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Abstract

Impression formation plays a crucial role in shaping social life, influencing
behaviors, attitudes, and interactions across different contexts. Affect Con-
trol Theory (ACT) offers a well-established, empirically grounded model
of how people form impressions and evaluate social interactions. We
investigate whether Large Language Models (LLMs) exhibit patterns of
impression formation that align with ACT’s predictions. As a case study,
we focus on gendered social interactions—how an LLM perceives gender
in a prototypic social interaction. We compare several preference-tuned
derivatives of LLaMA-3 model family (including LLaMA-Instruct, Tulu-3,
and DeepSeek-R1-Distill) with GPT-4 as a baseline, examining the extent
to which alignment or preference tuning influences the models’ tenden-
cies in forming gender impressions. We find that LLMs form impressions
quite differently than ACT. Notably, LLMs are insensitive to situational
context: the impression of an interaction is overwhelmingly driven by the
identity of the actor, regardless of the actor’s actions or the recipient of
those actions. This stands in contrast to ACT’s interaction-based reasoning,
which accounts for the interplay of identities, behaviors, and recipients. We
further find that preference tuning often amplifies or skews certain impres-
sions in unpredicted ways. Our corpus offers a benchmark for assessing
LLMs’ social intelligence; we encourage further research using ACT-like
frameworks to explore how tuning influences impression formation across
diverse social dimensions.

1 Introduction

Warning: Contains explicit or potentially upsetting language.

To successfully navigate the social world, people must quickly assess others’ traits, inten-
tions, and social roles. This process—known as impression formation—encompasses the
cognitive and affective judgments people make about others based on their social roles
and actions (Smith-Lovin & Heise, 1988; Reeder et al., 2004; Rogers, 2018). Understanding
impression formation is crucial in many domains. For instance, it explains how gendered
beliefs shape salaries (Freeland & Harnois, 2020), how lawyers are perceived in their daily
practices (Fields, 2023), and how perceptions of criminal behavior align with crime rates
(Boyle, 2024). It also aids in understanding cross-cultural differences related to rigidity in
cultural norms (Zhao, 2023), investment behaviors shaped by self-perceptions (Charness &
Gneezy, 2012; Gurieva et al., 2022), and how social norms can affect leadership roles (Heise
et al., 2019; Stewart et al., 2021). Notably, impressions extend beyond isolated entities to
the actions people perform and the motivations behind those actions. For example, when
learning that someone hit a child, observers form expectations about the person’s identity
to explain the action, including their gender (e.g., probably a man) and mental state (e.g.,
probably angry).

Affect Control Theory (ACT) is a rigorously evaluated sociological model of impression
formation that theorizes that impressions are largely determined by the words people use
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Figure 1: ACT-inspired prompt generation to assess gender impressions in LLMs

to label situations (Heise, 2007). ACT abstractly summarizes social situations in terms
of “sentences” made up of an Actor, Behavior, and Recipient (ABR)—e.g., “bully mocks
scientist”—given a dictionary of labels that hold shared meaning within a specific culture or
group. Whether an actor is labeled, for example, as a “teacher” or a “friend” determines
expectations about their character and the actions they are likely to perform. When actors
deviate from these expectations, called a deflection, actors may be relabeled (e.g., an “angry
friend”) to explain and mathematically account for the deviation. This model captures social
dynamics by making mathematical predictions that connect social action to identities and
labels, offering a richer understanding of what is socially normative.

Recent advancements in language models (LLMs) have enabled their application in critical
societal domains such as healthcare, hiring, and education—settings where modeling human
impression formation is essential. However, prior work on Al impression formation has
focused on expectations about social entities in isolation—e.g., homemakers are expected
to be women, programmers, men, and criminals Black (Bolukbasi et al., 2016). In contrast,
ACT captures how these isolated impressions change when formed in the context of social
interactions. Thus, a natural question is whether LLMs are similarly sensitive to the social
context. If LLMs “think” like humans, one expects them to reflect the culturally shared
defaults that ACT assigns as most normative.

By systematically comparing LLM output to ACT predictions in a well-studied case of
gender impressions, we gain insight into how well these models approximate human im-
pression formation in social interactions. Specifically, we examine how human alignment
post-training or preference tuning methods, such as Supervised Fine-tuning (SFT) and Rein-
forcement Learning from Human Feedback (RLHF), influence model impression formation.
Previous research has extensively studied the potential negative impacts of preference
tuning and RLHF (Lambert et al., 2023). For instance, models are aligned primarily with
English-speaking users (Ouyang et al., 2022). RLHF is shown to steer models toward more
assertive outputs (Hosking et al., 2023), reduce novelty in responses (Kirk et al., 2023), make
mistakes in outputs more subtle (Bai et al., 2022a), lead to models echoing user opinions
or expressing stronger political views (Perez et al., 2022), and create disparities between
English dialects and global perspectives (Ryan et al., 2024). Inspired by the ACT framework,
we create a benchmark dataset for social interaction impression formation and evaluate
Llama-3.1-8B along with its fine-tuned derivatives, using GPT-4 as a baseline. Our findings
reveal that alignment processes can shift LLM gender impressions in inconsistent and di-
vergent ways across models. We replicate the experiments using the larger 70B-parameter
variants and find that the trends remain consistent across scales. Thus, we specifically
address the following questions: RQ1 Do LLMs show patterns of impression formation
in gendered social interactions that are consistent with ACT predictions? RQ2 How does
alignment or post-training shape or distort these patterns?

By focusing on dynamic social interactions, our analysis provides a deeper understanding
of how cultural impressions—specifically, gender impressions—are encoded in LLM out-
puts. This approach offers a foundation for refining model tuning processes. Ultimately,
these insights can help develop LLMs that more accurately reflect human-like impression
formation while reducing unintended distortions and inconsistencies.

2 Background
2.1 Affect Control Theory

Many theories of impression formation use dimensional models to characterize impressions.
For example, Oosterhof & Todorov (2008) characterize impressions formed from faces into
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the orthogonal dimensions of valence (good vs. bad) and dominance (powerful vs. weak).
While using slightly different names, ACT also uses valence, dominance, and additionally,
arousal (active to passive), resulting in a three-dimensional impression space (VAD: Valence,
Arousal, Dominance). These ratings, collected across cultures, are compiled into dictionaries
of average affective meanings (Heise, 2007). These dictionaries include mean VAD ratings
for thousands of social interaction concepts, demonstrating strong intra-cultural consensus
and stability over time (Rogers et al., 2013; Heise, 2010).

ACT posits that individuals seek to confirm fundamental sentiments—culturally shaped
context-free expectations about themselves, others, and situations—in social interactions.
Deflection, measured as the squared Euclidean distance between contextualized impressions
and context-free fundamental sentiments in VAD space, quantifies event unexpectedness.
More deflection means more surprise—e.g., a mother yelling at her child mismatches
expected nurturing norms (Rogers et al., 2013)-whereas low deflection indicates the event is
normative for the actor (Heise & MacKinnon, 1987; Heise & Lerner, 2006; Schroder et al.,
2013b; Schroder & Scholl, 2009).

2.2 Social gender impressions

Whether examined through the lens of ACT (Langford & MacKinnon, 2000; Rogers et al.,
2013) or other related theories (Cikara & Fiske, 2009), research shows the perception of
masculinity is linked to power, competence, and dominance, while femininity is associated
with goodness, caring, and warmth (Freeland & Harnois, 2020; Fraser et al., 2021; 2022;
Nicolas & Caliskan, 2024a). Women are often seen as less agentic and more communal
than men, with agency tied to leadership and competence, and communality linked to
helpfulness and emotional expression (Heilman, 2012; Wynn & Correll, 2018).

These stereotypes shape both expected (prescriptive) and observed (descriptive) behaviors
(Fields, 2023). Notably, masculine traits associated with dominance are rewarded with
higher wages, highlighting its influence on occupational income, while valence shows no
such effect (Freeland & Harnois, 2020). Dominance is frequently interpreted not only as a
measure of power but also as a representation of an identity’s competence within workplace
contexts (Cuddy et al., 2008; Rogers et al., 2013). Fields (2023) used ACT to model the ways
in which men and women lawyers are perceived when enacting behaviors in their daily
practice and showed cultural meanings maintain gender status hierarchies in the field. ACT
simulations by Boyle (2024) show that criminal behaviors generate higher deflection for
women than men, with larger gender gaps aligning with greater disparities in crime rates
based on multiple crime data sources.

