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Abstract

Natural language processing (NLP) systems
often inadvertently encode and amplify social
biases through entangled representations of de-
mographic attributes and task-related attributes.
To mitigate this, we propose a novel framework
that combines causal analysis with practical
intervention strategies. The method leverages
attribute-specific prompting to isolate sensitive
attributes while applying information-theoretic
constraints to minimize spurious correlations.
Experiments across six language models and
two classification tasks demonstrate its effec-
tiveness. We hope this work will provide the
NLP community with a causal disentanglement
perspective for achieving fairness in NLP sys-
tems.

1 Introduction

Since NLP models are trained on human-generated
texts, they inevitably inherit and amplify social bi-
ases, leading to non-neutral representations where
sensitive attributes (e.g., gender, race, or religion)
spuriously correlate with task-related attributes.
For instance, in hate speech detection, tweets men-
tioning minority groups are more likely to be
falsely flagged as toxic, while sentiment analysis
systems may associate certain dialects with neg-
ative polarity. Such biases not only undermine
model accuracy and reliability but also sustain
the prevalence of allocation harms, such as un-
equal access to services; furthermore, they give rise
to representational harms, like reinforcing stereo-
types. While large language models (LLMs) have
achieved remarkable capabilities, their widespread
application has paradoxically amplified these bias
issues, as their training on large-scale web data of-
ten amplifies existing social biases (Kotek et al.,
2023; Bajaj et al., 2024; Shin et al., 2024).

Most methods predominantly conceptualize bi-
ases as an issue rooted in statistical correlations.
For instance, the co-occurrence of gender-biased

lexical items within the training dataset has the po-
tential to induce skewed model predictions. How-
ever, this correlation-centric paradigm falls short in
discerning between spurious patterns and authentic
causal relationships.

A more fundamental solution emerges when we
reconceptualize the social biases through causal in-
ference. By identifying sensitive attributes such as
gender as confounding variables that spuriously
influence both input features and output labels,
we can develop interventions that address bias at
its source. This causal perspective, particularly
through Pearl’s framework of counterfactual analy-
sis (Pearl, 2009), enables techniques like counter-
factual data augmentation (Lu et al., 2020; Sobhani
and Delany, 2024) - where models are trained on
carefully constructed "what-if" scenarios to break
their reliance on sensitive attributes while preserv-
ing task-relevant features. Although the counter-
factual data generated is effective, it needs to have
a certain degree of rationality in real-world scenar-
ios. Otherwise, it may introduce misinformation
and subsequently misguide the model’s learning
trajectory. Moreover, it is highly probable that
the computational and storage expenses associated
with the generation of large volumes of data will
experience a substantial increase. To mitigate these
limitations while retaining the benefits of counter-
factual evaluation, we using counterfactual data
solely for testing robustness rather than for model
training.

In this work, we perform a causal analysis of
social biases in NLP models, identifying that the
core issue stems from latent representation entan-
glement—where LMs implicitly encode sensitive
and task-related attributes through shared represen-
tational spaces. Grounded in this causal perspec-
tive, we design a prompt-guided intervention frame-
work that achieves: (1) explicit attribute separa-
tion through attribute-specific prompting strategies,
where distinct prompts isolate sensitive and task-
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Figure 1: Disentangled representations for distinct at-
tributes are acquired through attribute-oriented prompt-
ing.

related features in the latent space; (2) causal disen-
tanglement via mutual information minimization,
effectively cutting the spurious correlation path-
ways between attributes; and (3) counterfactual
robustness validation, ensuring model predictions
remain invariant to sensitive attribute perturbations.

