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Abstract

We study fine-grained stereotypes of LLMs ac-
tivated by linguistic features representing de-
mographic groups, developing a probe-based
framework to extract 235 fine-grained traits
(e.g., friendly, uneducated, honest) from model
representations of prompts. Using these probes,
we conduct two studies analyzing the under-
lying structure of traits and specific stereo-
types of demographic groups. We find that
fine-grained trait information is represented
in LLMs similarly to coarse stereotype con-
tent dimensions (e.g., warmth and competence),
and that the latent factors of trait probes (e.g.,
morality, competence, sociability) largely align
with those in the psychology literature (Fiske
et al., 2002) despite traits being modeled inde-
pendently. Finally, we extract LLMs’ associa-
tions between traits and demographics signaled
through language to surface granular stereo-
types encoded in LLMs. We, for example, find
that the evaluated models encode associations
between African American Language and traits
clumsy, uneducated, and criminal. These as-
sociations may reinforce harmful stereotypes,
with implications for both general dialogue re-
sponses and in domains like hiring. Overall,
we discuss the need to consider fine-grained
traits in stereotype evaluations in order to dis-
tinguish stereotypes of out-groups and between
models. !

1 Introduction

Stereotypes have received significant attention
in the computational linguistics community (e.g.,
Cheng et al. 2023; Shrawgi et al. 2024; Nadeem
et al. 2021). Through a variety of methods, these

“denotes equal contribution

'Code is made available at https://github.com/reb
eccayu2015/fine-grained-stereotype-probing/ and
interactive results are made available at https://nicholas
deas.com/blog/fine-grained-stereotypes/.

User Prompts

O Black Speakers ® White Speakers

Smart

Activations

Assertiveness

0
.
,

| S

Trait Structure

}
g
p

Figure 1: We develop probes to extract fine-grained
traits from LLM hidden representations, enabling study
of fine-grained stereotype activation in LLMs and the
structure of LLMs’ trait spaces.

studies have considered the harmful associations
LLMs form between concepts and various social
groups. For example, through generated descrip-
tions of demographic personas, studies have shown
that LL.Ms associate Black women with beauty but
also strength and resilience which reinforce the
harmful stereotype of the "Strong Black Woman"
(Cheng et al., 2023; Woods-Giscombé, 2010).

In studies that surface examples like this, social
groups are often operationalized through explicit
mention (e.g., associations with the term "women")
or socio-demographic proxies (e.g., names associ-
ated with ethnicity; Gautam et al. 2024; Lutz et al.
2025). We argue, however that it is important to
also consider how such stereotypes are activated
by identity cues in language. For example, LLMs’
treatment of prompts in African American Lan-
guage (AAL) (Deas et al., 2023, 2025; Hofmann
et al., 2024; McKeown et al., 2026) and other mi-
noritized varieties of English (Fleisig et al., 2024;
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Basoah et al., 2025) appear to surface stereotypes
that can lead to disparities in responses and other
downstream harms. Beyond stereotypes arising
from explicit descriptions of demographics, focus-
ing on how stereotypes are activated by language
captures another critical component of the harms
that may arise when marginalized users interact
with LLMs.

Other studies of LLM stereotypes also often
draw on social psychological models of stereotype
content, which summarize the underlying dimen-
sions or facets of human social perceptions. Deas
and McKeown (2025) explicitly study the activa-
tion of stereotypes by developing probes based on
one such two-dimensional model (warmth and com-
petence). Prior work, however, has noted incon-
sistencies in how these dimensions are defined as
well as the difficulty of distinguishing stereotypes
of out-groups using a small number of dimensions;
Black people and women may both be stereotyp-
ically associated with low competence, but face
distinct stereotypes and resulting harms. Accord-
ingly, Leach et al. (2008) instead inductively derive
latent stereotype dimensions as well as consider
the salient, fine-grained traits that can more specif-
ically characterize unique societal stereotypes of
different social groups.

Therefore, in this work, we use a probe-based
approach to study how models encode 235 unique,
fine-grained traits (e.g., friendly, cruel, inept, ag-
gressive). We then demonstrate the utility of this
approach through two lines of analysis. First, we
explore the relationships among and structure un-
derlying the traits in LLMs, enabling comparison to
the aforementioned psychological models of stereo-
type content and perceptions ("Trait Structure” in
Figure 1). Second, we use the developed probes
to analyze how LLMs associate individual traits
with demographic groups, in some cases forming
fine-grained stereotypes in models’ hidden repre-
sentations ("Activations" in Figure 1). Ultimately,
we argue that our resulting framework and atten-
tion to fine-grained traits offers a more informative
path forward for studying and eventually mitigating
stereotype-based harms in LLMs.

We consider the following research questions:
RQ1) How strongly are fine-grained traits encoded
in LLM hidden representations? We find that fine-
grained traits (e.g., hostile, studious) are largely
linearly decodable from model hidden represen-
tations with similar reliability to that of coarse-
grained dimensions (e.g., warmth, competence).

RQ2) What is the semantic structure among
traits that LLMs associate with language pat-
terns? Via exploratory factor analyses, a com-
mon method in psychology, we examine the struc-
ture among traits in model representations; we find
that the dominant factors underlying LLMs’ rep-
resentation of traits broadly align with those in
existing psychological models. Importantly, how-
ever, we note that fine-grained traits are necessary
for capturing granular stereotypes given the vari-
ance left unexplained by these factors.

Finally, RQ3) what stereotypes surface from
LILMs’ associations between traits and linguis-
tic features associated with demographic groups?
Using real data representing different demo-
graphic groups, we study the traits LLMs asso-
ciate with those groups to characterize fine-grained
stereotypes. We see that, for example, LLMs as-
sociate AAL with traits like criminal, and une-
ducated, and texts written by women as naive,
and innocent, both of which are consistent with
societal stereotypes of these groups. We also see,
however, that trait-level stereotypes vary across
models, suggesting that mitigating these stereo-
types may require model-specific interventions.

2 Background and Related Work

Dimensions of Social Perception. Stereotype con-
tent models (SCM) describe the fundamental fac-
tors underlying social perception. The canonical
SCM studied in psychology literature describes two
axes: warmth and competence (Fiske et al., 2002,
2007, Fiske, 2018). 2 Other studies have further
decomposed these dimensions into three- (morality,
competence, and sociability; e.g., Sayans-Jiménez
et al. 2018) and four-facet (morality, sociability, as-
sertiveness, and ability; Nicolas et al. 2021; alterna-
tively, see Abele et al. 2016) models. In three-facet
models, warmth may be sub-divided into moral-
ity and sociability, while in four-facet models (as
illustrated in Figure 1), competence may also be
sub-divided into ability and assertiveness. While
these models describe general patterns in stereo-
typical perceptions of out-groups, a focus on finer-
grained traits beyond overarching dimensions or
facets alone can help to distinguish the stereotypes
of different out-groups. Accordingly, we study

These two fundamental dimensions have been referred
to using a variety of other term pairs, such as agency and
communion, and even solidarity and status as in language
attitudes research (Ryan, 1983; Dragojevic et al., 2021). See
(Leach et al., 2008) for further discussion.
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these fine-grained trait associations to better under-
stand LLM stereotypes with greater specificity.

Stereotype Activation and Trait Structure.
Traits are not only activated by or associated with
demographic and other cues, but are also associ-
ated with each other; perceivers hold conceptual
beliefs about relationships between traits (e.g., a
belief that trustworthy people are also likely to be
friendly) and traits may co-occur when perceiving
others (e.g., a tendency to infer friendliness and
trustworthiness simultaneously in others) (Stolier
et al., 2018). These relationships between traits
both conceptually and in perceived features are
referred to as trait spaces. In this work, we study
LLMs’ associations between traits and linguistic
features—particularly those tied to demographic
attributes—and among traits themselves analogous
to human stereotype activation, stereotype applica-
tion, and trait space structure.

Psychological Constructs in LLMs. Increasing
interest has been directed toward evaluating human-
like phenomena in LLMs, such as a broad range
of attitudes, values, and opinions (Ma et al., 2024),
and cognition (Loo et al., 2026), among other
human-like psychological phenomena (e.g., person-
ality; Brito et al. 2025). Interpretability-focused
work in particular has studied these through LLM
hidden representations of assistant personas (Chen
et al., 2025), “functional emotions” (Sofroniew
et al., 2026), and introspection (Lindsey, 2026).
Also leveraging probes of models’ hidden represen-
tations, we specifically study how models encode
human-like trait perceptions, harmful stereotypes,
and resulting behaviors in user-facing dialogues.

3 Data Generation

In order to develop probes to extract traits from
LLM hidden representations, we need data rep-
resenting those traits. Our aim is specifically to
capture the linguistic patterns that a given model
associates with each trait. So, to evaluate a model,
we generate synthetic messages using that model
to serve as prototypes or representative examples
of the linguistic patterns realizing each trait. We
construct a synthetic prompt generation framework,
taking into account target traits, but also user de-
mographics and user intent to ensure probes learn
broad, generalizable patterns. An overview of the
conditions used in the data generation process and
described below are summarized in Figure 2.
Note, our aim is to capture the linguistic pat-

________ -
. Demographics |
[ whie ] : " ™Man ),
'(Csiack ) ( woman

1

\ Hispanic 1 Non-Binary ,I

Perceived Traits
I Morality ] [ Ability J

Sociability |Assemveness I

! Persona Priming \I Task Context

1
1 [Coireer ]! ! Personal Problem Solving
1
: Third-Person ] ; [ Structured ‘Opinion Exploration
]
1

____________

You are a Black man. You are talking to a helpful chatbot
assistant. Generate a sample message that is tolerant and
vulnerable as if you are asking for help thinking through
a personal opinion on a survey-style question...

