ExpCSD: Experience-based Debiasing Framework for
Conversational Stance Detection Grounded in Latent Thinking Paths

Xiang Zeng!, Ye Wang?, Xin Song!, Dong Zhu', Wenqing Hou!, Bin Zhou!"
'National University of Defense Technology, Changsha, China
2Harbin Institute of Technology, Shenzhen, China

{zengxiang, wangye, songxin, zhudong, houwenqing, binzhou } @nudt.edu.cn

Abstract

Conversational stance detection, which aims
to identify users attitudes in conversation
threads, has attracted increasing attention in
recent years. Yet, mainstream LLM-based
approaches remain prone to biases caused
by spurious correlations. Existing debiasing
methods either rely on indiscriminate multi-
step prompting, which can induce unneces-
sary reasoning and overthinking, or require
expensive fine-tuning on curated data. To
address these challenges, we propose Ex-
pCSD, an experience-based debiasing frame-
work grounded in latent thinking paths that
follows a debias-only-when-needed principle.
ExpCSD first assesses whether an LLMs la-
tent thinking path is biased and selectively re-
trieves and injects historically similar debias-
ing experiences only when necessary, without
updating model parameters. Experiments on
public benchmarks show that ExpCSD outper-
forms strong baselines in stance detection ac-
curacy while avoiding overthinking and costly
fine-tuning.

1 Introduction

Conversational stance detection, which identifies
users’ attitudes toward a target in multi-turn di-
alogues (Niu et al., 2024b; Wang et al., 2025a),
leverages conversational context to provide a
more comprehensive analysis than single-sentence
methods (Li et al., 2021) and has attracted increas-
ing attention.

With their strong contextual understanding,
large language models (LLMs) play an important
role in conversational stance detection. However,
LLMs are susceptible to biases caused by spurious
correlations (Li et al., 2025a), which undermines
the reliability of stance detection. As shown in
Figure.1, User 3’s negative sentiment is directed
at User 2’s way of speaking rather than at the tar-
get SpaceX, yet the model still predicts a biased
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Target: SpaceX

User2

User1
‘ [Spacex Starship explodes shortly after launch ]
L

[We have experienced a rapid unscheduled disassemblyJ

<think> User 3 sarcastically mocked User 2, conveying
negative sentiment and reflecting a disapproving stance
toward SpaceX.</think> <answer>against</answer>

&
-

<think> User 3 lightly teased User 2, but did not express
any stance toward SpaceX.</think><answer>none</answer>

Figure 1: Bias example in conversational stance detec-
tion.

against stance toward SpaceX simply because of
this negative affect, revealing a sentimentstance
spurious correlation.

Existing debiasing efforts for stance detection
with LLMs largely fall into two paradigms. (1)
Prompt-engineering approaches reduce bias by
inducing more comprehensive reasoning, e.g.,
contrasting rationales from different perspec-
tives (Weinzierl and Harabagiu, 2024; Zhang et al.,
2025b) or multi-agent debate (Lan et al., 2024;
Wang et al., 2024a). While effective in some
cases, they often apply multi-step deliberation to
every sample, which can unnecessarily amplify un-
certain evidence and then shift inherently neutral
samples toward non-neutral labels (an overthink-
ing failure mode (Dang et al., 2025)). (2) Fine-
tuning approaches (Li et al., 2025b; Zou et al.,
2025; Wang et al., 2025a) mitigate bias by con-
structing bias-reduced data and updating LLM pa-
rameters, but they are constrained by the limited
scale of curated unbiased data and the increasing
cost of scaling up fine-tuning.

To avoid overthinking induced by indiscrimi-
nate intervention, we explore whether potential bi-
ased reasoning can be detected before debiasing.
Following mechanistic studies of LLMs (Ye et al.,
2025), we regard the progressive hidden states as
observable proxies for internal information pro-
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cessing and refer to them as latent thinking paths
for brevity. The intuition is that comprehensive
stance reasoning integrates targets, context, and
sentiment relations, leading to richer representa-
tional transitions. In contrast, shortcut reasoning
often relies on a small set of superficial cues, such
as sentiment polarity, and therefore tends to in-
volve fewer state updates and simpler latent paths.

We quantify latent thinking paths using geomet-
ric features, including magnitude variation and an-
gular shifts. Our comparative analysis shows that
biased samples tend to exhibit stronger angular de-
viations but lower exploration magnitude in the
latent space. Furthermore, counterfactual experi-
ments show that weakening shortcut cues reduces
biased-path scores, suggesting a close association
between geometric features and spurious-cue de-
pendency, as detailed in Section 4.4.1. Recent
studies also report that biased or incorrect reason-
ing is accompanied by distinctive magnitude and
angular patterns in hidden representations (Wang
et al., 2025b; Du et al., 2025), suggesting that
flawed reasoning may correspond to simpler latent
paths and less stable semantic modeling. These
geometric patterns support online detection of po-
tential shortcut reasoning and motivate our on-
demand debiasing paradigm. Specifically, latent
paths serve as indicators for applying debiasing
only to potentially biased cases, thereby alleviat-
ing redundant reasoning and reducing computa-
tional cost.

Therefore, we propose ExpCSD, an
Experience-based framework for Conversational
Stance Detection grounded in latent thinking
paths. Following a debias-only-when-needed prin-
ciple, ExpCSD first assesses whether a thinking
path is biased and selectively injects historically
similar debiasing experiences to revise reasoning
without fine-tuning. ExpCSD consists of four
components: (1) Thinking path modeling. We
represent the progression of hidden states as a
latent thinking path and encode it with geometric
features that capture magnitude variations and
angular shifts. We use prediction correctness as
a weak supervision signal to construct candidate
biased and unbiased path libraries. (2) Experi-
ence generation. To correct bias, we start from
biased samples and compare its biased reasoning
with correct reasoning to get debiasing experience
that can generalize. But typicality bias (Zhang
et al., 2025a) can cause the model to repeatedly
produce biased reasoning; therefore, we adopt

stance verbalized sampling to elicit correct
reasoning and improve experience generation.
(3) Experience filtering. To remove ineffective
experience, we use a two-stage filter. It keeps
only experiences that (i) correct biased stances
and (ii) greatly improve the unbiasedness score of
the debiased thinking path. (4) Inference-time
debiasing. At inference time, we follow the
“debias-only-when-needed” principle. The model
first makes an initial prediction and its thinking-
path embedding. Only if the path is closer to the
biased library than to the unbiased library, we
retrieve similar debiasing experiences to debias
the prediction. This gated procedure mitigates
bias while avoiding unnecessary deliberation, and
experiments on public benchmarks show that
ExpCSD outperforms strong baselines without
costly fine-tuning.

Our contributions are threefold: (1) We propose
ExpCSD, a debias-only-when-needed experience-
based framework that detects biased latent think-
ing paths and selectively injects similar debias-
ing experiences without updating LLM parame-
ters. (2) We introduce stance verbalized sampling
to elicit diverse reasoning rationales, facilitating
effective experience generation, and a debiasing
utility score to filter out ineffective experiences.
(3) Experiments on two public benchmarks show
that ExpCSD achieves state-of-the-art overall-F1.

2 Related Work

2.1 Conversational Stance Detection

Conversational stance detection (CSD) aims to
identify a users attitudes toward a target in multi-
turn dialogues. (Li et al., 2023b) first formalized
the task and released a dataset, while (Niu et al.,
2024b) constructed the MT-CSD benchmark and
leveraged pre-trained language models to capture
global and local dialogue context. More recently,
LLM-based methods (Wang et al., 2025a; Niu
et al., 2024a) have become the dominant paradigm
due to strong contextual understanding, with ap-
proaches like (Wang et al., 2025a) using multi-
agent reasoning to enhance fine-grained semantic
and logical reasoning. Despite these advances,
LLM-based methods remain susceptible to inher-
ent model biases, undermining CSD reliability.