2 Bias Statement

The biases examined in this work arise when LM
representations systematically encode and amplify
spurious correlations (Navigli et al., 2023; Fan
et al., 2024) between sensitive (or protected) at-
tributes and task-related predictions. Sensitive at-
tributes refer to demographic or identity-related
characteristics, such as gender, race, age, or reli-
gion that should not influence the fair predictions
of LMs (Barocas et al., 2017; Chang et al., 2019).
In the absence of mitigation for sensitive attributes
may lead to some concrete harms: allocation harm
occurs when model outputs misclassify or disadvan-
tage specific demographic groups (Blodgett et al.,
2020; Romanov et al., 2019; Maity et al., 2023),
while representational harm manifests when mod-
els perpetuate stereotypes by embedding social bi-
ases into their latent representations, exemplified by
gender-occupation or race-profession associations
(De-Arteaga et al., 2019). These biases originate
from three primary sources: pretraining data that re-
flect historical inequalities, the model’s propensity
to exploit shortcuts for prediction, and the funda-
mental statistical nature of machine learning that
conflates correlation with causation. Such biases
induce unfair algorithmic outcomes that adversely
affect protected demographic groups and reinforc-
ing harmful stereotypes in many AI systems.

3 Related Work

Bias in NLP Systems. A rising amount of research
has delved into issues of bias in NLP systems. In
the early stages, numerous studies (Bolukbasi et al.,
2016; Garg et al., 2018; Zhao et al., 2018; Jentzsch
et al., 2019) focused on uncovering stereotypes
within word embeddings. More recently, as LLMs
have gained prominence, new challenges in detect-
ing and mitigating in LLM have become the focus
of bias research (Dong et al., 2024; Yu and Ana-
niadou, 2025). This becomes more challenging
owing to the complex nature of LLMs, which are
trained on a large amount of text data that may in-
trinsically contain diverse forms of biases. Biases
are widespread across different LLMs (Bajaj et al.,
2024), and LLMs also exhibit more patterns of bias
(Kamruzzaman et al., 2024).

Causal Methods for Bias Mitigation. Causal
inference provides a theoretical framework for ad-
dressing these challenges. (Vig et al., 2020) em-
ployed causal mediation analysis to analyze the
causal roles of different components within the
model in the model’s behavior. (Zhou et al., 2023)
proposed Causal-Debias to unify the debiasing of
pretraining and fine-tuning, reducing biases in fine-
tuned models. Building upon but distinct from
previous studies, our approach leverages LM rep-
resentations and strategic prompting to obtain dis-
entangled features for bias mitigation. We are in-
spired by representation learning theory (Bengio
et al., 2013; Schölkopf et al., 2021), particularly the
identifiability theory that formalize the conditions
for factor disentanglement. (Wang et al., 2021) pro-
posed an adversarial disentangled debiasing model
to dynamically decouple social bias attributes from
intermediate representations during main task train-
ing, but their framework was not situated within a
causal inference paradigm.

4 Causal Foundations and Problem
Formulation

In this section, we establish a causal framework
to analyze the bias propagation in LM. We start
by introducing some fundamental concepts (Pearl,
2009) and then propose a causal graph (Figure 2) to
characterize the entanglement of attributes in LMs
representations.

4.1 Causal Inference Fundamentals

Structural Causal Models (SCMs) provide the
mathematical foundation for causal reasoning
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Figure 2: Causal analysis of the bias attributes in LM.
(a) Original entangled representations. (b) Disentangled
representations after intervention.

through a 4-tuple ⟨V,U, F, P (U)⟩, where endoge-
nous variables (V ) represent observable quanti-
ties, exogenous variables (U ) denote background
noise with distribution P (U), and structural equa-
tions (F ) define causal mechanisms via assign-
ments Vi := fi(Pa(Vi), Ui) for each variable with
parents Pa(Vi) ⊆ V . We can use directed acyclic
graphs (DAGs) to visually encode SCMs, where
nodes represent variables and edges indicate direct
causal effects (A → B implies A directly influ-
ences B).

The Markov Condition links the graph to prob-
ability distributions:

P (V ) =

n∏

i=1

P (Vi|Pa(Vi)) (1)

implying each variable is independent of its non-
descendants given its parents.

Intervention and do calculus formalizes causal
interventions through the do-operator, which mod-
ifies SCMs by surgically replacing X’s structural
equation with a constant x, denoted as do(X = x).
The counterfactual outcome YX=x′(u) is the re-
sult generated by the same set of noise u in the
SCM under the intervention do(X = x′).

