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Abstract—The paper advances belief representation learning in
polarized networks – the mapping of social beliefs espoused by
users and posts in a polarized network into a disentangled latent
space that separates (the members and beliefs of) each side. Our
prior work embeds social interaction data, using non-negative
variational graph auto-encoders, into a disentangled latent space.
However, the interaction graphs alone may not adequately reflect
similarity and/or disparity in beliefs, especially for those graphs
with sparsity and outlier issues. In this paper, we investigate
the impact of limited guidance from Large Language Models
(LLMs) on the accuracy of belief separation. Specifically, we
integrate social graphs with LLM-based soft labels as a novel
weakly-supervised interpretable graph representation learning
framework. This framework combines the strengths of graph-
and text-based information, and is shown to maintain the
interpretability of learned representations, where different axes
in the latent space denote association with different sides of the
divide. An evaluation on six real-world Twitter datasets illus-
trates the effectiveness of the proposed model at solving stance
detection problems, demonstrating 5.9%-6.5% improvements in
the accuracy, F1 score, and purity metrics, without introducing
a significant computational overhead. An ablation study is also
discussed to study the impact of different components of the
proposed architecture.

Index Terms—Large Language Models, Weak Supervision,
Graph Auto-Encoders, Interpretability, Social Networks

I. INTRODUCTION

Beliefs posted on social networks are propagated through
interactions among users and messages [1]. Understanding and
modeling these beliefs helps researchers explore the opinions,
preferences, and evolution of individuals and communities.
Mainstream methods represent social stances [2], [3] or beliefs
[4], [5] as vectors (embeddings), enabling analysts to discover
social facts and trends by studying the positions, similarities,
and dynamics of belief representations. Additionally, belief
representations facilitate various downstream tasks such as
polarization detection [6] and stance prediction [7].

Previous belief representation learning work has utilized
techniques such as graph neural networks (GCN) [8] and vari-
ational graph auto-encoders (VGAE) [9] to encode user and
message embeddings. An interpretable belief representation is
proposed in [4], where users and messages are mapped into a
disentangled belief embedding space, with each axis aligned
with one side of an ideological divide. The coordinates of a
point on each axis in the latent space represent the strength of
its affiliation with the corresponding side’s ideology. However,

the efficacy of interpretable separation of polarized communi-
ties based on their interaction patterns is limited by complex-
ities found in real-world data and challenges arising from the
sparsity of observations. For example, members on opposite
sides of a politically polarized network may repost some of
the same content (e.g., soccer game results, as opposed to
political views). Conversely, members of the same side might
sometimes have no interaction due to differences in interests.
Furthermore, spam accounts may exhibit abnormal behaviors
such as reposting random messages from both sides. Thus,
real-world social interaction graphs may not fully adhere to
the homophily assumption, where users prefer to interact with
similar entities [10].

To address the limitations of inferring polarization from
interaction patterns only, recent research has also explored rep-
resentations of actors and messages based on the textual data
they post [11], [12]. The recent advances in natural language
processing, including large language models (LLMs), have no-
tably improved text-based representation learning, particularly
in zero-shot or few-shot scenarios. However, social messages
with sarcasm or abbreviations are often less informative and
may prove challenging to interpret in the absence of sufficient
context, resulting in sub-optimal representations.

To address these issues, studies have investigated combining
social graphs and message text [13], including enhancing
graph embeddings with LLM encoder features [14], [15] or
incorporating graph structure as additional inputs to LLM
encoders [16]–[18]. Most of these efforts focus on embedding-
based integration, utilizing message embeddings as node fea-
tures [14], [19], or to smooth the adjacency matrix based
on cosine similarity [20]. These approaches combine the
benefits of graph and text modalities to create composite
node representations in social interaction graphs. However, the
need to compute a text embedding for every post in these
approaches increases their computation overhead.

To reduce the computational overhead of belief represen-
tation learning approaches that jointly exploit text and graph
structure, instead of embedding every post, in [21], the au-
thors propose to utilize labels generated by LLM decoders
to distantly supervise the training of a graph model, which
is lightweight and effective for node classification tasks.
However, the approach does not ensure the interpretability of
learned representations from the integration of LLM decoder
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Fig. 1: The proposed SGVGAE model framework processes
input comprising social interaction records and message texts.
A Non-Negative VGAE maps user and message nodes to an
interpretable belief embedding space, where we further refine
the embedding using guidance from semantic belief labels
generated by LLMs. Techniques such as connectivity guidance
and axis guidance enhance the interpretability and robustness
of the model in the face of uncertain graph topology with a
limited number of semantic labels.

labels with the graph model.
In this paper, we propose a Semantic-Guided Variational

Graph Auto-Encoder (SGVGAE) model to enhance inter-
pretable belief representation learning under the weak supervi-
sion of LLM-generated belief labels. The approach is the first
to jointly (i) utilize both graph and text embeddings, (ii) ensure
efficiency by labeling only a small subset of messages, and
(iii) retain interpretability of the latent space by maintaining
an association between axes and group ideologies on different
sides of an ideological divide. Other solutions attain at most
two out of the above three desirable properties.