2.2 Mitigating Biases in Stance Detection

Mitigating biases in LLM-based stance detec-
tion can be grouped into two paradigms. (1)
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Prompting-based methods guide models to gener-
ate and compare reasoning rationales from mul-
tiple perspectives or adopt multi-agent debates.
For example, ToC (Weinzierl and Harabagiu,
2024) constructs and compares counterfactual ra-
tionales across stances for a single sample; MPVS-
tance (Zhang et al., 2025b) seeks stance evi-
dence from multiple perspectives; COLD (Lan
et al., 2024) and DEEM (Wang et al., 2024a) em-
ploy role-based multi-agent discussions. (2) Fine-
tuning methods update model parameters with
relatively unbiased data. FACTUAL (Li et al,,
2025a) constructs counterfactual datasets to de-
bias LLMs via a calibration network; TAT (Zou
et al., 2025) reconstructs reasoning processes
grounded in gold labels for dual-objective fine-
tuning; MRGKD (Wang et al., 2025a) leverages
multi-agent reasoning graphs for fine-tuning. De-
spite improvements, this paradigm is constrained
by limited unbiased data, leaving residual bias and
limiting overall debiasing effectiveness.

3 Methodology
3.1 Task Definition

Conversational stance detection aims to identify
the stance expressed by users in social media con-
versations toward a specific target. Given the tar-
get T, the current user’s utterance u., and n-turn
conversation history U = {uy, ug, ..., u, }, where
each u; is a contextual comment and u;1 replies
to u;, the goal is to leverage U to enhance the un-
derstanding of the current utterance u., thereby de-
termining the stance of the user towards the target
T: 5 = My(T,u.,U), where My represents the
stance detection model, and S represents the pre-
dicted stance.

3.2 Model Overview

As shown in Fig.2, ExpCSD comprises four mod-
ules, with their interrelations detailed in the figure
caption.

3.2.1 Thinking Path Modeling

To determine whether the current thinking path
is biased, we first need to model the feature of
the thinking path. Inspired by (Ye et al., 2025;
Wang et al., 2025b), we treat the progressive hid-
den states as the latent thinking path of LLMs.
Specifically, assume the model f has L hidden lay-
ers; we decompose f into ordered sub-modules:

f=fembo fio---ofio---0fro freaa. (1)

where fomp : RVl — R? (denoted as fo) is the 0-
th embedding layer, fhead : R — RVl is the final
classification layer, and f; (1 <[ < L) : R —
R? are intermediate hidden layers. Here d is the
embedding dimension and V is the vocabulary.

First, the target 7, comment u,., and conversa-
tion history U are converted into the model f in-
put text & using the native stance detection prompt
Pnaive, as shown in Fig.12, and model f outputs
Yy = y1Yy2...yr ( T tokens). For the ¢-th to-
ken, its [-th layer hidden state is z}. Following
the definitions in (Wang et al., 2024b, 2025b),
we define the average embedding at layer [ as
h; = % Zthl z! , which represents the {-th sen-
tence hidden state. The latent Thinking Path
Embedding Chain (TPEC) of LLM is a progres-
sive chain H of all sentence hidden states: H =
h0_>"'hl"‘_>hL-

To capture the thinking path feature, its ge-
ometric information (Rintoul and Wilson, 2015)
is the most fundamental dimension, which usu-
ally includes magnitude M (hy, hyy1) and angle
A(h¢, hiy1) that can reflect the distance and direc-
tion changes produced during the path wandering.
The two measures are formalized as follows :

M(h’tvht—l-l) — Hht-i-l - htHQa

h/l, hy
[herall2 - [[Rell2

A(hy, hyy1) = arccos (
(2)

To better fuse the two features of magnitude and
angle for a more accurate characterization of the
thinking path, and following the definitions in
(Wang et al., 2025b), we introduce the complex
plane to combine M (h;, hit1) and A(hy, hytq)
into a new feature point C(hy, hy41), which can
take into account both the change angle and magni-
tude of thinking states evolution from the [-th layer
to the (I + 1)-th layer. Here, M (hy, hy41) repre-
sents the complex magnitude and A(h;, hy41) rep-
resents the complex argument. This feature point
C(h¢, hty1) can be expressed as:

C(hy, hir) = M(hy, hyyq) - e ARk
= M(hy, hyyq) cos A +i M (hy, hyyq) sin Ay,

Re(C(hl,hlJrl))

Im(C(hy,hi+1))

(3)
where A; = A(hy, hyy1). We construct a complex
vector ¢ by concatenating all layer-wise complex
feature points C'(h;, hyy1) (forl =0,1,...,L—1)
in the order of TPEC to characterize thinking path
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Figure 2: The proposed framework for Exp-CSD. It consists of four core modules: (a) Thinking Path Modeling:
Model LLMs latent thinking paths and, using prediction correctness as supervision, partition training instances into
biased and unbiased thinking-path libraries; (b) Debiasing Experience Generation: Compare diverse reasoning
traces from biased instances to identify the causes of bias and generate generalizable debiasing experiences; (c)
Experience Filtering: Apply a two-stage filtering mechanism to retain only effective experiences in the experience
dictionary; (d) Inference-time Debiasing: Apply selective debiasing by retrieving relevant debiasing experiences
only for predictions whose thinking paths are more similar to the biased library.

layer-by-layer evolution:

.
ect

4
After obtaining the thinking-path features,
we follow prior conversational stance detec-
tion studies (Zou et al., 2025; Wang et al.,
2025a) in constructing unbiased data by using
training labels as supervision. Specifically,
we partition the thinking paths of the train-
ing set into an unbiased library Dyppias
{{xisci) [ 9, =y;, Vie{l,2,....N}}
when predictions match the ground-truth
labels, and a biased library Dyjyg =
{(xi,e) | ¥ #y;, Vie{l,2,...,N}} oth-
erwise. where y; denotes the ground-truth stance
label corresponding to x;.

c= |C(ho,h1), ..., C(hp-1,hz)

3.2.2 Debiasing Experience Generation

Inspired by the training-free GRPO paradigm (Cai
et al., 2025), which extracts optimization experi-
ence by comparing multiple rollouts for the same
incorrect instance, as shown in Fig.2(b), we adopt
a similar strategy to automatically generate debi-
asing experiences from biased samples. Specif-
ically, given a biased instance x; sampled from
the biased thinking path library Dy;as with ground-
truth label y;, we perform G independent roll-
outs with the LLM, obtaining a set of outputs
O; = {01(1) (2), e OEG)}. We then provide O;

9 Oi
along with y; to an experience-generation prompt

Pexp and query the LLM to compare reasoning
traces that lead to correct versus incorrect out-
comes (w.r.t. ;). From this comparative analy-
sis, the LLM distills a set of debiasing experi-
ences & = {Ei(]) = (bz(»J),giU)) |7 =1,...,n}
Here, bgg ) describes the biased reasoning scenario
where the experience applies, and gi(j ) provides
the corresponding generalizable debiasing guid-
ance. However, extracting debiasing experiences
from biased data is challenging due to typical-
ity bias (Zhang et al., 2025a): even with high-
temperature sampling, the model repeatedly pro-
duces homogeneous biased outputs, yielding lit-
tle informative contrast between correct and in-
correct traces despite label supervision. To miti-
gate this, we propose stance verbalized sampling
(SVS), which uses a prompt psys to encourage sam-
pling reasoning paths with different stances from
low-probability regions, thereby eliciting correct
and diverse trajectories. Contrasting these trajec-
tories under label supervision helps the model un-
derstand both what the correct stance is and why
it is correct, providing more effective guidance for
steering the model toward the correct stance and
enabling effective, generalizable debiasing experi-
ences. The above process of extracting debiasing
experiences via contrastive output is formally de-
fined as follows:

O;z,aive = LLM(pnaive7 (II),
Ofvs = LLM(psvs: m),
E = LLM(pezzn O?awev Ofvsv yz)

&)
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Here,OM"® and O$"* are reasoning outputs gen-
erated under prompt phaive and pgys, respectively.
The pexp is the experience generate prompt. The
full details of the pex, and pgys are as Fig.7 and
Fig.8 (Appendix §A).

