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As AI agents increasingly operate in multi-agent settings, alongside other models and humans,

understanding how they respond to the opinions they find in their prompt becomes critical for

predicting the outcome of these interactions. This study examines conformity-like behavior, the

tendency to align with group opinions, in large multimodal language models functioning as AI

agents. By adapting classic visual experiments from social psychology, we investigate how these

agents respond to social signals in the prompt. Our experiments reveal that AI agents exhibit a

systematic conformity bias consistent with Social Impact Theory. Their responses vary with

majority size, group unanimity, task difficulty, and source characteristics, including perceived

authority and shared group membership. Critically, AI agents achieving near-perfect performance

in isolation become highly susceptible to manipulation through social influence. This vulnerability

persists across model scales: while larger models show reduced conformity bias on simple tasks,

they remain vulnerable when the task is difficult. These findings reveal security vulnerabilities in AI

agent decision-making that could enable malicious manipulation, misinformation campaigns,

and bias propagation in interactions with other models and with humans, highlighting the

urgent need for safeguards in AI deployments.

Keywords: AI agents, Conformity, Multimodal language models, Social Impact Theory, Social

influence

1. INTRODUCTION

The rapid advancement of large language mod‐

els (LLMs) (OpenAI et al., 2023) has catalyzed the

emergence of sophisticated AI agents capable

of autonomous decision-making (Park et  al.,

2023). These agents demonstrate remarkable in‐

dividual capabilities spanning code

generation  (Jimenez et  al., 2023; Yang et  al.,

2024), medical diagnosis  (Singhal et  al., 2023),

mathematical reasoning  (DeepMind, 2025;

Romera-Paredes et  al., 2024), and scientific re‐

search (Boiko et al., 2023; Novikov et al., 2025), of‐

ten achieving human or super-human perfor‐

mance on specific tasks  (OpenAI et  al., 2023).

However, the next frontier lies not in creating

ever-more-capable individual models, but in

https://doi.org/10.56296/aip00072
https://advances.in/psychology/10.56296/psychology-of-agentic-ai-special-issue/
https://orcid.org/0009-0004-3971-8025
https://orcid.org/0009-0004-3971-8025
https://orcid.org/0000-0002-3127-5336
https://orcid.org/0000-0002-3127-5336
https://orcid.org/0000-0002-2820-9151
https://orcid.org/0000-0002-2820-9151
mailto:alessandro.bellina@cref.it


Perceptual conformity in multimodal language models Bellina et al. (2026)

advances.in/psychology 2

developing systems where multiple AI agents

coordinate effectively at scale. This paradigm

shift is already emerging through frameworks

such as AutoGPT, Concordia (Vezhnevets et  al.,

2023), Microsoft’s AutoGen (Wu et al., 2024), and

OpenAI’s SWARM, which enable meaningful in‐

teraction between agents rather than simple

ensembling of models. As these agents increas‐

ingly operate alongside one another, from auto‐

mated trading systems that can trigger flash

crashes (Johnson et  al., 2013) to collaborative

platforms that coordinate complex workflows

(Shen et al., 2023), understanding how the con‐

text they receive shapes their answers becomes

crucial for anticipating the dynamics of AI-

driven systems.

A key determinant of group dynamics in any so‐

cial system is conformity, the tendency of indi‐

viduals to adjust their judgments, attitudes, or

behaviors to align with those of a group, partic‐

ularly when under perceived social pressure

(Asch, 1955; Sherif, 1935, 1936). This phenomenon

has been the subject of extensive research over

the past decades (Bond & Smith, 1996; Cialdini &

Goldstein, 2004; Deutsch & Gerard, 1955). In hu‐

man societies, conformity serves dual functions:

it promotes group cohesion, facilitates social

learning, and enables the transmission of social

norms (Kelman, 1958; Turner, 1991), yet it can also

lead to the suppression of dissent, systematic

misjudgment, and the propagation of errors

(Janis, 1972; Sunstein, 2006). As we deploy in‐

creasing numbers of AI agents in collaborative

settings, understanding whether and how they

exhibit conformity-like behaviors becomes es‐

sential for predicting the stability, efficiency, and

potential vulnerabilities of these systems.

