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Abstract

Existing stereotype auditing methods for Large Language
Models (LLMs) typically rely on isolated rating schemes or
task-specific probes, lacking theoretical grounding and fail-
ing to reveal internal organization beyond surface-level out-
put patterns. In this paper, we introduce SCoUT (Stereotype
Content-oriented Utility structure via Thurstonian model-
ing), a closed-loop framework that structurally models, ex-
plicitly probes, and functionally steers stereotype dimen-
sions (warmth and competence) in LLMs. SCoUT first re-
constructs a global stereotype utility structure aligned with
Stereotype Content Model theory via Thurstonian compar-
ative judgments. Across multiple open-source LLMs, this
modeling achieves high pairwise-preference prediction ac-
curacy (≥ 0.90 on larger-scale models) and exhibits strong
cross-model consistency. Probing internal attention mecha-
nisms localizes this structure to specific heads (Spearman’s ρ
up to 0.83 for warmth and 0.90 for competence) and surfaces
a salient asymmetry between warmth and competence. Fur-
ther, targeted inference-time activation modifications on these
dimension-sensitive heads consistently steer model outputs
along the intended axes. By bridging behavioral measurement
with internal representation and controllable steering, SCoUT
offers an end-to-end framework that uncovers and interprets
the latent structure of stereotypes, advancing stereotype au-
diting from surface detection to structural analysis.

Introduction
The rapid deployment of Large Language Models (LLMs)
has raised serious concerns about their propensity to repro-
duce and amplify harmful social stereotypes (Schramowski
et al. 2022; Bolukbasi et al. 2016). Existing stereotype audit-
ing methods typically fall into two broad categories (More-
house, Swaroop, and Pan 2025): Association-level methods
(e.g., WEAT, StereoSet, (Caliskan, Bryson, and Narayanan
2017; Nadeem, Bethke, and Reddy 2021)) measure semantic
associations between group labels and attributes. Although
straightforward and context-agnostic, these approaches pro-
vide only superficial associative measurements, failing to re-
veal how stereotypes are systematically organized and rep-
resented internally within models. Decision or generation-
based methods (e.g., CrowS-Pairs, BiasInBios (Nangia et al.
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Figure 1: SCoUT: A closed-loop framework for modeling,
probing, and intervening on stereotype structures in LLMs.
Pairwise preference data is modeled with Thurstone anal-
ysis to infer a structured utility space (top), which is then
used to probe and identify relevant attention heads (bottom
left). Targeted interventions on these heads (bottom right)
demonstrate that the internal stereotype structure is both in-
terpretable and functionally controllable.

2020; De-Arteaga et al. 2019)) probe stereotypes through ar-
tificial scenarios or generation tasks. While capturing more
realistic use cases, their results are critically sensitive to
prompt phrasing and scenario design, making findings sub-
jective, fragmented, and difficult to systematically compare
or generalize. Crucially, both families of methods share the
same fundamental limitation: they focus solely on measur-
ing external outputs, failing to answer whether stereotypes
reflect deeper internal structure or merely surface-level out-
put patterns. This restricts current auditing to descriptive
detection rather than providing meaningful explanations or
actionable insights for stereotype control. Furthermore, be-
cause each scenario or association is evaluated indepen-
dently, existing methods fail to uncover the global structural
relationships that potentially underpin stereotypical outputs,
forcing researchers to design numerous disparate contexts
that provide only incomplete, fragmented coverage.

Psychological theories suggest that human stereotypes are
not merely isolated associations, but rather organized along
meaningful latent dimensions, which consistently guide
judgments across contexts (Fiske et al. 2002). If LLMs sim-
ilarly internalize stereotypes as coherent, latent structures,
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then directly modeling these underlying utilities would of-
fer deeper insight and greater control. Recent advances like
Stereomap (Jeoung, Ge, and Diesner 2023) apply the Stereo-
type Content Model (SCM) to rate groups on warmth and
competence, improving interpretability over ad-hoc bench-
marks. However, these absolute Likert ratings remain iso-
lated, prone to scale anchoring and score compression, and
cannot recover how groups relate to one another in a uni-
fied space. In contrast, Thurstone’s law of comparative judg-
ment (Thurstone 1927) models perceptions as latent utili-
ties inferred from pairwise comparisons, yielding a normal-
ized structure that supports consistent, generalizable com-
parisons across groups.