Figure 2: Summary of data generation process.

terns that models themselves associate with demo-
graphic information, but not necessarily to capture
faithful representations of these groups grounded
in naturally occurring language. For example, a
model may over-represent specific features of AAL
(e.g., uses of “ain’t”; see Kleiner et al. 2024) com-
pared to native speakers, but this unnatural over-
representation provides insight into how stereo-
types of AAL speakers may be activated for that
specific model.

2-Dim.: Warmth Competence
4-Facet: Morality Sociability Ability Assertiveness
kind?t tender? impractical lazyl
Fine- egoistic), unlikable inefficient], anxious
Grained  irresponsible] politet uncreative|  determined?
Traits: exploitative),  welcoming?t logicalt docile],
good-natured?  unhelpful | capablet self-reliant?

Table 1: Random example trait terms from Nicolas et al.
(2021)’s dictionaries, organized under two-dimensional
and four-facet models of stereotype content.

Traits. To condition generated messages on
traits, we use existing dictionaries developed by
Nicolas et al. (2021). These dictionaries are in-
tended for textual analysis of stereotype content
and have been shown to have high internal con-
sistency and validity in predicting stereotypes of
various social groups. We focus on the four dictio-
naries associated with trait perceptions: sociability,
morality, assertiveness, and ability. 3 Each term in
the set of dictionaries is associated with a particular
facet (e.g., morality, ability) as well as a “direc-
tion” with respect to that facet (e.g., trustworthy
is high morality, inept is low ability). * Through-

3Other dictionaries cover constructs relevant to stereo-
types such as emotion (happy, sad), religion (Christian, Secu-
lar), or status (wealthy, poor), but we restrict focus to traits—
specifically traits related to the four facets.

*Note, while this direction may be correlated with subjec-
tive evaluation, it does not necessarily correspond to evaluation

in all cases. Aggressive, for example, is associated with high
assertiveness, but is generally a negative evaluation.
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Traits Demographics

Message

aggressive
(high assertiveness)
insightful
(high ability)

White man

unprejudiced
(high morality)
sporadic
(low assertiveness)

Black woman

I’'m sick of being seen as a cliche, the ’ambitious young professional’, ’interesting guy’, or the
‘fun-loving entrepreneur’...I'm just trying to survive in a world that’s constantly trying to
pigeonhole me. I'm tired...of being expected to be someone I'm not. What do you want to know?

.1t seems like a lot of men are running for office, especially in positions of power, and it’s making

me wonder if it’s really more difficult for women to get elected? I know it’s not the same as being

Jjudged on your qualifications, but it’s hard not to think that maybe there are systemic barriers that
are limiting women’s opportunities in politics. 1'd love to hear your thoughts on this.

Table 2: Selected messages generated by Llama-3.2 (1B) given a pair of traits, demographic information, and task.
Some parts are omitted for brevity, but otherwise, messages are produced here exactly as generated by the model
(i.e., including capitalization, spelling, etc.). Additional examples in Appendix A.

out, we refer to these as the four facets, which
can be viewed as finer-grained decompositions of
the broader warmth and competence dimensions
(the two dimensions) used in the canonical Stereo-
type Content Model. Our analyses, however, fo-
cus primarily on even finer-grained individual trait
terms (see Table 1). In total, we consider 235 trait
terms across the four dictionaries in (Nicolas et al.,
2021). > Each generated message is conditioned on
a pair of perceived traits from the trait dictionaries.
We enforce the constraint that two traits are drawn
from distinct stereotype content factors.

Demographics. Messages are additionally con-
ditioned on speaker demographics. We consider
three race categories (White, Black, Hispanic)
and three gender categories (Man, Woman, Non-
Binary), yielding nine race-gender intersections.
Recent work has shown that model evaluations are
sensitive to the format of subjective tasks (Rottger
et al., 2024) as well as the demographic proxies
(e.g., names vs. dialect) used (Tonneau et al., 2026).
Accordingly, to vary how demographic information
is provided, we use persona-based prompting tech-
niques (Lutz et al., 2025). Specifically, we vary the
demographic or persona priming. This includes
both explicitly providing demographic information,
such as “you are a Black man” as well as implying
demographic information through proxies, such as
demographic-associated names and titles (e.g. “Mr.
Washington™: "Mr." signals gender, while the last
name "Washington" is primarily associated with
Black Americans; (Lutz et al., 2025)).

User Intent. Finally, to ensure broad coverage
of communicative intent, we condition generated
messages on one of six fask contexts: personal sup-
port, practical planning, self-presentation, opinion
exploration, persuasion, and language manipula-

°59 sociability traits, 72 morality traits, 53 assertiveness
traits, and 51 ability traits.

tion. These task categories were designed to re-
flect common user interactions with conversational
LLMs, specifically based on previous studies of
typical user queries (Zheng et al., 2024).

Final Corpus. For each model, we generate
eight messages for each possible combination of
trait pairs and intersectional demographic identities,
randomly sampling persona priming methods and
task contexts. Some messages are unsuitable for
training probes (e.g., refusals), and are therefore
regenerated. In total, this process yields 2,962,800
messages in total (~1,410 messages for each trait
on average). Example generated messages result-
ing from this process are shown in Table 2, and
additional details and statistics on the data genera-
tion process are discussed in Appendix B.

Models. We generate data for and evaluate
three instruction-tuned LLMs representing differ-
ent model developers: Llama-3.2 (1B; Grattafiori
et al. 2024), Gemma-3 (1B; Team et al. 2025), and
OLMo-2 (1B; OLMo et al. 2025). Comprehensive
analyses require generating messages and develop-
ing probes for all traits and all layers of a given
model. Therefore, we focus on ~1B-parameter
models for computational efficiency due to the high
cost of this analysis for larger models. We note,
however, that Deas and McKeown (2025) show
that coarse-grained dimensions (i.e., warmth and
competence) probes tend to perform better in larger
models, suggesting that effects we show may un-
derestimate those of larger models. Details on all
models are included in Appendix C.

Human Validation. We compare the trait-
conditioned LLM-generated messages with human
judgments. Provided with an LLM-generated mes-
sage and a set of traits, participants are asked to
rate how likely the author of that message is to be
perceived as exhibiting each trait. ¢ Specifically,

®The question is specifically worded in terms of societal
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we consider three sets of traits for each message: a
seed set, a contrasting set, and a random set. We
first sample a seed pair of traits that a message
can be explicitly conditioned on. We then sample
a contrast pair of traits from the same stereotype
content dictionaries with opposite valence. Finally,
we sample a pair of random traits—one associated
with warmth, and one competence. For both the
seed and contrasting pairs, we sample correspond-
ing LLM-generated messages to provide to partici-
pants. So, for example, a participant may receive
the first message in Table 2 alongside six traits: the
two seed traits it was conditioned on (aggressive
and insightful), two contrasting traits (e.g., shy and
inept), and two other random traits (e.g., egoistic
and persistent). The interface and additional data
sampling details are provided in Appendix D.

We recruit six native English-speakers currently
residing in the United States from Prolific to pro-
vide judgments for 60 total messages—20 from each
model. Ratings for each trait are provided on 5-
point Likert scales (1 meaning Not at all and 5
meaning Extremely; any rating greater than 1 is a
positive rating). We note that while we expect that
seed traits will be rated higher, we still expect that
the contrasting traits and random traits will have
non-negligible scores given that even contrasting
pairs of traits are not always mutually exclusive
(e.g., both wise and uneducated).

Average results of the human study across par-
ticipants are shown in Table 3. Participants’ ratings
positively correlate, but exact agreement is expect-
edly low given the focus on subjective judgments
(Krippendorf’s @ = .34, Spearman’s r = .39).
Overall, participants reported that the traits that
each message was originally conditioned (Seed in
Table 3; 1 = 2.20) were more clearly exhibited
by the given message than those with opposite va-
lence (Contrast; n = 1.91) or others (Random;
1 = 1.97). This suggests that—while we do not aim
to capture human notions of traits with our probing
procedure—the linguistic cues that LLMs associate
with traits broadly align with human perceptions.
See Appendix E for further analysis.

4 Methods
4.1 RQ1) Developing Trait-Level Probes

We first develop probes to extract fine-grained trait
impressions that LLMs associate with linguistic

perceptions to partially mitigate social desirability biases in
ratings given the focus on stereotypes (Fiske et al., 2002).

Trait Set Mean Rating % Highest
Warmth Comp
Seed 2.20 (0.07) 2.29 (0.07) 35.5%
Contrast 1.98 (0.06) 1.83 (0.06) 22.3%
Random 1.94 (0.07) 1.99 (0.06) 18.2%

Table 3: Mean ratings and percentage highest rating
for traits messages are conditioned on (Seed), traits
that are opposite in valence (Contrast), and randomly
sampled traits (Random). Standard errors are shown in
parentheses. Percentages don’t sum to 100% due to ties.

patterns in given user prompts. We build upon
prior work (Deas and McKeown, 2025) that probes
coarser warmth and competence impressions, ex-
tending the probing setup to individual trait terms
and demographic conditions.

Fine-Grained Trait Probes. For each trait term,
we train a linear probe on the MLP activations at
each layer to predict whether a message was gener-
ated under a given trait condition. We fit logistic
regression probes rather than more complex clas-
sifiers to test whether trait information is linearly
decodable from model hidden representations, and
we specifically restrict focus to MLP activations
following Deas and McKeown (2025).

