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Abstract

Evaluating semantic drift is essential for un-
derstanding dynamical discourse evolution and
opinion formation in online discussions. How-
ever, sparse and uneven distributions of event-
specific keywords prevent traditional mod-
els from capturing post-level semantic drift.
Thus, to address this issue, we propose an
LLM-embedding Semantic Adaptation Net-
work (LLM-SAN), which is a hybrid se-
mantic drift evaluation model with an LLM-
Embedding gated recurrent unit (GRU) module,
an LLM-Embedding graph convolutional net-
work (GCN) module and a multi-expert adap-
tive fusion module. The GRU module is used
to extract features from event related posts, and
The GCN is used to extract features from tem-
poral graphical topic posts. Then, the features
are merged by the multi-expert adaptive fu-
sion module. Finally, this module predicts the
future post embedding, and the prediction er-
ror is used to evaluate and detect the semantic
drift points. Extensive experiments are con-
ducted, and the results show that LLM-SAN
achieves the state-of-the-art performance on
the semantic drift evaluation task, compared
to the other baselines. Ablation experiments
are also conducted to show the effectiveness of
each module in LLM-SAN. Code is available at:
https://github.com/mengtahua/LLMSAN.

1 Introduction

Semantic drift evaluation is a critical yet challeng-
ing task to quantify and measure dynamical seman-
tic changes, as illustrated in Fig. 1. In this task,
event-related posts causally evolve and drift with
time-varying distribution within public attention
and discussion topics (Wu et al., 2024; Wang and
Goutte, 2018; Balepur et al., 2023; Kang et al.,
2024; He et al., 2024; et al., 2025; Sekar et al.,
2026; Frank and Afli, 2025). The vocabulary dis-
tributions, sentiment polarity, topic structures and
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Figure 1: Semantic Drift Evauation.

contextual semantic associations gradually change
during the evolution (Garroppo et al., 2018; Karjus
et al., 2020; Gaul and Vincent, 2017; Unankard
and Nadee, 2020; Cao et al., 2023; Periti and Tah-
masebi, 2024).

There have been studies on event-related content
evolution, which can be classified into three types:
(1) probabilistic models (Blei et al., 2003; Blei and
Lafferty, 2006; Wang and McCallum, 2006) learn-
ing topic changes from word-frequency distribu-
tions; (ii) incremental models (Wang and Goutte,
2018; Rieger et al., 2022; Patil et al., 2025b) learn-
ing dynamic semantic evolution via online detec-
tion mechanisms; and (iii) deep-learning models
(Wang et al., 2019; Dieng et al., 2019; Rahimi et al.,
2024) learning semantic representations through
neural encoders.

However, these models all perform at the time
level or event level. Thus, they hardly model the
rapidly-evolving post content, where the seman-
tic drift is reflected through sparse and unevenly
distributed event-specific keywords. This makes
them difficult to leverage fine-grained semantic in-
formation and perform with low accuracy if event
scales vary significantly or salient semantic content
is unevenly distributed.

Thus, to address this issue, we propose an LLM-
Embedding Semantic Adaptation Network (LLM-
SAN) for post-level semantic drift evaluation. In
this model, temporal dynamics features are ob-
tained from a gated recurrent unit (GRU) with in-
puts from an LLM-based encoder, capturing accu-
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mulated semantic drift across posts. Meanwhile,
topical features are obtained from a graph convo-
lutional network (GCN) with inputs from an LLM-
based generator, enhancing topic representations
and sparse keyword signals. An attention-guided
multi-expert mechanism then adaptively fuses these
features, which are subsequently used for event-
stage segmentation.

Thus, The main contributions of this work are as
follows:

1. LLM-SAN model is proposed to evaluate
the post-level semantic drift, providing a sys-
tematic way to capture fine-grained semantic
changes in individual posts.

2. The model uses a GRU with inputs from
an LL.M-based encoder to capture accumu-
lated post-level semantic drift, a GCN with
inputs from an LL.M-based generator to en-
hance topic representations and discontinu-
ous keyword signals, and an attention-guided
multi-expert fusion mechanism to adaptively
combine multi-scale features, effectively ad-
dressing sparse or unevenly distributed event-
specific keywords.