3.2.3 Experience Filtering

Although stance verbalized sampling enriches de-
biasing experience generation, it still yields inef-
fective experiences. To address this issue, we pro-
pose a two-stage filtering mechanism to preserve
only high-quality, effective debiasing experiences.

Tier I: Consistency-based Filtering. We first
keep only experiences that can correct biased pre-
dictions, i.e., guiding the model to produce out-
puts consistent with the ground-truth labels. Ex-
periences that fail to achieve basic correction are
discarded. Formally, an consistent experience set
5[ = {Ej | f/iEj = yi,Ej c 5Z}, where
g)iEj,I:IiEj = LLM(pdebiasing Zi, Fj) denotes the
outputs of LLMs after incorporating the experi-
ence E; into the debiasing prompt pdepiasing (See

Fig.9 for the full prompt), H iEj represents the de-

biased reasoning path, ﬁiEj is the prediction result
for the biased sample x;, and y,; denotes the corre-
sponding ground-truth label.

Tier II: Debiasing Utility Filtering. After con-
sistency filtering, we select experiences whose in-
clusion maximally increases the unbiasedness of
the thinking path. Analysis of angles and magni-
tudes ( As analyzed in section 4.4.1) shows that
unbiased paths have larger magnitudes and smaller
angles. Therefore, large magnitude and small an-
gle can serve as a measure of a paths unbiasedness.
To integrate magnitude and angle, each pair of ad-
jacent states is mapped onto a complex plane as
a feature point C'(h;, hy11) (Eq.3). For a thinking
path H, the real and imaginary parts of all feature
points are summed and averaged, and the modulus
of the resulting vector is used as the debiasing util-
ity. The debiasing utility score U (H ) for Ejis
calculated as follows:

UED) = J (4 Sl Re(Clhu b))+ (15505 (Ol i)

(6)
U(H?F5) captures the joint effects of magnitude
and angle, yielding larger values for correct paths
with aligned vectors and lower values for bi-
ased paths due to vector cancellation caused by
larger angular deviations. In short, this met-
ric quantifies how much each experience con-

tributes to debiasing a thinking path. Finally, let
Dy denote the experience dictionary. As shown
in Fig. 2(c), we select the experience E* with
the highest debiasing-utility score and store it in
the dictionary: Deyp[c] = E*, where E* =
arg maxg;cg, U (HF3). where the dictionary key
consists of the biased thinking path feature vector
c, and the value is the debiasing experience.

3.2.4 Inference-time Debiasing

After constructing a high-quality experience dic-
tionary, we perform debiasing during the inference
stage. As shown in Fig.2(d), given a test sample
x, we first apply the naive prompt ppaive to 0Ob-
tain an initial prediction o = (r,y;), where r de-
notes the reasoning rationale and y; denotes the
predicted stance. We then extract the correspond-
ing latent thinking path embedding c. Next, we
assess whether the current thinking path is biased
by comparing its similarity to a biased path library
Drias and an unbiased path library Dyppias. Let
c'l?ias and c‘;“bias denote the i-th thinking path em-
beddings in the biased and unbiased libraries, re-
spectively. The similarity scores are computed as
the maximum cosine similarity within each library:

bi

Sbias = MaX;eDy,, COS(C, c; "), Sunbias =
bias

MAX;eD, i COS(C, ™). If Shias > Sunbias, the

prediction is considered potentially biased, and the
debiasing process is triggered. During debiasing,
we retrieve the top-K experiences from the dictio-
nary Deyp, based on a weighted similarity between
the thinking path c and experience background b:

S(E;) = acos(c, c;j) + (1 — o) cos(Enc(r), Enc(by)).
(7
where Enc(-) is a SBERT encoder and o € [0, 1]
balances path and background similarity. These
experiences are injected into pyebiasing tO Obtain ya,
with the final stance set to y» if bias is detected,
otherwise ¥ .

4 Experiments

4.1 Experimental Setups

Datasets: We evaluate MRGKD on two public
stance detection datasets: SRQ (Villa-Cox et al.,
2020), a Twitter dataset with four targets and MT-
CSD (Niu et al., 2024b), a conversational bench-
mark covering five topics. For more details, see
Appendix §B.1.

Evaluation metrics: We adopt Fl-avg as the
evaluation metric to evaluate the performance of
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Method Bitcoin Tesla SpaceX Biden Trump Overall

BERT 53.60 4739 4931 29.13 45.11 44091
TTS 53.60 46.08 52.41 31.23 44.41 45.55
GLAN 56.95 5238 5598 38.15 4891 50.47
GPT-3.5-turbo  46.89 51.69 53.16 36.05 27.47 43.05
GPT-4 49.39 50.71 55.34 45.09 40.33 48.17
DeepSeek 47.25 47.53 55.68 3548 40.11 45.21
Doubao-pro 53.76 5556 55.18 35.59 47.73 49.56
COLA 54.55 53.48 56.19 40.73 43.09 49.61
ToC 56.06 55.61 5432 41.24 4233 49.31
MPVStance 5729 5435 51.69 4274 4525 50.26
FACTUAL 50.21 49.94 53.01 37.24 4652 47.38
MRGKD 59.25 56.71 56.73 43.70 4490 52.26
ExpCSD (ours) 59.77 60.37 61.33 44.80 51.29 55.51

Table 1: Results (%) on MT-CSD dataset in in-target
setting. Best scores are in bold. The suboptimal scores
are underlined. The significance tests of our ExpCSD
over MRGKD and GPT4 (with p < 0.05).

stance detection methods, consistent with the ap-
proaches in (Li et al.,, 2021) and (Niu et al.,
2024b). Fl-avg represents the average F1 score
computed for the “against” and “favor” stances.
Baselines: We compare four categories of
methods: (1) Fine-tuning PLMs: BERT (De-
vlin et al., 2019), TTS (Li et al., 2023a) (target-
based data augmentation), and GLAN (Niu et al.,
2024b) (GCN-CNN structural modeling); (2) In-
context Learning with LLMs: GPT-3.5 Turbo,
GPT-4, Doubao-Pro, and DeepSeek-Chat (each
with one demonstration); (3) Prompt Engineer-
ing with LLMs: COLA (Lan et al., 2024) (role-
infused debate), ToC (Weinzierl and Harabagiu,
2024) (counterfactual prompt tree), and MPVS-
tance (Zhang et al., 2025b) (multi-perspective ver-
ification); (4) Fine-tuning LL.Ms: FACTUAL (Li
et al., 2025a) (counterfactual data augmentation)
and MRGKD (Wang et al., 2025a) (multi-agent
reasoning graph distillation). Our experiments
employ Qwen2.5-7B-Instruct. More experimental
setup details are provided in Appendix § B.2.