Decades of research in social psychology have

identified the key mechanisms underlying hu‐

man conformity. The classic experiments by

Solomon Asch (1956, 2016) demonstrated that

individuals conform to group judgments even

when the objective reality is unambiguous, with

conformity influenced by factors such as the size

of the majority (Asch, 1956; Bond, 2005; Gerard

et  al., 1968; Rosenberg, 1961), the unanimity

(Allen, 1965; Asch, 1955; Moscovici et  al., 1969;

Nemeth, 1986), the ambiguity of tasks

(Crutchfield, 1955; Gergen & Bauer, 1967; Hertz &

Wiese, 2016; Klein, 1972; Nordholm, 1975), and the

characteristics of the source, including per‐

ceived authority and group membership

(Abrams et  al., 1990; Bickman, 1974; Blass, 1991;

Brewer, 1993; Crandall et al., 2002; Hofling et al.,

1966; Hogg & Abrams, 1999; Hogg & Turner, 1987;

Latané, 1981; Latané & Nida, 1981; Latané & Wolf,

1981; Mackie, 1986; McPherson et  al., 2001;

Milgram, 1963; Tajfel et  al., 1971). Cultural back‐

ground and demographic traits have also been

shown to affect susceptibility to social pressure

(Bond & Smith, 1996). These results lead to the

Social Impact Theory (Latané, 1981; Latané &

Nida, 1981; Latané & Wolf, 1981), which formalizes

conformity as a function of three core variables:

the number (N) of influencing agents, their

strength (S) (e.g., perceived authority or exper‐

tise) and their immediacy (I), defined as social,

spatial, or temporal proximity.

Recent evidence suggests that AI agents exhibit

individual and collective behaviors that resem‐

ble human behavior across various social and

cognitive tasks (Argyle et al., 2023; Ashery et al.,

2025; Binz & Schulz, 2023; De Marzo et al., 2023,

2024; Ganguli et  al., 2023; Schramowski et  al.,

2022), and reflect the opinions and values of par‐

ticular human groups (Buyl et al., 2026; He et al.,

2024; Santurkar et  al., 2023). Recent work has

also documented conformity-like responses to

majority answers in text-based question-an‐

swering and multi-agent reasoning settings

(Weng et al., 2025; Zhu et al., 2025). These stud‐

ies measure how often a model adopts the ma‐

jority answer, and relate it to the model’s own

uncertainty and instruction tuning, to the tone

and size of the majority, and to the duration of

the interaction. A concurrent benchmark poses

the question for multimodal models on existing

datasets (Luo et al., 2026), and related work asks

what the composition of a majority contributes

beyond its size (Denton et al., 2026), whether the

effect reflects informational or normative influ‐

ence (Zhong et al., 2025), and how much of the

shift survives once the social frame is removed

from the prompt (Hu & Qu, 2026). Although the

underlying mechanisms driving these similari‐

ties, whether emergent social cognition, learned

patterns from training data, in-context learning,

or artifacts of reinforcement learning from hu‐

man feedback, remain an open question (Barrie
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Figure 1

Summary of the experimental setup. Illustration of the general experimental setting for the three visual tasks:

line judgment, color recognition, and dots estimation. Each prompt consists of four main components: the

image, the question, the  prior responses sampled from a pool of naturalistic answers, and a closing

instruction to answer with a single label. In the baseline condition ( ) the third component is omitted.

Variants of this setup, used across the different experimental conditions, are described in Section 2. Full prompt

examples are provided in Section S1.

& Törnberg, 2025), our focus is pragmatic: under‐

standing how conformity-like patterns manifest

in multimodal AI agents and identifying the fac‐

tors that modulate their strength. This behav‐

ioral characterization is essential for predicting

and managing the dynamics of deployed AI sys‐

tems (Rahwan et al., 2019), regardless of the spe‐

cific mechanisms that give rise to these

patterns.

The implications of conformity in AI agent de‐

ployments are profound and bidirectional.