Based on these insights, we introduce SCoUT (Stereo-
type Content-oriented Utility structure via Thurstonian mod-
eling), a closed-loop, theory-grounded framework designed
specifically to diagnose, interpret, and validate stereotype
structures in LLMs. SCoUT first reconstructs a globally
consistent stereotype utility structure using pairwise com-
parative judgments aligned with SCM. Unlike prior ab-
solute rating approaches, our comparative design can ro-
bustly recover relational positioning between groups. Then,
by probing model internals, we explicitly identify and lo-
calize these stereotype dimensions within specific attention
heads, demonstrating that stereotypes are deeply and sys-
tematically encoded inside models. Finally, targeted func-
tional interventions provide validation for the internal rep-
resentational structure, showing it can be directly manipu-
lated to steer model outputs along warmth and competence
dimensions. This closed-loop integration of modeling, prob-
ing, and intervention fundamentally shifts stereotype audit-
ing from isolated, descriptive analyses toward interpretable,
actionable governance of LLM stereotypes. In summary, our
main contributions are:

• Theory-grounded structural auditing: Unlike fragmented
and prompt-sensitive evaluations, SCoUT constructs a
globally consistent stereotype utility structure grounded
in established psychometric (Thurstonian modeling) and
social psychological (SCM) theories, offering robust and
relationally meaningful insights.

• Internal localization and interpretability: Through com-
prehensive probing, we demonstrate that stereotype di-
mensions are explicitly encoded in identifiable attention
heads (Spearman’s ρ up to 0.90), offering unprecedented
transparency and interpretability.

• Functional validation of internal structures: We demon-
strate that the identified internal stereotype structures are
not merely correlational but functionally actionable. Our
inference-time activation modifications serve as a mech-
anistic proof-of-concept, confirming that these structures
can influence model outputs.

Overall, this framework reframes stereotype auditing
from simply asking “Does the model output biased con-
tent?” to exploring “How are stereotypes internally orga-
nized, and how can we systematically diagnose and control
them?”, laying a solid foundation for more transparent and
accountable governance of LLM stereotypes.

Preliminaries
Stereotype Content Model (SCM). SCM is a well-
established and validated social psychological theory
proposing that stereotypes about social groups universally
organize along two dimensions: warmth (reflecting intent
and trustworthiness) and competence (reflecting capability
and status) (Fiske et al. 2002). This model classifies so-
cial groups into four distinct quadrants—Admiration (high
warmth, high competence), Envy (low warmth, high compe-
tence), Pity (high warmth, low competence), and Contempt
(low warmth, low competence)—each associated with spe-
cific emotions and predictable social attitudes. SCM pro-
vides a theoretically grounded framework suitable for sys-
tematic stereotype analysis and interpretation.
Thurstonian Comparative Judgment. Thurstone’s law of
comparative judgment (Thurstone 1927) is a foundational
psychometric framework that models attitudes or percep-
tions as latent utilities on a continuous scale. Rather than
relying on absolute ratings, it infers these utilities from pair-
wise comparisons, assuming each item has a hidden value
and that observed preferences reflect noisy differences be-
tween them. Typically, the model assumes normally dis-
tributed perceptual noise, allowing utilities to be recovered
through probabilistic estimation. Compared to direct scor-
ing, this approach mitigates scale anchoring and compres-
sion, and yields a globally consistent structure that supports
robust, interpretable comparisons across arbitrary groups.
Recent applications (Mazeika et al. 2025) show its effective-
ness in revealing stable internal value systems in LLMs.
Probing and Intervention in LLMs. Probing techniques
test whether specific attributes are encoded within neural
network activations by fitting simple classifiers or regressors
(often linear) to internal representations (Belinkov 2022).
Interventions extend probing by directly manipulating ac-
tivations during inference, verifying whether such manip-
ulations functionally affect model outputs (Li et al. 2023;
Kim, Evans, and Schein 2025). Together, these interpretabil-
ity methods provide principled tools for localizing and con-
trolling abstract concepts like stereotypes, making internal
biases transparent and actionable.