4.2 Causal Analysis of LM Bias
Language models inherit and amplify social biases
through their learned representations, which can be
formally analyzed using causality. As illustrated in
Figure 2, we consider five core components of this
causal system:

• X ∈ X : The raw textual inputs that may
implicitly contain sensitive and task-related

attributes (S for sensitive attributes, T for task-
related attributes)

• H ∈ H: LM’s latent representation of X
that mixes both linguistic patterns and social
biases

• zs ∈ Zs: Sensitive attributes representation,
which should not influence predictions

• zt ∈ Zt: Task-related attributes representa-
tion, serving as features for the target predic-
tion task

• Y : The objective labels we aim to predict

The data-generating process follows:




X := fX(S, T, UX)

H := fH(X,UH)

zs := gs(H), zt := gt(H)

Y := fY (zt, UY )

(2)

The data generation process reveals how bias
propagates through the system. First, textual inputs
X are generated through some unknown function
fX that depends on both the underlying sensitive
attributes S and task-related attributes T , plus ran-
dom noise UX . When the LM processes inputs
X , it produces hidden representations H that in-
herently entangle sensitive attributes representation
zs and task-related attributes representationzt. The
reason is in the inputs X , intrinsic statistical co-
occurrences between attributes S and T emerge
due to sociocultural factors such as historical bi-
ases and group stereotypes (e.g., the frequent col-
location of "nurse" with female pronouns). The
pretraining corpora for the LM also contain these
biased co-occurrence patterns. Consequently, the
learned representations H inevitably create entan-
gled feature spaces.

To achieve disentanglement, we aim to obtain
specialized mappings through functions gs : H →
Zs and gt : H → Zt that decompose the latent
representation H into mutually informative com-
ponents. Our framework makes the following as-
sumptions:

1. Causal Identification: The causal graph zs ←
H → zt contains no latent confounders

2. Predictive Bias: Task predictions exhibit de-
pendency on spurious correlations (∃zs ⊥⊥ y |
zt where P (y|zt, zs) ̸≈ P (y|zt))
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Attribute Template

Sensitive "In the sentence [SENTENCE], is there any explicit or
implicit information related to race, gender, religion,
sexual orientation, or other biases? Answer in one word:"

Task-related (hate
speech detection)

"Regarding the sentence [SENTENCE], capture the core aspect
of hatred in one word:"

Task-related (senti-
ment analysis)

"Regarding the sentence [SENTENCE], capture the core aspect
related to how people feel about it in one word:"

Table 1: Prompt Templates for Attribute Extraction (for decoder-only models).

5 Methods

5.1 Attribute-Specific Prompting

To explicitly disentangle zs and zt in the latent
space H, we implement the probing functions gs
and gt through attribute-specific prompting. As
shown in Table 1, this design forces the LM to par-
tition semantic information into distinct subspaces.

The prompts serve as parametric constraints that
induce the LM to project entangled representations
H into distinct subspaces Zs and Zt during for-
ward passes, effectively implementing the map-
pings:

zs = LM(H; θs), zt = LM(H; θt) (3)

where θs/t denote the prompt-induced parameteri-
zations of the LM’s output space.

Sensitive Attribute Prompt (Ps) Given an input
x, we design a prompt Ps(x) to extract features
related to the sensitive attribute zs:

• For encoder-only models, we follow the stan-
dard approach presented in (Jiang et al., 2022),
where the hidden state of the [MASK] token
serves as the sentence-level representation.
This method effectively captures attribute fea-
tures by leveraging the model’s bidirectional
attention mechanism.

• For decoder-only models, we implement
an enhanced prompting strategy inspired by
(Jiang et al., 2024). This prompt structure
guides the model to condense semantic in-
formation into the next-token hidden state
through phrase constraints, improving repre-
sentation quality while maintaining decoder
compatibility.

Task-related Attribute Prompt (Pt) Following
the same prompting paradigm as Ps, the prompt
Pt(x) is designed to be task-agnostic. Unlike the
task-specific prompts that explicitly declare classifi-
cation objectives (e.g., "This is a sentiment analysis
task with labels positive/negative") and incorporate
few-shot examples (Lu et al., 2022; Chen et al.,
2022; Wang et al., 2022), the prompt Pt employs
indirect elicitation to avoid activating the language
model’s biased priors about label-attribute correla-
tions. This zero-shot, task-agnostic approach moti-
vates the model to reconstruct task representations
based on fundamental principles of linguistic un-
derstanding, bypassing stereotypical associations
between target labels and sensitive attributes that
may exist in its pretrained knowledge.