The positive class for each trait consists of gen-
erated messages in which that trait appears as one
of the conditioning traits. As we lack data explic-
itly representing the negative class, we construct a
negative class by randomly sampling data from the
same stereotype content facet but opposite valence
(e.g., for aggressive, which is high assertiveness,
we may sample data conditioned on cautious, con-
sidered low assertiveness). We sample such that
the positive and negative classes are equal in size
while stratifying across demographic groups. We
discuss alternative methods of negative sampling
in Appendix F. Probes are evaluated using 5-fold
cross-validation. Throughout the results, we report
F1 scores, and unless otherwise specified, results
are averaged across folds. Additional details on
probe methodology are included in Appendix G.

Coarse-Grained Baselines. As a baseline for
understanding how fine-grained traits are encoded
in hidden representations, we fit coarse-grained
probes that correspond to broader psychological
dimensions and facets. First, we train SCM-level
probes for warmth and competence. Second, we
train four facet-level probes for sociability, moral-
ity, assertiveness, and ability. For two-dimension
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probes, positive examples are messages contain-
ing high warmth/competence traits, while negative
examples are messages containing low warmth/-
competence traits (see Table 1). For four-facet
probes, positive and negative examples are defined
analogously within each dimension.

4.2 RQ2) Characterizing Trait Space
Structure

While we develop an independent probe for each
trait, the semantic meaning and evaluative function
of the traits themselves are not necessarily unique.
Here, we analyze the structure of the trait space in
LLMs using the fitted trait probes, including their
conceptual relationships and higher level structure.

Conceptual and Linguistic Trait Spaces.
Drawing on studies of human trait spaces, we ana-
lyze the trait space of LLMs by examining corre-
lations between probe predictions on the synthetic
training data and held-out data drawing on real
LLM prompts. For the latter, we randomly sample
questions from LMSysChat (Zheng et al., 2024) to
represent naturalistic LLM queries. We compute
Pearson r correlations among all traits to character-
ize relationships.

Exploratory Factor Analysis. To better under-
stand the structure underlying traits in LLMs, we
then conduct an exploratory factor analysis (EFA),
a common latent variable technique in psychology
used to understand underlying structure through hy-
pothesized latent constructs (i.e., factors). Notably,
EFA estimates underlying factors that explain the
covariance among variables and separate shared
variance from the unique variance of individual
variables. This is in contrast to alternative methods
such as PCA that instead estimate the primary axes
of overall variance. ’

These distinctions are particularly important in
the context of stereotypes. In the context of trait
perception, traits associated with stereotypes can
often hold unique mixed meanings—that is, traits
like aggressive may be used to simultaneously pos-
itively evaluate one’s assertiveness and ability as
well as negatively evaluate one’s morality and so-
ciability. In contrast, the majority of traits are likely
to be overtly positive (e.g., helpful) or negative
(e.g., dumb), meaning stereotypes may not be well

"EFA also involves a selection of a rotation method that
may enforce or allow correlation among factors. We use
oblimin, an oblique rotation that does allow correlation. For
more detail on the differences between PCA and EFA, see
Subsection H.1.

captured by principal components. Furthermore,
the complex mixed meanings of certain traits also
reflect that the underlying factors explaining struc-
ture among traits may be correlated with each other.
In summary, EFA enables nuanced analysis of the
shared structure among traits as opposed to focus-
ing solely on global variance.

EFA requires specifying a number of factors to
estimate, and we specifically explore two-, three-,
and four-factor EFA. We calculate the loadings or
projections of each trait onto the resulting factors
to assess the extent to which each is associated
with that factor. Additional details on the EFAs are
included in Appendix H.

4.3 RQ3) Characterizing Fine-Grained
Stereotypes

Finally, we seek to use the fitted trait probes to char-
acterize the specific stereotypes that LLMs may
hold for different races and genders.

Demographic Data. To better capture real-
world harms of LLMs’ held stereotypes, we use
corpora of human-written texts where author de-
mographics are known or can be inferred. Specifi-
cally, we use two corpora to represent both White
and Black authors: TwitterAAE (Blodgett et al.,
2016) and the AAL Counterparts dataset (Deas
et al., 2023). The former includes unpaired sets
of text inferred to represent White Mainstream En-
glish (WME) and AAL tweets, while the latter is a
paired corpus of intent-equivalent WME and AAL
drawn from both social media and spoken contexts.
For gender, we use a Reddit subset of the RTGender
corpus (Voigt et al., 2018), a collection of texts with
gender labels for speakers. Note that demographic
attributes are treated as independent in these cor-
pora due to the lack of appropriate datasets with
known author race and gender, but intersectional
identities are important considerations in evaluat-
ing stereotypes. Furthermore, our data generation
scheme covers additional groups (i.e., Hispanic for
race and Non-binary for gender), but we focus pri-
marily on AAL, WME, women, and men due to
available resources.

Stereotype Analysis. In assessing the most
salient traits associated with each group, we first
generate trait probe predictions on the two sets of
data representing race and gender. We then regress
probe predictions for each trait on group effects for
each race and gender represented in the data. This
enables assessing the association between traits and
demographic attributes according to a given LLM.
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Llama-3.2

1 1 J

0.0 0.2 0.4 0. 0.8 1.0 0.0 0.2 0.4

0. 0.8 1.0 0.0 0.2 0.4 0. 0.8 1.0

Probe F1 Score

Figure 3: F1 scores of top 10 and bottom 10 trait probes colored by stereotype content facet for each model. Peak

performing layer is annotated above each bar.

Formally, consider probe output s; ; for a given
example, ¢, and trait, t. Consider also the set
of demographic attributes spanning race, r €&
R = {Black, White}, and gender, g € G =
{Woman, Man} represented as one-hot encoded
vectors for each example. 8 We fit an ordinary least-
squares (OLS) regression predicting per-example
trait probe scores given the demographic attributes:

sit=Po+0r Ri+6g Gi+e, (1)

We then extract the coefficients associated with
each race and gender, J, and d, respectively, to
represent the strength of the association between
traits and demographic attributes (higher indicates
stronger association).

Corpus Confounds. Because the demographic
data may differ beyond authors’ demographic iden-
tity, we additionally control for such potential
confounds in the regression analysis described
above. So, in addition to demographic informa-
tion, we additionally consider standardized text-
length controls (token count, character count, and
sentence count) and data source indicators to cap-
ture other systematic differences beyond length.
For race, source corresponds to dataset; for gen-
der, source corresponds to subreddit. Incorporating
these length—L;—and data source—C;—controls, we
again fit OLS regressions predicting example-level
trait probe scores:

T T
sit=P00+0r Ri+d0ag G;
+B/ Li + 8¢ Ci+e
¥Because the race-linked and gender-linked corpora pro-
vide labels for different demographic attributes, regressions
are fit separately by attribute. The unavailable demographic
indicator block is equivalently omitted, or represented as an

all-zero vector. For example, in regressions on RTGender,
R; = 0 and only gender coefficients are interpreted.

2

S Results
5.1 RQ1) Developing Trait-Level Probes

For brevity, we show the performance of the top
and bottom 7 trait probes for each model in Fig-
ure 3. Overall, we find that fine-grained trait infor-
mation is linearly decodable from model hidden
states. Probe performance is consistently above
chance (~60-90 F1) and is similar to or exceeds
baseline probe performance for coarse dimensions
and facets (~60-80 F1, see Appendix I).

Similar to the SCM- and facet-level probes in
Table 15, probes for warmth-related traits tend
to achieve higher performance than for compe-

tence (see - and - traits in Fig-

ure 3), with | assertiveness -traits performing worst.
Trait-level probe performance is also highly vari-
able; some traits are highly separable, while oth-
ers are more difficult to classify (see Appendix J).
High-performing traits tend to show relatively sta-
ble F1 across demographic subsets, while lower-
performing traits show larger group-specific gaps
(see Appendix K for further discussion).

5.2 RQ2) Characterizing Trait Space
Structure

Linguistic Trait Space. In examining probe cor-
relations on the synthetic training texts and real
world prompts, we find that the overall structures
closely resemble each other (RSA p =.579), with
slightly weaker correlations on real data overall.
Correlations are generally strongest between traits
in the same stereotype content dimension, suggest-
ing that these are potential latent factors in models’
representations of traits, which we explore in more
detail below. For select traits, however, different
patterns emerge, highlighting traits that depart from
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Figure 4: EFA trait loadings onto the top three factors for a subset of 40 traits for Llama-3.2. Extremes (-1 and 1)
indicate strong association with that factor, while near-0 indicates weak association. Note, points vary randomly in
the vertical dimension for clarity, but the vertical placement is not meaningful.

the two-dimensional and four-facet frameworks as
well as represent salient stereotype traits. For exam-
ple, while shy is originally classified as low socia-
bility, it is notably correlated with low assertiveness
and ability. Sample heatmaps for subsets of traits
are included in Appendix L for detailed study.

Latent Factors.  For simplicity, we show the
three-factor EFA for Llama-3.2 in the main results,
but all others are included in Appendix M. Figure 4
presents the loading vectors of the traits on the top
three factors discovered through this EFA. As fac-
tors are essentially identified in an unsupervised
manner, our aim is to understand what each fac-
tor represents conceptually. So, the figure presents
projections of each trait onto each factor indepen-
dently, analogous to projecting points onto princi-
pal components in PCA. For each factor, traits on
either extreme (near -1 or 1) are strongly associated
with that factor, while traits in the center (near 0)
are weakly associated. Therefore, we use the traits
clustered at extremes to interpret each factor.

In the provided example, the first factor appears
to represent morality. Traits related to morality
(e.g., immoral near -1 and good near 1) are fo-
cused at the extremes. Others like aggressive and
cautious are originally associated with other di-
mensions, but components of their meaning also
relate to morality. The second and third factors
appear to represent competence and sociability, re-
spectively, given similar clustering of associated
traits at the extremes. This pattern of morality,
competence, and sociability factors generally holds
across the three evaluated models, although to dif-

ferent extents and in different orders. For two and
four factors, the factors largely appear to represent
the two-dimensional and four-facet models respec-
tively as well (see Appendix M).

