: The statistics of the reader feedback simulation results on different reader scales.

top-k Agent in datasets Reposting Reposting with a comment No repost Total
GLM4 in Weibo 97505 116947 136348 350800
Qwen in Weibo 63880 147430 139490 350800

GLM4 in Twitter 54860 281779 230961 567600100

Qwen in Twitter 151567 130808 285225 567600
GLM4 in Weibo 46436 51562 77402 175400
Qwen in Weibo 30109 68913 76378 175400

GLM4 in Twitter 23632 138279 121889 28380050

Qwen in Twitter 70776 69244 143780 283800
GLM4 in Weibo 23377 25647 38676 87700
Qwen in Weibo 14959 34599 38142 87700

GLM4 in Twitter 12474 69303 60123 14190025

Qwen in Twitter 34304 35102 72494 141900

Table 4: Reader propagation roles system and their detailed descriptions.

Propagation role Description Example
Emotional person An emotional person tends to be highly

sensitive to certain types of emotions,
readily experiencing and reacting to
events that elicit such feelings. They
possess a strong propensity to dissem-
inate these events, often augmenting
the associated emotions through their
communications.

A person with a propensity for anger might react strongly to an in-
cident like "a teacher in Canton physically punishing a student,"
not only spreading the news of the event but also accompany-
ing their transmission with comments that reflect their anger.
Similarly, the same individual might be sensitive to positive emo-
tions and respond to an event like “a woman being arrested for
spreading rumors” with a sense of satisfaction, thereby contribut-
ing to the propagation of both the event and the corresponding
emotional response.

Gatekeeper The gatekeeper exhibits relative ratio-
nality towards a certain emotional type,
participating in the dissemination of
events while concurrently mitigating
the corresponding emotion.

This individual maintains a rational perspective on anger and
plays a role in weakening the anger associated with the source
event by issuing objective and soothing statements or actively
disseminating events such as “medical professor questioning
bloodstains” within the propagation network.

Rationalist The rationalist exhibits relative ratio-
nality towards a certain emotional type,
making it less prone to triggering that
emotion in response to events. This
role participates in the dissemination
of the event without attaching the cor-
responding emotion.

In the case of anger, the individual remains relatively rational,
merely contributing to the amplification of the event’s promi-
nence without embodying the anger. Over time, this role may
shift to become an emotional person, a gatekeeper, or an on-
looker.

Onlooker The onlooker maintain a passive obser-
vation stance towards events, generally
not participating in the dissemination
of information.

They typically function as information recipients, merely observ-
ing the development trend of events, seldom expressing personal
opinions, and not engaging in retweets. However, in the context
of certain events, they may transition into the role of a rationalist.

Methods based on knowledge enhancement:
KGAN (Zhong et al., 2023), this technique inte-
grates a knowledge graph to a multiview learning
process for sentimental semantic representation.
MMML (Wu et al., 2024), a multimodal multi-
loss fusion network for sentiment analysis that
optimizes the selection and fusion of multimodal
knowledge encoders. All these baselines are repro-
duced according to the optimal configuration given
in the original paper.

Methods based on GNNs: RDGCN (Zhao
et al., 2024) is an enhanced dependency graph con-
volutional network that improves the calculation
of importance in distance and type views of depen-
dency relationships. DAGCN (Wang et al., 2024b),
a distance-based and aspect-oriented graph convo-
lutional network which incorporates distance-based

syntactic weights and sentimental aspect fusion at-
tention. All these baselines are also reproduced
according to the original optimal configuration.

Methods based on LLMs: We employed two
LLMs with different architectures as the founda-
tion, both of which have demonstrated outstanding
performance across various NLP tasks covering
both Chinese and English. Building on this, we
introduced two SOTA LLM-based semantic reason-
ing mechanisms to enhance the deep understanding
capabilities of the LLM baselines.