5.2 Causal Intervention via MINE

To further sever the spurious correlation between
zs and zt, we adopt the Mutual Information Neu-
ral Estimator (MINE) (Belghazi et al., 2018) as
a differentiable do-operator. This implements the
do-calculus by creating an information bottleneck
that enforces zs ⊥⊥ zt|H , which effectively approx-
imating the intervention do(I(zs; zt)) = 0 while
preserving task-related information.

Mutual Information Estimation The mutual in-
formation I(zs; zt) is estimated via a neural net-
work Tϕ : Zs ×Zt → R:

Iϕ(zs; zt) = sup
ϕ

EPzszt
[Tϕ]

− logEPzs⊗Pzt
[eTϕ ]

(4)

where Pzszt is the joint distribution and Pzs⊗Pzt is
the product of marginals. In practice, we compute
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Model Params Hidden Size Hidden Layers
BERT-base 110M 768 12
GPT-2-small 124M 768 12
Llama3.2-1B 1.0B 2048 16
Llama3.2-3B 3.0B 3072 28
Qwen2.5-1.5B 1.5B 1536 28
Qwen2.5-3B 3.0B 2048 36

Table 2: Models information.

this via:

Îϕ =
1

B

B∑

i=1

Tϕ(z
(i)
s , z

(i)
t )

− log
1

B2

B∑

i,j=1

eTϕ(z
(i)
s ,z

(j)
t )

(5)

with B as the batch size.

Training Objective The causal intervention is
achieved by minimizing the mutual information be-
tween attributes while maintaining task accuracy:

Ltotal = Lt(zt, y)︸ ︷︷ ︸
Task Loss

+λt Îϕ(zs; zt)︸ ︷︷ ︸
MINE Regularizer

(6)

where λt > 0 controls the strength of the disentan-
glement constraint.

6 Experiment

6.1 Models
Six models with diverse architectures and scales are
selected for our evaluation, with details presented
in Table 2. The selected models include encoder-
only (BERT) (Devlin et al., 2019) and decoder-only
(GPT-2, Llama 3.2, Qwen2.5) models (Radford
et al., 2019; Meta, 2024; Qwen et al., 2025), span-
ning from 110 million to 3 billion parameters. All
models process input texts through their native tok-
enizers and generate hidden representations at the
specified layer positions.

The experiments were carried out on a single
NVIDIA RTX 3090 GPU with 24GB memory us-
ing PyTorch 2.0. The training batch size of each
model was modified to comply with the GPU mem-
ory restrictions.

6.2 Datasets
We evaluate our method on two text classification
tasks, including hate speech detection and senti-
ment analysis. Hate speech detection often involves

sensitive attributes such as race, gender, and reli-
gion, where NLP models may perpetuate or am-
plify existing social biases. In sentiment analysis,
models may also reflect social biases, as subjective
sentiment judgments can be influenced by cultural
stereotypes.

For hate speech detection, we use the dataset
of almost 27,000 tweets (Davidson et al., 2017)
annotated with three classes: "hate speech", "of-
fensive language", and "neither". By merging the
first two classes into "offensive" and retaining the
third as "non-offensive", we convert it into a binary
classification task.

The Sentiment140 dataset consists of 160,000
tweets (Go et al., 2009). We randomly selected
60,000 tweets from it for a binary classification
task and maintained the original label balance.

For both datasets, we follow a consistent data
splitting strategy. Specifically, 20% of the data
from each dataset is partitioned as the test set,
which is used to evaluate the generalization per-
formance of our method.

6.3 Evaluation

Classification Performance. We measure each
representation scheme (non-disentangled, zs-only,
zt-only, MINE-disentangled) by training MLP clas-
sifiers on frozen representations, using two comple-
mentary metrics: (1) the standard macro-F1 score,
and (2) the absolute F1 difference between original
and counterfactual test sets to measure robustness.
All results were obtained by averaging over three
independent runs with different random seeds.