4.2 Main Results
4.2.1 In-Target Stance Detection

We first present the results on two public datasets
under the in-target setup. The results of these
experiments are illustrated in Table 1 and Table
2. Methods based on fine-tuning PLMs, typ-
ified by GLAN, excel in feature extraction but
suffer from inadequate generalization. Their in-
ability to effectively decipher implicit stances and
complex logical relationships embedded in con-
versational contexts constrains their overall per-

Method ID GT SM SS Overall
BERT 39.59 40.74 41.54 4740 42.32
TTS 35.39 33.87 41.20 46.11 39.14
GLAN 41.28 38.93 47.34 46.65 43.55
GPT-3.5-turbo  37.83 36.64 40.33 47.43 40.56
GPT4 41.29 39.22 47.76 49.18 44.37
DeepSeek 33.44 36.35 41.86 48.47 40.03
Doubao-pro 33.10 39.17 47.79 47.72 41.95
COLA 39.97 39.43 46.19 45.73 42.83
ToC 41.06 41.25 47.72 48.12 44.54
MPVStance 42.52 41.75 47.83 49.55 45.41
FACTUAL 40.34 39.94 43.01 42.26 41.39
MRGKD 43.87 40.83 48.35 51.56 46.15
ExpCSD (ours) 44.24 42.91 50.04 53.67 47.72

Table 2: Results (%) on SRQ dataset in in-target set-
ting. Best scores are in bold. The suboptimal scores
are underlined. The significance tests of our ExpCSD
over MRGKD and MPVStance (with p < 0.05).

formance. For LLMs utilizing in-context learn-
ing, such as GPT-4, while they demonstrate cer-
tain advantages on specific datasets, inherent bi-
ases from their pre-training phases persist, result-
ing in subpar performance across most datasets.
Prompt engineering approaches like COLD and
ToC alleviate model biases through multi-agent
debates and multi-stance rationales comparisons.
Though these strategies mitigate partial biases, ap-
plying multi-step deliberation to all samples in-
duced overthinking on neutral instances, result-
ing in performance on some topics falling below
that of vanilla LLMs. Approaches involving fine-
tuning LLMs, such as MRGKD, strive to rec-
tify biases by adjusting internal parameters. How-
ever, Limited training data leaves residual biases
in these models and leading to performance in-
ferior to our ExpCSD. In contrast, ExpCSD ro-
bustly identifies biases and applies targeted debi-
asing, achieving SOTA on two public datasets.

4.2.2 Cross-Target Stance Detection

We conducted cross-target stance detection exper-
iments on the MT-CSD dataset. The models were
first trained and validated on a source target and
then tested on a destination target, covering all
available targets in the dataset. Since the dataset
spans three distinct domains, namely cryptocur-
rency (Bitcoin), business (SpaceX and Tesla), and
politics (Biden and Trump), we designed cross-
target experiments both within the same domain
and across different domains. As shown in Table 5,
ExpCSD performs best in in-domain experiments
and is sometimes inferior to MRGKD in cross-
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Methods Bitcoin Tesla SpaceX Biden Trump Overall
ExpCSD 59.77 60.37 61.33 44.80 51.29 5551
w/o Exp 4835 41.07 51.18 28.74 4236 4234
w/o DiscrimDebias  49.28 43.75 51.79 30.34 38.99 42.83
w/o PathR 5431 5626 55.63 4234 4693 51.09
w/o BackgroundR ~ 57.11 53.75 57.40 40.65 43.41 50.46
w/o SVS 57.76 56.32 57.86 41.27 46.83 52.01
w/o ExpFilter 56.75 58.71 60.37 37.04 41.12 50.80

Table 3: Ablation study results of ExpCSD.

domain cases. This reveals that in-domain expe-
rience achieves better bias correction than cross-
domain experience.

4.3 Ablation Study

To verify the effectiveness of each component, we
conduct a comprehensive ablation study (Table
3). Removing rectified experience (w/o Exp) sig-
nificantly degrades performance, confirming the
importance of experience. Removing w/o Dis-
crimDebias leads to indiscriminate experience ap-
plication, with performance on some datasets even
worse than w/o Exp, which verifies the necessity of
selective debiasing. Removing path retrieval (w/o
PathR) or background retrieval (w/o BackgroundR)
causes significant performance drops, verifying
both are indispensable for experience selection.
Removing stance verbalized sampling (w/o SVS)
leads to notable decline, confirming that correct
stance reasoning is critical for quality experience
generation. Finally, removing experience filter-
ing (w/o ExpFilter) causes obvious degradation, as
blindly adding all experiences introduces invalid
experiences and harms performance.

4.4 Analysis
4.4.1 Bias and Latent thinking paths

Bitcoin . Tesla Spacex

Feature Il: Angle.
Feature Il: Angle

Feature I: Magnitude Feature I: Magnitude Feature I: Magnitude

Biden . Trump

Feature Il: Angl
Feature Il: Angle

Feature I: Magnitude Feature I: Magnitude

Figure 3: The geometric distribution of reasoning paths
for correct and incorrect samples across five topics.
Blue and Red distributions represent the correct sam-
ples and incorrect samples, respectively.

To investigate the relationship between spurious

correlation-induced bias and latent thinking paths,
we conduct experiments around three questions.

Q1: Are the geometric features of thinking
paths different between correct and error samples
in our task? Q2: Is this geometric difference re-
lated to spurious correlations? Q3: Can geometric
features distinguish correct from error paths?

To answer QI, we split samples from five
MT-CSD sub-datasets into correct and erroneous
groups according to the prediction results of Qwen
2.5. We separately compute the magnitude and
angle of latent reasoning paths for both groups
and visualize their two-dimensional distributions
in Fig 3 (see Appendix § B.4 for detailed proce-
dures). Experimental results reveal that compared
with biased reasoning characterized by shortcut
and erratic tendencies, correct reasoning obtains
larger magnitude implying more sufficient explo-
ration and smaller angle reflecting better direc-
tional consistency. In the magnitude-angle space,
correct and erroneous samples present stable and
distinguishable distribution gaps. This validates
that our proposed debiasing utility score (Eq. 6)
can guide experience selection and achieve effec-
tive reasoning path rectification.
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Figure 4: Curves of Error Rate, Mean Mag and Mean
Ang with the Increase of Intervention Proportion.

To answer Q2, we design two intervention
schemes for erroneous samples (see Appendix
§B.5 for details): Target: Semantically invariant
replacement of spurious-correlation-related words
to eliminate misleading cues based on the coun-
terfactual construction paradigm of FACTUAL (Li
et al., 2025b). Control: Semantics-consistent ran-
dom replacement of irrelevant words. As shown in
Figure 4, with the increase of intervention sample
proportion, the target group obtains a lower error
rate, larger path magnitude and smaller excessive
deflection angle, which eliminates spurious corre-
lations and enhances latent space exploration. In-
significant changes in the control group. Slight
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control group changes verify geometric variations
come from spurious correlation suppression rather
than lexical replacement.

To answer Q3 on judging model reasoning er-
rors via geometric features, we report the confu-
sion matrix of our classification method based on
the latent thinking path geometric feature library
in Table 6 and Table 7. More details are provided
in Appendix § B.6. It obtains F1 scores of 0.89 on
MT-CSD and 0.82 on SRQ, verifying that such ge-
ometric features can effectively distinguish correct
and erroneous reasoning.

4.4.2 Impact of Stance Verbalized Sampling

Percentage of Valid Experience Generation
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Figure 5: Effective Experience Proportion under the
Difference Strategy. The numbers above the bars rep-
resent the specific proportions of effective experiences
generated. 1 and | indicate percentage increase and de-
crease relative to the w/o CorrectR setting, respectively.