Positive conformity effects could enhance coor‐

dination, stabilize group decision-making, and

facilitate the emergence of beneficial social

norms, critical capabilities as AI agents increas‐

ingly collaborate on complex tasks (Ashery et al.,

2025; De Marzo et  al., 2026). Conversely, exces‐

sive conformity poses significant risks: it could

amplify misinformation, suppress innovative so‐

lutions, create systemic vulnerabilities to manip‐

ulation, and lead to cascade failures when

groups of agents converge on incorrect

decisions. Understanding these dynamics is es‐

sential as AI agents transition from isolated tools

to interconnected systems operating at un‐

precedented scales.

In this study, we systematically examine con‐

formity-like behavior in large multimodal lan‐

guage models by adapting classic visual experi‐

ments from human social psychology to AI

agent contexts. We use twelve open-source

models, from 3 to 34 billion parameters, whose

output logits give a continuous measure of each

answer. The experiments are conducted in a sin‐

gle-agent prompt setting: the model observes

prior responses attributed to other participants,

without explicitly interacting with other agents.

Rather than attempting to simulate human

cognition, we investigate how AI agents shift

their answers when exposed to group pressure

in the prompt. By manipulating factors known

to influence human conformity, including group

size, unanimity, and source characteristics, we

evaluate whether analogous contextual
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variables modulate AI agent susceptibility to so‐

cial influence. Our contribution is a systematic

test of conformity-like behavior through the lens

of Social Impact Theory, quantifying the role of

the number, strength and social composition of

the sources together with that of task difficulty

and model performance.

2. METHODS

2.1. Experimental Settings

2.1.1. General Task Preparation

All experiments share a common core setup,

upon which targeted variations are introduced

to isolate specific factors influencing conformity.

In each trial, the model is presented with a vis‐

ual discrimination task based on a synthetic im‐

age. We consider three types of tasks:

line judgment: the image displays three ver‐

tical lines labeled “A,” “REFERENCE LINE,”

and “B.” The model must identify whether

line A or B matches the length of the

reference.

color recognition: the image shows three

colored squares labeled “A,” “REFERENCE

COLOR,” and “B.” The model must choose the

square that matches the reference color.

dots estimation: the image includes three

boxes containing a number of dots, labeled

“A,” “REFERENCE BOX,” and “B.” The model is

asked to identify which box has the same

number of dots as the reference.

Examples of the stimuli used for each task are

shown in Figure  1. For each trial, we randomly

generate new images by varying relevant visual

properties (e.g., line lengths, colors and dot

counts) as well as the position of the correct op‐

tion (A or B), to minimize biases related to spa‐

tial layout or label preference. We also report, in

the Supplementary Materials (Section  S5), the

results of the experiments on a fourth task, the

recognition of handwritten digits (MNIST; LeCun

et  al., 1998). This task lies outside the classical

paradigms of the conformity literature and

serves to rule out that the models reproduce re‐

sults memorized from it.

To control for baseline model accuracy, we first

evaluate the probability of a correct response in

the absence of prior-response context, denoted

as . All experiments are conducted us‐

ing only images that the model, with no prior-

response context, answers correctly with proba‐

bility at least  (median  above 

across models and tasks; Section  S3), ensuring

that the model reliably understands the task

under neutral conditions. This guarantees that

conformity effects are not confounded by base‐

line performance or perceptual misinterpreta‐

tions. This filtering was possible for all models in

the color recognition task, which only requires

reading and comparing pixel-level RGB values.

For the line judgment and dots estimation

tasks, we excluded the Qwen2 7B and Qwen2.5

3B models, as even under the easiest configura‐

tions they could not reach the required baseline

accuracy. The analyses therefore cover 32 com‐

binations of model and task: twelve models on

color recognition and ten on each of the other

two tasks.

In each test, the model is instructed to respond

with a single letter corresponding to one of the

options (  or ). From the logits of the two to‐

kens we obtain the probability of the correct

and of the incorrect answer,  and , re‐

spectively; we refer to the latter as the error

probability. We vary the number of confederates

 and quantify the tendency to follow the incor‐

rect majority through . We define the

conformity bias as the area under the error

probability curve  across group sizes,

net of the baseline error probability.

2.1.2. Group Size and Unanimity

For each model and task, we use a pool of 61 to

64 images that satisfy this criterion. The base‐

line prompt, corresponding to the no-pressure

condition ( ), is illustrated in Figure 1.

