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Abstract

Evaluating semantic drift is essential for under-
standing 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) mod-
ule, an LLM-Embedding graph convolutional
network (GCN) module and a multi-expert
adaptive fusion module. The GRU module
is used to extract features from event related
posts, and The GCN is used to extract features
from temporal graphical topic posts. Then, the
features are merged by the multi-expert adap-
tive fusion module. Finally, this module pre-
dicts the future post embedding, and the pre-
diction error is used to evaluate and detect
the semantic drift points. Extensive experi-
ments are conducted, and the results show that
LLM-SAN achieves the state-of-the-art perfor-
mance on the semantic drift evaluation task,
compared to the other baselines. Ablation ex-
periments are also conducted to show the ef-
fectiveness of each module in LLM-SAN.

1 Introduction

Semantic drift evaluation is a critical yet challeng-
ing task to quantify and measure dynamical se-
mantic changes, as illustrated in Fig. 1. In this
task, event-related posts causally evolve and drift
with time-varying distribution within public atten-
tion and discussion topics (Wu et al., 2024; Wang
and Goutte, 2018; Balepur et al., 2023; Kang et al.,
2024; He et al., 2024). The vocabulary distri-
butions, sentiment polarity, topic structures and
contextual semantic associations gradually change
during the evolution (Garroppo et al., 2018; Kar-
jusetal., 2020; Gaul and Vincent, 2017; Unankard
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Figure 1: Semantic Drift Evauation.

and Nadee, 2020; Cao et al., 2023; Periti and Tah-
masebi, 2024).

There have been studies on event-related con-
tent evolution, which can be classified into
three types: (i) probabilistic models (Blei et al.,
2003; Blei and Lafferty, 2006; Wang and Mc-
Callum, 2006) learning topic changes from word-
frequency distributions; (ii) incremental models
(Wang and Goutte, 2018; Rieger et al., 2022; Patil
et al., 2025b) learning dynamic semantic evolution
via online detection mechanisms; and (iii) deep-
learning models (Wang et al., 2019; Dieng et al.,
2019; Rahimi et al., 2024) learning semantic rep-
resentations 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 con-
tent 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-
mulated semantic drift across posts. Meanwhile,
topical features are obtained from a graph con-
volutional network (GCN) with inputs from an



LLM-based generator, enhancing topic representa-
tions 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 LLM-based encoder to capture accumu-
lated post-level semantic drift, a GCN with
inputs from an LLM-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 mod-
ules, and tests on real-world datasets con-
firm its validity, ultimately facilitating accu-
rate 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 allocation (LDA) (Blei et al., 2003;
Chauhan and Shah, 2021; Goyal and Kashyap,
2022) models document-topic and topic-word dis-
tributions under Dirichlet priors. Then, dynamic
topic models (Blei and Lafferty, 2006) extend
LDA by linking topic parameters across adja-
cent 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 doc-
uments 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 en-
coders to learn semantic representations. Among
them, neural topic models (Wang et al., 2019;
Wu et al., 2024; Boutaleb et al., 2024) are pro-
posed to perform topic inference by using neural
variational framework. Based on this framework,
dynamic embedded topic model (DETM) (Di-
eng et al., 2019) use word embedding technique
to capture the features of topic evolution over
time. Then, dynamic structured neural topic
model (Miyamoto et al., 2023) is proposed to
capture the topic branching and merging fea-
tures in evolution process by self-attention mech-
anisms.  Further, aligned neural topic model
(ANTM) (Rahimi et al., 2024) uses large language
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 tem-
porally ordered posts Pi.r = {p1,p2,...,07}>
where each post p; is associated with textual con-
tent and time step ¢.

For individual post, an LLM-based encoder is
applied to generate single post content semantic
embeddings:

&P = LLMeun (pr), (1)
elmPoral ¢ Rdi g the semantic embedding of py.
temporal .

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 ©gtemporal “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), ()
ro=o(Wel P+ Uhy ), ()

flt = tanh (Wheiirlfporal +Up(r: © ht—l)) )
G
hy = (1 —2) ©hy_1 +2; © hy, (5)

where h;_; € R% is the GRU hidden state
from the previous time step, with hidden dimen-
sion dj, and the initial hidden state hg is set to
a zero vector. W, € R&xd W, ¢ Rénxdi,
and W, € R% > are learnable weight matrices
applied to the input embedding e/™"P*" where

dp, denotes the hidden dimension and d; denotes

. . . 1
the dimensionality of e;""P°"™™; U, € R,

U, € R%»*xd Uj, € R% > are learnable weight
matrices applied to the previous hidden state, with
dimension dy,; z; € R and r; € R are the up-
date and reset gates, controlling information flow;
flt € R9% is the candidate hidden state, and h; €