3. Experiments demonstrate that LLM-SAN
achieves state-of-the-art performance on post-
level semantic drift detection. Ablation stud-
ies verify the effectiveness of the key modules,
and tests on real-world datasets confirm its va-
lidity, ultimately facilitating accurate event
stage segmentation.

2 Related Work

This section introduces related work on semantic
drift and content evolution, including probabilis-
tic models, incremental models, and deep-learning
models.

Probabilistic models describe the documents by
using latent topics inferred from word-frequency
distributions. Among them, latent dirichlet alloca-
tion (LDA) (Blei et al., 2003; Chauhan and Shah,
2021; Goyal and Kashyap, 2022) models document-
topic and topic-word distributions under Dirichlet
priors. Then, dynamic topic models (Blei and Laf-
ferty, 2006) extend LDA by linking topic parame-
ters across adjacent time slices through state-space
assumptions. Further, topics over time (Wang and
McCallum, 2006) incorporate temporal priors to
capture time-dependent topic distribution changes.

Incremental models are designed to track the
evolution of semantic in streaming or continuously
arriving data. Among them, online LDA (Wang
and Goutte, 2018; Fan et al., 2021; Zhou et al.,
2023; Balepur et al., 2023) models are proposed
to update topic parameters incrementally as new
documents arrive sequentially. By contrast, Rolling
LDA (Rieger et al., 2022) uses a sliding window
to capture the features of continue rolling topics.
Moreover, joint dynamic topic model (Zhang and
Lauw, 2022) is also proposed to analyze varying
topics by the combination of time-aware optimal
transport and temporal point process techniques.
Graph-based online models (Patil et al., 2025b,a)
are proposed to represent topic drift through evolv-
ing graph structures.

Deep-learning models leverage neural encoders
to learn semantic representations. Among them,
neural topic models (Wang et al., 2019; Wu et al.,
2024; Boutaleb et al., 2024) are proposed to per-
form topic inference by using neural variational
framework. Based on this framework, dynamic em-
bedded topic model (DETM) (Dieng et al., 2019)
use word embedding technique to capture the fea-
tures of topic evolution over time. Then, dynamic
structured neural topic model (Miyamoto et al.,
2023) is proposed to capture the topic branching
and merging features in evolution process by self-
attention mechanisms. Further, aligned neural topic
model (ANTM) (Rahimi et al., 2024) uses large lan-
guage model (LLM) to extract time-aware features
from evolving topics.

3 Methodology

The overall architecture of the proposed LLM-SAN
model is presented as shown in Fig. 2.

3.1 Temporal Evolution Trend Extraction

Formally, let an event consist of a sequence of
temporally ordered posts P1.7 = {p1,p2,.--,p7}>
where each post p; is associated with textual con-
tent and time step ¢.

An LLM-based encoder is applied to generate
single post content semantic embeddings:

e < LiMa (), (1)

elmPoral ¢ Rd1 i the semantic embedding of p;.

The resulting embedding e} is subsequently
input into a GRU module to capture temporal evo-
lution trends and accumulate post-level semantic

drift.
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Figure 2: LLM-Embedding Semantic Adaptation Network.

At each time step t, a two-layer GRU
processes the sequence of post embeddings,
temporal temporal £ h di .
i N , from the preceding ¢ =
1,2,...,T —1 time steps, updating its hidden state
recurrently to capture short-term evolution trends
in event-related posts.
Specifically, given the post embedding at time

step t — 1, the GRU hidden state is updated as

7= o (Woel™P™ + Uhit), )
re=o(Woel P 4+ Uiy ), ()

by = tanh (Wl 4 Uy (1 0 b))
@
h,=(1-2)©h;_1+2z O©h,, 5

where h;_; € R% is the GRU hidden state from
the previous time step, with hidden dimension dy,
and the initial hidden state hy is set to a zero vector.
W, € Rnxdi W, € RI*d1 and W), € RIn*d
are learnable weight matrices applied to the input
embedding eieﬂlporal, where dj, denotes the hid-
den dimension and d; denotes the dimensional-

) 1
ity of e[, U, ¢ R%*d, U, € RW*dn,

U;,, € R%*dn are learnable weight matrices ap-
plied to the previous hidden state, with dimension
dp; z; € R% and r;, € R% are the update and
reset gates, controlling information flow; h; € R
is the candidate hidden state, and h; € R% is

the updated hidden state; o(z) = H% denotes
the sigmoid function, tanh(z) = zz;z:z denotes

the hyperbolic tangent function, and ® represents
element-wise multiplication; Through recursive up-
dates over the previous c time steps (i.e., using
embeddings from time steps ¢ — c to ¢t — 1), h; cap-
tures short-term evolution trends in event-related
posts.