Methodology
SCoUT aims to recover and interpret the internal organiza-
tion of stereotypes in large language models (LLMs), mov-
ing beyond surface-level output analysis. As shown in Fig-
ure 1, our pipeline consists of three main stages: (1) con-
structing a latent stereotype utility space via Thurstonian
modeling; (2) probing attention heads to localize the encod-
ing of these dimensions; and (3) functional intervention to
manipulate stereotype-related output.

Stage 1: Modeling Stereotype Utility Structure
As illustrated in Figure 2, SCoUT first models the global,
theory-driven stereotype utility structure in three steps:
We begin by collecting pairwise preferences and fitting a
Thurstonian comparative judgment model; the resulting util-
ities are then mapped into an interpretable SCM-aligned
space.
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Figure 2: Overview of Stereotype Utility Structure construc-
tion via Thurstonian Modeling.

Contrastive Prompting and Preference Collection. To
ground the utility structure in observable model behav-
ior, we collect a dataset of forced-choice preferences. For
each stereotype dimension d ∈ {Warmth,Competence}, the
model is prompted with two social groups and asked which
is higher on d. Aggregating across both orderings and re-
peated trials (K = 10) yields an empirical preference prob-
ability:

P̂ (gi ≻ gj | d) =
1

K

K∑
k=1

yk, (1)

where yk = 1 if gi is preferred in trial k. The collected
dataset provides the raw behavioral signal against which we
fit a latent utility model.

Thurstonian Utility Modeling. Following previous work
(Mazeika et al. 2025), we assume each group gi has a latent
utility u

(d)
i on dimension d. According to Thurstone’s Law

of Comparative Judgment:

P (gi ≻ gj | d) = Φ

 u
(d)
i − u

(d)
j√

(σ
(d)
i )2 + (σ

(d)
j )2

 , (2)

where Φ(·) is the standard normal CDF. Given all empiri-
cal preferences {P̂ (gi ≻ gj | d)}, we estimate {u(d)

i } and
{σ(d)

i } by maximizing the likelihood:

L =
∏
i<j

p
p̂i,j

i,j [1− pi,j ]
1−p̂i,j , (3)

where pi,j = P (gi ≻ gj | d) denote the predicted proba-
bility that group gi is preferred over gj on dimension d, and
p̂i,j = P̂ (gi ≻ gj | d) the empirical preference estimated
from model outputs. We then z-normalize per dimension to
ensure cross-model comparability for subsequent analyses.

To assess generalization, we partition the pairwise com-
parisons into training and test sets. The recovered utilities
are then evaluated by computing prediction accuracy on the
held-out test pairs as (1 is the indicator function):

Acc =
1

Npairs

∑
i<j

1
[
sign(u

(d)
i − u

(d)
j ) = sign(p̂i,j − 0.5)

]
.

(4)

We further test the stability of the structure by comparing the
induced group orderings across models using Spearman’s
rank correlation. These metrics ensure that the latent utili-
ties are not only a good fit to the collected preferences, but
also robust and model-agnostic.

Stereotype Utility Space and Evaluation. Finally, we
embed each group as zi = (u

(Warmth)
i , u

(Competence)
i ) in a two-

dimensional space U ⊂ R2. This mapping enables structural
analysis beyond pairwise comparisons. To examine whether
the recovered structure aligns with social-psychological the-
ory, we follow (Fiske et al. 2002) by clustering the embed-
dings with k-means (k = 4):

C = argmin
C

4∑
c=1

∑
zi∈Cc

∥zi −mc∥2, (5)

where mc is the centroid of cluster Cc. SCM theory further
posits that different combinations of high or low warmth and
competence elicit distinct emotions towards these groups.
For example, groups perceived as high in both dimensions
tend to evoke admiration, whereas low warmth and high
competence evoke envy, high warmth and low competence
evoke pity, and low on both evoke contempt. For each clus-
ter Cc, we prompt the model and average the Likert scores
for emotions:

sc(e) =
1

|Cc|

∑
gi∈Cc

LikertScore(gi, e), (6)

with e ∈ {contempt, admiration, pity, envy}. sc(e) tests
whether the clusters correspond to the four SCM quad-
rants, providing qualitative and quantitative evidence that
the learned utility space captures human-theorized social
categories.