Counterfactual Test. Drawing inspiration from
several works (Kaushik et al., 2020; Sen et al.,
2023; Sobhani and Delany, 2024), we use curated
sets of terms related to various sensitive attributes
to create counterfactual examples that can test the
model’s performance with respect to changes in
these attributes. The counterfactual test set is con-
structed by automatically identifying and replacing
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Model and
Dataset

Non Cf.Non zs Cf.zs zt Cf.zt MINE Cf.MINE

hate speech detection
BERT-base 89.11 89.06 88.84 88.67 89.32 89.06 89.58 89.46
GPT-2-small 90.69 90.33 90.85 90.66 90.71 90.34 91.04 90.85
Llama3.2-1B 88.21 88.24 87.62 87.47 88.48 88.30 89.25 89.06
Llama3.2-3B 89.77 89.60 91.05 90.88 91.71 91.46 91.89 91.74
Qwen2.5-1.5B 87.67 87.54 86.58 86.44 87.66 87.54 87.85 87.80
Qwen2.5-3B 84.77 84.50 85.02 84.79 87.97 87.82 88.21 88.19
sentiment analysis
BERT-base 76.25 76.30 76.63 76.60 76.87 76.81 76.94 76.95
GPT-2-small 76.76 76.54 77.46 77.37 77.85 77.74 78.21 78.13
Llama3.2-1B 70.60 69.68 71.72 70.92 73.24 72.73 73.63 73.23
Llama3.2-3B 77.10 77.02 76.05 75.88 77.22 77.09 78.42 78.33
Qwen2.5-1.5B 72.43 72.50 66.08 66.04 71.37 70.59 72.06 72.01
Qwen2.5-3B 72.71 72.37 64.19 63.76 76.43 76.57 76.78 76.74

Table 3: The results of classification. All values report F1 scores(%). Columns: Non = Non-disentangled, Cf. =
Counterfactual test, zs and zt represent using only zs and only zt for task prediction after disentanglement, MINE =
our full method. The best results of each model are represented in bold.

sensitive attribute words while preserving syntac-
tic validity, with unmodifiable samples retained to
maintain identical size to the original test set. The
four types of sensitive attributes we have chosen
are as follows:

• Gender: Swap pronouns (e.g., he/she)
and gendered terms (e.g., actor/actress,
mother/father). This process aims to change
the gender-related information in the text
while keeping the overall semantic and syn-
tactic integrity.

• Race/Ethnicity: Replace demographic descrip-
tors (e.g., "Black"↔ "White", "African"↔
"European") while preserving other context.

• Region/Geographic: Swap location mentions
(e.g., "London"↔ "Delhi"). This operation
modifies the regional information in the text
and helps in evaluating the model’s response
to changes in geographical context.

• Religion: Replace religious-related terms
(e.g., "Christian"↔ "Muslim") while ensur-
ing the semantic coherence of the text.

All the generated counterfactual data ensures
the classification labels remain unchanged. This
approach encourages fair comparison while testing
model sensitivity to attribute perturbations.

Disentanglement Metrics. We adopt Hilbert-
Schmidt Independence Criterion (HSIC) (Gretton

et al., 2005) to quantify the statistical dependence
between the zs and zt representations. Mathemati-
cally, HSIC is defined as

HSIC(zs, zt) = ∥KsKt∥HS (7)

where K· represent kernel matrices constructed us-
ing radial basis function (RBF) kernels. T-SNE
visualization is also used to provide an intuitive
understanding of the disentanglement. Specifically,
we generate 2D projections of the zs and zt rep-
resentations, and color the projections according
to the corresponding attribute values, enabling us
to visually assess how well different attributes are
separated in the representation space.

6.4 Main Results and Discussion

Task Performance. The results in Table 3 demon-
strate the superiority of our method across all mod-
els and tasks. The MINE achieves better perfor-
mance compared to both non-disentangled base-
lines and single zs or zt representations, while
maintaining robustness against counterfactual per-
turbations (Table 4). This advantage is particularly
evident in larger models. The method successfully
balances task performance with representation sta-
bility, overcoming the common trade-off between
accuracy on standard tests and robustness to distri-
butional shifts.