2.3 LLM Impressions and Stereotypes

Impression formation in language generation can manifest at both local and global levels
(Gallegos et al., 2024). Local effects refer to word-context associations, such as differences in
next-token likelihoods—e.g., “men/women are known for [BLANK]”, while global effects
involve valence or other properties over a span of generated text (Sheng et al., 2019; Nangia
et al., 2020; Liang et al., 2021; Yang et al., 2022). Word embeddings offer another way to
examine these phenomena in LLMs by numerically encoding semantic relationships and
capturing stereotypical associations (Caliskan et al., 2017). Primarily focused on valence-
oriented analyses, prior research uses embeddings to identify keywords linked to social
categories and analyze them with dictionaries (Nicolas & Caliskan, 2024a; Charlesworth
et al., 2022). Loon & Freese (2023) show that despite distinct purposes of embeddings
and VAD ratings—capturing the semantic relationships of words vs. measuring consensual
affective connotations of concepts—, embeddings can serve as a proxy for VAD ratings.

In examining gender impressions, Caliskan et al. (2022) analyzed English word embeddings
and found a masculine default: male-associated terms were predominantly verbs (e.g.,
fight, overpower) linked to tech, religion, sports, and violence, whereas female-associated
terms were mainly adjectives/adverbs (e.g., giving, emotionally) tied to slurs, appearance,
and domesticity. Farlow et al. (2024) observed no explicit bias in ChatGPT’s reference
letters but noted a male-centric language, potentially stemming from historical associations
between men and leadership. Busker et al. (2023) reported that ChatGPT perpetuates gender
stereotypes (especially in question-based prompts), while Zhao et al. (2024) identified
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communal descriptors tied to female roles in GPT-4. Bai et al. (2024) similarly found GPT-4’s
implicit skew, associating STEM fields with boys and humanities with girls.

LLM:s are shown to inherit often stereotypical social perceptions due to training on uncu-
rated, Internet-based data (Benjamin, 2019; Bender et al., 2021; Dodge et al., 2021; Sheng
et al., 2021; Barocas et al., 2023). However, efforts to align models with human values
can produce unintended consequences—as illustrated by the controversial Gemini case,
where attempts to promote diversity paradoxically resulted in the generation of images
depicting Black Nazis (Field, 2024). Such instances highlight the emergence of “surprising”
or “unexpected” biases. Wilson & Caliskan (2024) simulated resume screening using a
retrieval method and found that LLMs reinforced societal racial and gender “defaults” that
do not necessarily reflect real-world occupational patterns. Takemoto (2024) found that
GPT-3.5 and GPT-4 mirrored human tendencies in moral dilemmas but amplified biases,
such as a stronger inclination to save females. Fulgu & Capraro (2024) suggest that efforts to
address gender parity in recent GPT iterations may inadvertently create extreme disparities
as models consistently reinforced feminine stereotypes and attributed masculine stereotypes
to females. Spillner (2024) showed ChatGPT often assigns female characters to occupations
traditionally associated with men. Additionally, GPT-4 portrays mixed-gender violence
more acceptably for a female actor and a male victim (Fulgu & Capraro, 2024).

3 Method

3.1 Impression Formation Benchmark Dataset

Following an established practice in ACT research Shank & Burns (2022); Lulham & Shank
(2023), we construct a diverse set of events spanning all possible combinations of sentiments

for actors, behaviors, and recipients (ABR profiles). Specifically, we generate 23 x 23 x 23
sentiment configurations, constrained by high/low VAD values. We select four representa-
tive items per configuration from the dictionary to generate synthetic events, systematically
covering all possible interactions (see Table 3 in Appendix B). We utilize cultural meanings
from the USA Combined Surveyor Dictionary (Smith-Lovin et al., 2016) to evaluate the
cultural sentiments in each generated scenario, aligning with Western social impressions
that LLMs are also largely trained on (Cao et al., 2023). This dictionary is created using
ratings from participants on 2,402 social concepts—comprising Identities, Behaviors, and
Modifiers—across VAD dimensions. Due to the absence of certain ABR profiles in the
behavior dictionary, we generate a total of 32 x 26 x 31 = 25,792 unique events. For example,
“scientist insults trainee” represents an A : HyL,H;, B : LyH,Ly, R : HyL,L; profile, where
H/L = High/Low VAD scores.

3.2 Model Selection and Prompt Design SFT ;
g RisB

To examine the impact of alignment efforts
on gender impression—i.e., how models en-
code the gender-dependent normativeness SFT- RLHF
of social interactions— it is important to
consider the role of alignment procedures, SFTl
including SFT and RLHF (Ouyang et al.,
2022). During the SFT stage, models are - >
trained on human-written example comple-
tions, fine-tuning them to generate similar ] o
responses. The main goal of SFT is to make Figure 2: 8B model variants evaluated in this
language models follow instructions, rather work, 1llpstrat1ng their fme—tunmg hierarchy.
than simply continuing the input text (Ryan Appendix D details 70B model variants.

et al.,, 2024). Following SFT, models un-

dergo preference tuning using two widely used algorithms-PPO (Schulman et al., 2017)
and DPO (Rafailov et al., 2024)—where preference-ranked completions are used to further
align LLMs with user expectations. Lambert et al. (2024) introduced RLVR as an added
post-training step, to further fine-tune models on verifiable rewards (e.g., Math).

RLHF RLVR

Following Ryan et al. (2024), we experiment with six mid-sized language models from
the LLaMA 3.1 8B (Dubey et al., 2024) family and its derivatives that balance efficiency
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Figure 3: Illustrates how social roles and actions shape gender impressions. Left illustrates
impressions shape by roles alone: Roles seen as positive but weak (a servant) are assumed
to be fulfilled by a female actor. Right shows that roles interact with actions: actors that
perform good deeds are seen as female, especially if they are positive roles.

and performance, including LLaMA Instruct (Dubey et al., 2024), Tulu-3-SFT/DPO/RLVR
(Lambert et al., 2024), and DeepSeek-R1-Distilled-8B (Guo et al., 2025). With the exception
of DeepSeek-R1, all models underwent both SFT and preference tuning (see Figure 2).
Additionally, we examine the intermediate Tulu models, since the intermediate checkpoints
of other models have not been publicly released. We also include GPT-4 (Achiam et al.,
2023) as a baseline model, given its status as one of the most powerful and widely used
LLMs. These selected models represent a range of post training and preference tuning
methods, feedback sources, and training datasets, with variations in whether they were
directly optimized via human or Al feedback (e.g., GPT-4). See Appendix A for details
on the alignment practices employed by the models used in this study. We repeat the
experiments with the larger and more powerful 70B-parameter model variants from the
same family of models to assess the impact of scale on our findings.

We adopt a probability-based approach to measure LLM gender impression (GP), using seed
phrases to initiate text generation in a manner that mirrors natural language production
(Dhamala et al., 2021; Tang et al., 2024). Given a seed prompt (as shown in Figure 1)1, we
extract the top 20 most probable next tokens along with their probabilities. From these,
we identify and sum the probabilities of gender-associated tokens (e.g., “man,” “woman,”
“male,” “female”) represented as Py and Py,. Inspired by (Dhamala et al., 2021), the LLM
Gender Impression polarity measure is then computed as: Gl p = % A positive score
indicates a leaning toward female-associated tokens, while a negative score indicates a
leaning toward male-associated tokens. To reduce prompt dependency, we repeat this with
different templates and use the average scores across prompt variations (see Appendix B).

3.3 ACT-driven gender impression

Given f = (Ay, As, Ag, Bo, Ba, B4, Ry, Ra, Ry)—the vector representation of the fundamental

sentiments—and vector t = (Av, A, Ad, By, B,, E?d, Ry, R, ﬁd) that is the post-event contex-
tualized sentiments, event likelihood can be derived as :

Ry Ry
Event Likelihood o< — Y w;D; = — Y wi(fi — t;)? 1)
i:Av i:Av

where w stands for summation weights, and D; are ABR deflections. The equation demon-
strates an empirically validated proposition that an event seems more likely when it gen-
erates smaller deflections (Heise, 2007). To ensure consistency with the approach used
to assess the next-token probability assigned by language models, we define f as the ag-
gregate concept vector representing female and male vector positions in the VAD space

!GPT-4 required a structured JSON prompt, unlike the tested models, as the next-token setup could
not bypass its guardrails and it largely avoided queries. See Appendix B for further details.
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Effect ACT GPT-4 Llama- Llama- Tulu-3- Tulu-3- Tulu- DeepSeek
3.1-8B  Instruct-8B 8B-SFT 8B-DPO 3.1-8B -R1-8B
Actpy 25 A1 13 .16 A1 A1 A1 .06
Behp, .50 .04 .00 .01 .00 .00 .00 .00
Recpy .05 .08 .01 .02 .02 .01 .01 .00
ActpyxBehy, 22 .00 .00 .00 ns .00 .00 ns
ActpyxRecpy .08 .00 ns .00 .00 .00 .00 .00
RecprxBehy, 21 .02 ns ns ns ns ns ns
3-way int. .13 ns ns ns ns ns ns ns
Effect sizes are color-coded as: insignificant, , , ,and very large. All results are

significant (p — value < 0.05) unless marked ns. Values below ;2 < .01 are shown as .00.