R is the updated hidden state; o () = 7 +3sz de-
notes the sigmoid function, tanh(z) = Zzlz:i de-

notes the hyperbolic tangent function, and © rep-
resents element-wise multiplication; Through re-
cursive updates over the previous c time steps (i.e.,
using embeddings from time steps ¢t — ctot — 1),
h; captures 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 ¢t — 1 as

t—1
— 1 temporal
€ = 7 )
t—1+4
i=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
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 concate-
nated and projected via a linear layer to obtain the
GRU output representation as follows:

fERU = W, [hy; my] + by, (8)

where [; ]| denotes vector concatenation, and
W, € R4x%n and b, € R are learnable
weight matrices applied to the concatenated em-
beddings. ftGRU € R% is a representation that
jointly preserves long-term stable semantic infor-
mation while emphasizing short-term semantic
shifts, thereby providing a comprehensive charac-
terization 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
Pict—1 = {Pt—csPt—ct1,- -+, Dt—1}, Where ¢ =
1,2,...,T — 1 denotes the length of the tempo-
ral window. The LLM-based generator produces a
topic-aware embedding:

€;”" = LLMgen (Ps—c:1-1)- )
where ei"pic € R?%_ here ds 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 €{°”° ;¢ = ¢ + 1,¢ +
2,...,T is then input into a GCN module to en-
hance contextual topic representations.

After obtaining the topic-aware embeddings
e,°P*° 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:

topi topicy |
S=E opic (E OplC) , (10)
topic  __ topic, _topic, . topic
where E = e i€mpns--rep ] €

R(T=¢)%d2 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 val-
ues in the similarity matrix S, resulting in an undi-
rected semantic graph G. Each node represents
a timespecific 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(*) = o (DADHOWD), (1)

where A = A + I denotes the adjacency ma-
trix A € RTI=9X(T=9) with self-loops I €
RT=x(T=) D e RT=)X(T—9) i the degree
matrix, HY e R(T=¢)%4 represents the initial
node embeddings, H®) e RT—)xdn for | > 1
represents the node embeddings at layer [, W;l) €
Rd2%dn W,(Dl) € R >*dn for | > 1 are learnable
weight matrices.

After two graph convolutional layers, the result-
ing node representations H?) ¢ R(T—9)%dn gre
then linearly projected using learnable parameters
W, € R4*d and b, € R¥ to obtain the en-
hanced topic feature 5N € R% at time step ¢:

N = w,H®? +b,. (12)

3.3 Feature Adaptive Fusion

After obtaining the GRU feature f&RY ¢ R4 and
GCN feature f7CN ¢ R%, the two features are
first merged through a fixed equal-weight linear fu-
sion as the main predictive signal:

£ = 0.5608Y 4 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 fea-
ture difference:

d; = fORV _ £6CN, (14)



Each of the I € Z™T experts computes a residual
projection of this difference:

r =W, 0d,, i=1,....1, (5

where W, () € R91 %41 g the learnable weight ma-
trix for the ¢-th expert.

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

o = softmaX(Wb tanh(W [fGRU fGCN])) ;

(16)
I
rzveighted _ Z o a7
i=1
where W, € R%1>2d1 W, ¢ RI*% are Jearnable
parameters and oy € RI and r)"ghted ¢ Rdi,
Finally, the predicted embedding for the next
time step t is obtained by adding the scaled
weighted residual to the base fusion:

() .(4)

t Tt

igh
current __ ftbase + )\r\tNelg ted7 (18)

€t
where A is a small scaling factor controlling the
influence of the residual and e§" ™" ¢ 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:

loss — Atemporal temporalH2,
¢
(19)
Lt 1. ¢ 1
where &;“"P”"™ is the estimation of e,"**"™, and

T — c denotes the number of future time steps to be
predicted. Note that, we here use samples within
time steps t = ¢+ 1,...,T 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;emporal ||27 (20)
where €; € R quantifies the deviation between the
predicted embedding and the actual post embed-
ding.

4 Experiment

In this section, comprehensive experiments are
conducted to verify that 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.

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 irrele-
vant content. Following this procedure, 4 event
datasets are extracted for event stage segmentation
experiments.

4.2 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 en-
able post-level evaluation, they are uniformly
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adapted: each post is treated as a single time point,
text is encoded with a unified LLM, and evaluation
metrics are adjusted to measure post-level topic
change. Additional modifications ensure compat-
ibility with post-level semantic drift analysis and
the temporal dynamics captured by LLM-SAN.

4.3 Parameter Settings and Metrics

The hyperparameter of LLM-SAN are summa-
rized in Table 1. Specifically, the maximum num-
ber of stages is set to five.

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

gi — min(7)
max () — min(g)’

Yi =3 X 2D
The predicted value is mapped into the range [0, 3],
which is consistent with the granularity labels.
The MAE for this sample is then computed as:

T

1 -

MAE:&ﬁ:;EI\%—yH
t=c+1

(22)

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

Parameter Value
Number of experts 4
Time window length 12

LLM-based encoder
LLM-based generator

Qwen3-Embedding-0.6B
Qwen2.5-3B-Instruct

Epochs 3000
Hidden_dim 128
Seed 2025
Learning rate 0.001

Table 1: Hyperparameter settings for LLM-SAN.