SGVGAE proposes two semantic guidance techniques to
improve the quality of learned representations while pre-
serving the interpretability of the belief embedding space:
(i) Connectivity Guidance increases the connectivity among
messages with the same semantic belief (LLM-generated soft)
label, and (ii) Axis Guidance enhances the alignment of users
or messages with the correct belief axis while penalizing
alignment with incorrect axes. Additionally, we introduce a
learnable gate that allows the model to selectively leverage
information from the initial graph structure or the belief
labels. The weak supervision provided by the soft LLM labels
enhances the robustness of the SGVGAE model, particularly
when the social interaction graph is sparse or unreliable. The
approach improves the quality of learned representations and
expands the range of downstream applications. Our exper-
iments demonstrate that associating as little as 5% of the
messages with LLM-generated soft labels can significantly
improve the performance and stability of SGVGAE.

We evaluate the proposed SGVGAE model on six real-world
Twitter datasets for belief detection. We compare the accuracy,

macro F1 score, and purity score of SGVGAE with graph-
based models (e.g., VGAE and its variants), text-based models
(e.g., GPT-3.5 and GPT-4), and multi-modal models (e.g.
TIMME [14]) in zero-shot, few-shot, and semi-supervised fine-
tuning scenarios. The proposed SGVGAE model outperforms
the best baseline by 5.97% in accuracy, 6.06% in macro
F1 score, and 6.51% in purity score. We also explore the
performance of SGVGAE under different scales of semantic
guidance. An ablation study is conducted to validate the
effectiveness of the proposed semantic guidance techniques.

II. PROBLEM STATEMENT

The input for belief representation learning consists of
typical social network data, including entities and interactions.
Entities comprise users U = {u1, u2, ..., un} and messages
M = {v1, v2, ..., vm}. Messages can be tweets on Twitter,
posts on Reddit, etc. Note that we only consider dedupli-
cated identical messages as v, meaning that, for example, all
retweets of the same original tweet are treated as the same
message. For each message v, the data also includes a corre-
sponding textual context t, such as the content of the tweet.
Interaction records I are relational triplets between users and
messages, denoted by (u, r, v) ∈ I , where r represents the
type of interaction, such as retweet or post on Twitter.

The objective of belief representation learning is to predict
the belief label l (such as conservative versus liberal in politi-
cal polarization or such as sect A versus sect B in an arbitrary
divide between two groups) for each user and message, as well
as their belief strengths for every belief category. Typically,
the belief strengths are represented as an embedding (vector)
z ∈ Z for all of n users or m messages, i.e., |Z| = n +m.
Assuming there are d pre-defined belief categories in the
problem, z ∈ Rd is a d-dimensional embedding. In this paper,
we treat belief representation learning as a weakly-supervised
learning or distantly-supervised learning task, where a small
scale of soft belief labels generated by LLMs or pre-trained
models are used as additional input.

III. SEMANTIC-GUIDED NON-NEGATIVE VARIATIONAL
GRAPH AUTO-ENCODERS

In this section, we present the formulation of the Semantic-
Guided Variational Graph Auto-Encoders (SGVGAE) model,
which encompasses (i) Non-Negative Variational Auto-
Encoders, (ii) LLM-based Semantic Labeling of beliefs, (iii)
Connectivity Guidance, and (iv) Axis Guidance techniques.

The proposed SGVGAE model represents interactions on
social media by a heterogeneous undirected bipartite graph.
The graph nodes consist of users and messages, resulting in a
total of n+m nodes. For simplicity, we assume the first n nodes
represent users and the subsequent m nodes represent mes-
sages. The graph edges are formulated as a weighted adjacency
matrix Ar ∈ R(n+m)×(n+m), where r denotes the edge type.
The graph edges are connected with the interaction triplets
between users and messages, with Ar

i,n+j = Ar
n+j,i = 1 if

(ui, r, vj) ∈ I and Ar
i,j = 0 otherwise. In this paper, we sim-

plify the multi-relation adjacency matrix to a general adjacency



matrix by taking the element-wise maximum A = maxr(A
r),

considering that all relations (e.g., retweet, post) are positive
(consentaneous). The resulting graph is bipartite, meaning that
edges only exist between users and messages, i.e., Ai,j ≡ 0
for 1 ≤ i, j ≤ n or i, j ≥ n+1. While the bipartite graph is a
straightforward model of input interactions, in Section III-D,
we will discuss how to introduce message-message edges with
guidance from LLMs to enhance the performance.

A. Inference Model (Encoder)

We adopt the non-negative inference model introduced in [4]
to create a disentangled orthogonal latent space. The inference
model encodes the general-relation adjacency matrix A as the
belief embedding Z ∈ R(n+m)×d. In this paper, we use the
identity matrix as the node feature X ∈ R(n+m)×(n+m) to
capture the topological information. We apply symmetrical
normalization based on the degree of nodes to the adjacency
matrix Ā = D− 1

2AD− 1
2 , where D is a diagonal matrix of

degrees, with Di,i =
∑n+m

j=1 Di,j .
We utilize an L-layer Graph Convolutional Network (GCN)

as the backbone of the encoder. Let Ck represent the k-th layer
graph convolution and initialize C1 = X; the first L−1 layers
of the encoder network can be formulated as

Ck = γ(ĀCk−1W k), 2 ≤ k ≤ L− 1, (1)

where γ denotes the activation function. We assume the
belief embedding follows an element-wise rectified Gaussian
Distribution N+. In the L-th output layer of the encoder, we
compute the means and standard deviations as

µ = ReLU(ĀCL−1Wµ), δ = ReLU(ĀCL−1W δ), (2)

where µ and δ represent the mean and standard deviation,
respectively. Using the reparameterization trick, we can sample
from N+(µ, δ) to compute the belief embedding Z.