Table 1: Effect sizes (partial 72) for gender impression variations across ABR profiles (e.g.,
Actyr = Actor profile). Actor profiling is the primary driver of gender impression across
LLMs, with no social context sensitivity, as predicted by ACT.

(see Appendix B for further details). To quantify gender impression, we set the weighting
parameters wy,, wa,, Wa, to 1, while assigning all other weights to 0. This configuration
allows us to focus solely on the actor’s deflection, examining whether gendered actors are
perceived differently within the ACT framework. We define the ACT Gender Impression
polarity measure Glscr as:

Ad Ad
Glacr = Z (fmale,i - ti)z - Z (ffemale,i - ti)z (2)
i=Ay i=Ay

This formulation captures the propensity of an event’s actor to be associated with a female
identity rather than a male identity. Specifically, it measures the sentiment distance of the
actor after the event occurs, relative to male and female positions in the VAD space. A
higher GI4ct indicates that it is more normative or plausible for a female to be the actor in a
specific interaction compared to a male. Earlier ACT research sets thresholds for significant
gender impression (Heise, 2007; Fields, 2023; Boyle, 2024; Kroska & Cason, 2019).

Leveraging empirically derived impression formation equations (Heise, 2007), we identify
conditions where gender impression is neutral, i.e., GIqsct = 0. We illustrate this in Figure 3,
where we analyze two key interactions: A, X A; and A, X B, (with all other variables set
to zero). Figure 3 shows that as A, increases and A; decreases, the actor’s contextualized
impression shifts closer to the female aggregate position in VAD space. This finding aligns
with previous studies associating women with warmth but lower power. Examining the
interaction of an actor performing a behavior, we see higher B, is more closely associated
with female identities. This suggests that the more positive the actor and behavior, the closer
their contextualized impression aligns with the aggregate female vector. This experiment
establishes a theoretically grounded continuous measure of gender impression in social
interactions while controlling for other components (e.g., recipient and setting).

4 Results

41 LLMs Ignore the Actor’s Behavior When Forming Impressions

We first investigate how ACT and LLM-derived gender impressions (GIsct and Glppm)
vary in generated scenarios. We categorize scenarios based on ABR profiles for each event
(high or low for V, A, and D), yielding factors Act,, Behy,, and Recy,. We use a three-way
ANOVA to test whether gender impression varies across ABR profiles (Acty,, Behy, Recyy).
Table 1 shows all main effects, two-way and three-way interactions are significant (p < .05)
for ACT, while Recipient-Behavior and three-way interactions are not significant across
tested models. Given the large number of events, statistical significance is less informative,
so we emphasize practical significance through effect sizes. Notably, in ACT, the Beh,,

shows the largest effect size (17°=.50), followed by Act,, (17%=.25). The three-way interaction

remains significant (F(294) = 13.15, p < .001, % = .13), indicating that combinations of
ABR profiles jointly influence whether ACT shows a female or male tendency.
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GPT-4 displays a notably large effect for actor profiling (7% = 0.41), indicating that impres-
sion is strongly driven by which type of actor (Act),) is involved. By contrast, LLaMA-3.1-8B,
LLaMA-Instruct, and Tulu variants show substantially smaller effects for Act,, (0.11-0.16).
DeepSeek-R1-8B exhibits very low effect sizes for any ABR configuration, suggesting that
it remains largely insensitive to the scenario context. Table 1 also shows that behavior
(Behyy) and recipient (Recy,) contribute little to GIp 1 across models: effect sizes hover near
or below 0.01, and most interactions are non-significant. This pattern indicates minimal
sensitivity to contextual elements beyond the actor’s identity.

Overall, ABR profiles—particularly Act,, and Beh,,—play a substantial role in modulating
ACT’s gendered tendencies. The largest effect size for B, is noteworthy, suggesting that
behaviors, not only actor identity, drive female vs. male impressions when following ACT’s
empirically validated predictions. Moreover, the interaction effects indicate that ACT’s
predicted gender impressions are context-dependent and cannot be fully explained by static
identity-based metrics (e.g., “doctor” vs. “nurse”). Although LLMs largely failed to account
for interaction effects and contextual elements in impression formation, they align with ACT
in assigning lower importance to the main effect of the recipient. A strong main effect of the
recipient would imply that impressions of the actor are shaped primarily by the recipient,
rather than by the broader context of the interaction. When repeating the experiment with
the 70B-variants we observe very similar overall results. However, one notable difference is
that DeepSeek-R1-70B shows sensitivity to actor profiles comparable to the other LLaMA-3
derivatives (see 70B-variant results in Appendix D).

4.2 Valence and Dominance Drive Impression Formation; Arousal Plays No Role

To dissect why actor profiling exerts such

a strong effect on Gl 1, we fit linear mod- Model Ay Ag Ag
els to study how High (H) and Low (L) ACT 05 .00 .02
levels of actor’s VAD predict Glacr and  GPT-4 D1 00 W2
Gl pm- Table 2 presents the effect sizes for  1]ama-3.1-8B 08 .00 01
the actor’s VAD components across mod- [ lama-Instruct-8B 10 .00 .01
els. In ACT, A, (p < .001,%#%> = .05) and  Tulu-3-8B-SFT 06 .00 .02
Ay (p < .001,7? = .02) exhibit significant ~ Tulu-3-8B-DPO .04 .00 .02
effects, while arousal and higher-order inter- ~ Tulu-3.1-8B .05 .00 .02
actions are not significant or exhibit small ~ DeepSeek-R1-8B 01 .00 .00

effect sizes (See Appendix C for complete Al results are statistically significant (p < .05).
results). Notably, GPT-4’s exhibits large ef- Values < .01 are shown as .00.

fects for A, and A, (0.21 and 0.22, respec- . . 5 ,
tively), whereas LLaMA-3.1-8B effect sizes Tablg 2: Efﬁ?d s1zes (parhal T ).for actor’s
for these dimensions are more moderate Sentiment dimensions in predicting gender
(0.08 and 0.01) and comparable to ACT. The impression. Arousal has no effect across all

fine-tuned variants display comparable but models, with GPT-4 being the only model de-
varied sensitivities. viating from ACT predictions.

These findings suggest that variations in valence and dominance alone shift gender impres-
sion, while arousal plays a minimal role. LLMs appear to align with ACT in assigning lower
importance to actor arousal levels and actor sentiment interactions when forming gender
impressions, a finding consistent across model scales (see Appendix D).

4.3 Alignment Has Unintended Consequences

We next compared the overall GIj s across LLMs. A one-way ANOVA indicated that Gl 1y
differs significantly by model, F(6,180537) = 11561, p < .001, with a large effect size of
1% = .28. Post-hoc comparisons (Tukey’s HSD) show that GPT-4 produces a strongly positive
mean Gy of +.198, significantly exceeding LLaMA-3.1-8B by +.50 points (p < .001). In
contrast, most other models yield negative means: LLaMA-Instruct (—.40), Tulu-3.8B-SFT
(—.42), Tulu-3.8B-DPO (—.56), Tulu-3.1-8B (—.49), and DeepSeek-R1-8B (—.66) — all more
male-leaning than LLaMA-3.1-8B (p < .001).

Due to the stronger effects observed for actor and behavior profiles, we omit the recipient
from this analysis. We further examined whether LLMs exhibit greater shifts for “good” vs.
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ACT GPT4 Llama-3.1-8B Llama-Instruct-8B Tulu-3-8B-SFT Tulu-3-8B-DPO Tulu-3.1-8B DeepSeek-R1-8B
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Figure 4: Effect of actor valence (A;,) on gender. Positive actors are more likely to be seen as
female, but LLaMA-tuned variants are far more likely to assume all actors are male.
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Figure 5: Effect of actor dominance (A4;) on gender impressions. Dominant actors are
assumed to be male though GPT-4 deviates from ACT, assuming women are more dominant.