Further analyzing the results, we find BERT-base
achieves competitive performance despite having
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Model and
Dataset

∆Non ∆zs ∆zt ∆MINE

hate speech detection
BERT-base 0.05 0.17 0.26 0.12
GPT-2-small 0.36 0.19 0.37 0.19
Llama3.2-
1B

0.03 0.15 0.18 0.19

Llama3.2-
3B

0.17 0.17 0.25 0.15

Qwen2.5-
1.5B

0.13 0.14 0.12 0.05

Qwen2.5-3B 0.27 0.23 0.15 0.02
sentiment analysis
BERT-base 0.05 0.03 0.06 0.01
GPT-2-small 0.22 0.09 0.11 0.08
Llama3.2-
1B

0.92 0.80 0.51 0.40

Llama3.2-
3B

0.08 0.17 0.13 0.09

Qwen2.5-
1.5B

0.07 0.04 0.78 0.05

Qwen2.5-3B 0.34 0.43 0.14 0.04

Table 4: Differences between non-counterfactual and
counterfactual results. Columns: ∆Non, ∆zs, ∆zt,
∆MINE represent the differences for corresponding
columns in Table 3.

the smallest number of parameters (110M), suggest-
ing that bidirectional encoder models are inherently
better suited for discriminative tasks. In contrast,
decoder-only models (GPT-2, Llama, Qwen) ex-
hibit clear performance scaling with model size,
with the 3B parameter versions consistently out-
performing their 1B counterparts. This pattern
holds across both original and counterfactual test
sets, though the performance gaps between archi-
tectures narrow when using our method, indicating
that proper representation learning can partially
compensate for biases resulting from the architec-
tural design.

Disentanglement Evaluation The HSIC mea-
surements between zs and zt representations in
both classification tasks demonstrate two critical
findings. First, model scale strongly correlates
with attribute entanglement, showing a four-order-
of-magnitude HSIC increase from BERT-base to
Qwen2.5-3B, revealing larger models’ tendency
to learn stronger spurious correlations during pre-
training. Second, this trend directly explains the
empirical patterns in Table 3: high-HSIC models
like Qwen2.5-3B exhibit greater counterfactual sen-

Model HSIC(zs,zt)
hate speech detection
BERT-base 9.07× 10−9

GPT-2-small 4.80× 10−6

Llama3.2-1B 1.70× 10−5

Llama3.2-3B 7.96× 10−5

Qwen2.5-1.5B 9.99× 10−5

Qwen2.5-3B 9.98× 10−5

sentiment analysis
BERT-base 1.13× 10−8

GPT-2-small 1.11× 10−6

Llama3.2-1B 8.15× 10−6

Llama3.2-3B 6.22× 10−5

Qwen2.5-1.5B 9.99× 10−5

Qwen2.5-3B 9.98× 10−5

Table 5: HSIC values measuring attribute entanglement
between zs and zt representations. Higher values indi-
cate stronger spurious correlations.

sitivity (0.34 F1 drop versus BERT-base’s 0.05,
sentiment analysis) and consequently achieve more
substantial gains from MINE intervention. These
results quantitatively validate MINE’s effectiveness
across the model scalability spectrum, successfully
addressing the core trade-off between representa-
tion capacity and bias amplification.

7 Conclusion

In this work, we first through structural causal mod-
eling demonstrated how social biases propagate via
entangled pathways in NLP models. Building on
the proposed causal graph, we proposed a novel
prompt-based framework for disentangling sensi-
tive attributes and task-related attributes in LM rep-
resentations. Experimental results on various lan-
guage models demonstrate the effectiveness of our
method.

Limitations

Our study has two main limitations: (1) experi-
ments were limited to models up to 3B parame-
ters, leaving open questions about the method’s
effectiveness on larger-scale LLMs; (2) manually
designed prompts may introduce additional noise
despite careful engineering, and their generalizabil-
ity may be constrained to specific domains or task
formulations. Future work will investigate scaling
to larger models and develop automated prompt
optimization methods.
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(a) BERT-base (b) GPT-2-small (c) Llama3.2-1B

(d) Llama3.2-3B (e) Qwen2.5-1.5B (f) Qwen2.5-3B

Figure 3: Disentanglement visualization for hate speech detection, where the representation zs is represented in
orange and the representation zt is represented in blue.
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