To balance short-term variations with long-term
evolution trends, a historical mean embedding is
computed over all past posts up to time ¢ — 1 as

t—1
— 1 temporal
€ = —— i )
t—1+4
=1

(6)

and mapped through a nonlinear transformation:
m; = ReLU(W,,&; + b,,), @)

where W,,, € R%*d1 apd b,, € R% are learn-
able weight matrices applied to the historical mean
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embedding, and m; € R% captures the long-term
semantic evolution trend accumulated before time
step t.

Then, the short-term representation h; and the
long-term trend representation m; are concatenated
and projected via a linear layer to obtain the GRU
output representation as follows:

£5RY — W [hy; my] + by, (8)

where [; ] denotes vector concatenation, and W, €
R%*2dn and b, € R% are learnable weight ma-
trices applied to the concatenated embeddings.
fGRU ¢ R4 is a representation that jointly pre-
serves long-term stable semantic information while
emphasizing short-term semantic shifts, thereby
providing a comprehensive characterization of post-
level semantic drift.

3.2 Topic Feature Enhancement

To encode contextual topic semantics from a
preceding time window, a LLM-based generator
is applied to the time-windowed post contents
Pi—ct—1 = {Pt—csPi—c41s---,Pt—1}, Where ¢ =
1,2,...,T — 1 denotes the length of the tempo-
ral window. The LLM-based generator produces a
topic-aware embedding:

e‘;opic = LLMgen(Pt—c:t—l)' (9)

where eEOpm € R% here d is the dimension of the

mean-pooled output of the generator LLM over the
window.

The generation process is guided by the follow-
ing prompt:

“You are a Twitter user. Based on the follow-
ing posts published in the previous time period,
generate a plausible post for the next time step.”

A single vector summarizing the window is ob-
tained via mean pooling over the hidden states. The
resulting embedding ;™ |t = ¢+1,¢+2,...,T
is then input into a GCN module to enhance con-
textual topic representations.

After obtaining the topic-aware embeddings
€.’ from the preceding time window, these em-
beddings are treated as nodes in a temporal topic
graph, and a semantic relation network is con-
structed to enhance discontinuous keyword signals
and topic-level representations using a two-layer
GCN.

First, a pairwise similarity matrix S is computed
among the topic embeddings:

S — Etopic (]:-,)topic)—r 7 (10)

where EfoPic — [ez(flic; egf;c; c e?pic] €
R(T=¢)xd2 denotes the matrix of topic embeddings
corresponding to historical time steps within the
preceding window. Edges are formed between
node pairs corresponding to the top 5% largest
values in the similarity matrix S, resulting in an
undirected semantic graph G. Each node represents
a time-specific topic embedding e;°"*°, and edges
denote semantic similarity between topics across
time steps.

Subsequently, a two-layer GCN is applied to
aggregate information from semantically related
nodes, yielding enhanced topic representations.

The update rule at layer [ + 1 is defined as:
H(*D = U(D—%AD—%H(”W,(P> , an

where A = A + I denotes the adjacency ma-
trix A € RT-9x(T-) with self-loops I &
RT=)x(T=c) D ¢ RT=*(T=0) i5 the degree
matrix, HY) ¢ R(T—9)%d> represents the initial
node embeddings, HO ¢ RT=9x%dn for | > 1
represents the node embeddings at layer [, Wz(gl) €
Rd2xdn WI(DI) € R%*dn for | > 1 are learnable
weight matrices.