To explore the impact of stance verbalized sam-
pling on valid experience generation, we conduct
ablation experiments. Here, valid experiences de-
note experiences that help models correct biased
stances. We conducted controlled ablation experi-
ments with two variants: w/o CorrectR (Only high-
temperature sampling without correct rationales)
and w/o SVS (reverse rationale generation from
labels (Zou et al., 2025)). As shown in Fig 5,
ExpCSD increases valid experiences by 29% on
average. Our stance verbalized sampling outper-
forms direct label-to-rationale inference by avoid-
ing sycophancy (Naddaf, 2025) and selecting ra-
tionales from the model’s probability distribution.
Detailed analysis is in Appendix B.7.

4.5 Case Study and Time Complexity

Case Study: Through case analysis, we show how
ExpCSD uses similar bias correction experiences
to debias conversational stance detection. As
shown in Figure 12, our method first conducts di-
rect reasoning, and retrieves relevant experiences

for debiasing once biases are detected. The re-
trieved experiences match context-induced biases
well, verifying the validity of similarity-based ex-
perience selection, which also achieves strong gen-
eralization for LLM bias correction.

Time Complexity: To verify the time effi-
ciency of our method, as shown in Table 8§,
we compare its inference speed with prompt-
based methods including MPV Stance(Zhang et al.,
2025b), ToC(Weinzierl and Harabagiu, 2024), and
COLA(Lan et al., 2024). Unlike these meth-
ods, which apply elaborate chain-of-thought rea-
soning to all cases, ours performs debiasing only
when needed, thereby improving average infer-
ence speed. See Appendix § B.9 for more details.

4.6 Generalization Analysis: Framework
Robustness Across LLM Backbones

To assess framework generalizability, we eval-
uvate ExpCSD on five diverse open-source
LLMs:  Qwen2.5-7B-Instruct (Yang et al.,
2024b), LLaMA3-8B (Al@Meta, 2024), Mistral-
7B (Jiang et al., 2023), Gemma-3-4B-IT (Kamath
et al., 2025), and Qwen-2-7B-Instruct (Yang et al.,
2024a). As shown in Fig. 13, results demonstrate
consistent performance across different archi-
tectures and scales, with Qwen2.5-7B-Instruct
achieving the best overall F1 (55.51%). This
confirms that our framework generalizes robustly
across LLM backbones with varying parameter
scales and design paradigms.

5 Conclusion

In this paper, we present ExpCSD, an experience-
based debiasing framework for conversational
stance detection, which models latent thinking
paths from LLM hidden-state dynamics to detect
biased reasoning. To generate high-quality debi-
asing experiences, we introduce stance verbalized
sampling, which elicits diverse and correct rea-
soning rationales, and apply a two-stage filtering
mechanism based on debiasing utility scores to
remove ineffective experiences. Finally, a think-
ing path similaritybased selective debiasing strat-
egy injects only the most relevant experiences,
avoiding unnecessary reasoning for neutral cases
while mitigating spurious correlation biases with-
out LLM fine-tuning. Experiments on two public
stance detection benchmarks show that ExpCSD
outperforms baselines, validating our experience-
driven debiasing framework.
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Limitations

Despite the strong performance of ExpCSD, sev-
eral limitations present opportunities for future
work.

* Access to Latent Representations. Ex-
pCSD detects biased reasoning by model-
ing latent thinking paths from hidden-state
representations. This design enables more
fine-grained bias identification than surface-
level prompts or rationales, but it assumes
access to model internals. Therefore, di-
rect application to fully black-box LLM APIs
may require additional approximation strate-
gies, such as using output confidence, ra-
tionale consistency, or response variation as
surrogate indicators. Exploring black-box-
compatible thinking-path estimation is an in-
teresting direction for future work.

* Dependence on Backbone LLM Capabili-
ties. The effectiveness of ExpCSD is still in-
fluenced by the underlying backbone LLM. If
the model fails to capture conversational con-
text or produces highly unstable initial predic-
tions, the quality of thinking-path assessment
and subsequent experience-based debiasing
may be affected. Nevertheless, ExpCSD is
designed as a parameter-free framework and
can be applied on top of different backbone
LLMs, making it complementary to future ad-
vances in stronger and more reliable language
models.

* Coverage of the Experience Library. Ex-
pCSD relies on historically collected debi-
asing experiences to correct biased predic-
tions. Although our two-stage filtering strat-
egy removes ineffective experiences and re-
tains those with demonstrated debiasing util-
ity, the benefit of retrieval may decrease when
test samples involve substantially different
targets, domains, or conversational styles that
are underrepresented in the library. Continu-
ally expanding and updating the experience
library across broader scenarios may further
improve generalization.
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A Full Prompt Templates

This chapter comprehensively introduces all the
prompt templates proposed in this paper. Specif-
ically, the naive prompt template for conversa-
tional stance detection pp,ive is shown in Figure 6;
the complete version of the experience generation
prompt template peyp, is presented in Figure 7; the
full prompt template of Prompt of Stance Verbal-
ized Sampling pgys is illustrated in Figure 8; and
the complete experience-debiasing based prompt
template pgebiasing 18 displayed in Figure 9. The
spurious cues replacement template for generating
counterfactual data in FACTUAL (Li et al., 2025b)
is shown in Figure 10.

B Full Experimental Data
B.1 Dataset Statistics

To provide comprehensive context for our experi-
mental results, we report the detailed statistics of
the two datasets used in our evaluation in Table 4.
The table shows the sample distribution across the
training, validation, and test sets. We evaluate Ex-
pCSD on two diverse datasets. SRQ (Villa-Cox
et al., 2020) is a Twitter stance detection dataset
consisting of quotes and replies. It covers four
targets, including Iran Deal (ID), General Terms
(GT), Student Marches (SM), and Santa Fe Shoot-
ing (SS), and contains six stance categories: Ex-
plicit Support, Implicit Support, Comment, Im-
plicit Denial, Explicit Denial, and Queries. MT-
CSD (Niu et al., 2024b) is a large-scale conver-
sational stance dataset spanning five target top-
ics: Bitcoin, Tesla, SpaceX, Biden, and Trump.
It includes three stance categories: favor, against,
and none. Notably, 75.99% of its samples con-
tain more than four conversation turns, which in-
creases the complexity and realism of the evalu-
ation. Following MRGKD (Wang et al., 2025a)

and GLAN (Niu et al., 2024b), we use their re-
leased dataset splits for SRQ and MT-CSD. The
two publicly available datasets used in this work
are released under academic licenses (e.g., non-
commercial research-only terms). Our usage com-
plies with their intended license agreements and
terms of service.

Dataset Topic # Train # Valid # Test
Bitcoin 2283 431 538
Tesla 2552 536 540
MT-CSD SpaceX 1440 268 321
Biden 2017 417 411

o Trump 2633 557 561

ID 872 187 187
GT 1414 303 303
SRQ SM 516 110 111
SS 596 128 128

Table 4: Detailed statistics of the experimental data,
showing the numberof samples in the training,valida
tion,and testsets for each target.

B.2 Implementation details:

The specific model employed in our experiments is
Qwen2.5-7B-Instruct. During the experience gen-
eration phase, we generate n = 5 reasoning traces
and experiences for each biased sample. For the
selection of debiasing experiences, we set K = 3
in the top-K selection strategy. We adopt the same
dataset split as that used in MRGKD (Niu et al.,
2024b) and GLAN (Niu et al., 2024b). The simi-
larity weight « is set to 0.75. All experiments are
conducted on a single NVIDIA A800 GPU with
80GB of memory. Refer to Appendix § B.9 for in-
ference latency. Each group of data is run 5 times,
and the average value is adopted.