GLM4 (GLM et al., 2024) is an online LLM
with tens of billions of parameters released by
Zhipu, that combines a sophisticated transformer
architecture with multimodal integration, enabling
it to excel in long-context processing and mul-
tilingual support. We conduct the experiments
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Table 5: The enriched explanation of each role through LLM.

Propagation Role Enriched Explanation
Emotional person The term “Emotional Person” refers to a group of individuals on social media platforms who exhibit a

high level of sensitivity to specific events or topics and are prone to experiencing particular emotions
upon receiving relevant information. They have a strong propensity to disseminate information and
actively share these events, often accompanied by expressions of their own emotions in the process
of forwarding. Based on the characteristics and examples provided, we can identify the following
traits of Emotional Persons: Emotional Sensitivity: They have a heightened sensitivity to certain types
of emotions, such as anger or happiness. When exposed to events that trigger these emotions, they
are likely to react with corresponding emotional responses. Strong Propensity for Dissemination:
Upon encountering events that trigger specific emotions, Emotional Persons have a strong desire to
spread the information to others. They aim to raise awareness and elicit empathy by sharing these
events. Emotional Dissemination Behavior: In the process of sharing events, Emotional Persons tend
to express their own emotions, which can enhance the spread of the events on social media platforms
and potentially influence the emotions of other users. Role Transformation: Emotional Persons may
shift between different events and corresponding emotions. For instance, they may express anger in
response to an event like “a teacher in Guangzhou physically punishing a student,” whereas they may
exhibit happiness in response to an event like “a woman being detained for spreading rumors.” In
summary, Emotional Persons exert a certain level of influence on social media platforms. By sharing
and expressing emotions, they drive the spread of specific events and emotions, and may also affect the
emotions and viewpoints of other users. Understanding and paying attention to this group can help us
better grasp the dynamics of public opinion on social media platforms.

Gatekeeper The “Gatekeeper” is a behavioral role that operates within the sphere of online social interactions.
Individuals assuming this role exhibit a balanced rationality towards certain emotional types and are
actively involved in the dissemination of events, while concurrently taking steps to diminish associated
emotional responses. The primary characteristics of the Gatekeeper involve the rational management
and propagation of emotions. They are adept at not only providing objective analyses of events but also
at soothing negative sentiment within the digital space through the issuance of reassuring comments
or the proactive sharing of information related to the event. For example, in the context of a societal
event, a Gatekeeper might publish analyses of the event’s objective facts on social media platforms
such as Weibo or Twitter and simultaneously offer solace to individuals exhibiting anger, guiding
them toward a more rational perspective. Thus, the Gatekeeper’s function is to attenuate negative
emotions throughout the dissemination process, contributing to the harmony and stability of the online
environment. Overall, the behaviors of the Gatekeeper serve to modulate the strength of specific
emotions transmitted during event propagation. By providing information that is more objective and
calm, they may reduce the potent emotional reactions that an event could provoke, thereby shaping the
collective emotional trajectory. Gatekeepers fulfill a critical role in the online ecosystem as emotional
stabilizers, aiding in the preservation of online order and fostering a rational public understanding of
events.

Rationalist The term “Rationalist” refers to an individual who exhibits a relatively rational response to certain
emotional types in a specific event or situation. Rather than being readily triggered into emotional
reactions by the event itself, they tend to approach the analysis and dissemination of information
with an objective and rational mindset. This role is particularly prevalent on social media platforms,
where individuals may participate in the spread of trending events without being swayed by emotions,
maintaining a relatively calm and composed demeanor. For instance, in the dissemination of angry
sentiment, Rationalists focus on the core aspects of the event, such as factual truths and relevant
policies, and strive to remove emotional elements during the sharing process. They may help steer
public discourse towards a focus on the event itself, rather than being influenced by emotions. Such a
role contributes to the maintenance of rationality and fairness in public discussions and helps prevent
adverse phenomena like cyberbullying. However, Rationalists do not always remain entirely rational.
As an event unfolds, they may transition into other roles such as Emotional persons, Gatekeepers, or
Onlookers. In the role of a Sensitizer, they might experience empathy or emotional fluctuations due to
certain details of the event. As Gatekeepers, they could actively engage in the scrutiny and selection
of information to ensure its authenticity and fairness. In the role of a Bystander, they may simply
maintain an observant stance without offering opinions on the event. These shifts in roles reflect the
psychological changes and coping strategies individuals employ in response to different situations.