B. Generative Model (Decoder)

We design the decoder using an inner product to maintain
the orthogonality of the belief embedding space. The decoder
calculates the probability of the reconstructed adjacency matrix
Ai,j given the belief embeddings zi and zj as the sigmoid
probability of their inner product, which is formulated as

p(Ai,j |zi, zj) = σ(zT
i zj), (3)

where σ is the sigmoid function. Practically, we model the
reconstruction loss Lrc as the element-wise cross-entropy loss,

Lrc = −
n+m∑

i=0,j=0

[
ωA
p Ai,j log p(Ai,j |zi, zj)

+ (1−Ai,j) log(1− p(Ai,j |zi, zj))
]
,

(4)
where ωA

p is the positive-class weight used to balance the
number of positive and negative samples. It is calculated as
the ratio of the negative count to the positive count, denoted
as ωA

p =
[∑

i,j(1−Ai,j)
]
/
∑

i,j Ai,j . By optimizing the

reconstruction loss Lrc, the non-negative VGAE maps all
actors and messages to a non-negative embedding space. The
orthogonality of the embedding space is ensured by the non-
negative encoder and the inner-product decoder, resulting in
a disentangled representation. An illustrative example of the
interpretable belief embedding space is shown in Figure 1,
where each axis represents a belief, and the corresponding
coordinate indicates the belief strength. Typically, unsuper-
vised graph embedding learning models require an additional
clustering algorithm to separate different beliefs. However,
with the interpretable embedding space, one advantage is
that further clustering algorithms are not needed to separate
different beliefs. The predicted belief labels can be assigned
simply by taking argmax over the embeddings.

The VGAE and non-negative VGAE models rely on the
topology of the graph, making them potentially vulnerable to
sparsity or uncertainty in the graph structure. Belief embedding
learning essentially aims to find the optimal split of the graph
by mapping nodes to appropriate positions in the embedding
space. However, when the dataset is not highly polarized,
graph-based models like VGAEs can only find sub-optimal
splits without additional information or guidance. For instance,
a real-world social interaction network may have many small
isolated components that are weakly connected to the main
component (or two main components in case of polarization).
While VGAE models may effectively separate the two main
components (clusters) in a polarized network, they struggle
to optimally align other isolated components with the right
axis and struggle when some nodes (e.g., neutral individuals
or spam bots interacting with both sides of the ideological
divide), leading to an improper mapping. Additionally, the
general sparsity of social networks significantly impacts the
performance of graph-based models. A very sparse graph with-
out additional guidance may result in suboptimal behaviors.

One possible solution is to incorporate information from
the text. The existing research has explored encoding message
text with large language model encoders [12], [22]–[24]. The
encoded message embeddings are typically used as node fea-
tures [14], [19] for graph convolutional networks or to compute
message-message cosine similarity to smooth the adjacency
matrix [20]. However, these existing methods may have lim-
itations including: (i) Textual embeddings from pre-trained
language encoders often capture token distributions rather than
the desired belief information. (ii) Using message-message
cosine similarity to smooth the adjacency matrix introduces
difficulties in choosing thresholds for controlling sparsity.
(iii) Applying message embeddings to all node features or
message-message edges introduces a significant overhead, as
shown in the experiments of Section IV-F (iv) Finally, the used
optimization objectives are often not designed to be compatible
with the interpretability.

To incorporate text information with graphs and maintain
the interpretability, the proposed SGVGAE model (i) utilizes
decoder-based generative LLMs like GPT-3.5 and designs
a prompt with demonstrative belief-prediction examples to
more precisely infer the semantic belief labels for a small



subset of messages. (ii) We introduce connectivity guidance
that uses semantic belief labels to increase intra-belief node
connectivity. (iii) We propose axis guidance that introduces an
additional soft constraint for semantically labeled messages to
reside in the correct belief axis, which also guides the split
of nodes with different beliefs. (iv) While the proposed soft
constraints are compatible with the disentangled embedding
space, we further propose normalization and gated fusion to
allow the SGVGAE model to selectively balance the usage
between graph and textual signals, enhancing its robustness.
The details are elaborated in the following sections.

C. Semantic Labeling of Belief

We design and utilize a prompt with demonstrative exam-
ples for decoder-based LLMs to the inference message belief,
i.e. we instruct the language model to return the belief label l
for each message v. For example, the prompt for the Philip-
pines Enhanced Defense Cooperation Agreement (EDCA)
dataset is shown in Figure 2, where some repeated patterns are
omitted for brevity. Empirically, we find providing additional
demonstrative examples, as well as dataset-specific contexts,
can facilitate LLMs in understanding the definitions of sides
in the local ideological divide, which therefore produces more
reliable soft labels. While human-annotated labels are also
compatible with the proposed weak supervision framework,
the LLM-based soft labeling has the advantage of automating
the whole pipeline and reducing the annotation cost.

Given a set of tweets, determine if each of them
expresses a Pro-EDCA (liberal) or Anti-EDCA
(conservative) belief about the Enhanced
Defense Cooperation Agreement (EDCA). In
very rare cases there will be neutral views.

Here are some examples:
1: RT @JoeBiden: On this International Day of

People with Disabilities, we’ll be fully
commit..." This tweet on the US election
dataset expresses liberal belief because it
expresses care for disabilities.