After two graph convolutional layers, the result-
ing node representations H?) ¢ R(T—¢)xdn are
then linearly projected using learnable parameters
W, € RA*dn and b, € R to obtain the en-
hanced topic feature f°N € R% at time step ¢:

fEON — W H®? + b, (12)

3.3 Feature Adaptive Fusion

After obtaining the GRU feature f*RY € R% and
GCN feature ftG CN ¢ R4 | the two features are first
merged through a fixed equal-weight linear fusion
as the main predictive signal:

fPase — 0.56°RU 1 0.5£5CN. (13)
To account for conflicts between temporal dy-
namics and structural semantics, an attention-
guided multi-expert method is applied to the feature
difference:
d, = ftGRU _ ftGCN' (14)
Each of the I € Z* experts computes a residual
projection of this difference:
r?EZ) = We(i)db

i=1,...,I, (15
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where W, € R4 s the learnable weight
matrix for the i-th expert.

Attention weights are then computed over the
experts to adaptively obtain a weighted residual:

oy = softmax (W, tanh(W o[FSRY: fGCN]))

(1’6)
1

I‘zveighted _ z :

=1

(4)..(2)

r,’,

A7

where W, € R%41x2d1 W, ¢ RT¥1 are Jearnable
parameters and a; € ]RI and rwelghted R,

Finally, the predicted embedding for the next
time step t is obtained by adding the scaled
weighted residual to the base fusion:

temporal
e P

__ gbase
t - ft +

weighted
AT, ,

(18)
where ) is a small scaling factor controlling the
influence of the residual and etemporaLl R,

3.4 Implementation of LLM-SAN

In the training process, the loss function is defined
as the reconstruction error between the predicted
post embeddings and the corresponding ground-
truth embeddings:

temporal ’ ’ 2
’

loss = Z ” ~temporal

t c+1
(19)
Where alemPoral g the estimation of e/ and
— c denotes the number of future time steps to be
predicted. Note that, we here use samples within
time stepst = ¢+ 1,...,7 to predict that within
time stepst =1,...,c.
The semantic drift score for a post at time step ¢
is then defined as its prediction error:

€ = || ~temporal e;emporaIHZ’

(20)
where €; € R quantifies the deviation between the
predicted embedding and the actual embedding.
The overall complexity of LLM-SAN is
O(T(dvdp, + d3) + Edy + Td3 + Kd?) in time,
O(dydp,+d2 +d3+ K d?) in parameter storage, and
O(Tdp + Tdy + E + Kd,) in activation storage,
where T, E, dy, dj,, do, d,, and K denote the num-
ber of time steps, edges, input dimension, GRU
hidden dimension, GCN dimension, expert output
dimension, and number of experts, respectively.

4 Experiment

In this section, comprehensive experiments are con-
ducted to verify the proposed model achieves state-
of-the-art semantic drift evaluation performance
and enables reasonable event stage segmentation.

4.1 Datasets

The experiments are conducted on two benchmark
datasets. They are as follows:

DTELS (Zhang et al., 2025) is a Chinese news
corpus consisting of temporally ordered articles
and reference timelines annotated at multiple
granularities, the dataset is available at: https:
//github.com/chenlong-clock/DTELS-Bench.
Three levels of temporal granularity are provided:
coarse-grained (key milestones), medium-grained
(important developments), and fine-grained (de-
tailed evolutionary points). Events containing all
three granularities and more than 350 documents
are retained. Documents are temporally aligned
with reference timelines using TF-IDF similarity
and summary coverage, and are labeled according
to the earliest matched timeline node (3/2/1/0
from coarse to unmatched). The label magnitude
indicates the degree of semantic drift. After
preprocessing, 18 event datasets are obtained for
semantic drift evaluation. See also Appendix A for
details.

TwiBot-22 (Feng et al., 2022) is a large-scale
Twitter benchmark containing approximately one
million users and over 76 million tweets, the
dataset is available at: https://github.com/
LuoUndergradXJTU/TwiBot-22. Event-level
datasets are constructed by filtering tweets within
predefined time periods using event-specific key-
words. Noisy samples are removed, including very
short posts, replies, and texts dominated by irrel-
evant content. Following this procedure, 4 event
datasets are extracted for event stage segmentation.
See also Appendix B for details.