B.3 Cross-target stance detection

We conducted cross-target stance detection ex-
periments on the MT-CSD dataset. The models
were first trained and validated on a source tar-
get and then tested on a destination target, cover-
ing all available targets in the dataset. Since the
dataset spans three distinct domains, namely cryp-
tocurrency (Bitcoin), business (SpaceX and Tesla),
and politics (Biden and Trump), we designed
cross-target experiments both within the same do-
main and across different domains. As shown
in Table 5, in same-domain experiments, the Ex-
pCSD model outperforms other models, whereas
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Prompt of Conversation Stance Detection

Instruction: Analyze the stance of the last user’s utterance in the following multi-turn conversation list towards
{target}.

Stance Definitions:

favor: A stance of support, affirmation, or approval towards {target}, including positive evaluation, etc.
against: A stance of opposition, negation, or criticism towards {target}, including negative evaluation, etc.
none: A neutral stance with no support or opposition, unclear attitude, or being irrelevant to {target}.

Requirements:

1. First, analyze the relationship between the last user’s utterance and {target}, and judge the basis for the stance
by combining it with the historical conversation.

2. The output format must satisfy the following requirements:

- The reasoning process should be within the <think></think> tag.

- The final stance result should be within the <answer></answer> tag, and must be one of favor, against, none.

Conversation List:
{conversation;}

Output example:

target: SpaceX

Conversation:[ user 1: SpaceX Starship explodes shortly after launch’] ==> <think>The last utterance only states
the objective fact that SpaceX’s Starship exploded shortly after launch, with no explicit subjective evaluations,
support, or opposition. Thus, its stance is "none".</think><answer>none</answer>

Figure 6: Prompt of Conversation Stance Detection.

Prompt of Experience Generation

Instruction: You are a professional expert in reasoning trajectory analysis. Your task is to extract {n}
generalizable and error-correctable experiences from the flaws in multiple reasoning trajectories for the
following stance detection task., and strictly comply with the subsequent steps and output format.

Step 1: Trajectory Analysis (MUST complete all 4 sub-items)

1. Successful steps: Identify key correct decisions and insights from the provided trajectories.

2. Errors: Pinpoint exactly where and why the reasoning went wrong (compare trajectories with groundtruth).
3. Strategies: Note important thinking patterns or strategies that were used OR missed in the trajectories.

4. Failure Root Cause: Analyze why flawed reasoning trajectories fail.

Step 2: Experience Requirements (MUST satisfy all 3 rules)

1. Start with the applicable background of the experience (related to the problem type, e.g., stance detection).
2. Focus on strategic thinking patterns, NOT specific calculations or sentence details.

3. Emphasize decision points that can be applied to similar problems.

Step 3: Output Format (MUST strictly comply, VIOLATION WILL BE REJECTED)
- The reasoning process (< 3 sentences) must be wrapped in <think> tags.

- The final experience must be wrapped in <experience> tags.

- NO other sections, headings, or explanations outside the tags.

Problem: {conversation stance problem ¢}

trajectories: {[trajectoryi,..., trajectory,]}

Groundtruth: {label}

Correct Output Example

<think>Analyze the trajectory’s error in ignoring implicit sentiment, compare with groundtruth, and summarize the

core adjustment direction.</think> <experience>[background]When judging stance in conversations, beyond
explicit expressions: [strategy]we need to infer implicit sentiment from context-related comments.</experience>

Figure 7: Prompt of Experience Generation.
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Prompt of Stance Verbalized Sampling

Instruction: You are a helpful assistant. For the following multi-party conversation stance detection task,
you must generate 3 possible responses that strictly correspond to the three stances: favor, against, and none
respectively. Each response should be placed individually within a <response> tag. Every response must include
a <answer>(final stance) and a numerical <probability> (probability value). Please sample at random from
the tails of the distribution, such that the probability of each response is less than 0.10.

Stance Detection Task:
Judge the last user’s statement in the following multi-party conversation regarding {target}’s position, and output
one of favor, against, or none.

Conversation List: {conversation;}

Correct Output Example:

target: Tesla

Conversation: [ "user 1: $140k Tesla quality",

"user 2 : My friend just bought a model X, paid over $100,000 and the brake lights dont even match when they
light up. Left side its the bottom strip. Right side its a bulb in the middle.",

"user 3: Lol that’s hilarious" | ===>

<response>The last user’s comment "Lol that’s hilarious" is a sarcastic response to the high-price yet low-quality
issue of Tesla Model X described by User 2. The tone mocks Teslas poor quality control, expressing disapproval
of the brands product reliability.</response><answer>against</answer><probability>0.05</probability>

Figure 8: Prompt of Stance Verbalized Sampling.

Prompt of Experience-based Debiasing

Instruction: Based on the following stance definitions and stance detection experiences, analyze the stance of
the last user’s utterance in the multi-turn conversation list towards {target}, and output the reasoning process and
result.

Experiences: {€.., from Experience Dictionary Retrieval. }
Stance Definitions: {favor: ..., against: ..., none: ...}

Requirements:

1. First, analyze the relationship between the last user’s utterance and {target}, and judge the basis for the stance
by combining it with the historical conversation and stance detection experiences.

2. The output format must satisfy the following requirements:

- The reasoning process should be within the <think></think> tag.

- The final stance result should be within the <answer></answer> tag, and must be one of favor, against, none.

Conversation List:
{conversation;}

Output example:

Experiences:[Background]The user merely provides objective factual reports with no subjective praise or criticism
of the target.[Strategy] Classify such utterances as none (neutral) instead of favor or against.

Conversation:[’user 1: SpaceX Starship explodes shortly after launch’] ==>

<think>Referring to the given experience, this utterance only gives an objective factual report about the SpaceX
Starship incident, without any subjective praise or criticism of the target. According to the corresponding strategy,
it should be classified as none rather than favor or against.</think><answer>none</answer>

Figure 9: Prompt of Experience-based Debiasing.

in cross-domain experiments, its performance is B.4 Thinking Path Feature Distribution
occasionally slightly inferior to that of MRGKD.
This indicates that the bias correction effect of ex-
perience within the same domain is superior to that
derived from different domains.

Using vanilla Qwen2.5-7B, we predicted on
the full datasets of the five topics, split-
ting correct/incorrect samples into feature sets
Vi = {(Magf Ang/)}"; and V. =

{(Mag; ,Ang; )};—, . Here, Mag; and Ang;
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Prompt for Spurious Cue Replacement

[sentence]: {sentence}

[target]: {target}

[stance]: {stance}

[spurious cues]: {spurious_cues}

The [sentence] expresses a {stance} stance toward the [target]. The following words or phrases in the [sentence]
have been identified as spurious surface cues that may mislead a language model into making incorrect predictions:
[spurious cues].

Please rewrite the [sentence] according to the following requirements:

1. Replace, paraphrase, or neutralize ALL identified [spurious cues] so that they no longer provide the same
misleading surface signal.

2. If a [spurious cue] is sentiment-bearing or evaluative, replace it with a neutral, factual, or attribution-based
expression rather than another sentiment-bearing or evaluative word.

3. Preserve the original factual information and event structure as much as possible, including who did what, to
whom, when, and where.

4. Preserve the original {stance} stance toward the [target] without making it more positive, negative, or
ambiguous.

5. Do NOT introduce any new sentiment-bearing words, evaluative language, stance indicators, or new entity
associations that were not present in the original sentence.