Onlooker The “Onlooker” constitutes a demographic that adopts a passive observing position about online
or social events. They are generally consumers of event-related information, paying attention to
developments without contributing to the dissemination or discourse surrounding the event. This role
is distinguished by a stance of neutrality, devoid of intense emotional bias towards the event, and a
lack of initiative to participate in its discussion. Onlookers are inclined to follow the trajectory of
events but seldom voice their opinions or engage in the redistribution of information. This segment of
the population may shift to the role of Rationalist when confronted with particular events, suggesting
that they may start to engage more intently and participate actively in discussions regarding the event
under certain conditions, showing a more assertive demeanor. Overall, the Onlooker fulfills a role
that maintains a certain distance and observes the dynamics of an event, yet they are not completely
disengaged from social events. In specific contexts, they may transition into active participants or
contributors to the event’s discourse. This shift in roles illustrates the psychological and behavioral
adaptations that individuals display when presented with varying event scenarios.
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Table 6: Detailed statistics of the experimental datasets,
the number in () is the amount of augmented training
data for each emotion category, # means the number of
corresponding items, Rfollowing represents the following
relationships between users.

Weibo (Total:12384) Twitter (Total:16856)

Emotion Train
(1500) Validate Test Train

(2000) Validate Test

Happy 1355 192 178 3920 490 490
Anger 451 54 65 986 123 117
Sad 919 107 104 1965 245 246

Disgust 360 35 45 1556 194 203
Fear 23 10 10 530 66 65

Surprise 198 30 23 780 98 92
Neutral 4188 514 517 1694 212 212

Total 7494
(10500) 942 942 11431

(14000) 1428 1428

# Users 3508 5676
# Rfollowing 5927 -

by calling its API from https://bigmodel.cn/.
ChatGLM-6B(ft) (Du et al., 2022) is the open-
source version of GLM series with 6B param-
eters, and has been fine-tuned using the train-
ing set. Qwen-14B(ft) (Team, 2024), Qwen2.5-
14B is an open-source LLM released by Al-
ibaba specifically optimized for logical reason-
ing and natural language understanding and has
been fine-tuned using the training set. THOR (Fei
et al., 2023) improves implicit sentiment analysis
through a three-step chain-of-thought (COT) rea-
soning. TOC (Weinzierl and Harabagiu, 2024)
constructs a tree-of-counterfactual prompting, and
enhance the reasoning ability of LLM through
chains-of-explanation and chain-of-contrastive ver-
ification. We respectively integrate the THOR
and TOC mechanisms with the LLMs mentioned
above to enhance implicit emotion inference. See
the Figures 7-9 for detailed reasoning processes
and prompts. DeepSeek-R1 (DeepSeek-AI et al.,
2025) is the latest online LLM with 671 billion
parameters trained via large-scale reinforcement
learning without supervised fine-tuning as a prelim-
inary step, demonstrating remarkable performance
on reasoning. We conduct the experiments by call-
ing its API provided by Aliyun8.

F Detailed Reasoning Processes for Case
Study

We provide an instance that illustrates detailed rea-
soning processes for a given content and its asso-
ciated historical posts list, shown in Figures 7-9.

8https://www.aliyun.com/
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Figure 7: A case study of the prediction process for RAPPIE and different LLMs with THOR.
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Figure 8: A case study of the prediction process for TOC+GLM4.

Figure 9: A case study of the prediction process for TOC+Qwen-14B(ft).
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