4.2 Parameter Settings and Metrics

Parameter Value
Number of experts 4
Time window length 12
LLM-based encoder Qwen3-Embedding-0.6B
Hidden_dim 128
Epochs 3000
A 0.1
Learning rate 0.001

Table 1: Hyperparameter settings for LLM-SAN.
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Event ID Rolling-LDA DETM ANTM LLM-SAN (Qwen) LLM-SAN (Gemma)
1 0.74 £ 0.077 1.13+£0.012 1.52 £ 0.565 0.52 £ 0.038 0.52 +0.039
2 0.72 £ 0.067 1.06 £ 0.057 1.15 £ 0.465 0.48 £ 0.019 0.47 + 0.037
3 0.64 +0.078 1.27 £ 0.061 1.11 £0.512 0.50 £+ 0.029 0.48 £ 0.014
4 0.53 £0.038 1.20 £ 0.050 1.30 £ 0.543 0.29 + 0.058 0.29 + 0.038
5 0.64 +0.003 1.17 £ 0.040 1.35 £ 0.241 0.48 + 0.038 0.43 £ 0.031
6 0.72 £0.013 1.27 £ 0.006 1.41 £0.168 0.31 £ 0.015 0.30 = 0.013
7 0.60 £ 0.023 1.14 £ 0.051 1.21 £0.279 0.44 £ 0.042 0.43 = 0.024
8 0.57 £ 0.008 1.30 £0.091 1.19+£0.118 0.42 + 0.050 0.50 = 0.031
9 0.79 £ 0.061 1.34 £ 0.011 1.16 £ 0.530 0.36 £+ 0.025 0.36 + 0.023
10 0.72 £ 0.065 1.20 + 0.046 1.28 £ 0.260 0.44 + 0.036 0.41 + 0.022
11 0.58 £ 0.035 1.24 £0.119 1.30 £ 0.348 0.43 £ 0.040 0.41 + 0.038
12 0.83 +0.028 1.34 £ 0.028 1.36 £ 0.468 0.43 £ 0.052 0.47 + 0.045
13 0.70 £ 0.037 1.22 £0.042 1.35£0.228 0.44 £ 0.046 0.48 + 0.037
14 0.68 £ 0.058 1.22 £0.041 1.09 £ 0.301 0.43 + 0.026 0.38 £ 0.014
15 0.74 £ 0.005 1.27 £ 0.055 1.10 £ 0.352 0.41 £ 0.075 0.41 + 0.054
16 0.66 = 0.056 1.17 £0.093 1.20 £ 0.146 0.51 = 0.031 0.52 + 0.022
17 0.52 £ 0.007 1.14 £ 0.070 1.08 £0.373 0.39 £ 0.019 0.43 + 0.048
18 0.69 +0.031 1.19 £0.020 1.10 £ 0.435 0.48 = 0.075 0.45 + 0.032

Table 2: Semantic Drift Evaluation Performence on DTELS.

The hyperparameter of LLM-SAN are summa-
rized in Table 1. Specifically, the maximum num-
ber of stages is set to five. Two types of LLM-based
generators were employed: Qwen2.5-3B-Instruct
and a Gemma-2-2B-Instruct model fine-tuned for
Chinese and German. Each experiment was re-
peated 5 times using random seeds.

The normalized mean absolute error (MAE) is
used to evaluate semantic drift. Given a sequence
of predicted semantic drift scores ¢j; and the corre-
sponding multi-granularity timeline labels y; for a
sample, then the normalization is applied by

gi — min(g)

max(p) —ming)’ O

§i=3><

The predicted value is mapped into the range [0, 3]
(Zhong et al., 2022), which is consistent with the
granularity labels. The MAE for this sample is then
computed as:

T
1 _
MAE = —— > 15— uil (22)
t=c+1

where T — c is the number of time steps consid-
ered. This provides a unified metric for comparing
semantic drift prediction across different models.

4.3 Baseline Models

To test the effectiveness of LLM-SAN, the follow-
ing models are considered as baselines:

Rolling LDA (Rieger et al., 2022) detects topic
changes by monitoring variations in word distribu-
tions across consecutive time windows.

DETM (Dieng et al., 2019) models semantic
evolution using trainable topic embeddings and
LSTM-based inference to identify topic change
points.

ANTM (Rahimi et al., 2024) leverages LLM-
generated document embeddings and sliding-
window clustering to analyze changes in topic dis-
tributions.