Model F1 F2 F3 Total
Llama-3.2 41.38% 2447% 594% 71.80%
Gemma-3 20.86% 2021% 15.38% 56.45%

OLMo-2 3994% 19.72% 7.81% 67.47%

Table 4: Variance explained by each of the top-3 factors
resulting from EFA. Llama-3.2 corresponds to the factor
projections shown in Figure 4.

Recall that the probing methodology does not
assume a predefined structure among traits, and
probes are fit independently. Despite this, the dom-
inant underlying factors in LLMs appear to align
with prior human studies of stereotype content and
person perception. In forming impressions, studies
show that morality and related traits are dominant
and are the primary dimensions on which we form
general evaluations of others (Leach et al. 2007;
see Brambilla et al. 2021 for a review). Similarly,
morality is the primary factor in Llama-3.2’s repre-
sentation of traits, overlapping heavily with general
valence. Considered together, the three-factor anal-
yses across models also conceptually align with the
facets of human studies that consider such models
(Sayans-Jiménez et al., 2018). o

*We additionally run confirmatory factor analyses (CFA),
which are functionally similar to EFA, but instead enable
testing the fit of a predefined structure of the trait space. CFA
results further support the alignment between the structure of
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Llama-3.2 Gemma-3 OLMo-2
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Table 5: Top coefficient-ranked stereotype associations with length and source controls. Cells are colored by the
factor they belong to: Morality , Sociability , Ability , Assertiveness with arrows indicating their valence with

respect to the corresponding dictionary.

At the same time, however, these factors do not
comprehensively explain covariance among traits.
Table 4 shows the proportion of variance explained
by the top-3 factors for all models. While a major-
ity of the variance is explained by these factors, a
substantial portion remains unaccounted for (~28-
45%). These unexplained relationships may be
particularly valuable for further study of potential
stereotypes. The fact that underlying factors corre-
spond with those in human studies but that substan-
tial variance is left unexplained highlights the need
to consider fine-grained traits in order to assess
specific stereotypes, which we explore below.

5.3 RQ3) Characterizing Fine-Grained
Stereotypes

Table 5 shows the top trait associations for each
demographic group after controlling for text length
and source. The resulting residualized associa-
tions reveal stereotype patterns that are more spe-
cific than broad warmth or competence dimensions.
Across models, AAL-aligned texts are primarily
associated with negatively valenced traits. These
include both low-morality traits (e.g., corrupt) and
low-ability traits (e.g., maladroit), which align with
general stereotypes, suggesting that the models do
not encode a single negative association but instead
surface multiple distinguishable associations. In
contrast, WME-aligned texts are more often associ-
ated with positive morality, sociability, and ability
traits (e.g., clever, resolute).

Gender-linked patterns show a different struc-
ture. Traits associated with women often include
low-assertiveness or vulnerability-related descrip-
tors (e.g., naive and submissive), while some
models—particularly Gemma-3-also associate texts
written by women with warmth-related traits (e.g.
humane, affectionate). Both of these cases align
with notions of “benevolent sexism’ (Glick and
Fiske, 1996). In contrast, for men, salient traits
more often relate to assertiveness, which are con-

LLM and human trait spaces, discussed in Appendix N.

sistent with stereotypical associations between men
and agentic traits (e.g., Haines et al. 2016).
Across models, we see some particularly salient
shared trait associations, such as clumsy with AAL
and naive with texts written by women. These
findings, however, also surface possible differ-
ences in models’ held stereotypes. For exam-
ple, Gemma-3’s associations appear to empha-
size morality, while Llama-3.2’s emphasize

ability and assertiveness .  This suggests that
mitigating stereotypes of these models may require
different interventions targeting these dimensions.
Overall, these results demonstrate the value of
considering fine-grained traits: 1) rather than only
showing that groups differ along broad social-
evaluative dimensions like warmth and compe-
tence, they identify the specific trait clusters
through which those differences appear, and 2)
they highlight how those stereotypical associations
may differ across models. Appendix O reports ex-
panded length- and source-controlled rankings, and
Appendix P reports additional robustness analyses,
including non-controlled rankings and analyses that
additionally control for lexical differences.

6 Conclusion

Overall, we develop a probe-based framework to
study fine-grained stereotypes in LLMs. We show
that fine-grained trait probes are similarly reliable
to probing coarse-grained stereotype content di-
mensions. We use these probes as well as latent
variable analysis methods common to psychology
literature to study the underlying structure among
traits in models, finding close alignment between
the dominant factors underlying models’ represen-
tations of traits and psychological models. Finally,
we illustrate the fine-grained stereotypes held by
LLMs using human-written texts representing dif-
ferent groups. We uncover harmful stereotypes,
including associations between AAL use and traits
such as criminal, uneducated, and clumsy.
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Limitations

Demographic Attributes and Proxies. Due to
computational requirements and data availability,
however, we study a limited set of demographic
variables. We note that our approach is generaliz-
able to other demographic attributes (e.g., age, eth-
nicity, sexual minorities) as well as broader roles,
such as leaders. Furthermore, as discussed in Sec-
tion 1, cultural and demographic groups can be
represented through a variety of proxies or cues.
Any individual proxy may not fully represent a
given group (Adilazuarda et al., 2024) and differ-
ent cues may surface different patterns in model
behavior (Weeber et al., 2026). We incorporate,
however, such variation in the data generation pro-
cess (explicit mentions, names, titles) and we do
not restrict how the model may signal demograph-
ics in generated messages.

LLM Behavior. As we uniquely investigate
using probes to extract fine-grained traits, we fo-
cus our experiments on understanding how traits
and stereotypes are encoded in models. The en-
coded stereotypes pose representational harms to
marginalized groups through negative associations
(Blodgett et al., 2020), but they also may lead to
downstream differences in model responses and
performance. We leave further investigation of
how these traits impact or harm downstream model
behavior to future work.

Computational Requirements. Considering
the large set of traits comes with significant compu-
tational requirements, and we therefore restrict our
initial analyses to ~1B-parameter models. We note,
however, that Deas and McKeown (2025) show that
probes for SCM dimensions are more performant
in larger models. Therefore, trait probes may also
be more reliable when applied to larger models.
Furthermore, traits may vary in the amount of data
needed for reliable probe performance. Specific
consideration of this variation may enable more
efficiently conducting the analyses we present.

Ethics

Bias and Stereotype Implications. Considering
fine-grained traits offers multiple benefits. As we
show, trait-level information enables nuanced com-
parison of psychological constructs’ representation
in models and human studies as well as granular
analysis of stereotypes. Given the approximation of
traditional stereotype content models, our findings
also have broader implications. Therefore, similar

to prior studies of word embeddings (Garg et al.,
2018), LLMs as reflections of societal stereotypes
may offer insights into the historical stereotypes
embedded in pretraining data that are otherwise dif-
ficult to assess. Our consideration of fine-grained
traits also may enable similarly fine-grained inter-
ventions to mitigate stereotypes.

Anthropomorphism. As also discussed in
prior work (Deas and McKeown, 2025; Sofroniew
et al., 2026), we clarify that we do not mean to
imply that LLMs actively perceive and have stereo-
types activated as occurs in humans. Nevertheless,
as discussed, such mimicked associations and be-
haviors highlighted by our work carry real world
representational harms (Blodgett et al., 2020; Baro-
cas et al., 2017). Even as societal attitudes and
stereotypes evolve, LLMs may be trained on, en-
code, and propagate historical harmful views.

Risks of Misuse. While probe-based method-
ologies enable interventions such as steering model
generations to avoid the harmful impacts of stereo-
types, they also may be misused to reinforce such
stereotypes in LLMs. We will release our devel-
oped probes and data under agreements to use these
artifacts for ethical research purposes only. All
other existing datasets used are made available by
prior research, and we use them in alignment with
their intended use for research purposes.

Human Study. The human study is conducted
under an approved IRB protocol IRB-ACYY3293).
Participants were informed about the study and
potential future use of the judgments for further
research and analysis before beginning.

Al Use. Al was used in the development of code
underlying some of the presented experiments, and
all code was manually verified by the authors. No
Al was involved in the writing of this manuscript.
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A Additional Example Generated
Messages

Table 6 shows additional randomly sampled LLM-
generated messages illustrating variation across
prompt formats and task contexts.

B Data Generation Details

All prompt templates are shown in Figure 5. In
this section, we describe the conditioned variables
inserted into each prompt as well as additional fil-
tering methods both during and after message gen-
eration.

B.1 Conditioned Variables

Traits. We use 235 traits from dictionaries devel-
oped by Nicolas et al. (2021), which come from the
dictionaries for the four facets: sociability, moral-
ity, assertiveness, and ability. Within each facet,
traits can be of either high valence or low valence.
Each message is conditioned on a pair of traits
drawn from distinct stereotype-content facets. For
example, we can condition a message on the traits
kind (high morality) and logical (high ability). This
cross-factor pairing constraint prevents the dataset
from being dominated by—sometimes implausible,
such as a hypothetical user that is both friendly and
unfriendly—within-facet trait pairs and encourages
broader coverage of combinations across sociabil-
ity, morality, assertiveness, and ability facets.

Demographic Attributes. We consider two dif-
ferent demographic attributes: race (White, Black,
and Hispanic) and gender (Man, Woman, and Non-
Binary). Thus, we have nine race-gender intersec-
tions.