2: ...
The expected response format is an array of JSON

objects as follows: ...
Inference the belief of the following tweets:
1: ...

Fig. 2: An example of an LLM prompt used as context for
soft labeling of two sides in Philippines polarization analysis
regarding Enhance Defense Cooperation Agreement.

D. Connectivity Guidance

Leveraging the semantic belief labels L, we enhance intra-
belief connectivity, as illustrated by the red edges in Figure 1.
Connectivity guidance is expected to result in a clearer sep-
aration of different belief groups. This technique also allows
adjusting the scale of semantic belief labels to apply for the
connectivity guidance. Suppose we want to apply k belief
labels L = {l1, l2, ..., lk} to the corresponding messages
V = {v1, v2, ..., vk}. We integrate the intra-belief edges of

belief labels into the original adjacency matrix A to construct
an enriched adjacency matrix A∗, which is formulated as,

A∗
i,j = A∗

j,i = g(i,j), g(i,j) ∈ [0, 1]

iff (i, j ≥ n+ 1) ∧ (vi, vj ∈ V ) ∧ (li = lj),

A∗
i,j = Ai,j otherwise,

(5)

where i, j ≥ n + 1 indicates that indices i, j represent mes-
sages. vi, vj ∈ V denotes that we want to apply connectivity
guidance between message vi, vj , and li = lj signifies that
they share the same belief label. We also propose a one-
init gated fusion utilizing the trainable gate parameter g(i,j).
Practically, this trainable gate parameter can be obtained by
applying the sigmoid function σ(·) to a trainable floating-point
parameter wg , which is infinitely initialized as wg := +∞.
This ensures g(i,j) = σ(wg) = 1 in the first epoch, meaning
that by default, full connectivity guidance is applied to the
adjacency matrix. This gated fusion allows the model training
process to selectively choose information from graph topology
or textual guidance. Based on Equation 5, we update the
reconstruction loss function with the connectivity guidance as

L∗
rc = −

n+m∑
i=0,j=0

[
ωA∗

p A∗
i,j log p(A

∗
i,j |zi, zj)

+ (1−A∗
i,j) log(1− p(A∗

i,j |zi, zj))
]
,

(6)

E. Axis Guidance

While connectivity guidance effectively enhances the sepa-
ration of nodes by attracting intra-belief nodes and repelling
nodes across beliefs, it does not enhance the alignment with
the belief axis. Therefore, we introduce the axis guidance to
enhance the alignment of node embeddings with the belief
axis. Assume there are d belief categories (and therefore d
axes); we denote the unit vectors (d-dimensional) for each
axis as e. Therefore, we have ⟨e1, e2, ..., ed⟩ = I , where I is
the identity matrix.

Similar to Section III-D, suppose we want to apply k
semantic belief labels L = ⟨l1, l2, ..., lk⟩. The corresponding
belief embeddings are Z = ⟨z1, z2, ...,zk⟩. We denote a pre-
defined mapping function f(·) : k → d that maps a label l to
the unit vector e of the corresponding axis. We then retrieve
the matched axis unit vectors for the k semantic belief labels,
which can be denoted by E = ⟨f(l1), f(l2), ..., f(lk)⟩ =
⟨e1, e2, ..., ek⟩. Note that duplicates may exist in E because
multiple messages can be simultaneously aligned with the
same belief axis.

We construct an alignment matrix M ∈ R(k)×(k) as the
ground-truth, for which we have

Mi,j = 1 iff li = lj , Mi,j = 0 otherwise, ∀i, j. (7)

Similar to the loss function for the decoder in Equation 4,
our objective is to maximize the likelihood p(M |Z,E),
where Z,E ∈ Rk×d. To ensure compatibility with the graph
reconstruction loss L∗

rc and maintain the interpretability of



TABLE I: Dataset Statistics. The number of annotations represents the number of manually labeled tweets for evaluation,
which will not be selected for semantic guidance or semi-supervision. The average degree represents the overall sparsity.

Dataset Keywords #Tweet #User Avg. Degree #Annotation Label Types

Crime crime 2321 451 5.81 659 Pro/Anti Government
EDCA edca 5220 912 7.13 877 Pro/Anti EDCA
Energy China energy, china 5951 3047 3.67 845 Pro/Anti China
US Military Philippine military, philippine, south china sea 5757 3475 3.01 1627 Pro/Anti Western
Labor and Migration China labor, migration, china 2719 1563 3.18 618 Pro/Anti China
Social and Economic Issues social, economy 15902 2326 10.59 6179 Pro/Anti Philippines

the embedding space, we adopt the similar inner product and
sigmoid function to compute the likelihood and loss function:

p(Mi,j |zi, ej) = σ(zT
i ej), (8)

based on which the loss function for axis guidance can be
formulated as,

Laxis = −
k∑

i=0,j=0

[
ωM
p Mi,j log p(Mi,j |zi, ej)

+ (1−Mi,j) log(1− p(Mi,j |zi, ej))
]
,

(9)
where the ωM

p is also the positive-class weight for the align-

ment matrix M . ωM
p =

[∑
i,j(1−Mi,j)

]
/
∑

i,j Mi,j .
Combining Equation 6 and Equation 9, we can derive the

overall loss function we want to minimize as,

L = ηA
∗
L∗
rc + ηMLaxis +

λ

2
∥θ∥2,

where ηA
∗
=

(n+m)2

2
∑

i,j(1−A∗
i,j)

, ηM =
k2

2
∑

i,j(1−Mi,j)
.