All three models are originally designed for
coarse-grained, time-slice-level detection. To
enable post-level evaluation, they are uniformly
adapted: each post is treated as a single time point,
text is encoded with Qwen3, and evaluation met-
rics are adjusted to measure post-level topic change.
Additional modifications ensure compatibility with
post-level semantic drift analysis and the temporal
dynamics captured by LLM-SAN. See also Ap-
pendix C for details.

4.4 Post-level Semantic Drift Evaluation
Performance

To evaluate LLM-SAN on post-level semantic
drift prediction, experiments are conducted on the
DTELS dataset with post-level labels, and com-
pared with baseline models. As shown in Table 2,
LLM-SAN achieves the lowest prediction error,
reducing the average error by 34.98% over the
second-best method. This demonstrates its effec-
tiveness in capturing semantic drift by: (i) Com-
pared with Rolling LDA, LLM-SAN transforms
discrete lexical co-occurrences into continuous
sentence-level embeddings via the GRU module,
capturing accumulated temporal semantic signals
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Figure 3: Semantic Drift Trend.

across posts and reducing drift errors. (ii) Com-
pared with DETM, LLM-SAN leverages attention-
guided multi-expert fusion to adaptively combine
the temporal and topic features at multiple granu-
larities, enhancing sparse keywords and post-level
semantic signals, improving drift evaluation ac-
curacy. (iii) Compared with ANTM, LLM-SAN
explicitly models semantic dependencies between
posts via the GCN module and maintains global
semantic continuity through LLM-based encoder
and generator features, ensuring robust drift detec-
tion even in multi-topic or semantically ambiguous
stages.

To further evaluate the methods, the predicted
post-level semantic drift values are aggregated into
temporal bins of 30 and normalized to [0, 1). Sub-
sequently, a Soft-Peak/Valley Enhancement is ap-
plied to this normalized curve. This enhancement
operates by accentuating local convexity and con-
cavity—conceptually akin to approximating the
second derivative—which elevates peaks and deep-
ens valleys. Fig. 3 shows mean drift values for
four selected events, where LLM-SAN predictions
align most closely with the drift label, capturing
both short-term spikes and long-term trends.

4.5 Ablation Study on Feature Modules and
Adaptive Fusion

To evaluate the contribution of LLM-SAN compo-
nents, ablation experiments are conducted on the
DTELS dataset. Variants are created by removing
the GRU, GCN, or attention-guided multi-expert

—7
@ Post, |

Semantic Evolution Network

Candidate
Boundary

K=2

Candidate
Boundary

Boundary Merge

Figure 4: Event Stage Segmentation.

fusion module, and compared with the full model,
as shown in Table 3. Several observations can be
made: (i) The model generally achieves the lowest
errors, indicating that single-dimensional features
are insufficient to fully capture the post-level se-
mantic evolution. (ii) Incorporating the attention-
guided multi-expert fusion allows the model to
adaptively reconcile conflicts between temporal
(GRU) and topic (GCN) features, substantially re-
ducing errors.

4.6 Event Stage Segmentation Experiment

As shown in Fig. 4, event stages are inferred from
the post-level semantic drift scores produced by the
LLM-SAN model. Following established event life-
cycle models (Wang et al., 2020), the segmentation
identifies stage boundaries that respect temporal
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Remove Remove LLM-SAN Remove Remove LLM-SAN
EventID  Remove GCN GRU(Qwen) Expert(Qwen) (Qwen) GRU(Gemma) Expert(Gemma)(Gemma)