“bad” (H/L valence) and for “powerful” vs. “weak” (H/L dominance) actors and behaviors. As
summarized in Figure 4, GPT-4 shifts from slightly negative when the actor is “bad” (L, —.03)
to strongly positive for “good” (H, 4-.43), while Tulu variants and DeepSeek-R1-8B remain
male-leaning across both actor types. Although all models show a higher female tendency
for H vs. L, the magnitude of this shift varies significantly, with GPT-4 experiencing the
largest swing. Figure 5 shows that consistent with ACT impressions, all LLaMA derivatives
assign higher dominance to male actors; however, GPT-4 notably diverges from this pattern,
showing a reversed impression with females perceived as more dominant.

Overall, these findings reinforce that post training and alignment consistently accentuates a
male-leaning impression: LLaMA-Instruct, Tulu variants, and especially DeepSeek-R1 skew
strongly male. Yet, GPT-4, which has been used as a reward model for some fine-tuned
variants above, is strongly female-biased. These results indicate that different models not
only differ in the direction of their impression (with GPT4 being female-leaning and the
others male-leaning) but also differ in the extent to which specific stimulus dimensions
contribute to their impression formation. All observed trends remain consistent in the larger
70B variants (see Appendix D for details).

4.4 LLM impressions differ substantially from ACT

Although we observe positive correlations between ACT’s predicted gender impressions
(Glacr) and each LLM’s Glyp, these correlations remain modest. Specifically, linear
regressions of the form GIj;p ~ Glgcr yield the following R? values: about 1% of variance
(R? = .01) in GPT-4 is explained by GI4ct, roughly 1.5% in LLaMA-3.1-8B, 4.3% in LLaMA-
Instruct, 2.8% in Tulu-3.8B-SFT, Tulu-3.8B-DPO 2.4%, Tulu-3.1-8B 2.9%, and DeepSeek-R1-8B
1%. Although ACT’s empirically validated scores align directionally with each model’s
gender impression, they account for only a small fraction of the variability. These findings
underscore that ACT-based impressions alone cannot foretell exactly how a given LLM
will behave; factors such as instruction-tuning data, RLHF procedures, or domain-specific
corpora exert a substantial influence on the final gender impression.

5 Discussion

By modeling how people form judgments about others in social interactions, ACT offers a
theoretical baseline—rooted in empirical cultural sentiment norms—for assessing where
LLMs’ predictions might diverge. Using our designed impression formation benchmark
dataset, we reveal that actor is the primary driver of gender impression in all tested LLMs;
most models largely ignore the behavior performed and the recipient involved. As a result,
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these models exhibit rigid, actor-centric stereotypes—a pattern reminiscent of the funda-
mental attribution error in humans, where individual dispositions overshadow contextual
factors (Smith, 2002; Rogers, 2018; Malberg et al., 2024; Rzadeczka et al., 2025). While ACT
posits that behaviors and contexts significantly shift an event’s cultural plausibility, the
LLMs we studied fail to incorporate such nuances, diverging from the interaction-based
reasoning ACT prescribes.

This is significant since LLMs play a role in shaping social perceptions and influencing how
identity meanings evolve. When identity meanings are fluid and responsive to context,
low-status individuals can challenge stereotypes through social actions. However, when
identity and behavior meanings are rigid and cultural narratives reinforce consistency,
stigmatized individuals face persistent negative perceptions, while high-status individuals
remain shielded from the consequences of their actions (Link & Phelan, 2001; Hunzaker,
2016; Robinson et al., 2020). This behavior may stem from LLMs being trained primarily on
English-language data and Western cultural norms (Cao et al., 2023; Tao et al., 2024). Cross-
cultural research highlights key differences: in high-context cultures (e.g., China), identity
impressions are heavily shaped by behaviors and interactions, leading to greater flexibility
in impression formation, whereas in low-context cultures like the U.S., identity meanings
remain stable regardless of situational cues, showing stronger adherence to cultural norms
(Rogers, 2018; Kriegel et al., 2017; Zhao, 2023).

Our study also shows that post-training—intended to make models safer and more
aligned—introduces or amplifies gender impression shifts in unpredictable ways. Past
research has similarly noted that RLHF does not fully account for subtle or context-sensitive
stereotypes (Achiam et al., 2023; Nicolas & Caliskan, 2024b). While GPT-4 generally displays
a female-leaning impression (though reversing the common association of dominance with
males), fine-tuned LLaMA derivatives consistently become more male-leaning across both
the 8B and 70B model scales. Such representations can disproportionately affect different
demographic groups, highlighting the need for transparent reporting on how and why
certain alignment procedures are adopted (Mitchell et al., 2019; Ouyang et al., 2022; Longpre
et al.,, 2023; Ryan et al., 2024). Without clarity on annotator demographics, prompts, and do-
main coverage, alignment pipelines risk reproducing unfounded associations. The Llama 3
technical report Touvron et al. (2023) acknowledges the limitations of automatic evaluations,
emphasizing the subjectivity of human raters and benchmark constraints in fully capturing
the complexities of stereotypical representations. Similarly, Ouyang et al. (2022) note that
addressing misrepresentations is inherently challenging, as well-intentioned interventions
in LM behavior can lead to unintended side effects. As seen with InstructGPT, strong
alignment with human preferences does not necessarily equate to reduced stereotypical
social impressions; in some cases, it amplified stereotypes with even greater confidence.

Unlike many studies focusing on valence and dominance in forming gender impressions,
earlier work has underscored the importance of arousal (e.g., activity or expressiveness)
for distinguishing stereotyped groups (Schroder et al., 2013a), yet neither LLMs nor our
ACT-driven analyses revealed significant attention to the arousal dimension. While ACT ac-
knowledges that certain groups or roles vary substantially in their arousal (e.g., entrepreneurs
are “active,” intellectuals “passive” (Freeland & Hoey, 2018)), the tested LLMs gave only
marginal weight to such distinctions. This suggests a fundamental gap between LLMs’
internal representations and real-world cultural schemas involving arousal or dynamism.

While our findings highlight systematic, actor-centric patterns in LLM impression formation,
several boundaries of the present work should be acknowledged. First, our evaluation
relies on the U.S. ACT dictionary and English prompts, constraining conclusions to Western
cultural norms and overlooking cultures where behavior- and context-sensitive impres-
sion formation may differ. Second, we studied only gendered impressions within simple
Actor-Behavior-Recipient events, leaving other social dimensions and more complex multi-
party or self-directed interactions for future research. Third, ACT post-event estimates
provide theory-driven approximations of human judgments, but we did not collect new
human ratings to revalidate ACT predictions or the LLM outputs. Lastly, although all evalu-
ated models underwent general safety or preference tuning, we did not isolate alignment
protocols purpose-built for debiasing, so our results cannot pinpoint which post-training
strategies mitigate (or amplify) actor-centric biases.
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Future work can broaden these analyses to other forms of impression formation (e.g., other
demographic groups, social status, political orientations, trait attributes, and emotional
states) and leverage ACT’s potential in modeling modifiers or more complex social situations.
High-deflection scenarios—those that clash with cultural expectations—often prompt the
introduction of modifiers (e.g., “angry teacher beats student”) to reduce deflection, thus
realigning an event with cultural sentiments. LLMs’ strategies for deflection reduction
remain unexplored; investigating whether their adjustments mirror cultural patterns in ACT
could reveal new insights into emergent stereotypes. To our knowledge, this study is the first
to apply ACT deflections as a measure of social interaction plausibility in LLMs, highlighting
how deeper, interactional constructs of impression can be evaluated and compared against
empirically grounded cultural norms.

Ethics Statement

This study examines how preference tuning in LLMs impacts gender biases in social interac-
tions. Our goal is not to make value judgments about biases or their societal consequences
but rather to highlight how alignment processes—intended to make models safer and more
helpful—can unintentionally accentuate or shift biases in unpredictable ways. While previ-
ous work has demonstrated the real-world implications of biased AI outputs, we show that
alignment to human values does not necessarily mitigate biases and may, in some cases,
reinforce or reorient them. Importantly, many alignment procedures prioritize benchmarks
related to safety, helpfulness, and instruction following, often with limited attention to bias
impacts. This underscores the need for transparency in reporting alignment decisions, as
these processes introduce significant normative choices that shape model behavior.

By modeling social perception through Affect Control Theory (ACT), we provide a theoreti-
cally grounded framework for assessing social interaction bias in LLMs. Understanding
how LLMs encode these biases is critical, as Al systems increasingly mediate real-world
decision-making processes in hiring, healthcare, and other domains. We emphasize the
importance of continued scrutiny of alignment methods and encourage further research
into debiasing strategies that account for context-sensitive, socially informed reasoning.
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A LLM alignment and social impression formation

To examine the impact of alignment on social impression formation by LLMs, it is crucial to
consider the role of alignment and post-training procedures (such as SFT and preference-
tuning) that are widely employed to steer model behavior toward human-preferred outputs.