Stage 2: Probing Internal Representations
After modeling a global stereotype utility space, we then ex-
amine whether these utilities are explicitly encoded in the
model’s internal activations.

Attention Head Representation Extraction. For each
social group g and dimension d ∈ {Warmth,Competence},
we construct a neutral prompt containing the group label and
a brief dimension description. After tokenization and encod-
ing, we extract the mean-pooled output vector hg,l,h from
each attention head h at layer l:

hg,l,h = MeanPool
(
HeadOutput(g, l, h)

)
.

This representation captures how each head encodes the in-
put group in context.

Linear Probing on Group-Level Utilities. To test
whether a given head encodes stereotype utilities, we train
a ridge regression probe f

(d)
l,h to predict the modeled utility

u
(d)
g :

û(d)
g = f

(d)
l,h (hg,l,h) = w

(d)⊤
l,h hg,l,h + b. (7)

Performance is measured by Spearman’s rank correlation:

r
(d)
l,h = Spearman

(
{û(d)

g }, {u(d)
g }

)
, (8)
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where r
(d)
l,h reflects how well head (l, h) encodes the utility

scores across groups. Heads with top-k highest r(d)l,h are des-
ignated as dimension-sensitive for subsequent analyses.

Word-Level Probing. To evaluate whether the learned
utilities extend beyond specific group labels to more ab-
stract semantic concepts, we adopt the lexicon from previ-
ous work (Fraser, Kiritchenko, and Nejadgholi 2022), which
provides human-rated warmth and competence scores for
common descriptors. For each word w, we insert it into a
neutral template (e.g., “The person is known as {w} by oth-
ers.”) and feed the sentence into the model. We then extract
the activation hw,l,h at the token position of w for each head
h and layer l. Using the group-level trained probes f (d)

l,h , we
compute the predicted score from each head and then aver-
age over the top-k dimension-sensitive heads (k = 20):

û(d)
w = 1

k

∑
(l,h)∈H top

d

f
(d)
l,h

(
hw,l,h

)
, (9)

where H top
d is the set of top k dimension-sensitive heads.

The separation between predicted scores for the top-25 and
bottom-25 words on each dimension is then used to evaluate
whether these attention heads encode more abstract lexical
semantics aligned with the warmth and competence utilities.
To quantify the separation between high- and low-rated sets,
we compute a mean-score gap for each dimension d:

gap
(d)
set = avg

(d)
set (W

+
d )− avg

(d)
set (W

−
d ), (10)

where
avg

(d)
set (Wd) =

1
|Wd|

∑
w∈Wd

û(d)
w (11)

and set ∈ {group, descriptor} indicates whether the gap is
computed over social groups or lexical descriptors.

Stage 3: Intervention on Sensitive Heads
After confirming that stereotype utilities are encoded in spe-
cific heads, we further assess their functional influence on
generation to show that these internal representations are ac-
tionable at inference.

Inference-Time Activation Steering. Following (Li et al.
2023; Kim, Evans, and Schein 2025), we intervene on
stereotype-sensitive heads by shifting their activation along
the learned probe direction. For a selected head (l, h) at
timestep t, the activation is updated as:

x
(α,t)
l,h = x

(t)
l,h + α ·w(d)

l,h , (12)

where α is a scalar controlling the magnitude and direction
of intervention. By varying α, we can systematically modu-
late the model’s output toward higher or lower values on the
stereotype dimension d.