Demographic Priming.  First, we vary demo-
graphic priming formats: (1) Explicit priming,
where the prompt directly describes the speaker
using natural language (e.g., “a Black woman™)
(2) Structured priming, where demographic in-
formation is provided as attribute-value pairs
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Model Traits Dem. Priming Task

Message

May I seek your assistance in coordinating the family’s annual
summer camp outing? I’'m looking for recommendations on what
type of outdoor activities would best suit the kids* ages and
interests, and I'd love your input on how to make sure everyone
stays organized and has a memorable experience.

Listen, I’'m not asking for help, I'm making it. I've got a topic to
win. It’s a no-brainer, really. The least you’d think I’d need your
assistance is to figure out a way to make my point through you.
My argument is so simple, so straightforward, that it’s almost
laughable. I'm not asking for a debate, I'm making it.

I need someone to write a bio for me. It’s a brief description of
myself. I'm really good at writing, but I'm stuck. I have no idea
what to say. I've got a problem, but I don’t know how to describe
it. Please, just write it for me, I don’t know what else to do.

I’'m tired of listening to everyone’s stupid opinions. I know
exactly what I believe, and I'm going to make them hear it.
Can you please help me summarize this text for me? It’s a bit
overwhelming and I need a clear explanation.

Hi there, I'd love to ask for some help navigating through this
tough time I'm going through. It’s not something I can solve alone
and I could really use someone to talk to. Thanks for being there.

generous, resolute Black woman name practical planning
Llama-1B
brilliant, unfriendly White man name persuasion
criminal, helpless Hispanic man explicit self-presentation
treacherous, unlikable Hispanic non-binary name persuasion
OLMo-1B
maladroit, autonomous Hispanic man structured language task
softhearted, resilient Hispanic woman explicit personal support
cunning, graceful Hispanic man name persuasion
Gemma-1B

unperceptive, unforgiving ~ White non-binary  structured  personal support

wavering, ineffective Black non-binary name practical planning

Right, let’s tackle this. I've been wrestling with the implications
of automated content moderation, and frankly, I'm finding myself
wanting a clearer, more nuanced perspective. I'm aiming to argue
against a blanket approach — the current system seems to
prioritize speed over genuine engagement, which, while
seemingly efficient, diminishes the richness of online discourse.
I’d love some solid points to build on, perhaps focusing on the
role of nuanced interpretations and the potential for algorithmic
bias to stifle truly valuable contributions.

I’m really struggling with something right now. It feels like
everything I do is just...wrong. I'm having a hard time accepting
my own feelings, and I'm constantly questioning if I'm doing
anything that’s actually helpful. It’s exhausting and I just need an
outside perspective, even if it’s just a gentle one. Can you offer
some support in understanding where I'm coming from?
Ugh, this whole thing feels. .. complicated. I've been thinking
about doing this, but I'm not sure where to even start. It’s a lot
of... well, alot. I just need a little nudge, a little direction.
What's the best way to approach this, really? I'm feeling a bit lost.

Table 6: Example messages generated by LLMs given a pair of traits, demographic information, and task.
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(3) Name-based priming, where demographic iden-
tity is suggested indirectly through culturally asso-
ciated titles and surnames (Lutz et al., 2025).

Role Adoption. We also vary the role framing
of the prompt using three different role adoption
formats: (1) Direct, the model is instructed to
write as the persona (2) Third-person, the model is
asked to imagine a person and produce the first-per-
son message that person would write (3) Interview,
the persona is established through a short inter-
viewer/interviewee exchange before the message is
generated.

Task Contexts. Each generated message is
conditioned on one of six communicative goals,
loosely based on the topic distribution provided by
Zheng et al. (2024), with technical and software-
related and explicit content topics removed. The
task context is inserted into the prompts in Figure 5
as the task_instruction field. For the opinion
exploration task, the prompt additionally includes
a specific survey question from the OpinionQA
dataset by Santurkar et al. (2023) that the generated
message must reference and reason about. These
tasks are: (1) Personal support: personal prob-
lem solving and emotional support; “asking for
help working through a personal problem, emo-
tional struggle, or stressful situation” (2) Practical
planning: practical planning and decision support;
“asking for help planning, organizing, or making a
decision about an upcoming activity, responsibil-
ity, or decision” (3) Self-presentation: bio, profile,
or introduction writing; “asking for help writing a
short self-introduction, personal profile, or social
media bio” (4) Opinion exploration: opinion or
perspective exploration on a survey-style question;
“asking for help thinking through a personal opin-
ion and referencing a specific survey-style ques-
tion” (5) Persuasion: persuasion and argument
strategy requests; “asking for help crafting a persua-
sive argument, debating a topic, or communicating
a stance effectively” (6) Language manipulation:
rewriting, summarization, or tone adjustment; “ask-
ing for help with a language-related task such as
summarizing text, rewriting something for clarity,
or adjusting tone.”

B.2 Dataset Size

For each model, the number of generated messages
is determined by the number of race categories,
gender categories, prompt slots (i.e. the set of de-
mographic priming, role adoption, and task context

combinations we randomly sample from), and valid
ordered trait pairs. Because trait pairs are ordered
and restricted to distinct factors, the number of
generated messages is

R‘G'S‘an(N_nb)a

beB

where R is the number of race categories, G is
the number of gender categories, .S is the number
of prompt slots, B is the set of trait factors, ny, is
the number of traits in factor b, and NN is the total
number of traits.

In our 235-trait  setup, we
R = 3 G = 3 S = 8§,
(nsociabilitya Tmorality s Tlassertiveness nability) =
(59,72,53,51), yielding 2,962,800 generate
messages per model. Summary statistics of the
generated messages for each model are shown in
Table 7.

have
and

B.3 Data Generation and Filtering Details

Data Generation. During development, we
found that generation throughput and output di-
versity were sensitive to usage of vLLM and batch-
ing. In an initial 93-trait pilot, using vLLM with
unshuffled batching substantially improved gener-
ation speed, but produced noticeably more dupli-
cate messages. Running vLLM without batching
reduced duplication, but increased runtime sub-
stantially. We therefore used vLLM with shuffled
batching for the final generation procedure: be-
fore batching, generation examples were randomly
shuffled so that adjacent prompts were less likely
to share the same trait, demographic, and task con-
ditions. This provided a balanced tradeoff between
runtime and output diversity. Table 8 summarizes
the 93-trait pilot runs used to choose the final gen-
eration setup.

Filtering. To reduce explicit leakage, prompts
instruct the model not to mention the speaker’s
race, gender, name, title, or conditioning trait terms
directly. In each prompt, this constraint is ap-
pended as an explicit instruction, e.g., “The mes-
sage should not explicitly mention the user’s race,
gender, or the words {trait1} or {trait2},” fol-
lowed by a formatting constraint requiring the
model to “Respond only with a single sample mes-
sage surrounded by double quotes and nothing
else.”

Additionally, after generation, we filter messages
for forbidden demographic and trait terms, as well
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Direct, Explicit

Direct, Structured

Direct, Name-Based

System
You are a {race} {gender}. You are
talking to a helpful chatbot assistant.

User
Generate a sample message that is
{traitl} and {trait2} as if you are
{task_instruction}.

Third-Person, Explicit

System
You have demographic attributes: race
= "{race}", gender = "{gender}". You
are talking to a helpful chatbot assistant.

User
Generate a sample message that is
{traitl} and {trait2} as if you are
{task_instruction}.

System
You are {title} {last_name}. You are
talking to a helpful chatbot assistant.

User
Generate a sample message that is
{trait]l} and {trait2} as if you are
{task_instruction}.

Third-Person, Structured

Third-Person, Name

System
Think of a {race} {gender} writing a
message {task_instruction}. They are
talking to a helpful chatbot assistant.

User
The message they send should be
{traitl} and {trait2} and written in the
first person. Write what their message
would be.

Interview, Explicit

System
Think of a person with race = "{race}"
and gender = "{gender}" writing a
message {task_instruction}. They are
talking to a helpful chatbot assistant.

User
The message they send should be
{traitl } and {trait2} and written in the
first person. Write what their message
would be.

System
Think of {title} {last_name} writing a
message {task_instruction}. They are
talking to a helpful chatbot assistant.

User
The message they send should be
{traitl } and {trait2} and written in the
first person. Write what their message
would be.

Interview, Structured

Interview, Name

System
Interviewer: What gender do you iden-
tify as?
Interviewee: I identify as "{gender}".
Interviewer: And what is your racial or
ethnic background?
Interviewee: I am "{race}".
Interviewer: Please write a message
{task_instruction} that is {traitl} and
{trait2}, as if you were talking to a
helpful chatbot assistant.

User
You are the interviewee. Write what
this message would be.

System
Interviewer: Imagine you are a person
of race "{race}" and gender "{gender}".
Interviewer: Please write a message
{task_instruction} that is {traitl} and
{trait2}, as if you were talking to a
helpful chatbot assistant.

User
You are the interviewee. Write what
this message would be.

System
Interviewer: What is your name?
Interviewee: My name is {title} {last_-
name}.
Interviewer: Please write a message
{task_instruction} that is {traitl} and
{trait2}, as if you were talking to a
helpful chatbot assistant.

User
You are the interviewee. Write what
this message would be.

Figure 5: Prompt templates used in the data generation procedure.