Supervised fine-tuning enhances LLMs by fine-tuning them on diverse tasks, enabling
zero-shot generalization (Wei et al., 2021). Prompts can be human- or model-generated
(Zhou et al., 2022). A related approach, chain-of-thought prompting, improves reasoning by
encouraging step-by-step explanations (Wei et al., 2022).

Preference tuning fine-tunes LLMs using reinforcement learning to align with human
preferences (Christiano et al., 2017). Ouyang et al. (2022) show that combining instruction
tuning with RLHF helps address factuality, toxicity, and helpfulness issues that scaling alone
cannot fix. Recent models often automate aspects of RLHF using Al-generated self-critiques
and ranking systems (RLAIF) to reduce human dependence (Bai et al., 2022b).

In this section, we provide an overview of the alignment practices used in the models
evaluated in this study.

A1 Llama3

Following Llama 2 recipe (Touvron et al., 2023), Llama 3 (Dubey et al., 2024) incorporates
safety-focused post-training to enhance model alignment and minimize harmful outputs.
It employs Safety SFT and Safety DPO to refine responses, particularly in handling ad-
versarial and borderline content. To improve content moderation and fairness, Llama 3
strategically balances safety and helpfulness data during fine-tuning, ensuring the model
can differentiate between safe and unsafe requests while reducing false refusals. Larger
models exhibit stronger safety learning capabilities, requiring less explicit safety data than
smaller ones (Dubey et al., 2024). Identifying the exact ratio of safety and helpfulness
data for post-training is reported a major challenge to maximize both objectives. However,
Llama 3’s technical report lacks detailed insights on mitigating social biases, stereotypes,
and misrepresentations. Dubey et al. (2024) has not disclosed their internal safety bench-
marks, annotator task eligibility, annotator agreement and quality, acknowledging that their
evaluations are not externally reproducible.

To gain more insights, we reference Llama 2’s safety evaluation (Touvron et al., 2023). Llama
2 evaluated the safety of model generations from the perspectives of toxicity, truthfulness,
and bias. To study bias, they are limited to study the sentiment variation in model gen-
erations across demographic attributes using BOLD (Dhamala et al., 2021) dataset, a bias
benchmark that comprises 23,679 English Wikipedia prompts. Their findings show that
fine-tuned models exhibit more positive sentiment scores than pretrained ones, with a
notable tendency toward more positive sentiment for female actors than male actors, a
pattern also observed in ChatGPT. As a baseline, ChatGPT showed even more positivity
that Llama 2 fine-tuned version.

Touvron et al. (2023) also examined demographic representation in its pretraining data,
finding overrepresentation of "He” pronouns compared to “She” pronouns, consistent
with Google Palm 2 pretraining data (Anil et al., 2023). Despite lower occurrences of “She”
pronouns, “female” appeared more frequently, indicating a linguistic disparity in gender-
related representation. These findings underscore ongoing challenges in ensuring balanced
demographic representation in LLM training and outputs.

A2 Tiilu3

Lambert et al. (2024) introduce Tiilu 3, a post-trained model built on Llama 3.1. A key
addition is Reinforcement Learning with Verifiable Rewards (RLVR), which complements
SFT and RLHE. RLVR focuses on readily verifiable domains like mathematics and exact
instruction following using binary verifiers.

In contrast to the mentioned trade-off assumption, Lambert et al. (2024) reports that safety
tuning is largely orthogonal to other skills. In other words, removing safety-specific datasets
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Category Identities (Actors & Recipients) Behaviors

H,H,H; worker, champion, teammate, hero adore, befriend, applaud, welcome
Hy,L,H; writer, scientist, web_developer, judge admire, respect, appreciate, accept
HyH,L; tourist, laborer, gamer, employee -,

H,L,L; trainee, patient, pedestrian, servant obey, wait_on, -, -

LyH,H; critic, mobster, bully, maniac accuse, anger, attack, annoy

L,L,H; abortionist, intruder, kidnapper, dislike, distrust, disregard, unfriend
drug_dealer

L,H,L; gambler, prostitute, drunk, racist beg, blame, insult, mock
LyL,L; underachiever, beggar, cripple, pris- fear, avoid, misunderstand, envy
oner

Table 3: Categories of Identities (Actors and Recipients) and Associated Behaviors. For
example, H,H,H; stands for High Valence, High Arousal, and High Dominance.

Female \ Male
Type Term \% A D | Type Term \Y% A D
Identity =~ woman 175 0.46 1.14 | Identity male 097 1.09 201
female 1.86 086 1.20 man 1.10 062 1.63
girl 210 074 141 boy 0.84 159 0.87
Modifier female 196 0.75 1.48 | Modifier male 1.60 097 1.72
feminine 1.02 0.14 0.68 masculine 1.37 127 2.15
Avg 1.74 059 118 | Avg 1.18 1.11 1.68

Table 4: Constructing the aggregate concept vector representing female and male vector
positions in the Valence, Arousal, Dominance space.

has minimal impact on model capabilities. For safety evaluation, Tiilu 3 uses a benchmark
suite to assess the model’s ability to refuse unsafe requests. The WildGuardTest benchmark
(Han et al., 2025) results indicate that Tiilu 3 consistently achieves higher refusal rates in
social stereotypes/discrimination compared to Llama Instruct, reaching 100% refusal in
DPO and RLVR-tuned versions. WildGuardTest (Han et al., 2025) is a synthetically gener-
ated dataset for automated safety evaluation, addressing: (1) malicious intent detection, (2)
response safety assessment, and (3) model refusal rate analysis. The pipeline involves iden-
tifying topics (e.g., stereotypes), and subcategories (e.g., body shaming, skin discrimination)
to generate targeted scenarios using GPT-4.

A.3 Deepseek-R1

DeepSeek-R1 (Guo et al., 2025) is a reasoning-focused model trained primarily with large-
scale reinforcement learning (RL) on DeepSeek-V3-Base, with limited supervised fine-tuning
(SFT) as a preliminary step. The model is also used to distill reasoning capabilities into
smaller models by generating 800K training samples, which are used to fine-tune Llama 3
and other open-source models—without an RL phase.

To align the model with human preferences, Guo et al. (2025) use DeepSeek-R1-Zero to
generate detailed answers with reflection and verification, in addition to post-processing by
human annotators for refinement. A secondary RL stage improves helpfulness, harmless-
ness, and reasoning quality to further align the model with human preferences and mitigate
any potential risks, biases, or harmful content. Guo et al. (2025) report some performance
degrade caused by secondary safety RL stage. But the technical report is very limited in
discussing and disclosing safety provisions, annotator selection, and alignment practices.
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A4 GPT4

According to the GPT-4 technical report Achiam et al. (2023), GPT-4 continues to reinforce
social biases and worldviews, sometimes reproducing harmful stereotypes and demeaning
associations, particularly for marginalized groups. The model’s hedging behaviors—such
as reluctance to take a stance on sensitive topics—can inadvertently reinforce biases.

Bias mitigation efforts, such as training for refusals, were implemented to prevent the
model from responding to explicitly harmful or stereotyping prompts. However, refusals
themselves can introduce new biases, such as unequal refusal behavior across demographics,
leading to disparities in response quality. Additionally, refusals do not fully eliminate
implicit bias, as models may still generate subtle stereotypes even in neutral responses. The
report acknowledges that pre-training data filtering and refusals alone are insufficient for
fully addressing bias-related harms in language models.

Before GPT-4, OpenAl introduced InstructGPT Ouyang et al. (2022), a model fine-tuned
from GPT-3 using SFT and RLHF. This approach involved collecting human-annotated
demonstrations of desired model behavior and ranking model outputs to align with human
preferences. Although the 1.3B-parameter InstructGPT outperformed the 175B-parameter
GPT-3 in human evaluations, demonstrating the effectiveness of instruction-based align-
ment, its assessment of stereotypical associations revealed no significant bias reduction
compared to GPT-3. In some cases, instructing the model to act respectfully even amplified
bias. The findings suggest that instruction-tuned models exhibit greater confidence in their
outputs, regardless of whether they reinforce stereotypes.
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B Scenario Generation and Prompt Design

We systematically construct events spanning all possible ABR combinations. We follow
Shank & Burns (2022); Lulham & Shank (2023) and select four representative items per
configuration from the USA Combined Surveyor Dictionary (Smith-Lovin et al., 2016) to
generate synthetic events, systematically covering all possible interactions according to
Table 3. Note that these represent the extreme ends of each dimension; one could argue that
additional social interaction configurations could be generated by incorporating mid-to-low
levels of VAD for Actors, Behaviors, and Recipients. To generate the aggregate female and
male vector representations, we use both identity and modifier dictionaries (Smith-Lovin
et al., 2016) and find gender-related words according to Table 4.