(10)
ηA

∗
and ηM are the normalization terms to balance the

scale of connectivity-enhanced reconstruction loss and axis
guidance loss. λ

2 ∥θ∥
2 is the L2 normalization for parameters.

The trainable parameters include the weight matrices in GCNs
as well as the one-init gate g(i,j) in Equation 5.

IV. EXPERIMENTS

In this section, we evaluate the performance of the proposed
SGVGAE model at performing ideology detection tasks on 6
real-world Twitter datasets. We compare the SGVGAE model
with 12 state-of-the-art baselines based on accuracy, F1 score,
and purity. We also assess the computational efficiency of the
baselines. Additionally, we evaluate the performance of the
SGVGAE model under different scales of semantic guidance.
An ablation study is conducted to validate the impact of
proposed components. The code of SGVGAE is available at
https://github.com/jinningli/SGVGAE.

A. Datasets and Environments

The data was collected from the Twitter platform using
keyword filters for the coarse-grained topics of the Philippines,
the United States, and the South China Sea. Based on this
coarse-grained dataset, we further split it into seven datasets of
fine-grained topics using the PieClass algorithm [25]. PieClass

is a weakly supervised topic classification model that facili-
tates topic splitting by providing topic-specific keywords as
seeds. The statistics of the dataset are presented in Table I.
We manual annotate part of the messages for evaluation.

The training and inference are conducted on a GPU machine
equipped with 4 Nvidia RTX A5000 GPUs, 512GB of mem-
ory, and a 64-core CPU. For the GPT-3.5 and GPT-4 models,
we utilize the OpenAI API to query the response, using a batch
size of 20 to expedite the process.

B. Evaluation Metrics

We assess the ideology detection task as a binary classifi-
cation task, employing metrics such as accuracy, macro F1-
score, and average purity score. The macro F1-score is the
average of the F1-scores for each class. The average purity
score is also computed as the average for each class. We
repeat each experiment with different random seeds 10 times
and report the mean and standard deviation for the metrics. A
smaller standard deviation indicates the model’s stability under
different initializations. For deterministic algorithms like zero-
shot LLM encoders, we do not report the standard deviation.

In our experiments, we primarily focus on evaluating the
belief classification of messages for which we have manual
annotations. We also consider estimating the ground-truth user
beliefs based on the beliefs expressed in the majority of
their messages. As a result of this aggregation or averaging
effect when considering multiple messages, the scores of user
belief estimation tends to be better than those of individuals.
Therefore, these results are omitted due to space limitations.

For all models that require semantic labels for semi-
supervision, such as the proposed SGVGAE model and the
Semi-RoBERTa model, we select the top 5% of the most popu-
lar tweets for semantic labeling, as introduced in Section III-C.
We ensure those tweets with manual annotations reserved for
evaluation and will not be selected for semi-supervision.

C. Baselines

• VGAE-KM: Variational graph auto encoders (VGAE) for
graph embedding learning [9]. We apply KMeans (KM)
to group the graph embeddings for ideology detection.
The learning rate is set to 0.2 to adapt to our datasets,
while other hyperparameters remain the same.

• InfoVGAE: Unsupervised Non-Negative VGAE [4] that
maps graph nodes into an orthogonal embedding space.
The ideology label is predicted by taking the maximum



TABLE II: Evaluation results for message ideology detection, in terms of accuracy, macro F1 score, and category-averaged
purity metrics. The experiments were repeated 10 times, and we report the mean, and standard deviation for each metric.

Dataset Crime EDCA Energy China
Model Name Acc. (%) Macro F1 (%) Purity (%) Acc. (%) Macro F1 (%) Purity (%) Acc. (%) Macro F1 (%) Purity (%)

VGAE-KM 78.26±6.14 75.27±6.76 74.23±6.44 68.18±6.46 75.75±9.04 73.21±10.0 67.60±14.4 62.41±17.8 63.91±16.6

InfoVGAE 80.43±7.04 76.41±8.73 75.89±8.47 81.93±12.0 80.36±14.5 79.58±13.9 84.00±12.6 83.76±16.8 84.61±16.2

RoBERTa-KM 60.87±N/A 58.01±N/A 59.05±N/A 52.27±N/A 49.09±N/A 50.42±N/A 56.00±N/A 50.98±N/A 51.10±N/A

T-RoBERTa-KM 89.13±N/A 86.27±N/A 87.25±N/A 72.73±N/A 66.67±N/A 65.63±N/A 70.00±N/A 68.81±N/A 69.49±N/A

TwhinBERT-KM 50.00±N/A 49.98±N/A 63.48±N/A 59.09±N/A 52.86±N/A 52.87±N/A 52.00±N/A 50.00±N/A 71.43±N/A

Semi-RoBERTa 85.87±4.61 79.51±7.16 88.65±6.74 71.59±8.04 67.07±7.98 66.93±8.16 66.00±2.83 58.97±4.00 64.55±4.07

Semi-T-RoBERTa 88.04±1.54 84.30±1.71 87.32±3.00 79.55±1.92 73.51±2.03 76.18±2.93 66.00±2.83 62.59±3.81 62.79±3.52

Semi-TwhinBERT 82.61±12.3 71.67±24.1 80.86±14.5 72.73±3.21 50.62±13.13 72.73±3.21 64.00±2.97 39.02±11.3 64.00±3.05