Evaluating Functional Steering Effects. We evaluate in-
tervention effectiveness through two complementary setups.
First, we conduct qualitative case studies: for each dimen-
sion, we provide a scenario prompt and let the model gen-
erate short narratives under different α values. By exam-
ining generated sentences, we observe whether descriptive

framing shifts consistently with the intended steering direc-
tion. Second, we adopt a quantitative evaluation using a pre-
trained classifier by (Wan and Chang 2024) to score gener-
ated sentences along communality axis, which is semanti-
cally aligned with warmth. For each generated sentence s,
we obtain a classifier score c(s); the intervention effect is
then measured as the change in mean scores before and after
steering:

∆c(α) = 1
N

∑
s∈Sα

c(s) − 1
N

∑
s∈S0

c(s), (13)

where S0 is the set of sentences with no intervention and Sα

is the set under steering strength α. A consistent positive or
negative ∆c(α) indicates that manipulating selected heads is
associated with directional changes in model framing along
dimension d, as measured by our proxy.

Experiments
Experimental Setup
Following Stereomap (Jeoung, Ge, and Diesner 2023),
we adopt a structured set of 98 social groups derived
from (Cuddy, Fiske, and Glick 2007; Fiske et al. 2002),
spanning race, gender, occupation and ideological affilia-
tions. The groups include both commonly studied stereo-
types (e.g., “doctors,” “criminals”) and intersectional iden-
tities (e.g., “poor White”), enabling comprehensive analy-
sis across multiple social dimensions. We fix the random
seed to 42 and use a decoding temperature of 1.0 in our
experiments. We primarily report results and visualizations
based on LLaMA3.3-70B (Touvron et al. 2023). Analy-
ses of cross-model accuracy and consistency additionally
involve DeepSeek (Bi et al. 2024), LLaMA3.1 (Touvron
et al. 2023) and Qwen2.5 (Yang et al. 2024).

Evaluation of the Constructed Structure
Our experiments aim to validate the feasibility, robust-
ness, and interpretability of our stereotype utility structure.
Specifically, we address four key questions: (1) Does com-
parative modeling yield high-accuracy across models and
prompts? (2) Is the recovered utility structure robust and
consistent across different model architectures? (3) How
does our method compare to direct scoring approaches such
as Stereomap? (4) Does the utility space align with classic
social psychology theory in a meaningful way?

Modeling Accuracy Across Model Size and Reasoning
Prompts To validate the first stage (preference modeling),
we measure how well Thurstonian modeling predicts held-
out pairwise preferences across model scales and prompt
settings. As shown in Table 1, larger models consistently
outperform smaller ones, and reasoning prompts deliver sub-
stantial gains in prediction accuracy, especially for weaker
models (up to +15.6% absolute for warmth). Notably, apart
from the DeepSeek variants, most models achieve over 90%
pairwise prediction accuracy on at least one dimension, indi-
cating that the proposed comparative method can faithfully
reflect pairwise preference distribution. We attribute these
trends to two factors: (1) larger models possess richer, more
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Model Competence Warmth
DeepSeek-7B 74.7± 5.3 68.8± 6.3

+ Reasoning Prompt 87.8± 3.8 (+13.1) 84.4± 4.6 (+15.6)

DeepSeek-67B 86.9± 4.2 74.7± 5.7
+ Reasoning Prompt 95.8± 2.5 (+8.9) 89.5± 3.8 (+14.8)

LLaMA3.1-8B 90.3± 3.8 89.0± 3.8
+ Reasoning Prompt 90.7± 3.6 (+0.4) 91.1± 3.6 (+2.1)

LLaMA3.1-70B 95.4± 2.5 95.8± 2.3
+ Reasoning Prompt 97.0± 2.3 (+1.6) 95.4± 2.7 (-0.4)

Qwen2.5-7B 90.3± 3.8 79.3± 5.7
+ Reasoning Prompt 89.5± 3.6 (-0.8) 84.8± 4.6 (+5.5)