To create the prior-response condition, we aug‐

ment the prompt by stating that other partici‐

pants, hereafter confederates, have provided

answers (always incorrect for Figure  2a). These

responses are randomly sampled from a neu‐

tral-sounding pool of statements, detailed in the

Supplementary Materials (SM). We vary the

number of confederates , and for each value,
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we measure the error probability  (prob‐

ability of producing the incorrect answer).

Natural language is the closest analogue of the

human paradigm and the form we report

throughout; the effect is unchanged when only

the bare answers are shown (Section  S4). This

process is repeated for 61 to 64 random trials per

value of .

In the unanimity condition (Figure  2c), we vary

not only the number of confederates but also

the proportion of them giving correct answers.

This allows us to test the effect of broken una‐

nimity. The exact prompts used for each condi‐

tion are reported in the SM.

2.1.3. Task Difficulty

In all tasks, the level of difficulty is determined

directly from the parameters used to generate

the synthetic images. This allows for an objec‐

tive and model-independent measure of task

complexity, based purely on visual differences

between the correct and incorrect options.

For the color recognition task, images are gen‐

erated from two RGB vectors: one for the refer‐

ence color, and one for the distractor color. The

larger the difference between them, the easier

the task. We define a simplicity index for each

image as , where 

is the Euclidean distance between the two color

vectors. The task difficulty used in Figure  3b is

then defined as the maximum simplicity value

minus the simplicity of the given image, so that

higher values correspond to higher difficulty.

For the line judgment task, the same principle

applies. The image generation function defines

two line lengths: one for the reference and one

for the comparison line. Larger length differ‐

ences make the task easier, while smaller ones

make it harder. The difficulty index is therefore

the inverse of the absolute length difference be‐

tween the two lines. Finally, in the dots estima‐

tion task, we regulate the difference between

the number of dots in the reference box and in

the distractor box. As before, task difficulty is the

inverse of this difference.

For the experiments testing task difficulty, we

generated 9 to 13 levels of difficulty per model

and task, each corresponding to a fixed range of

visual differences between the correct and in‐

correct options. For each level, we created about

50 images at comparable average difficulty, re‐

sulting in a total of 463 to 795 images per model

and task that meet the criterion of Section  2.1.1

(Section  S3). Each image was then used in a

conformity experiment following the same pro‐

cedure described above, allowing us to record

conformity bias as a function of task difficulty for

each model.

2.1.4. Performance

To assess model performance, we use the same

images generated for the task difficulty experi‐

ments. For each image, we compute the differ‐

ence between the logits of the correct and of

the incorrect answer, obtained from the model’s

output distribution before applying the softmax

function; since the softmax depends only on

this difference, it is the log-odds of the correct

response. This difference provides a model-de‐

pendent proxy of how strongly the correct op‐

tion is favored, that is of the model’s confidence

when it answers alone. Higher values corre‐

spond to stronger probability mass assigned to

the correct response. This quantity is therefore

used as a proxy for model performance in the

analyses reported in Figure 3a and 3b.

2.1.5. Normative Effects

To investigate normative conformity, we use the

same pool of images as in Section 2.1.2. We de‐

sign two experimental conditions that differ

only in how the model is informed about the

visibility of its response to others.

In the private condition, the prompt specifies

that the model’s answer will not be seen by

other participants. This is intended to isolate the

informational component of conformity, as the

model has no social incentive to align with the

group. We use 100 paraphrased statements with

equivalent meaning to minimize linguistic bias.

Examples include:

"Your response will not be shared with other

participants.";

"Other participants will not be able to see

your answer.";

"Your answer will not be visible to the group."
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In the public condition, we use the exact inverse

statements, indicating that the model’s answer

will be shared with others. This adds a visibility

cue analogous to those used in human studies

of normative influence. Examples include:

"Your response will be shared with other

participants.";

"Other participants will be able to see your

answer.";

"Your answer will be visible to the group."

For each pair of matched prompts (one private,

one public), we run the full conformity experi‐

ment and compute the difference in conformity

bias between the two conditions:

This score quantifies the increase in conformity

associated with making the model’s response

public. We assess the statistical significance of

this effect across the 100 prompt variations us‐

ing  confidence intervals obtained by resam‐

pling stimuli. Results are shown in Figure  3c,

one point per model and task. Examples of the

prompt variations used in these experiments

are also provided in Section S1.