Semi-TIMME 81.64±4.18 77.19±3.58 76.27±4.57 82.78±7.18 81.42±6.96 82.32±6.15 86.51±6.68 86.94±7.76 87.29±6.34

GPT-3.5 85.87±1.85 81.81±2.43 83.52±2.47 81.82±4.29 79.68±4.35 78.74±4.06 92.80±5.27 92.01±5.71 93.65±5.80

GPT-4 76.09±2.29 69.57±3.19 70.35±3.05 80.68±1.61 79.21±1.60 78.64±1.36 83.60±4.40 83.04±4.45 83.08±4.34

Mixtral-8x7B 77.83±1.37 72.91±1.56 72.73±1.60 91.24±2.11 90.09±2.37 88.72±2.31 81.60±2.07 80.68±2.13 80.76±2.43

SGVGAE (Ours) 89.61±5.42 86.87±6.85 87.90±5.35 93.18±2.58 91.62±2.79 92.71±3.51 96.00±5.32 95.54±6.38 97.06±6.29

Dataset US Military Philippine Labor and Migration China Social and Economic Issues
Model Name Acc. (%) Macro F1 (%) Purity (%) Acc. (%) Macro F1 (%) Purity (%) Acc. (%) Macro F1 (%) Purity (%)

VGAE-KM 62.22±4.40 55.04±4.60 57.12±3.45 72.50±7.93 72.31±8.28 72.71±7.82 92.19±8.07 89.63±14.95 94.27±4.49

InfoVGAE 74.07±5.30 67.69±4.53 67.06±3.20 74.38±5.47 74.21±5.60 74.92±5.46 94.27±0.74 93.75±0.84 94.92±0.54

RoBERTa-KM 70.37±N/A 57.14±N/A 56.79±N/A 62.50±N/A 60.00±N/A 66.67±N/A 50.52±N/A 49.87±N/A 50.64±N/A

T-RoBERTa-KM 51.85±N/A 44.20±N/A 48.33±N/A 56.25±N/A 51.52±N/A 60.26±N/A 86.60±N/A 86.22±N/A 85.81±N/A

TwhinBERT-KM 51.85±N/A 44.20±N/A 48.33±N/A 75.00±N/A 74.60±N/A 76.67±N/A 73.20±N/A 71.29±N/A 71.57±N/A

Semi-RoBERTa 72.22±2.62 65.60±1.50 66.36±4.06 53.13±4.42 43.86±2.88 63.33±18.8 86.08±6.56 85.75±6.32 86.09±5.58

Semi-T-RoBERTa 66.11±4.45 59.19±5.08 64.11±9.51 50.00±3.56 41.82±4.03 50.00±4.20 83.51±4.37 83.26±4.32 83.45±3.73

Semi-TwhinBERT 42.59±18.3 41.61±17.4 62.56±3.03 50.00±13.4 33.33±19.2 50.00±4.98 84.54±1.46 82.94±2.26 85.07±0.13

Semi-TIMME 73.18±4.80 66.38±3.94 65.37±2.86 74.83±4.81 75.09±5.07 76.22±4.95 95.74±0.70 95.23±0.75 95.42±0.56

GPT-3.5 55.93±3.24 50.28±2.44 54.56±1.23 75.63±1.98 74.18±2.28 82.97±2.41 89.90±1.87 89.39±1.98 89.10±1.94

GPT-4 50.37±5.30 43.15±3.70 47.77±2.03 75.00±0.00 75.00±0.00 75.00±0.00 69.79±5.14 67.82±5.89 67.98±5.72

Mixtral-8x7B 55.55±5.78 49.99±5.89 54.40±5.62 69.38±4.61 68.40±4.84 71.96±4.35 81.13±1.69 80.51±1.88 80.19±1.87

SGVGAE (Ours) 77.78±4.46 71.07±3.93 69.44±2.66 78.13±3.29 78.01±3.34 78.71±3.26 95.83±0.43 95.50±0.49 96.11±0.32

coordinate, eliminating the need for a clustering algo-
rithm. The learning rate is set to 0.2 for consistency.

• RoBERTa-KM: We use the pre-trained RoBERTa model
[23] (zero-shot) to encode tweet text. We apply the
KMeans algorithm on the embedding of the [CLS] token
in the last layer’s hidden states to predict the ideology.

• T-RoBERTa-KM: We use the Twitter-RoBERTa model
[11] pre-trained on a large-scale Twitter dataset to encode
(zero-shot) tweet messages in our dataset. We take the
[CLS] embedding from the last layer and apply KMeans.

• TwhinBERT-KM: We use the Twhin-BERT model [12],
pre-trained on Twitter textual data and enhanced with a
large-scale social graph. We take the [CLS] embedding
and apply KMeans for ideology label prediction.

• Semi-RoBERTa: We fine-tune the RoBERTa model on
our datasets with the same scale of GPT semantic labels
used by our SGVGAE model for binary classification of
belief ideology in the semi-supervised scenario.

• Semi-T-RoBERTa: We semi-supervisedly fine-tune the
Twitter-RoBERTa model with the same scale of GPT
semantic labels for belief classification.

• Semi-TwhinBERT: Similarly, we fine-tune the Twhin-
BERT model with the same scale of GPT semantic labels.

• Semi-TIMMIE: A semi-supervised model [14] utilizing
both graph structure and text features, with text features
computed using BERT [22]. We apply the same scale of
GPT belief labels as SGVGAE for semi-supervision.