1 0.60 +£0.032 0.58+0.007 0.56+0.017 0.52+0.038 0.57+0.006 0.54+0.013 0.52+0.039
2 0.54+0.026 0.50+0.003 0.49+0.016 0.48+0.019 0.53+0.006 0.50+0.012 0.47 =0.037
3 0.59£0.025 0.53+£0.003 0.52+0.028 0.50 £0.029 0.50+0.004 0.49+0.014 0.48 +0.014
4 0.38+0.013 0.33+0.004 0.31+0.006 0.29+0.058 0.33+0.004 0.30+0.015 0.29 =0.038
5 0.52+0.034 0.53+£0.002 0.53+0.026 0.48+0.038 0.483+0.006 0.47+0.013 0.43+0.031
6 0.39£0.006 0.34+£0.004 0.31+0.006 0.31+0.015 0.34+0.006 0.31+0.010 0.30%0.013
7 0.46 £ 0.008 0.45+0.013 0.41+0.02 044+0.042 042£0.006 0.40=0.011 0.43+0.024
8 0.53+0.010 0.48+0.003 0.42%0.018 0.42%0.050 0.52+0.005 0.48+0.006 0.50+0.031
9 0.46 +0.015 0.40+0.004 0.37+0.004 0.36+0.025 0.39+0.008 0.36=0.018 0.36 + 0.023
10 0.55+0.036 0.47+0.006 0.44+0.012 0.44%£0.036 0.44+0.002 043+0.027 0.41%0.022
11 0.48 £0.008 0.47+0.004 0.44+0.004 0.43+0.040 0.45%+0.002 0.44+0.008 0.41+0.038
12 0.52+0.018 0.43+0.005 0.44+0.037 043£0.052 0.44+0.008 0.44=0.015 047+0.045
13 0.47 £0.029 0.43+0.001 0.42%0.010 0.44+0.046 048+0.006 0.45%0.016 0.48+0.037
14 0.46 +0.034 0.42+0.003 0.42=0.010 0.43+0.026 0.38+0.007 0.37+0.005 0.38+0.014
15 0.43+0.019 0.36+0.004 0.37+0.004 0.41+0.075 0.39+0.008 0.38+0.018 0.41+0.054
16 0.53+£0.026 0.53+0.005 0.53+0.027 0.51£0.031 0.55+0.005 0.54+0.028 0.52 =0.022
17 0.41+0.012 0.40+0.001 0.38%+0.008 0.39+0.019 0.52+0.006 0.45+0.017 0.43+0.048
18 0.66 +£0.046 0.52+0.008 0.47 £0.014 0.48+0.075 0.57+0.012 0.49+0.036 0.45%0.032

Table 3: Ablation Experiment Performence on DTELS.
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Figure 5: Event Stage Segmentation Experiment.

continuity while capturing major fluctuations in
posting activity. The procedure selects timesteps
with relatively low semantic drift scores and con-
structs a semantic evolution network, where each
target post is connected to posts contributing to
its prediction. Small connected subgraphs are re-
moved to focus on major propagation patterns. Can-
didate boundaries are then extracted from the latest
posts in retained subgraphs, and an iterative merg-
ing process ensures that the total number of bound-
aries does not exceed a predefined limit K € Z*
while maintaining reasonable temporal intervals.
To evaluate the proposed event stage segmen-
tation, experiments are conducted on TwiBot-22
datasets, which offer a large-scale and diverse ba-

sis for analyzing event dynamics. In these exper-
iments, the maximum number of stages is set to
K = 5. Event posts are aggregated in 4-hour win-
dows, smoothed with a three-window moving aver-
age, and stage boundaries are visualized as vertical
lines on the posting activity curves, as shown in
Fig. 5.

Stage boundaries generally occur near small lo-
cal peaks in low-error regions, marking local max-
ima or centers of discussion intensity, while adja-
cent stages are separated by pronounced peaks in
post volume, reflecting bursts of activity. These
stages do not always correspond to large semantic
shifts; instead, they indicate segments where se-
mantic continuity is relatively coherent within each

29172



stage but weaker across stages.

5 Conclusion

We propose LLM-SAN for post-level semantic
drift evaluation. LLM-SAN integrates a GRU-
based module, with inputs from an LLM-based
encoder, to capture accumulated temporal semantic
signals; a GCN-based module, with inputs from
an LLM-based generator, to enhance topic repre-
sentations and sparse keywords; and an attention-
guided multi-expert mechanism to adaptively fuse
multi-scale semantic features. Experiments on the
DTELS dataset show that LLM-SAN consistently
outperforms baseline models in predicting seman-
tic drift, and ablation studies confirm the contribu-
tion of each component. Further experiments on
the TwiBot-22 dataset demonstrate that LLM-SAN
prediction errors can reliably guide event stage seg-
mentation. LLM-SAN captures semantic evolution
and can be applied to tasks such as modeling dis-
course dynamics and analyzing temporal semantic
patterns, though its application may require careful
adaptation to the specific requirements of different
tasks.