2.1.6. Social Impact Theory

To evaluate the role of source strength in shap‐

ing conformity, we modify the baseline prompt

by replacing the generic term “participants”

with more specific social roles: “chatbots,” “kids,”

“scientists,” “policemen,” “military officers,” “ex‐

perts,” and “judges” (see Figure 4a). This manip‐

ulation allows us to assess whether the per‐

ceived authority or expertise of the source mod‐

ulates model behavior, as suggested by the

Social Impact Theory.

To test social proximity, we consider nationality

as a social identity attribute. The model is as‐

signed a random identity at the beginning of

each experiment, and the responses of other

participants are labeled as coming from either

the same or a different group. We define a set of

ten nationalities, and at the start of each trial

the model is told: “Your nationality is

nationality1.” When presenting the responses

of other participants, each is prefixed with the

corresponding group label, for example:

nationality2: reply 1: I think the answer is B.

We then compare two conditions: one where

nationality1 and nationality2 are the same,

and another where they differ. Results are

shown in Figure  4b, while the complete list of

nationalities used is provided in Section S1.

To investigate in-group bias, we adapt the set‐

ting to eliminate specific attributes. A random

letter is selected to represent a group label

(group1), and the model is informed: “You will

be divided into groups with other participants.

Your group is group1.” Each confederate re‐

sponse is preceded by its group identity: group2:

reply 1: I think the answer is B. As before, we

compare conformity bias when group1 and

group2 are either the same or different

(Figure 4b and 4d).

The experiments testing spatial and temporal

proximity are presented in Figure  4e. In these

conditions, the baseline prompt is extended

with framing statements specifying the position

or time of each confederate:

spatial condition: “Each participant is lo‐

cated at a specific distance from you, which is

indicated before their response.”

temporal condition: “Each participant re‐

sponded at a different time, which is indi‐

cated before their response.”

Each response is then annotated accordingly.

For instance:

spatial: “reply 1 (distance from you: 10 meters

away): I think the answer is B.”

temporal: “reply 1 (time of reply: 10 minutes

ago): I think the answer is B.”

Two main conditions are tested: one where all

responses are described as occurring “right

here” or “right now,” simulating the perception

of immediate presence, and another where re‐

sponses are described as coming from sources

located farther in space or time. Each distance

or delay is a separate condition, shared by all the

replies of a trial (the full list of values is reported

in Section S1, and the results at every level in

Figure  S4). Conformity bias is then compared

between the near and distant conditions, show‐

ing a significant reduction in conformity bias
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when responses are perceived as spatially or

temporally distant (see Figure  S3c,d in

Section S2).

All experiments in this section use the same im‐

age pool as described in Section 2.1.2.

2.2. Models Employed

For our analysis, we employed a range of open-

source multimodal models, including Qwen2 7B

(Wang et al., 2024), Qwen2.5 3B, 7B, and 32B (Bai

et al., 2025); Gemma3 4B, 12B, and 27B (Gemma

Team et al., 2025); Mistral Small 3.1 24B (Mistral

AI, 2025); and Ovis2 4B, 8B, 16B, and 34B (Lu

et al., 2024).

Table  1 reports the exact model identifiers used

throughout the paper, together with the abbre‐

viations adopted for clarity.

Results for each model and task are given in

Section S2.

3. RESULTS

3.1. General Drivers of Conformity

3.1.1. Group Size and Unanimity

We begin by examining how the error probabil‐

ity  varies with group size . Since the

first studies on social influence, the size of the

group has been identified as a critical factor in

modulating conformity (Asch, 1955). In human

experiments, conformity tends to increase

rapidly with , reaching a plateau after approxi‐

mately three to four confederates. The resulting

saturation typically stabilizes at an error rate of

30–40% under social pressure.