• GPT-3.5: We use the OpenAI GPT-3.5 model [26] with a
prompt for few-shot inference of the ideology prediction.
The prompt is detailed in Section III-C.

• GPT-4: Similarly, we use the few-shot OpenAI GPT-4
model with the same prompt in Section III-C for the
ideology prediction.

• Mixtral-8x7B: A pre-trained Mixture of Experts (MoE)
model [27], Mixtral-8 × 7b, is adopted for few-shot
inference of the ideology label. The prompt is the same
as shown in Section III-C.

D. Evaluation Results

The evaluation results are presented in Table II. The pro-
posed SGVGAE model outperforms the baselines across all six
datasets. In terms of accuracy, macro F1 score, and average
purity score of messages, SGVGAE achieves average improve-
ments of 5.97%, 6.06%, and 6.51%, respectively, over the
most competitive baseline. This demonstrates the effectiveness
of the proposed semantic guidance mechanisms.



The performance of graph-based models such as VGAE-
KM, InfoVGAE, TIMME, and SGVGAE is closely related to
the sparsity of the social graph. For instance, they perform
better on the EDCA and Social and Economic Issues datasets,
which have average node degrees of 7.13 and 10.59, respec-
tively. On these datasets, most graph-based models achieve
comparable or better results than text-based models. However,
on sparser datasets like the Crime, Labor, and Migration China
datasets, with average node degrees of 5.81 and 3.18, VGAE-
KM and InfoVGAE underperform compared to language
models. In contrast, the SGVGAE model is more robust to
sparse graphs. By leveraging semantic guidance from 5% of
the messages, SGVGAE outperforms text-based algorithms,
including the GPT-3.5 model used to compute the semantic
labels for guidance. This highlights the importance of semantic
guidance when the graph structure is sparse.

Compared to existing graph-based models such as VGAE-
KM and InfoVGAE, the proposed SGVGAE demonstrates
greater stability during training and under different random ini-
tializations of the model. For instance, the standard deviation
of SGVGAE on the Energy China dataset is approximately
5%− 7%, whereas the standard deviation of VGAE-KM and
InfoVGAE is around 12%−17%. Typically, when the topology
of the target social graph does not exhibit a clear separation,
there may be many sub-optimal splits for the graph, leading to
unstable results for graph-based models. In contrast, SGVGAE
employs a small number of semantic labels to stabilize the
training, resulting in consistently lower standard deviations
compared to other graph-based models.

While benefiting from the semi-supervision of the belief
label, the performance of the semi-supervised RoBERTa and
the Twitter-RoBERTa model is still limited compared to SGV-
GAE. These two models focus solely on textual information,
which is insufficient for ideology detection. The text of mes-
sages on social networks often contains randomness, as not all
tweets express the users’ beliefs or stances toward polarized
topics. Additionally, these messages can be challenging for
language-based models to understand and encode. In contrast,
the graph structure provides a distilled or smoothed expression
of users’ opinions. The Semi-TwhinBERT is one of the models
being enhanced with a social graph during pre-training, we
observe improvements but it still yields sub-optimal perfor-
mance because it is not designed to consider dataset-specific
topology. The Semi-supervised TIMME model is the most
competitive in the baselines, incorporating the social graph
and utilizing additional belief labels as input for the node
classification neural network. However, its performance is still
limited due to the less effective node features encoded by
BERT and the lack of interpretability. The proposed SGVGAE
model uses a lightweight but effective supervision scheme
to incorporate information from textual labels and maintains
an interpretable representation space, resulting in consistent
improvements across the datasets.

An additional advantage of the proposed semantic guid-
ance techniques of SGVGAE is their compatibility with the
interpretability of the belief representations. As a result, we

do not require further clustering algorithms for the ideology
prediction of nodes. Moreover, this property can be utilized
for various downstream analysis tasks, such as assessing the
strength of polarity for a tweet.

E. Computational Efficiency

We assess the computational efficiency of the models by
reporting the number of parameters and the running time in
Table III. Graph-centered models (VGAE-KM, InfoVGAE,
Semi-TIMME, and SGVGAE) typically have an advantage
over LLMs in terms of both training and inference time.
Additionally, these models have a significantly smaller number
of parameters, which requires less memory. This efficiency is
an added benefit of graph-centered models.

TABLE III: Computational Efficiency
Model Name # Trainable Param. Time Cost
VGAE-KM 0.021M 4.17s
InfoVGAE 0.022M 4.03s
RoBERTa-KM 125M 12.25s
T-RoBERTa-KM 125M 12.21s
TwhinBERT-KM 279M 14.23s
Semi-RoBERTa 125M 55.21s
Semi-T-RoBERTa 125M 60.32s
Semi-TwhinBERT 279M 79.47s
Semi-TIMME 0.025M 9.57s
GPT-3.5 6B 22.69s
GPT-4 175B 99.45s
Mixtral-8x7B 46.7B 240.92s
SGVGAE (Ours) 0.022M 5.07s

F. Effect of Semantic Guidance Scale

In this subsection, we examine the impact of the scale of
semantic labels on the performance of the SGVGAE model.
We adjust the scale of semantic guidance from 0% to 20% and
assess the performance of the SGVGAE model. The results
are depicted in Figure 3. For most datasets, a larger scale of
semantic guidance tends to improve performance, particularly
for the purity metric. However, there are exceptions. For
instance, in the case of the US Military Philippine dataset
(shown in brown), increasing the scale of semantic-guidance
labels leads to a significant decline in all metrics. This is due
to the significant bias introduced by the GPT-3.5 model in this
specific dataset (see Table II), which is used to generate belief
labels for semantic guidance. Nevertheless, we still observe a
performance improvement in this dataset when the guidance
scale is small (< 5%), which can be attributed to the gated
fusion mechanism for connectivity guidance introduced in
Section III-D. This mechanism allows the model to selectively
integrate the semantic labels, mitigating the negative impact
when the scale is limited.