6. If removing a [spurious cue] would delete important factual content, generalize it into a neutral expression
instead of omitting it entirely.

7. The rewritten sentence should read naturally and fluently.

Output the rewritten sentence only, without any explanation.

Figure 10: Prompt template for spurious cue replacement. Blue fields ({sentence}, {target}, {stance}, {spuri-

ous_cues}) are filled with the corresponding values from each sample.

Target BERT TTS GLAN MRGKD ExpCSD shortcut-like, erratic nature of biased reasoning.
within the same domain Accordingly, the debiasing utility score (Eq.6) can
SpaceX—Tesla ~ 30.06 3878 40.08  46.31 50.22 guide experience selection for effective path cor-
Tesla=SpaceX — 37.32 - 40.06 4085 5249 56.04 rection, supporting the validity of distinguishing
Biden—Trump 24.87 3041 31.56 34.85 46.35 ’
Trump—Biden 2034 28.87 30.10 3646  4L62 biased reasoning based on path similarity.
across dissimilar domains
— fv(Mag, Ang) = # S 217 exp {7# [(Mag — Mag;)? + (Ang — Ang1)2]}
Bitcoin—SpaceX 40.26 39.38  40.56 54.16 55.74
Bitcoin—sTesla ~ 34.84 3637 3849  46.07 48.92 ®)
Bitcoin—Biden 2834 3270 2878  40.09 40.31
Bitcoin—Trump 3245 3297 30.12 35.57 40.48
Tesla— Bitcoin 27.65 37.35 30.18  51.17 54.60 - »
Trump—Bitcoin 3321 3529 2939  53.04 51.18
SpaceX—Trump  36.08 39.58 32.40 43.81 44.92 : : E
Trump—SpaceX 22.89 2627 2773  53.10 52.41

Table 5: Comparison of different models for cross-
target stance detection. Best scores are in bold. The
significance tests of our ExpCSD over MRGKD (with
p < 0.05).

denote the magnitude and angle of the thinking
path for sample ¢ (Equation 2). We estimate
each sets thinking-path feature distribution via 2D
Gaussian kernel density estimation (Equation 8),
as shown in Fig. 11. Unbiased thinking path in-
volves more extensive exploration (larger magni-
tude) while maintaining higher directional consis-
tency (smaller angle) on semantic compared to the

Feature I: Magnitude Feature I: Magnitude Feature I: Magnitude

Biden - Trump

Feature II: Angle
Feature II: Angle

Feature I: Magnitude Feature I: Magnitude

Figure 11: The thinking path feature distribution of cor-
rect and incorrect sample sets in three topics. Blue and
Red distributions represent the correct samples and in-
correct samples, respectively.

B.5 Spurious Feature Intervention

To investigate the source of the geometric differ-
ences between the two types of latent thinking
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paths, we designed a controlled intervention ex-
periment. Specifically, we constructed two inter-
vention conditions based on samples that were in-
correctly predicted by the model.

* Target group. We first manually selected all
967 erroneous samples from the training data
under the Tesla topic. Five annotators were
then invited to identify spurious surface cues
that could mislead the large language model
into incorrect thinking, including sentiment-
bearing words and entity mentions. In order
to identify spurious surface cues that could
mislead large language models into incorrect
reasoning, we manually annotated the data
with the help of five volunteers. Specifically,
we selected five volunteers between the ages
of 20 and 30 with backgrounds in stance de-
tection. Among them, there are three males
and two females. Three are PhD students,
and two are masters students. We created an-
notation guidelines, requiring each volunteer
to identify misleading surface cues in the in-
put texts, including sentiment-bearing words
and entity mentions. The human annotation
results were then used as the reference for
further analysis of shortcut reasoning in large
language models.The annotation instructions
are shown in Table 9. Based on these anno-
tations, we followed the prompting strategy
used by the FACTUAL (Li et al., 2025b) for
generating counterfactual data, and replaced
the identified spurious cues while preserving
the original semantics as much as possible, as
shown in Figure 10. This process yielded the
target intervention sentences.

* Control group. To rule out the possibil-
ity that the observed effects were caused
merely by lexical perturbations, we con-
structed a control condition using random
word replacement under the same semantic-
preservation constraint. The control sen-
tences were also generated using the same
counterfactual prompting strategy as in the
target group.

We then progressively increased the intervention
intensity according to the proportion of interven-
tion sentences among all erroneous samples, and
evaluated the model error rate as well as the cor-
responding geometric features under different in-
tervention ratios. Each group of experiments was

repeated five times; the curves report the mean val-
ues over the 5 runs, and the shaded regions rep-
resent standard variances of all samples. The re-
sults are shown in Fig 4. As the proportion of
intervened samples increased in the target group,
the model error rate consistently decreased. Mean-
while, the average magnitude of the latent reason-
ing paths increased, whereas the angle values de-
creased. This suggests that, as spurious surface
cues were gradually weakened or removed, the
model became less affected by bias-inducing dis-
tractions, and the angular deviation caused by spu-
rious correlations was also reduced. At the same
time, the models trajectory in the latent space ex-
hibited greater exploratory behavior, reflected by
the increased magnitude, which ultimately led to a
lower error rate.

In contrast, the same trends were much weaker
in the control group. This indicates that random
lexical replacement alone cannot induce behav-
ioral and geometric changes comparable to those
produced by the targeted intervention. Overall,
these results suggest that the observed geometric
differences are highly consistent with the mecha-
nism of suppressing spurious associations, thereby
providing experimental evidence for the origin of
the geometric differences between the two types
of latent reasoning paths.

B.6 Classification Based on Biased and
Unbiased Thinking Path Libraries

To verify whether the geometric features of latent
paths can effectively distinguish incorrect reason-
ing from correct reasoning, this paper adopts a
classification method based on comparison with
thinking path libraries. Discriminative experi-
ments are conducted on the test sets of the MT-
CSD and SRQ datasets, and the confusion matri-
ces of the model reasoning correctness discrimina-
tion results are reported. During the experiments,
test data from multiple sub-datasets under each
dataset are merged. The MT-CSD dataset con-
tains a total of 2,371 test samples, while the SRQ
dataset contains a total of 729 test samples.

This paper standardizes the definitions of pos-
itive and negative samples in the discriminative
experiments: cases judged by the discrimination
method as correct model reasoning are defined
as the predicted positive class, and cases where
the model’s reasoning is actually correct are de-
fined as the true positive class. In both datasets,
samples with actually correct reasoning account
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Predicted \ Actual  Actually Incorrect Actually Correct
Predicted Incorrect 632 (TN) 173 (FN)
Predicted Correct 158 (FP) 1408 (TP)

Table 6: Confusion matrix of the MT-CSD dataset. To-
tal samples: 2,371; actually correct: 1,581; actually in-
correct: 790; F'1 = 0.8948.

Predicted \ Actual  Actually Incorrect Actually Correct
Predicted Incorrect 177 (TN) 92 (FN)
Predicted Correct 76 (FP) 384 (TP)

Table 7: Confusion matrix of the SRQ dataset. Total
samples: 729; actually correct: 476; actually incorrect:
253; F'1 = 0.8205.

for approximately two-thirds, while samples with
actually incorrect reasoning account for approxi-
mately one-third. Under this definition, a false pos-
itive refers to a case where the model’s reasoning
is actually incorrect but is mistakenly judged by
the discrimination method as correct; a false neg-
ative refers to a case where the model’s reasoning
is actually correct but is mistakenly judged by the
discrimination method as incorrect.