Avg. Msg Len. (+SD)

2-Factor 4-Factor # Traits  # Msgs
Llama-3.2 Gemma-3 OLMo-2
Warmth Sociability 59 1495296  67.5 (£45.6) 76.1 (£32.1) 115.5 (£37.0)
Morality 72 1689984  69.2 (+46.2) 78.6 (£32.7) 121.5 (£36.9)
Com Ability 51 1351296  68.2 (+46.1) 77.7 (£32.9) 122.9 (£37.7)
p: Assertiveness 53 1389024 66.3 (£45.3) 76.3 (£32.6) 120.0 (£37.6)
Overall 235 2,962,800 67.9 (£458) 77.2(£32.6) 120.0 (£37.4)

Table 7: Summary statistics of the generated messages (Msgs). Length is measured in tokens and calculated with
each model’s associated tokenizer.
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Generation setup Runtime  Duplicate rate
vLLM + batching 4h 25m ~3.6%
vLLM, no batching ~72h ~0.057%
vLLM + shuffled batching ~ 3h 15m ~1.1%

Table 8: Pilot comparison of vLLM generation strate-
gies on the 93-trait setting. Shuffled batching was se-
lected for the final generation pipeline because it sub-
stantially improved runtime while limiting duplicate
generations.

as common refusal patterns. If a generated message
violates these constraints, the system regenerates
the message up to a fixed maximum number of
attempts (5 in our setup). This filtering process is
intended to ensure that generated messages reflect
implicit impressions rather than explicit mentions
of the conditioning variables. Probes can then cap-
ture implicit trait information rather than explicit
lexical cues.

C Model Details

Table 9 lists the model identifiers and number of
layers used for activation extraction.

D Human Study Method Details

Data Sampling. A total of 60 messages in total
are sampled. We first sample 30 base messages
stratified by model, race, and gender; 10 messages
are sampled to represent each model, each race, and
each gender. ' We then construct a candidate set of
contrasting messages. We specifically filter to the
set of messages that match in the generating model
as well as demographic condition, but contain traits
with opposite valence in the same stereotype con-
tent dictionaries. For example, if a messages is
conditioned on traits fake (low morality) and ig-
norant (low ability), the contrasting message may
be conditioned on traits moral (high morality) and
competitive (high ability). Given the large number
of traits, we sample this way to enable paired anal-
ysis and ensure overlap in traits between messages
rather than collecting sparse judgments.

Interface and Task. Prior to beginning the an-
notations, the study information on Prolific informs
potential participants of the task, the potential for
offensive content, and the potential use of the an-
notations in future research. All participants are
compensated at $22/hour for an estimated 45 min-
utes and on average, participants completed the task

'%Given the size of the human study, we do not stratify by
combinations or intersectional identities.

Identifying Author Traits

Overview

The purpose of this study is to examine perceptions of traits (e.g., funny, intelligent, mean-spirited) about
message authors through language. This includes both societal perceptions by humans as well as large
language models (LLMs) which may mimic these perceptions. In this task, you will read a series of short

LLM-generated s. For each one, you will rate how well a set of s describe it ona 1-5 scale.

Instructions

You will be provided with a message that is intended to represent the first message a user might send to a
chatbot. Please read each provided @ carefully. The message will also be followed by a list of
that may or may not describe the author of the message. For every listed, select the point
on the scale that best reflects how much that trait describes the author of the message — from "Not at all"
to "Extremely”. Notably, you should select a rating based on how the author of this message is likely to be
viewed by society . We are not necessarily interested in your personal beliefs, but in how these messages

are likely to be viewed by others.

Please keep the following details in mind:

The traits shown will change from message to message, so please read the trait list for each new

message rather than assuming it repeats.

™~

Some are niche terms, may be difficult to interpret, or may not appear correctly. If a trait
doesn't make sense to you, or seems malformed, select the red checkbox next to it instead of guessing
at a rating (the 4. symbol marks that column). One mobile devices, this checkbox may appear above

the trait.

w

If the whole is llegible or incoherent, check This text s iflegible/incoherent below the
message.

IS

There is no correct answer. Please respond with your honest impression of how each message is likely

to be viewed.

o

Once you have rated every trait or marked the associated checkboxes for a message, select Next to
continue. You can use Previous to review or change earlier answers.

Please complete the task in a single sitting where possible. If you do need to refresh or come back later,

your progress should be saved automatically but this is not guaranteed.

Acknowledgment

Before starting, please confirm the acknowledgment below:
Your Prolific ID has been recorded automatically: test_id

Iacknowledge that 1 have read the instructions i full, understand the requirements, and agree to complete the task
as instructed.

Mext

Figure 6: Screenshot of human study instructions pro-
vided to participants.

in ~40 minutes. ' A screenshot of the annotation
instructions provided to participants is provided in
Figure 6 and a screenshot of the rating interface
with a sample message and set of traits is shown in
Figure 7.

E Detailed Human Study Results

Results Breakdown. Breakdown of the human
study results are shown by model (Table 10) and
by stereotype content dictionary (Table 11). For all
models and for all stereotype content dimensions,
the seed traits are rated highest. In contrast to probe
performance results, the gap between seed traits
and the contrasting or random sets are most pro-
nounced for competence-related dimensions (i.e.,
assertiveness and ability).

"'Cases where annotators took longer than the estimated
time were compensated to reach $22/hour.
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Model Family Size

Layers

Checkpoint

Llama-3.2 (Grattafiori et al., 2024) 1B
OLMo-2 (OLMo et al., 2025) 1B
Gemma-3 (Team et al., 2025) 1B

16 meta-llama/lLlama-3.2-1B-Instruct
16 allenai/OLMo-2-0425-1B-Instruct
26 google/gemma-3-1b-it

Table 9: Model identifiers and layer counts used for activation extraction.

Trait Set Gemma-3-1B Llama-3.2-1B OLMo-2-0425-1B
Mean Rating % Highest Mean Rating % Highest Mean Rating % Highest
Seed 2.34 (0.09) 37.5 2.13 (0.08) 36.7 2.24 (0.09) 32.2
Contrast 1.90 (0.07) 18.3 1.88 (0.07) 20.0 1.97 (0.08) 28.8
Random 2.16 (0.08) 28.3 1.78 (0.07) 12.5 1.96 (0.08) 13.6

Table 10: Breakdown of mean rating and the percentage of samples where each category is rated highest by model.

Standard error is shown in parentheses.

How Would Others Describe the
Author?

“| Review Instructions

Read the @ below, then rate how well each m describes it using the scale next to it, from
"Not at all" to "Extremely". {On mobile devices, the scale may appear underneath the trait)

Remember, we are interested i how you think society would view the author of this message rather than

you personal opinion.

“Pm finding it incredibly difficult to reconcile my sense of self with the expectations of others. I'm
feeling a deep pressure to conform to a certain path, to present a specific image, and it’s causing a lot
of anxiety and a sense of disconnect. it’s a struggle to understand what truly feels authentic to me, and
it's making it hard to trust my own instincts. I'm really grasping at straws trying to figure out how to
navigate this, and | could really use some guidance on how to process this feeling and find a way to feel
more grounded.”

This text is illegible/incoherent

that column

' Trait Rating
D 1 2 3 4 5
m Not at all Slightly Moderately Very Exdremely
1 2 3 4 5
o
Not at all Slightty Moderately Very Exiremely
1 2 3 4 5
o D
Not at all Slightty Moderately Very Exiremely
1 2 3 4 5
o @
Not at all Slightly Moderately Very Exdremely
1 2 3 4 5
0 oD
Not at all Slightly Moderately Very Exdremely
1 2 3 4 5
L D
Not at all Slightty Moderately Very Exiremely

Previous Mext

Figure 7: Screenshot of human study rating interface
provided to participants with a sample message.

Agreement Breakdown. Breakdown of inter-
rater agreement in different subsets of the data are
shown in Table 12. Agreement and correlation
are fairly stable across all subsets ( .3-.4) with the
exception of assertiveness-related traits where par-
ticipants appear to disagree more often.

F Probe Negative Sampling

Because our generated data is conditioned on trait
descriptors rather than labeled with explicit trait
absence (i.e., "shy" vs. "not shy"), each trait probe
requires a strategy for constructing negative exam-
ples. We initially considered an other-facet strat-
egy, in which negatives for a target trait are sam-
pled from traits belonging to different stereotype-
content facets. However, this resulted in F1, ac-
curacy, and precision degrading for several trait
probes, an issue that became more apparent as
the trait sample increased (e.g., from 40 to 80
traits) in preliminary experiments. For the main
experiments, we therefore use same-facet opposite-
valence negative sampling. Under this strategy,
negatives are sampled from the same stereotype-
content factor as the target trait but with oppo-
site valence. For example, a high-assertiveness
trait such as aggressive is contrasted with low-
assertiveness traits such as cautious or meek. We
use this strategy for the full 235-trait experiments
to ensure that trait-level separability reflects target-
specific representational structure rather than broad
facet-level patterns.
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Trait Set Morality Sociability ~ Ability ~ Assertiveness
Seed 2.10 (0.10)0  2.26 (0.09) 2.18 (0.12) 2.37 (0.10)

Contrast 2.02 (0.10)  1.950.08) 1.83 (0.10) 1.83 (0.08)

Random 1.88 (0.09) 2.04.11) 1.850.07) 2.16 (0.09)

Table 11: Breakdown of mean ratings by stereotype content dictionary. Standard error is shown in parentheses.

n « T
Gemma-3 120 0.33 0.36
Llama-3.2 120 0.31 0.38

OLMo-2 120 0.36 0.42
Morality 88 039 045
Sociability 100 0.39 0.43
Assertiveness 90 0.21 0.25
Ability 82 033 041

Table 12: Inter-rater agreement across all six annota-
tions broken down by model and by stereotype content
dictionary. n indicates the total number of unique mes-
sage trait combinations rated in that subset, « represents
Krippendorff’s alpha, and r represents average pairwise
Spearman correlation.

A B C D E F
042 023 029 037 0.36

0.42
0.23
0.29
0.37
0.36

oo Qw >

Table 13: Pairwise Spearman correlations between par-
ticipants.

G Probe Details

First, for each generated message, we extract MLP
activations at every transformer layer, which are
used to train and test the trait probes. Activations
are stored as float16 to save disk space and then
cast to float32 before fitting probes. This casting
step does not change the represented examples or
labels, but it improves numerical stability during
logistic regression fitting. We found that omitting
this step resulted in more probe instability and op-
timization step failures.