Limitations

Despite its effectiveness in post-level semantic drift
evaluation and event stage segmentation, LLM-
SAN has some limitations: (i) evaluation is lim-
ited to Chinese and English, leaving multilingual
analysis for future work; (ii) other signals, such as
user interactions, are not explicitly modeled and
could further enhance performance; (iii) seman-
tic drift scores, while valuable for analysis, also
warrant careful consideration regarding potential
misuse—for instance, to steer public discourse or
monitor opinions at scale—and should therefore be
interpreted and applied with appropriate contextual
awareness.
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A DTELS Events Details

Event ID

Event Name

Num. of Posts

Time Span

1

10

11

12

13

14

15

16

17

18

Palestine-Israel Military Conflict
China Space Station Launch
Fukushima Nuclear Waste Discharge
Xu Xiyuan Announces Divorce from
Wang Xiaofei
Evergrande Debt Crisis
Lao Rongzhi Case
Russia-Ukraine Situation
Pelosi Visits Taiwan
Tangshan Barbecue Shop Assault
2022 Typhoon
Shinzo Abe Assassination
PLA “Lock Taiwan” Drill
Southern Turkey Earthquakes
Trump Indictment
Myanmar Telecom Fraud
Armed Conflict in Sudan Capital

Coco Lee Passed Away

2023 Typhoon

422

529

382

482

312

452

531

446

414

386

430

367

374

345

490

470

455

352

2019-09-27 00:00:00 —
2024-04-29 07:55:49
2020-06-23 00:00:00 —
2024-04-30 05:17:22
2019-10-08 08:18:00 —
2024-04-30 02:38:00
2021-03-22 14:50:00 —
2024-05-01 00:00:00
2020-09-07 11:41:54 —
2024-04-30 02:38:00
2019-11-27 00:00:00 —
2024-04-30 02:38:00
2020-03-11 00:00:00 —
2024-04-30 02:38:00
2020-02-04 00:00:00 —
2024-04-30 04:05:00
2022-05-13 00:00:00 —
2024-04-30 04:52:00
2020-09-09 23:59:59 —
2038-09-08 00:00:00
2020-08-28 00:00:00 —
2024-04-29 23:36:00
2022-07-29 16:18:00 —
2024-04-30 02:38:00
2022-01-08 00:00:00 —
2024-04-30 02:38:00
2020-04-20 11:44:00 —
2024-04-30 02:38:00
2019-12-25 00:00:00 —
2024-04-29 23:35:00
2019-10-25 00:00:00 —
2024-04-30 02:38:00
2020-07-13 00:00:00 —
2024-04-30 02:38:00
2022-08-01 00:00:00 —
2024-05-01 00:39:05

Tabel 4: DTELS Events Details.
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B Twibot22 Events Details

Event Name Keywords Num. of Time Span
Posts
Munich Security Conference "Munich Security 539 2022-02-03 00:00:00 —
Conference","MSC" 2022-03-20 00:00:00
Elon Musk SpaceX Launch "SpaceX", "Inspiration4", 597 2021-08-30 00:00:00 —
"civilian spaceflight” 2021-10-31 00:00:00
Taylor Swift New Album "Taylor Swift", 1103 2022-01-21 00:00:00 —
"paparazzi”, "Ed Sheeran" 2022-03-15 00:00:00
Tokyo Olympics "Tokyo Olympics", 783 2021-07-08 00:00:00 —
"Olympic Games 2021", 2021-09-08 00:00:00
"gold medal"

Tabel 5: Twibot22 Events Details.

C Models Adjusted Details

Model Name Adjustments for Semantic Drift Evaluation

Rolling LDA Treat each post as a single time point; use previous 12 posts as a rolling
memory window; measure semantic drift with Jensen-Shannon
divergence; update model incrementally to adapt to new words and small

semantic changes.

DETM Treat each post individually; encode words with Qwen model; use
reparameterization and KL regularization to handle irregular intervals;

approximate inference via neural network + reparameterization +
mini-batch optimization for efficiency; semantic drift computed as sum

of metrics (KL and NLL) between consecutive posts.

ANTM Treat each post individually; preprocess for Chinese text; encode posts

with Qwen; retain unassigned topics as separate; combine puw and
jaccard as drift metric; use window of size 12 with overlap 11 to capture

drift relative to previous posts.

Tabel 6: Models Adjusted for Semantic Drift Evaluation.
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