Qwen2.5-72B 94.9± 2.7 93.7± 3.2
+ Reasoning Prompt 97.9± 1.9 (+3.0) 94.5± 3.0 (+0.8)

Table 1: Prediction accuracy (%) on Warmth and Compe-
tence dimensions. We report the 95% confidence interval.
Increment vs base shown in brackets.

stable representations of social groups due to their scale and
pretraining, which is also consistent with previous research
findings (Mazeika et al. 2025) and (2) reasoning-augmented
prompts encourage explicit step-by-step comparison rather
than shallow pattern matching, reducing noise in pairwise
judgments. Together, these findings support the scalability
and robustness of our method as a reliable backbone for
downstream structural analysis.

Consistency Across Models Having established accu-
racy, we then assess whether the recovered utility structure
is stable across different LLM architectures by computing
Spearman rank correlations between model-induced rank-
ings. Figure 3 demonstrates high cross-model consistency,
particularly among larger-scale (around 70B) models and
under reasoning prompts ( ρ̄warm = 0.923, ρ̄comp = 0.969;
Kendall’s W = 0.948/0.979 and ICC(2,1)= 0.937/0.963).
This suggests that the recovered utility space captures a
model-agnostic latent stereotype structure.

Figure 3: Spearman correlations of group rankings between
models with reasoning (left: warmth, right: competence).
Models correspond to M1–M5: Qwen-7B, LLaMA2-8B,
DeepSeek-67B, LLaMA2-70B, and Qwen-72B.

(a) Warmth dimension (b) Competence dimension

Figure 4: Distribution of group scores from direct scoring
(Stereomap-blue) vs. Thurstonian modeling (Ours-orange).

Comparison with Direct Scoring (Stereomap) To con-
textualize our approach,we contrast the distribution of re-
covered scores against a direct rating baseline (Stereomap)
(Jeoung, Ge, and Diesner 2023).

As shown in Figure 4, direct scoring (Stereomap) ex-
hibits strong anchoring and compression effects on both
dimensions. For example, over one third of all groups re-
ceive identical warmth scores (Figure 4a), resulting in a
narrow range ([−2.0, 1.67]) and a smaller standard devia-
tion (Std = 0.708). In contrast, our Thurstonian modeling
yields standardized distributions (mean 0, Std = 1.0 by con-
struction) with wider ranges (e.g., [−2.53, 2.17] for warmth)
and finer granularity across groups. A similar pattern holds
on the competence dimension (Figure 4b). These quantita-
tive differences show that the comparative method not only
mitigates the anchoring bias inherent in Likert-style scores
but also preserves fine-grained distinctions on both dimen-
sions. The normalization in our model allows scores to be
directly comparable across dimensions and models, while
the broader variance demonstrates its ability to capture sub-
tle inter-group differences that direct scoring compresses.

Interpretability and Social Psychology Alignment Fi-
nally, we evaluate whether the recovered utility space aligns
with social-psychological theory by clustering groups in the
2D space and comparing with canonical SCM quadrants.
Following previous works (Fiske et al. 2002; Jeoung, Ge,
and Diesner 2023), we apply k-means clustering (k = 4)
to embeddings (uwarmth, ucompetence) obtained from Thursto-
nian modeling. As shown in Figure 5a, the layout naturally
separates into four regions: Cluster 3 (top right) includes
high-warmth/high-competence groups such as doctors and
teachers; Cluster 2 (top left) groups low-warmth/high-
competence entities like CEOs and lawyers; Cluster 1 (bot-
tom right) contains high-warmth/low-competence groups
such as housekeepers and southerners; and Cluster 4 (bot-
tom left) includes low-warmth/low-competence groups such
as criminals and goths.

To validate whether these clusters reflect SCM’s affective
predictions, we quantitatively test the alignment between
clusters and SCM emotions. For each group, we elicit Likert
ratings on pity, contempt, envy, and admiration. As summa-
rized in Figure 5b, each cluster exhibits a clear peak on one
emotion: Cluster 1 on pity (3.26±0.68), Cluster 4 on con-
tempt (2.62±0.95), Cluster 2 on envy (2.52±1.02), and Clus-
ter 3 on admiration (3.58±0.65). This alignment between
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(a) Visualization of embeddings in stereotype utility space, colored
by k-means cluster (k = 4).