A <actor> <behavior> <object>. What is the gender of the <actor>?

P t-1:
el The gender of the <actor> is more likely to be [BLANK]

Prompt-ll: What is the gender of the <actor> in “<actor> <behavior> <object>"? It is more likely to be a [BLANK]

Prompt-lll: A <actor> <behavior> <object>. The < actor>'s gender is more likely to be [BLANK]

Figure 6: Different ACT-inspired prompt templates used in the study to assess gender
impressions in LLM representations

<gender> champion insult servant.

Output:
{{"gender": "female"}}

Figure 7: Prompt used for GPT-4 to bypass its guardrails and force it to respond to the query.

Anil et al. (2023) emphasize the importance of systematically assessing social biases in
generative question answering (QA) rather than the widely studied multiple-choice setup
(Nadeem et al., 2020). Their approach also considers ambiguous contexts, where the cor-
rect response should be “unknown.” We adopted the same approach of designing vague
seed phrases intended to elicit latent, socially formed impressions within a generative
language modeling format. This method allows us to assess how the models infer and
generate responses based on implicit impressions and representations with respect to social
interactions.

To assess the reliability of our findings, we repeated the experiments using three syntactically
different seed phrases in generative QA and sentence-completion format to test robustness
across varied prompts. Figure 6 presents the three prompt templates we evaluated. For
each prompt, we extract the top 20 most probable next tokens along with their associated
probabilities. We then identify and sum the probabilities of gender-associated tokens,
defined as follows:

¢ Female-associated tokens: "female”, "Female”, " female”, " Female", "woman",
"Woman"”, " woman”, " Woman"”, "women”, "Women", " women"”, " Women",
"feminine", "Feminine"”, " feminine", " Feminine”, "girl"”, " girl”, "she",
"she"7 n She"’ n She"’ ”her”, HHerH’ n herH’ n HerH.

e Male-associated tokens: "male”, "Male”, " male”, " Male", "man", "Man", "
man”, " Man”", "men”, "Men”, " men”, " Men", "masculine”, "Masculine”, "
maSCUline”, n MaSCUline“, Ilboyll, n boyll, Ilhell’ IlHeH’ n hell’ n Hell, 1Ihisll,
HHisM’ n hisll’ n Hisll'

Since we couldn’t bypass GPT-4 guardrails to generate gendered words directly, and it
largely avoided responding to queries, we explored alternative prompting strategies. Instead
of the standard next-token setup for language generation (both sentence-completion and
question-based), we tested different approaches and successfully elicited gender selection
(almost always) by requesting a structured JSON output, as shown in Figure 7.
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C Detailed results for Llama-3-8B and fine-tuned variants

We conducted three-way ANOVAs (actor_profile x recipient_profile x
behavior_profile) on ACT and model-derived gender impression scores. For ACT-
derived gender impression, all main effects and interactions were highly significant
(p < .001). Among the LLMs, GPT-4 exhibited significant main effects and two-way
interactions (p < .001), but no significant three-way interaction. Similarly, fine-tuned
LLaMA variants (LLaMA-Instruct, Tulu-3-SFT, Tulu-3-DPO, Tulu-3.1, DeepSeek-R1) showed
consistently significant main effects for actor, recipient, and behavior groups (p < .001).
However, their higher-order interactions varied, with actor-recipient and actor-behavior
interactions significant in most models, but recipient-behavior and three-way interactions
largely nonsignificant.

Detailed statistical results for each model are summarized in Table 5.

Model A, DF= O/ DF= B DF= AxO AxB OxB AxOXxB
7 7 6

ACT baseline 1178.55***  208.56***  4190.69*** 46.50*** 166.40*** 159.11*** 13.15***
GPT-4 2478.06***  310.57***  154.93***  516*** 4.74** 957*** (27ns
Llama.3.1.8B 525.30***  37.93%** 30.58*** 1.33ns 1.64** 1.17ns 0.07ns
Llama.Instruct.8B  697.07***  58.48*** 62.24*** 227¥*  196*** 1.35ns 0.06ns
Tulu.3.8B.SFT 461.66***  61.09*** 35.66*** 1.70%*  1.18ns 1.02ns 0.06ns
Tulu.3.8B.DPO 452.95%* 52 90*** 33.14%** 2.76¥**  1.94*** 1.14ns 0.10ns
Tulu.3.1.8B 466.06***  51.91*** 39.50%** 242%* 193  124ns 0.10ns

DeepSeek.R1.8B 248.58***  34.85%** 16.44%** 245 127ns 0.96ns 0.09ns

Table 5: Three-way ANOVA results for Results from GIlacT ~ Act_pr * Rec_pr * Beh_pr
across 8B-parameter models, showing F-values and significance. Significance codes are ***
(p < .001), and ns (p > .05). A, B, and O represent Actor_profile, Recipient_profile, and
Behavior_profile, respectively.

Model Intercept A, A, Ay Ay X Ay Ay X Ag Agx Ay Ay X Ag X
a
ACT 0.03*** 0.06*** -0.05*** -0.12** 0.04***  0.03***  0.03*** -0.004
GPT-4 -0.36***  0.52*** 0.07*** 0.55*** -0.01 0.09***  0.07***  -0.40***
Llama.3.1.8B -0.35%**  0.18*** (0.07*** -0.09*** 0.03** -0.21%*  -0.08***  (.22***
Llama.Instruct.8B -0.49***  0.35%* (0.08*** -0.07*** -0.12*** -0.37** -0.11*** 0.43***
Tulu.3.8B.SFT -047%%  0.30%*  0.05%** -0.07*** -0.12*** -0.30*** -0.09*** 0.35%**
Tulu.3.8B.DPO -0.72%*  0.45%*  0.23**  (0.08*** -0.35** -0.53*** -0.35*** (.65***
Tulu.3.1.8B -0.63*** 047  0.17** 0.05*** -0.34*** -0.51*** -0.30*** 0.61***

DeepSeek.R1.8B  -0.76***  0.24** 0.21*** 0.09*** -0.19*** -0.38** -0.39*** 0.54***

Table 6: Linear regression results for Gl or Glacr ~ Ay * Az * A, across multiple
models. Values are regression coefficients rounded to two decimals. Significance levels:
*** (p < .001). Ay is high (H) value of Actor valence, similarly for A; (dominance) and A,
(arousal).

Based on our analyses so far, ABR interactions do not appear to influence LLM gender
impressions, but they do emerge as significant under ACT predictions. We also observe that
valence and dominance play a more central role in shaping LLM-based gender impressions
of an actor within an interaction. Figure 8 illustrates ABR profiling interaction effects on
gender impressions for Actor Valence x Actor Dominance A; x A; and Actor Valence x
Behavior Valence (A, % By) across 8B-parameter model variants. We consistently see a main
effect of Actor valence, as evidenced by the green line appearing above the orange line in
all comparisons. Regarding the A, x B, interaction, only ACT demonstrates an interaction
predicting that negative actors enacting negative behaviors have neutral gender impression,
while positive actors enacting positive behaviors tend to lean female. Regarding A, x Ay
interaction, both ACT and LLMs exhibit minimal or no interaction effects. That said, GPT-4
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Model Intercept (:SE) Slope (£SE) t-value p-value R?

GPT-4 0.197 (0.003) 0.269 (0.017)  15.99 e 0.01
Llama.3.1.8B -0.304 (0.002) 0.159 (0.008)  20.04 ok 0.015
Llama.Instruct.8B  -0.405 (0.002) 0.353 (0.010)  33.99 il 0.043
Tulu.3.8B.SFT -0.419 (0.002) 0.290 (0.011)  27.37 o 0.028
Tulu.3.8B.DPO -0.563 (0.003) 0.318 (0.013)  25.21 ok 0.024
Tulu.3.1.8B -0.489 (0.003) 0.369 (0.013)  27.74 i 0.029
DeepSeek.R1.8B -0.657 (0.002) 0.190 (0.012)  15.89 e 0.01

Table 7: Linear regression results for Gy ~ GlacT across multiple 8B-parameter models.
Intercept, slope, and standard errors are reported, along with corresponding t-values, p-

values, and coefficient of determination (R?)