The confusion matrix statistics for the two
datasets are shown in Table 6 and Table 7. In the
MT-CSD dataset, there are 1,408 true positive sam-
ples, 158 false positive samples, 632 true negative
samples, and 173 false negative samples. The F1
value for this dataset is approximately 0.8948. In
the SRQ dataset, there are 394 true positive sam-
ples, 66 false positive samples, 177 true negative
samples, and 92 false negative samples. Similarly,
the F1 value is approximately 0.8330. For ease of
presentation and comparative analysis in the paper,
the F1 value of the MT-CSD dataset is rounded to
two decimal places as 0.89, and the F1 value of the
SRQ dataset is rounded to two decimal places as
0.83.

The confusion matrix results show that the pro-
posed method produces relatively few misclassi-
fied samples on both datasets and demonstrates
good recognition capability for both correct and
incorrect model reasoning. The method exhibits
good discriminative stability and no obvious class
bias. The experimental results indicate that the ge-
ometric features of thought paths can effectively
capture implicit differences in the reasoning pro-
cess, accurately distinguish whether model reason-
ing is correct or incorrect, and fully validate the ef-
fectiveness and feasibility of using these geomet-
ric features for reasoning quality discrimination.

B.7 Impact of Stance Verbalized Sampling
on Experience Generation

We designed controlled ablation experiments to
study how correct rationales and stance verbal-
ized sampling affect the generation of valid experi-
ences, where valid experiences are those that help
the model correct a biased sample’s stance:

* “w/o CorrectR” variant extracts experiences
solely from multiple high-temperature sam-
pled outputs. Under the impact of typicality
bias, the model relies only on its own gener-
ated biased stance rationales, which are com-
bined with the ground-truth labels to guide
valid experience generation.

113

* “w/o SVS”: Instead of obtaining correct ra-
tionales through stance verbalized sampling,
this variant directly provides the ground truth
to the model and prompts it to generate a cor-
responding rationale in reverse, following an
approach similar to TAT (Zou et al., 2025).

Since each experience generation process yields
multiple candidate experiences, we directly calcu-
late the proportion of those that are valid. The spe-
cific formula is as follows:

L~ €l
Pyatia = N Z T )
J

where N is the number of samples in the bi-
ased Library, n is the number of experiences gen-
erated per sample (n = 5 in our experiments), and
|EJ 11l counts valid experiences for the j-th sam-
ple. The results are shown in Figure 5. Compared
to w/o CorrectR, ExpCSD with correct rationales
increases the proportion of valid experiences by an
average of 29% across datasets. Additionally, the
strategy of generating correct rationales directly
from labels rather than through SVS increases the
proportion of valid experiences on some datasets
but actually produces negative effects on other
valid datasets. It underperforms compared to the
correct rationales obtained via stance verbalized
sampling in our ExpCSD. This is likely because in-
ferring rationales by reversing from ground-truth
stance labels amplifies sycophancy (Naddaf, 2025;
Petrov et al., 2025) in LLMs, which results in hal-
lucinated rationales and degrades overall perfor-
mance. In contrast, our stance verbalized sam-
pling method selects based on the model’s own
probability distribution, thereby generating more
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Models

Core Idea Avg. Latency (s)

COLD (Lan et al., 2024) Multi-expert debate ~25s
ToC (Weinzierl and Harabagiu, 2024)  Counterfactual rationale generation comparison ~14s
MPVStance (Zhang et al., 2025b) Multi-perspective verification ~32s
ExpCSD (ours) On-demand debiasing ~5s

Table 8: Comparison of inference latency between ExpCSD and existing prompt-based debiasing methods.

tarship explodes shortly after launch®
d

DISASSEMBLE"

o

Figure 12: An case of Correcting Bias Caused by
Context-Induced Stance Target Errors.

correct rationales and eliciting a greater number
of valid experiences.

B.8 Case study

Through case analysis, we show how ExpCSD
uses similar bias correction experiences to debias
conversational stance detection. As illustrated in
Figure 12, the first stage performs direct reason-
ing, and in the second stage, detected biases trig-
ger the retrieval of relevant experiences for de-
biasing. We can find that the retrieved experi-
ences are inherently relevant to context-induced bi-
ases, demonstrating the rationality of selecting ex-
periences based on thinking similarity. Moreover,
these experiences generalize well and effectively
correct biases in LLMs.

B.9 Time Complexity

To assess the operational efficiency of the
proposed on-demand debiasing framework,
we conduct a comprehensive comparison on
the MT-CSD dataset against state-of-the-art
prompt-engineering baselines, including MPVS-
tance (Zhang et al., 2025b), COLD (Lan et al.,
2024), and ToC (Weinzierl and Harabagiu, 2024).
as shown in Table 8, these methods typically apply
sophisticated chain-of-thought reasoning to every
input instance, regardless of whether debiasing is
necessary. In contrast, our framework selectively
invokes empirical debiasing only when model

ExpCSD Generalization Across LLM Backbones
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Figure 13: ExpCSD generalization performance across
five LLM backbones on MT-CSD.

bias is detected at inference time. By avoiding
redundant reasoning for unbiased instances, the
proposed selective execution strategy substan-
tially reduces computational overhead and leads
to significantly lower average inference latency.

B.10 Generalization

To assess framework generalizability, we eval-
uate ExpCSD on five diverse open-source
LLMs: Qwen2.5-7B-Instruct (Yang et al.,
2024b), LLaMA3-8B (Al@Meta, 2024), Mistral-
7B (Jiang et al., 2023), Gemma-3-4B-IT (Kamath
et al., 2025), and Qwen-2-7B-Instruct (Yang et al.,
2024a). As shown in Fig. 13, results demonstrate
consistent performance across different archi-
tectures and scales, with Qwen2.5-7B-Instruct
achieving the best overall F1 (55.51%). This
confirms that our framework generalizes robustly
across LLM backbones with varying parameter
scales and design paradigms.
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Table 9: Cue Type Reference Table with Examples

Cue Type Definition Annotation Criterion = Example Spurious Cues
Sentiment- A word or phrase ex- Annotate when the Text: “Some review- “disappointing”
bearing Word pressing strong positive  model explanation  ers described Teslas ve-
or negative sentiment explicitly uses a sen- hicle as disappointing
that the model treats timent word as the during the road test.”
as the main predictive decisive basis for Model rationale: “The
evidence, regardless of prediction, while the word disappointing in-
whether it reflects the correct label does not dicates negative senti-
author’s actual stance. depend on sentiment ment toward Tesla.”
polarity. Correct label: Neutral
Entity Mention A person, organization, Annotate when the Text: “Mr. Musk an-  “Mr Musk”
location, or brand name  model explanation nounced Tesla’s latest
that the model asso- reveals that it relied quarterly results at the
ciates with a specific on the entity name shareholders’ meeting.”
label through prior itself rather than the Model rationale: “Us-
knowledge or learned contextual content ing honorific "Mr."
correlations, rather than  surrounding it. for Musk implies sup-
reasoning from the portive attitude toward
actual content. Tesla.”
Correct label: Neutral
Spurious Key- A word or phrase that Annotate when the Texs:  “Tesla’s sales  “record highs”
word frequently  co-occurs model highlights an meet the record highs

with a specific label
in the training data,
which the model uses
as a shortcut without
considering  negation,
contrast, or the broader
context.

isolated keyword as
evidence while ignor-
ing the surrounding
semantics, such as
negation or irony.

analysts had expected.”
Model rationale: “The
phrase ‘record highs’ is
associated with positive
performance, suggest-
ing a supportive stance
towards Tesla.”

Correct label: Neutral
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