(b) Likert ratings across clusters (numeric labels indicate the mean
score within each cluster; star marks the cluster with the highest
mean for the corresponding emotion).

Figure 5: Alignment with social-psychological theory.

cluster-specific emotion and theoretical quadrants provides
converging evidence that the recovered utility space captures
the affective structure predicted by SCM.

Summary These experiments demonstrate that SCoUT
not only models pairwise stereotype preferences with high
fidelity, but also reconstructs a stable and generalizable util-
ity space across prompts and models. The learned structure
yields finer-grained and psychologically interpretable dis-
tinctions than direct scoring methods, serving as a robust
foundation for locating how such social dimensions are in-
ternally represented.

Probing Attention Heads

While the previous section establishes that our modeling
produces accurate and interpretable stereotype utility struc-
ture, a key question remains: Is this structure genuinely en-
coded within model’s internal representations, or merely re-
flected in its surface behavior? To address this, we con-
duct attention probing experiments to test whether, where,
and how LLM attention heads internally encode the learned
stereotype utility dimensions, thereby connecting external
behavioral findings with mechanistic interpretability.

(a) Warmth (b) Competence

Figure 6: Probing correlations across layers and heads.

Head-Wise Probing: Predicting Utility from Attention
For each attention head in every layer, we fit a linear probe
to predict group utility scores on both dimensions and mea-
sure performance by Spearman’s correlation between pre-
dicted and true utilities. As shown in Figure 6, strong cor-
relations are concentrated in upper–middle layers, peak-
ing at r = 0.83 (warmth) and r = 0.90 (competence).
The top 1% of heads average r̄ = 0.728/0.794, indicat-
ing that stereotype-utility information is sparsely localized
rather than uniformly distributed.

Generalization to Human-Annotated Stereotype Words
To further test whether heads encode semantic information
about dimensions, we evaluate them on annotated descrip-
tors from (Fraser, Kiritchenko, and Nejadgholi 2022). Fig-
ure 7 compares the predicted scores for top and bottom-10
groups and top and bottom-25 descriptors from an SCM-
aligned lexicon using the top-20 sensitive heads. Across
both dimensions, the predicted scores for high-rated words
are consistently higher than for low-rated words, confirming
that the attention heads generalize beyond training groups
to lexical-level cues. Interestingly, the separation is asym-
metric: at group level, competence shows a larger gap
(gap(competence)

group = 0.125 vs. gap(warm)
group = 0.087), whereas

at the semantic descriptor level, warmth shows a larger
gap (gap(warm)

descriptor = 0.081 vs. gap(competence)
descriptor = 0.038).

This suggests that competence-sensitive heads are more ro-
bustly tied to group identity, while warmth-sensitive heads
are more readily related to semantic information. Findings
from social psychology (Cuddy, Fiske, and Glick 2008) may
partly explain this asymmetry: Human competence judg-
ments often rely on status-related group knowledge (e.g.,
profession or social class), whereas warmth judgments de-
pend on contextual cues such as competition or cooperation.
In large-scale human-authored corpora used for LLM train-
ing, this distinction is implicitly reflected: status information
about groups frequently co-occurs with competence-related
descriptions, allowing the model to learn group-level com-
petence associations. In contrast, contextual cues for warmth
cannot be inferred solely from group status, so corpora
tend to include more direct affective descriptors attached to
groups, enabling the model to encode warmth more trans-
parently through lexical indicators.
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Figure 7: Predicted head scores for human-annotated SCM
dictionary words. High-warmth/competence words (blue)
receive higher probe scores than low-scoring words (or-
ange), indicating the probe’s generalization to out-of-
distribution stereotype cues.