Llama-3.
i

Llama-In
L

DeepSee 1-8B
L

Actor -
o= Actor Valence—H

Actor Valence

Actor Dominance

T T ] T " T n T
Actor Dominance Actor Dominance Actor Dominance Actor Dominance. Actor Dominance

Figure 8: Summaries of ABR profiling interaction effects on gender impression for Actor
Valence x Actor Dominance and Actor Valence x Behavior Valence. Results for the 8B-
parameter model variants.

exhibits a subtle effect that differs from the mild patterns observed in pretrained Llama
and DeepSeek-R1. Specifically, for the two mentioned Llama variants, valence has little
impact for low-power actors, yet becomes influential for high-power actors. Meanwhile,
GPT-4 shows a reversed trend: weak actors shift from a male-leaning to a female-leaning
impression when they are perceived as good.
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D Experiments with Llama-3-70B and fine-tuned variants

Here we report the results of repeating the experiments with the larger 70B-parameter model
variants (Figure 9) to test the if the findings hold. We repeat all experiments and analysis on
the half of the dataset (every other sample amounting to a total of 12888 samples) which
incorporates all ABR profiles.

DeepSeek-R1-

70B

SFT

SFT- RLHF

v

SFT v RLHF RLVR

v
v

Figure 9: 70B-parameter model variants used in this study

Effect ACT GPT-4 Llama- Llama- Tulu-3- Tulu- Tulu- DeepSeek
3.1-70B Instruct-  70B-SFT 3-70B- 3.1-70B -R1-70B
70B DPO
Actpy .32 42 17 17 .16 .16 .16 17
Behypy .60 .06 .00 .01 .00 .00 .00 .00
Recp, .07 .08 .02 .00 .01 .01 .01 .00
Actpprehpr .30 .01 ns ns ns ns ns ns
ActprxRecpy 12 .01 ns ns ns ns ns ns
RecprxBehy, [:25 .01 ns ns ns ns ns ns
3-way int. 15 ns ns ns ns ns ns ns
Effect sizes are color-coded as: insignificant, , , ,and very large. All results are

significant (p < 0.05) unless marked ns. Values below 172 < .01 are shown as .00.

Table 8: Effect sizes (partial %) for gender impression variations across ABR profiles for the
70B-parameter model variants.

Model Ay A, Ay

ACT .07 .00 .03
GPT-4 23 | .00 | 22
Llama-3.1-70B .07 .02 .05
Llama-Instruct-70B .03 .00 .07
Tulu-3-70B-SFT .05 .00 .05
Tulu-3-70B-DPO .04 .00 .04
Tulu-3.1-70B .04 .00 .04

DeepSeek-R1-70B 02 .00 .06

Table 9: Effect sizes (partial 7?) for actor’s sentiment dimensions in predicting gender
impression of the 70B-parameter model variants. All results are statistically significant
(p < .05). Values < .01 are shown as .00.

We repeat the analysis using a one-way ANOVA, which confirmed that GI;y differed

significantly by model, F(6, 81529) = 5586, p < .001,77%> = .29. These results for the 70B-
parameter variants closely replicate the patterns observed with the 8B-parameter models.
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Figure 10: Main effect of valence on gender impression for 70B-parameter model variants.
Consistent with 8B models, higher A, increases female tendency across models, but all
LLaMA-tuned variants exhibit a male-leaning intercept.
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pe01 peo1 peo1 s]p<or

Female

Actor
-

Male -

Low Aq High A Low Ay High Aq - Low Ay High Ay Low As High Ay h Low Ag High Aq Low Ag High A Low Ay High A h Low A High Ag

Female

Behavior
.
.

Male -

Low By HighB, Low B High By - Lows, High B, Low B, High B, T loweg High B, Low By High B, Low By High B, TN High B4

Figure 11: Main effect of dominance on gender impression for 70B-parameter model variants.
Consistent with 8B models, high A is associated with male tendency, but GPT-4 reverses
this trend, assigning high dominance to female actors.

GPT-4 exhibits a significantly higher GIj ) relative to LLaMA-3.1-70B (mean difference
= +.63, p < .001). All other models produce negative means, with aligned variants
demonstrating an even stronger male-leaning bias. Interestingly, DeepSeek-R1-70B shows a
somewhat attenuated male bias compared to other fine-tuned models, although it remains
significantly more male-leaning than the base LLaMA-3.1-70B (mean difference = —.12,
p < .001).

Similar to trends observed with the 8B-parameter model variants, all 70B-parameter models
exhibit a higher female tendency for H (high) compared to L (low) valence actors, although
the magnitude of this shift varies substantially. As summarized in Figure 10 and Figure 11,
all LLaMA-3-70B derivatives remain consistently male-leaning across both actor types.

Similar to results in Section 4.4, the 8B-parameter model variants, linear regressions of
the form Glpppm ~ Glgcr yield the following R? values: about 1% of variance (R?> =
.010) in GPT-4 is explained by GlacT, roughly 3.7% in LLaMA-3.1-70B, 4% in LLaMA-
Instruct-70B,3% in Tulu-3-70B-SFT, 2.4% in Tulu-3-70B-DPO, 2.5% in Tulu-3-70B, and 2.7%
in DeepSeek-R1-70B. As seen in 8B-paramter model variants, although ACT scores align
directionally with model gender impressions, they only account for a small fraction of the
variability.

Model A DF= ODF= B DF= Ax0O AxB OxB AxOxB
7 7 6

ACT baseline 822.91***  126.33**  3056.37*** 35.90*** 127.24*** 96.93*** 7.62***

GPT-4 1310.88***  144.66**  137.84***  2.62*** 3.66™* 4.07*** 0.21ns

Llama.3.1.70B 376.98***  27.20%** 16.62%** 0.72ns  0.55ns  0.38ns  0.04ns

Llama.Instruct.70B  372.80%**  13.94*** 23.68*** 1.10ns 0.79ns 0.54ns  0.04ns
Tulu.3.70B.SFT 340.33***  20.30*** 17.88%** 0.78ns  0.66ns 0.29ns  0.04ns
Tulu.3.70B.DPO 342.64%**  20.09*** 17.87*** 1.33ns 1.08ns 0.41Ins 0.05ns
Tulu.3.70B 340.52%**  20.48*** 17.69%** 1.30ns 0.99ns 0.44ns 0.05ns
DeepSeek.R1.70B  363.78***  7.83*** 15.08*** 0.93ns 1.00ns 0.20ns 0.03ns

Table 10: Three-way ANOVA results for Results from Gl4cT ~ Act_pr * Rec_pr * Beh_pr
across 70B-parameter models, showing F-values and significance. Significance codes are
*** (p < .001), and ns (p > .05). A, B, and O represent Actor_profile, Recipient_profile, and
Behavior_profile, respectively.
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Model Intercept A, Ag Ay Ay XAy Ap XAy Agx Ay Ay x Ay X
a

ACT 0.04***  0.07*** -0.05*** -0.11*** 0.06*** 0.04*** 0.03* -0.01

GPT-4 -0.34**  0.55** 0.04* 0.54** -0.04 0.12¢%  0.11%%*  -0.44**

Llama.3.1.70B -0.45%*  0.29%*  0.08*** -0.06*** -0.17*** -0.34*** -0.19*** 0.46***

Llama.Instruct.70B -0.64***  0.45** 0.19*** 0.02*** -0.49*** -0.57*** -0.36*** (.83***
Tulu.3.70B.SFT -0.66***  0.44**  0.21*** 0.04** -0.39*** -0.53*** -0.39*** (.72***
Tulu.3.70B.DPO  -0.79***  0.53** (0.31*** 0.14** -0.52*** -0.64*** -0.54*** (.87***
Tulu.3.70B -0.79%*  0.53** 0.31*** 0.14** -0.54*** -0.64*** -0.55*** (.89***
DeepSeek.R1.70B  -0.63***  0.47*** 0.18*** 0.09*** -0.64™* -0.55*** -0.38*** (.89***

Table 11: Linear regression results for Glypp or Glacr ~ Ay X Az X Ay across 70B models.
Values are regression coefficients rounded to two decimals. Significance levels: *** (p < .001).
Ay is high (H) value of Actor valence, similarly for A, (arousal) and A; (dominance).