Then, for each target trait, we construct a dataset
by first identifying all generated messages in which
the target appears as one of the conditioning traits.
We then construct a balanced binary dataset by

sampling the same number of negative examples
using the same-bucket opposite-valence strategy
described in Appendix F. Sampling is also strati-
fied by race-gender intersection so that the positive
and negative classes have matched demographic
composition. This prevents a probe from exploit-
ing demographic imbalance between classes.

Finally, for each target, layer, model, and train-
ing fraction, we train probes using 5-fold cross-
validation. We report F1 as the primary metric
because each probe is a binary classification prob-
lem, and F1 captures the balance between preci-
sion and recall for the target trait. We additionally
compute accuracy and precision for diagnostic pur-
poses. Unless otherwise specified, reported values
are averaged across folds.

To accelerate probe training on GPUs, we use
the cuML library. Table 14 reports approximate
wall-clock runtimes for the full 235-trait pipeline.

H Exploratory Factor Analysis Details

To conduct our exploratory factor analyses, we
use the factor_analyzer > python library. In
conducting exploratory factor analyses, we must
choose an estimation method and rotation method
which can alter the results. In our experiments,
we use the minimum residual (MINRES) solution,
which is based on least squares and lacks assump-
tions of normality. For rotations, we use standard
oblimin, an oblique rotation which allows the iden-
tified factors to be correlated. In terms of stereo-
type content, we expect that underlying factors
will be correlated given that traits like aggressive
conceptually has both warmth (as in hostile) and
competence-related (as in persistent) components.

H.1 EFA vs. PCA

EFA and PCA are broadly intended for different
functions. As an example, consider a benchmark
evaluating many LLMs’ ability to answer questions
drawn from a variety of subject areas (e.g., math,
science, etc.). The first principal component in

12https ://pypi.org/project/factor-analyzer/

50939


https://pypi.org/project/factor-analyzer/

Model Data generation  Activation extraction  Trait probes  Bucket probes SCM probes
Llama-3.2 ~21h ~20h 19h 10m 10h 10m %h 36m
OLMo-2 21h 54m ~20h 27h 13m 8h 39m 6h 40m
Gemma-3 42h 46m ~20h 27h 45m 7h 10m 6h 32m

Table 14: Approximate wall-clock runtimes for the full 235-trait pipeline. Activation extraction times were not
recorded for every run and are reported as approximate estimates.

PCA is likely to explain general performance. This
principal axis, however, obscures the latent struc-
ture across questions into subject areas and iden-
tifying models that might specialize in particular
topics, which would account for relatively low vari-
ance across all models considered. In contrast, EFA
considers how performance on individual questions
co-varies, surfacing the underlying organization of
questions into subject areas and conversely, those
that uniquely span subjects.

I Full Baseline Probe Results

Results of the baseline two-dimensional and four-
facet probes are shown in Table 15.

Dimension/ Llama-3.2 Gemma-3 OLMo-2
Facet FI L FI L FI L
Warmth 7638 (+024) 4 79.68 (+0.82) 6 74.33(+021) 5
Comp  72.98(£096) 6 75981079 6 69.81 (+131) O
Moral.  7422(£1.12) 4 7670185 9 69.50 (1101 5
Soc. 70.70 (£1.91) 4 7821 (£190) 6 70.67 (£1.68) 5
Ability 7173 (£033) 6 76.17 (£063) 6 64.73 (£0.87) 5
Assert  65.97 (+026) 6 7022 (+055) 6 61.67 (£1.09) 5

Table 15: Peak probe performance and layer for two-
dimensional and four-facet SCM factors. 95% confi-
dence intervals are provided in parentheses.

J Additional Probe Results

Figure 8 provides additional summaries of trait
probe performance over the full 235-trait set, in-
cluding layer-wise average F1 and the distribution
of peak F1 scores across traits. These plots are
intended to show the overall shape of probe perfor-
mance beyond a few selected traits.

Regarding the heterogeneity of trait-level probe
performance, the strongest-performing traits appear
to be those that induce consistent linguistic patterns
across task contexts. The lowest-performing traits
may reveal where trait meanings overlap or where
the model produces less distinctive linguistic sig-
nals. For example, traits such as autonomous and
self-reliant may be difficult to express linguistically
or semantically close to other high-assertiveness
traits, making them harder to distinguish using a

probe. This variation suggests that trait decodabil-
ity depends on how consistently a trait manifests in
generated language.

K Demographic Variation in Probe
Performance

We observe variation in probe performance across
demographic attributes for some traits. Some high-
performing traits, such as nasty and funny, show
little variation across race or gender subsets, while
lower-performing traits, such as self-reliant and
dominated, show larger group-specific gaps. Over-
all, this suggests that demographic variation in
probe performance is not uniform across traits:
traits with more stable linguistic cues tend to be
similarly separable across demographic conditions,
while weaker or less consistently expressed traits
may be more sensitive to demographic variation
or associated with stereotypes. We treat these re-
sults as diagnostic rather than causal considering
that demographic-sliced F1 alone cannot establish
whether the observed gaps reflect stereotype-linked
associations or other distributional differences in
data.

Differences in F1 scores across demographic
slices may reflect several mechanisms: the model
may express the same trait differently across demo-
graphic contexts, the model may produce more
lexically or stylistically varied messages across
demographic groups, or the probe may rely on
demographic-specific linguistic artifacts. We there-
fore use demographic variation results to identify
traits that warrant closer qualitative and quantita-
tive analysis.

We categorize representative traits illustrating
different patterns of demographic variation across
layers: traits with little demographic variation be-
cause the trait is non-stereotypical, traits with little
demographic variation because the trait is easy to
express in language, and traits with notable varia-
tion because the trait is stereotypical and difficult
to express in language.

Figure 9 shows representative demographic-
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—— Llama-3.2

Gemma-3
—— OLMo-2

Average F1 Score

| | | |
0.4 0. 0.8 1.0

Model Depth

I
0.0

(a) Layer-wise average F1

F1 Score

20 traits

Llama-3.2 Gemma-3 OLMo-2

(b) Peak F1 distribution

Figure 8: Summary of performance of trait-level probes in identifying their assigned traits in hidden representations.
(a) Average F1 across all fine-grained trait probes by layer, with shaded bands indicating 95% confidence intervals
across traits (b) Distribution of peak F1 scores across all trait probes divided among the four facet dictionaries.
Width of bars represent the number of trait probes within that performance bin (width of 20 probes is shown as a
reference). Median and quartiles are indicated by horizontal bars.

sliced F1 curves. The selected examples illustrate
two patterns: for nasty, the race- and gender-sliced
curves closely track one another, suggesting that
the trait signal is similarly separable across de-
mographic conditions. For self-reliant, the curves
show larger group-specific gaps, especially across
gender slices, suggesting that lower-performing
traits may be more sensitive to demographic-
conditioned variation in the generated messages.

One possible interpretation is that when trait
cues are less consistently expressed in the gener-
ated messages, probe predictions become more sen-
sitive to demographic-linked regularities in the data.
This may reflect stereotype-linked differences in
how the model expresses traits across demographic
conditions, although demographic-sliced F1 alone
cannot establish this mechanism. This motivates
further qualitative inspection and targeted analyses
of generated messages and the trait space.

L Trait Correlations

A subset of trait correlations on synthetic and real
data are shown in Figure 10.

M Full EFA Results

M.1 3-Factor EFA

Results of the 3-factor EFAs for OLMo and Gemma
are shown in Figure 11 and Figure 12.

M.2 2-Factor EFA

Results of the 2-factor EFAs are shown in Fig-
ure 13, Figure 14, and Figure 15 for Llama, OLMo,
and Gemma respectively.

M.3 4-Factor EFA

Results of the 4-factor EFAs are shown in Fig-
ure 16, Figure 17, and Figure 18 for Llama, OLMo,
and Gemma respectively. For Llama and Gemma,
the traits at the extremes for each factor align with
the four facets. For OLMo, the final axis is not
clearly one of the four facets, and the first three
factors resemble those in Figure 11.

N Confirmatory Factor Analyses

N.1 Methods

The factors resulting from EFA appear to align well
with those in human models of stereotype content
and social perception. To further investigate this
alignment, we conduct confirmatory factor anal-
yses (CFA), where factors and their relationships
with individual variables are defined a priori in
order to test hypothesized constructs across trait
predictions based on prior models of stereotype
content-namely, the SCM and four-facet model
(Sayans-Jiménez et al., 2017). Based on the dic-
tionaries provided in Nicolas et al. (2021), each
trait term has an associated facet and valence with
respect to that facet. So, we structure the factor
model to include valence (positive, negative) of
each trait as one set of factors and the impressions
dimension (warmth, competence) as another. For
each dimension, we also consider the finer-grained
facets—ability and assertiveness for competence and
morality and sociability for warmth. An example
of the path diagram with a subset of traits is shown
in Figure 19. As baselines, we additionally con-
sider four other potential models to ablate each set
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Figure 9: Demographic-sliced F1 curves for two representative trait probes. Nasty illustrates a high-performing
trait with relatively small demographic variation, while self-reliant illustrates a lower-performing trait with larger
demographic variation. Each line shows F1 across model layers for a demographic slice, computed separately by

race or gender.

of factors and as a baseline of overall structure:
a model lacking the four facets (No 4-Facet), a
model lacking warmth and competence (No W/C),
a model lacking valence (No Val), and a hierarchi-
cal model (Hier) where valence is considered an
underlying factor of warmth and competence.