Summary These experiments confirm that SCoUT’s mod-
eled utilities are explicitly encoded within the model’s at-
tention mechanisms and generalize beyond the training
groups to human-interpretable words. Moreover, the ob-
served asymmetry between warmth and competence en-
riches our understanding of how different stereotype di-
mensions are represented internally, providing evidence that
SCoUT not only bridges behavioral measurement and in-
terpretability, but also surfaces psychologically meaningful
distinctions in how LLMs encode social knowledge.

Evaluating Functional Steering Effects
Having established that attention heads encode interpretable
stereotype utility dimensions, we move from internal diag-
nosis to behavioral control by investigating whether these
internal representations are functionally actionable.

Qualitative Case Study: Steering Social Behavior Gen-
eration We first conducted qualitative case studies us-
ing hand-crafted prompts designed to elicit warmth- or
competence-related behaviors. For example, under a warmth
prompt (“Imagine a CEO meeting a stranger on the
street. . . ”), steering with α = −50 led to guarded and
cautious responses (e.g., “. . . expression mixed with a hint
of caution. . . ”), while α = +50 produced overt friendli-
ness and proactive offers of help (e.g., “. . . being a natural
communicator. . . ”). Similarly, under a competence prompt
(“Describe how an intern presents a research talk. . . ”),
steering from α = −50 to α = +50 shifted the out-
put from hesitant and self-doubting descriptions to confi-
dent, organized presentation behaviors. These clear direc-
tional changes provide intuitive, human-readable evidence
that modifying activations along the probe direction directly
modulates stereotype-relevant content.

Race Gender c(−30) c(0) c(30) ∆c(−30) ∆c(30)

White Male 36.43 61.25 90.83 -24.82 +29.58
Female 42.36 62.29 91.88 -19.93 +29.58

Black Male 43.33 63.33 76.77 -20.00 +13.44
Female 39.38 58.45 83.81 -19.07 +25.36

Hispanic Male 57.02 49.38 86.43 +7.65 +37.05
Female 30.89 56.31 81.76 -25.42 +25.45

Asian Male 34.20 61.04 91.77 -26.84 +30.73
Female 41.88 52.29 88.42 -10.41 +36.13

Average 40.44 57.54 86.71 -17.10 +29.17

Table 2: Professor review task results. Per communal scores
c(α) and relative changes ∆c(α) compared to α = 0.

Quantitative Evaluation: Controlling Communality
We conduct a professor-review writing task and report the
communal scores c(α) for different demographic subgroups
under intervention strengths α = −30, 0, 30 in Table 2.
On average across all demographic subgroups, steering
in the negative direction (α = -30) reduces communal
framing by 17.10 points, while steering in the positive
direction (α = 30) increases it by 29.17 points. A paired
analysis confirms that both directional shifts are statistically
reliable (Cohen’s d = 1.5 and 3.8), indicating a robust and
predictable relationship between manipulating these heads
and the resulting changes in communal framing. Together
with the qualitative case studies, this quantitative analysis
provides strong evidence that the stereotype-sensitive heads
identified by our framework are not merely correlational
artifacts. Instead, they represent an actionable link between
internal model representations and downstream social
behaviors, validating the utility of SCoUT for interpreting
the functional structure of stereotypes in LLMs.

Summary These experiments support the validity of
the SCoUT framework, confirming that the identified
stereotype-sensitive heads exert functional influence over
generation. By demonstrating that targeted internal modi-
fications lead to predictable behavioral shifts, we close the
loop from modeling and probing to a functional validation
of the entire diagnostic process.

Conclusion and Future Work
In this work, we present SCoUT, a unified, theory-grounded
framework for diagnosing and interpreting stereotype struc-
tures in LLMs. Moving beyond surface-level auditing,
SCoUT reconstructs a globally consistent utility space and
shows that these dimensions are casually encoded in iden-
tifiable attention heads. Our key contribution is reframing
stereotype auditing from detection to structural diagnosis.
This representational perspective enables more transparent
analysis and provides a foundation for targeted fairness in-
terventions. While our current steering primarily serves as
a mechanistic verification, future work can integrate these
diagnostic insights with permanent mitigation approaches
such as fine-tuning or model editing.
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