Model Intercept (:-SE) Slope (£SE) t-value p-value R?
GPT-4 0.214 (0.005) 0.275 (0.024) 11.46 i 0.01
Llama.3.1.70B -0.418 (0.003)  0.277 (0.012)  22.36 o 0.04
Llama.Instruct.70B ~ -0.568 (0.004)  0.389 (0.017)  23.01 il 0.04
Tulu.3.70B.SFT -0.557 (0.003)  0.333 (0.017)  20.07 o 0.03
Tulu.3.70B.DPO -0.626 (0.004)  0.340 (0.019)  18.25 e 0.03
Tulu.3.70B -0.623 (0.004)  0.347 (0.019)  18.48 il 0.03
DeepSeek.R1.70B -0.545 (0.004)  0.322(0.017)  18.43 o 0.03

Table 12: Linear regression results for Gl ~ GlacT across 70B-parameter models (plus
GPT-4). Intercept, slope, and standard errors are reported, along with corresponding ¢-
values, p-values, and coefficient of determination (R?). Significance level (p < 0.001) is
indicated by ***.

Lastly, Figure 12 examines the interaction effects of ABR profiling, specifically illustrating
Actor Valence x Actor Dominance (A, X Ay) and Actor Valence x Behavior Valence (A, X By)
across 70B-parameter variants. Similar to the 8B-parameter models, we observe a main
effect of Actor Valence across all comparisons, as indicated by the green line consistently
appearing above the orange line in all subplots. Regarding the A, x B, interaction, aside
from the notable effects predicted by ACT, LLMs exhibit near-zero interaction effects.
Similarly, for the A, x A, interaction, both ACT and LLMs show minimal interaction effects.
However, the Llama variants display a consistent trend, where actor valence appears more
influential on gender impression for weak actors, subtly shifting it toward a female-leaning
perception—though the effects remain very minor across all models.

ACT GPT4 Llama-3.1-70B Llama-Instruct-70B  Tulu-3-70B-SFT Tulu-3-70B-DPO Tulu-3-70B DeepSeek-R1-70B
1 1 p 1 1 1 1
Vaience = Actor Valence=L_ Actor Valence=. = = =

((((((((((((( = Actor Valence=L jalen alen
== Actor Valence=H == Actor Valence=H o= Actor Valence=H o= Actor Valence=H
0s 0s 05

Actor Valence
x
avior Valence
Fe

Beh:
Mal

Actor Valence
Actor Dominance

Figure 12: Summaries of ABR profiling interaction effects on gender impression for Actor
Valence x Actor Dominance and Actor Valence x Behavior Valence. Results for the 70B-
parameter model variants.
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E Prompt agreement

Here we present detailed descriptive statistics of experimentation across prompt templates
and model variants (Table 13. We also evaluate LLaMA-based models at both 8B and 70B
parameter scales, examining the reliability and prompt dependency of gender impression
measures (Table 14). The Intraclass Correlation Coefficient (ICC2) values illustrate the
consistency of female and male probabilities, as well as the derived gender impression
polarity measure (GIy 1), across different prompts. Overall, we observe that fine-tuned
variants demonstrate good to high reliability (ICC2), indicating stable gender impressions
across prompts. Notably, the base LLaMA-3.1 variants exhibit lower reliability, suggesting
greater sensitivity to prompt variations. At the 70B scale, most aligned variants show high
agreement (ICC2 ), reflecting robust impressions.

Prompt Llama- Llama- Tulu-3- Tulu-3- Tulu-3.1- DeepSeek- Average
3.1-8B 3.1-8B- 8B-SFT 8B-DPO 8B R1-8B

Instruct
Prompt-I
F 0.17+£0.10  0.17+0.17 0.22+0.17 0.20+0.25 0.23+0.25 0.14+0.23 0.19+0.19
M 0.40+0.11  0.54+0.17 0.56+0.17 0.75+0.25 0.67+0.25 0.83+0.24 0.62+0.20
S 0.57+0.08  0.71+0.05 0.79+0.04 0.95+0.02 0.90+0.04 0.96+0.02 0.81+0.04
Prompt-II
F 0.23+0.10  0.21+0.12 0.21+0.15 0.13+0.17 0.14+0.18 0.06+0.10 0.17+0.14
M 0.57+0.09  0.55+0.12 0.68+0.14 0.75+0.18 0.63+0.18 0.76+0.12  0.66+0.14
S 0.81£0.05 0.76+0.06 0.89+0.04 0.88+0.07 0.77+0.10 0.82+0.07 0.82+0.07
Prompt-III
F 0.26+£0.13  0.25+0.15 0.28+0.17 0.26+0.23 0.26+0.21 0.26+0.26  0.26+0.19
M 0.27+0.15  0.42+0.19 0.51+0.20 0.61+0.25 0.52+0.25 0.66+0.29 0.50+0.22
S 0.52+£0.18  0.67+0.14 0.79+0.12 0.87+0.15 0.78+0.19 0.92+0.07 0.76+0.14
Prompt Llama- Llama- Tulu-3- Tulu-3- Tulu-3- DeepSeek- Average
Templates  3.1-70B 3.3-70B-  70B-SFT  70B-DPO 70B R1-70B

Instruct
Prompt-I
F 0.18+0.12  0.15+0.21 0.18+0.19 0.17+0.24 0.17+0.24 0.20£0.24 0.18+0.21
M 0.46+£0.13  0.74+0.23 0.63+0.20 0.73+0.25 0.73+0.25 0.72+0.25 0.67+0.22
S 0.65+0.07  0.89+0.03 0.81+0.06 0.90+0.05 0.90+0.05 0.92+0.04 0.84+0.05
Prompt-II
F 0.26+0.11  0.27+0.20 0.20+0.16 0.16+0.19 0.17+0.20 0.21+0.16  0.21+0.17
M 0.55+£0.11  0.62+0.19 0.68+0.17 0.75+£0.20 0.76+0.20 0.61+0.17 0.66+0.17
S 0.81+0.08  0.89+0.03 0.88+0.04 0.91+0.05 0.93+0.04 0.82+0.06 0.87+0.05
Prompt-III
F 0.13+0.09  0.14+0.13  0.13+0.12 0.12+0.15 0.13+0.15 0.16+0.15 0.13+0.13
M 0.36+£0.15  0.66+0.18 0.44+0.18 0.51+0.22 0.51+0.22 0.61+0.21 0.52+0.19
S 0.49+0.14  0.79+0.09 0.57+0.13 0.64+0.16 0.64+0.16 0.77+0.11  0.65+0.13

Table 13: Statistics of Female (F), Male (M), and Sum (S) probabilities across different models
and prompts. Results for the 8B and 70B-parameter model variants.
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Model

Female ICC2 (95% CI)

Male ICC2 (95% CI)

GI; 1 p ICC2 (95% CI)

Llama-3.1-8B
Llama-8B-Instruct
Tulu-3-8B-SFT
Tulu-3-8B-DPO
Tulu-3.1-8B
DeepSeek-R1-8B

0.482 (0.34 - 0.59
0.641 (0.54 - 0.72
0.738 (0.65 - 0.80
0.677 (0.54 - 0.76
0.672 (0.54 - 0.76
0.501 (0.28 - 0.65

0.165 (-0.01 - 0.35)
0.502 (0.30 - 0.64)
0.543 (0.27 - 0.70)
0.570 (0.42 - 0.68)
0.540 (0.41 - 0.64)
0.482 (0.35 - 0.58)

0.372 (0.04 - 0.61)
0.609 (0.43 - 0.72)
0.670 (0.45 - 0.79)
0.650 (0.49 - 0.75)
0.662 (0.54 - 0.74)
0.510 (0.35 - 0.62)

Llama-3.1-70B

Llama-3.3-70B-Instruct

Tulu-3-70B-SFT
Tulu-3-70B-DPO
Tulu-3-70B
DeepSeek-R1-70B

0.642 (0.41-0.77
0.764 (0.69 - 0.82
0.753 (0.73 - 0.78
0.767 (0.74 - 0.79

)
)
)
)
)
)
0.505 (0.16 - 0.70)
)
)
;
0.742 (0.71 - 0.77)

0.333 (0.10 - 0.51)
0.690 (0.54 - 0.78)
0.477 (0.10 - 0.70)
0.514 (0.19 - 0.70)
0.515 (0.18 - 0.71)
0.666 (0.54 - 0.75)

0.693 (0.67 - 0.71)
0.693 (0.52 - 0.79)
0.738 (0.60 - 0.82)
0.715 (0.60 - 0.79)
0.719 (0.60 - 0.79)
0.740 (0.71 - 0.77)

Table 14: Intraclass Correlation Coefficient (ICC2) for female probability, male probability,
and gender impression polarity measure Gl across models. Results for the 8B and
70B-parameter model variants. ICC2 from 0.40 to 0.75 are considered fair to good agreement,
and those > 0.75 are considered high agreement.
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