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 Ta-
ble 2, LLM-SAN achieves the lowest prediction
error, reducing the average error by 23.3% over
the second-best method. This demonstrates its
effectiveness in capturing semantic drift by: (i)

Event Rolling- LLM-
ID LDA DETM ANTM SAN
1 0.7015 1.1403 1.6338 0.5150
2 0.6991 1.1012 1.2621 0.5085
3 0.5935 1.0975 1.6648 0.5087
4 0.4539 1.4679 1.8993 0.2505
5 0.6409 1.2552 1.5488 0.4672
6 0.8263 1.2469 1.4687 0.3239
7 0.5527 1.1801 1.2230 0.4454
8 0.5688 1.3101 1.3244 0.3732
9 0.6744 1.2501 1.7283 0.3772
10 0.7532 1.2115 1.4966 0.4102
11 0.5379 1.2801 1.4316 0.4130
12 0.8197 1.1848 1.6342 0.3562
13 0.6802 0.9499 1.4337 0.4175
14 0.5869 1.2271 1.3697 0.4040
15 0.6757 1.3419 1.4821 0.3343
16 0.6960 0.9867 1.3702 0.5244
17 0.5220 1.0791 1.4539 0.3938
18 0.7541 1.2466 1.5105 0.5159

Table 2: Semantic Drift Evaluation Performence on
DTELS.

Compared with Rolling LDA, LLM-SAN trans-
forms discrete lexical co-occurrences into con-
tinuous sentence-level embeddings via the GRU
module, capturing accumulated temporal seman-
tic signals across posts and reducing drift errors.
(i) Compared with DETM, LLM-SAN leverages
attention-guided multi-expert fusion to adaptively
combine the temporal and topic features at multi-
ple granularities, enhancing sparse keywords and
post-level semantic signals, improving drift evalu-
ation accuracy. (iii) Compared with ANTM, LLM-
SAN explicitly models semantic dependencies be-
tween posts via the GCN module and maintains
global semantic continuity through LLM-based en-
coder and generator features, ensuring robust drift
detection even in multi-topic or semantically am-
biguous 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-
cavityconceptually akin to approximating the sec-
ond derivativewhich elevates peaks and deepens
valleys. Fig. 3 shows mean drift values for four se-
lected events, where LLM-SAN predictions align
most closely with the drift label, capturing both
short-term spikes and long-term trends.
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Event Remove Remove Remove LLM-
ID GCN GRU Expert SAN
1 0.5659 0.5839 0.5617 0.5150
2 0.5367 0.5017 0.4694 0.5085
3 0.5898 0.5310 0.4918 0.5087
4 0.3678 0.3276 0.2650 0.2505
5 0.5662 0.5328 0.5328 0.4672
6 0.3885 0.3424 0.3141 0.3239
7 0.4640 0.4398 0.4080 0.4454
8 0.5391 0.4769 0.4406 0.3732
9 0.4794 0.3937 0.3785 0.3772
10 0.5469 0.4805 0.4487 0.4102
11 0.4540 0.4687 0.4458 0.4130
12 0.5011 0.4401 0.4347 0.3562
13 0.4125 0.3947 0.3796 0.4175
14 0.5060 0.4198 0.4258 0.4040
15 0.4126 0.3665 0.3592 0.3343
16 0.4929 0.5132 1.3702 0.5244
17 0.4061 0.3971 0.3823 0.3938
18 0.6195 0.5080 0.4714 0.5159

Table 3: Ablation Experiment Performence on DTELS.

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
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 semantic evolution. (ii) Incorporating the
attention-guided multi-expert fusion allows the
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Figure 4: Event Stage Segmentation.

model to adaptively reconcile conflicts between
temporal (GRU) and topic (GCN) features, sub-
stantially reducing errorsfor example, Event 1 and
Event 5 drop from 0.5617 and 0.5328 to 0.5150
and 0.4672demonstrating the effectiveness of this
adaptive fusion.

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 lifecycle models (Wang et al., 2020), the
segmentation identifies stage boundaries that re-
spect temporal continuity while capturing major
fluctuations in posting activity. The procedure se-
lects timesteps with relatively low semantic drift
scores and constructs a semantic evolution net-
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Figure 5: Event Stage Segmentation.

work, where each target post is connected to posts
contributing to its prediction. Small connected
subgraphs are removed to focus on major propa-
gation patterns. Candidate boundaries are then ex-
tracted from the latest posts in retained subgraphs,
and an iterative merging process ensures that the
total number of boundaries does not exceed a pre-
defined limit K € Z™* while maintaining reason-
able 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 av-
erage, and stage boundaries are visualized as ver-
tical 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 seman-
tic shifts; instead, they indicate segments where
semantic continuity is relatively coherent within
each 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 en-
coder, 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 contri-
bution of each component. Further experiments
on the TwiBot-22 dataset demonstrate that LLM-
SAN prediction errors can reliably guide event
stage segmentation.

Limitations

Despite its effectiveness in post-level semantic
drift evaluation and event stage segmentation,
LLM-SAN has some limitations: (i) evaluation is
limited to Chinese and English, leaving multilin-
gual analysis for future work; (ii) other signals,
such as user interactions, are not explicitly mod-
eled and could further enhance performance.
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