G. Ablation Study

In this ablation study, we assess the impact of the connec-
tivity guidance and axis guidance techniques of the SGVGAE
model. We conduct experiments on all datasets, removing
either or both of these techniques, and present the dataset-wise
averaged metrics in Table IV. The removal of connectivity or
axis guidance results in a decrease in metrics by approximately
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Fig. 3: The performance of the SGVGAE model under varying scales of semantic guidance for accuracy, macro F1, and purity,
arranged from left to right. Each curve is smoothed to depict the overall trend as the scale of semantic guidance changes.

1.46% and 4.25%, respectively. This indicates that both con-
nectivity and axis guidance are essential for the SGVGAE’s
performance. Furthermore, axis guidance appears to be more
influential, as it directly optimizes node classification by
aligning them with the axis representing the belief class. When
both modules are removed, the SGVGAE model is reduced to
a non-negative VGAE, leading to a substantial decrease.

TABLE IV: Result of Ablation Study. We report the average
metrics across different datasets after removing the axis guid-
ance, connectivity guidance, or both of them.

Model Name Accuracy Macro F1 Purity

No Guidance 82.73% 80.62% 80.70%
w/o Con. Guidance 87.29% 84.59% 85.58%
w/o Axis Guidance 84.44% 82.39% 82.24%

SGVGAE 88.42% 86.43% 86.98%

V. RELATED WORKS

A variety of representation learning techniques have been
developed to encode social entities such as users and tweets.
Two types of data are utilized to embed these entities into
latent representations: the structured social interaction graph,
and unstructured multi-modal contexts (e.g. texts and images).

The interaction history of users and messages, which en-
capsulates their beliefs and preferences, has been widely
utilized to encode users and messages. Existing research
often constructs interaction matrices and applies collaborative
filtering [28], [29] or non-negative matrix factorization [6] to
derive representations for users and messages. More recent
studies have modeled the interaction history as graphs to derive
social representations. The variational graph auto-encoders
(VGAE) [9] introduce a framework with a GCN-based encoder
and an inner-product decoder to map users and messages to a
latent space with normal distribution variables. InfoVGAE [30]
proposes a non-negative VGAE model capable of capturing
the beliefs of users and messages in an interpretable social
representation space. Subsequent work has also focused on
multi-modal scenarios [31] and the disentanglement of rep-
resentations [32]. However, existing interaction graph-based
algorithms still face challenges related to sparsity, which can
lead to instability or limited performance.

Recent advancements in large language models (LLMs)
have significantly improved text-based social representation
learning, as demonstrated by Twitter-RoBERTa [11] and
TwhinBERT [12], particularly in zero-shot or few-shot sce-
narios. However, pure-textual models still face challenges in
leveraging the structured knowledge of social graphs and
concerns about computational efficiency due to the increasing
complexity of LLMs. To address these issues, studies have
investigated combining social graphs and message texts [13]:
(i) Some research focuses on enhancing graph embeddings
with LLM encoder features. In the TIMME [14] model,
LLM features are used as input and semi-supervision labels
support multi-task node classification. GraphBERT [15] uses
textual embeddings of tweets, hashtags, and mentions as node
features. LMKE [33] utilizes a contrastive learning framework
to incorporate textual information in knowledge graph em-
bedding (KGE) learning and enrich representation learning
for long-tail entities. (ii) Other works focus on enhancing
LLM encoding with graph node embeddings. KEPLER [16]
jointly optimizes knowledge embedding and masked language
modeling objectives, providing a unified model for text repre-
sentations. NTULM [17] enriches the pre-trained BERT model
by leveraging graph embeddings of multi-type non-textual
units. In [34], the author proposes enhancing text-based belief
response forecasting with graph embeddings.

However, embedding-based integration requires full textual
information and may still lead to computational overhead.
Therefore, in [21], the authors propose using LLM-generated
labels to distantly supervise the training of graph models,
which is fast and effective for the node classification task.
Unlike node classification, this paper focuses on learning in-
terpretable belief representations and developing an integration
mechanism compatible with disentangled embeddings.

VI. CONCLUSION

This study presents a weakly-supervised semantic-guided
graph representation learning model that integrates social
graph and textual data for analyzing social beliefs in polarized
networks. The model leverages the strengths of both graph and
text, with optimization guided by soft textual labels generated
by large language models. Key strategies include increasing
connectivity among same-label nodes and enhancing align-



ment with specific belief axes, ensuring interpretability of
the learned representations. Evaluation on six Twitter datasets
demonstrates the model’s effectiveness in stance detection,
with notable improvements in accuracy, F1-score, and purity
metrics. An ablation study validates the functionality of the
proposed semantic guidance techniques. The possible future
work includes integrating heuristic or active learning frame-
works for the node selection strategy for LLM soft labeling.
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