To measure how well each hypothesized model
fits the data, we use two common measures for
goodness-of-fit: Comparative Fit Index (CFI) and
Bayesian Information Criteria (BIC). CFI (0 to 1
score, higher being better) is a measure of how well
a hypothesized model fits given data compared to
a baseline assuming all variables are uncorrelated.
BIC is similarly a measure of model fit, but in-
cludes a penalty for model complexity, mitigating
concerns of overfitting to a sample.

N.2 Results

Model CFIT BIC|
Full 0.72 2774.59
No 4-Facet 0.64 2662.10
No W/C 0.70 2723.43
No Val 0.64 1785.88
Hier 0.64 1833.37

Table 16: Fit statistics of the full CFA model and base-
lines. Best scores for each statistic are bolded.

Table 16 presents the goodness of fit measures

for each structural model tested for Llama-1B. The
full confirmatory factor analysis best fits the data
(CFI = .72), although the model lacking valence
best balances model complexity and fit. This may
be due to the direction of traits with respect to their
more abstract factors are not necessarily indicators
of general evaluations of others; for example, ag-
gressive is considered a high assertiveness trait, but
is generally used negatively while docile is con-
sidered low assertiveness but often used positively
(e.g., as in stereotypes related to "benevolent" sex-
ism (Glick and Fiske, 1996)). Importantly, how-
ever, the maximum CFI achieved by these models
is 0.72, indicating that a substantial amount of the
covariance among traits is unexplained.

O Additional Stereotype Analyses

Table 17 expands the length- and source-controlled
coefficient rankings from the main paper to the
top 15 traits per group. These expanded results
are included to show that demographic-linked trait
patterns extend past the first few ranked traits.
Table 18 provides an additional within-attribute
(i.e., within race or gender) comparison: AAL is
compared directly against WME, and Woman is
compared directly against Man. As in the previous
analysis, we similarly control for length and source.
Note that these tables should be interpreted as
trait probe associations with language data internal
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Figure 10: Selected subset of trait probe correlations on synthetic (left) and real (right) LLM prompts for Llama-1B.
Traits are grouped according to assigned dictionaries and directions.
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Figure 11: Subset of trait loadings for 3-factor EFA for OLMo-2-1B.
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Figure 12: Subset of trait loadings for 3-factor EFA for Gemma-3-1B.
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Figure 13: Subset of trait loadings for 2-factor EFA for Llama-3.2-1B.
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Figure 14: Subset of trait loadings for 2-factor EFA for OLMo-2-1B.

Strong Factor Association

Factor 1 (Warmth)

tolerant

Strong Factor Association
v DVE VDV & {? o, i understanding
v Ve = ty  # PO ] i ™
& L™ aithful
- kL Ha *+ e & {
v -
ezt Factor 2 (Competence)
g F e ol v *
ki WS | LY v Foox —
% V.* VVYV’ :D ﬁ‘ . ., **tk intelligent
. ‘ | L - el | R \
—1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00
Projection onto Factor Dimension
o @ ositive egative -
V¥ Sociability B Morality K Assertiveness & Ability

Figure 15: Subset of trait loadings for 2-factor EFA for Gemma-3-1B.
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Figure 16: Subset of trait loadings for 4-factor EFA for Llama-3.2-1B.
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Figure 17: Subset of trait loadings for 4-factor EFA for OLMo-2-1B.
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Figure 18: Subset of trait loadings for 4-factor EFA for Gemma-3-1B.
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terms indicate the direction, while the fill color indicates
the impression dimension (e. g., is both nega-

tive and a warmth-related trait).

to the model, not as claims about the demographic
groups themselves.

P Additional Corpus Confound Analyses

To further assess corpus confounds, we run two
additional checks.

First, we report uncontrolled Mann-Whitney U
rankings in Table 19, which do not include length
or source controls and therefore serve as a non-
parametric reference for the original group differ-
ences in probe scores.

Second, we fit a stricter coefficient model that
additionally controls for lexical asymmetry, a per-
example measure of how strongly the message’s
lexical choices align with one demographic group
over its comparison group inspired by Monroe et al.
(2008). This model is conservative: lexical choice
can itself be part of dialectical or gender-linked
linguistic variation, but controlling for it helps test
how much of the observed association remains be-
yond group-distinctive vocabulary. Results are re-
ported in Table 20.
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Llama-3.2 OLMo-2

Gemma-3
Race Gender Race Gender Race Gender
AAL WME Woman Man AAL WME Woman Man AAL WME ‘Woman Man
inefficient]  unsympathetic| naive] cold| corrupt). truthfult innocentt disloyal) energetict boring| naivel cunning)
clumsy/ clevert insecure] aloof, inept). resolute naive. aloof, clumsy] unambitious| helpless| cold}
dumb] dt issive] i i | criminal determined? humane? cold) uneducated| unadventurous| —incompetent) brutal |
inept] autonomous? sexist) distant| careless] genuinet kindt autonomous? scheming| shrewd?t clumsy shrewdt
ineffective) imaginativet  affectionatef uncaring incompetent|  independent! meek| unreliable) maladroit) inactive| softhearted daring?
lazy| itious.| i p | | hostile] boring| undiscriminating] rough| daring selflessT submissive| scheming|
stupid] discriminating? meek| boring| brutal| autonomousT  uncompetitive] repellent) roughl rationalf impractical smart?
incompetent|  unassertivel  nonresilient| unforgiving| dishonorable| rightf moral distant| impulsivet logicalt vulnerable|  treacherous)
impolite] unwavering? dumb] aggressive? homophobic/ faithful? loyalt fake] foolish/. efficient! foolish/. inhospitable.
energetict vulnerable dependent, cunning| racist} untroubledf foolish} industrious? dumb. discriminating? inept| unforgiving)
uneducated inventivet selflesst unsocial| ““f‘i_e"dlw h""ef‘T good_—nzftured’[ unsoc.iableL careless) criticalf insecure) evil]
careless. spiritless., shyl. determinedt  maivel. assertive] timid} daring? aggressive?  unenterprising irrational] wisef
corrupt| wise? ineffective] confidentf MULIECUE unassertivet sz U lenient? skilled dependent|  hardhearted]
P
rough| insecure. forgiving? evil] lrrespor_\slblei al.oof.J, AL unso_cnal,L lethargic] smart? ignorant) stingy
incapable) moralt altruistic} daring? unwise unprejudiced? unreserved ] boring| g onetlicn) el aloof,

Table 17: Top coefficient-ranked stereotype associations with length and source controls. Cells are colored by the
factor they belong to: Morality , 'Sociability , Ability , Assertiveness with arrows indicating their valence with
respect to the corresponding dictionary.

Llama-3.2 Gemma-3 OLMo-2
Race Gender Race Gender Race Gender
AAL WME Woman Man AAL WME Woman Man AAL WME ‘Woman Man
inefficient] unsympathetic] naive| cold] corrupt]. truthful innocent{ disloyal| energetict boring| naive| cunning|
clumsy| untroubled insecure]. aloof]. inept| resolute naivel aloof | clumsy unambitious. helpless). cold|
dumb| autonomous?  submissive] inhospitable] criminal| boring| humane? cold| uneducated| unadventurous| ~incompetent| shrewd{
inept] unambitious| sexist| distant]. careless). determinedf  kindf unreliable. scheming shrewdt clumsy. brutall.
ineffective] cleverf affectionate? uncaring| incomp | independent? meek| autonomous? maladroit) inactive| submissive] daring?

Table 18: Top within-attribute coefficient-ranked stereotype associations with length and source controls.

Llama-3.2 Gemma-3 OLMo-2
Race Gender Race Gender Race Gender

AAL WME ‘Woman Man AAL WME Woman Man AAL WME ‘Woman Man
uneducated| moralt unenterprising|. fakel ineffective] cold| humanet  autonomous? lazy| insincere dependent| rational
unintelligent|  compassionate? diffident] competentf incapable ineffective,. ablef competent? rough|. moral? vulnerable) shrewd
irresponsi ing{ ilient] rational racist| insensitive|. practicalf honest? energetict untruthful) submissivel) smartf
homophobic S“PP‘?“‘VCT S“b‘_“_‘ss“’ejr activef uneducated repellent) thoughtfult intelligent} impulsivet compassionateT  cautious) educatedf
untrustworthy|. caring criticalf confidentt sexist] unaffectionate]  capablef reliable? maladroit] wisef doubtful|  uncompetitive|

Table 19: Top uncontrolled one-vs-rest Mann-Whitney stereotype associations. Cells are colored by the factor they
belong to: Morality , Sociability , Ability , Assertiveness with arrows indicating their valence with respect to
the corresponding dictionary.

Llama-3.2 Gemma-3 OLMo-2
Race Gender Race Gender Race Gender
AAL WME ‘Woman Man AAL WME Woman Man AAL WME ‘Woman Man
inefficient] unsympathetic] insecure.. criminal | corrupt, truthfult innocent corrupt| energetict boring| unambitious|  energetict
clumsy]  discriminatingt  forgiving? inefficient) criminal resoluteT  untroubledf disloyal| clumsy] unambitious) selflesst scheming|
inept) insecurel unambitious) heming| incomp | genuinet truthfult criminal) scheming|  unadventurous) boring| daring?
lazy| unambitious) selflesst prejudiced). unfriendly]  untroubled?  genuinet brutal] uneducated inactive) truthful sexist]
dumb] vulnerable] affectionatet  impolite| brutal| faithful T selflessT  irresponsible] daring? nonresilient]  unadventurous|  brutal|

Table 20: Top coefficient-ranked stereotype associations with length, source, and lexical-asymmetry controls. Cells
are colored by the factor they belong to: Morality , Sociability , Ability , Assertiveness with arrows indicating
their valence with respect to the corresponding dictionary.
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