Figure  2a) shows how the error probability

 varies across different models as a

function of . As in human participants, the er‐

ror probability rises steeply over the first few

confederates and then flattens, in nearly every

model and task: the functional form matches

the classic Asch pattern. The magnitude does

not. The plateau sits well above the human

range, and in the most affected models and

tasks the model ends up aligning almost com‐

pletely with an incorrect majority. As shown in

Figure  2b), the same qualitative pattern holds

across the three tasks, although its magnitude is

task-dependent.

We also assess the effect of unanimity among

confederates. In human participants, the pres‐

ence of even a single ally has been shown to sig‐

nificantly reduce conformity. We vary the pro‐

portion of correct and incorrect responses in the

prompt. As illustrated in Figure  2c), breaking

unanimity lowers the error probability. The panel

spans the number of confederates on the hori‐

zontal axis and the fraction of them answering

incorrectly on the vertical one. The error proba‐

bility changes mostly along the vertical axis:

with many confederates, moving from all-cor‐

rect to all-incorrect answers covers almost its

whole range, while adding confederates at a

fixed fraction changes it less. The composition of

the group therefore matters more than its size,

and a balanced group reduces the effect with‐

out suppressing it. This indicates that the ob‐

served behavior depends systematically on the

composition of the prompt context: holding the

number of incorrect responses fixed, adding

correct ones lowers the error probability

(Section S5). Extended results for different mod‐

els, visual tasks, and unanimity conditions are

reported in Section S2.

These results also identify direct prompt-level

levers for controlling the effect: limiting the size

of an incorrect majority and introducing even a

small amount of correct dissent can substan‐

tially reduce conformity-like shifts.

3.1.2. Effect of Model Performance and Task

Difficulty

Another potential driver of the conformity bias

lies in model performance, which reflects the

model’s baseline reliability on the task. We

quantify this performance proxy through the

difference between the logits of the correct and

of the incorrect answer, that is the log-odds of

the correct answer. Differently from task diffi‐

culty, which is an external and model-indepen‐

dent property of the stimulus, the log-odds pro‐

vides a model-dependent measure of how

strongly the model favours the correct option. A

high value indicates a stronger model prefer‐

ence for the correct answer. A negative relation‐

ship is expected between this performance

proxy and conformity bias: the more strongly
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Table 1

Model abbreviations and corresponding full model identifiers.

Abbreviation Full Model Name

Qwen2.5 3B Qwen2.5-VL-3B-Instruct

Qwen2.5 7B Qwen2.5-VL-7B-Instruct

Qwen2.5 32B Qwen2.5-VL-32B-Instruct

Qwen2 7B Qwen2-VL-7B-Instruct

Gemma3 4B gemma-3-4b-it

Gemma3 12B gemma-3-12b-it

Gemma3 27B gemma-3-27b-it

Mistral3.1 24B Mistral-Small-3.1-24B-Instruct-2503

Ovis2 4B Ovis2-4B

Ovis2 8B Ovis2-8B

Ovis2 16B Ovis2-16B

Ovis2 34B Ovis2-34B

the model favours the correct answer, the less

likely it should be to change its answer. In hu‐

mans, a similar pattern has been reported

(Crutchfield, 1955), where conformity was found

to decrease with higher IQ and cognitive ability,

interpreted as a proxy for task performance and

confidence. For AI agents the relationship is as

expected: within a model, the stimuli on which

its performance is higher are those on which it

conforms less (Figure  3a), as reported for text

models (Zhu et al., 2025).

A further factor influencing conformity is the in‐

trinsic difficulty of the task. In human experi‐

ments, it has long been observed that more dif‐

ficult tasks lead to higher conformity levels, as

individuals tend to rely more on the group when

they feel uncertain about their own judgment

(Crutchfield, 1955; Sherif, 1935). In our framework,

task difficulty can be quantified directly from

the image generation procedure: for each task a

generation parameter sets how far apart the

two options are, namely the RGB distance, the

difference in line length, or the difference in dot

counts (Section  2). This provides an objective

and model-independent measure of task

difficulty.

As shown in Figure  3b, the conformity bias in‐

creases with task difficulty. The relationship is

clear and significant for most models and tasks

(Section S7): the harder the task, the more likely

the model is to align with the majority. This pat‐

tern is qualitatively consistent with established

human results, where higher task difficulty and

perceptual challenge are known to amplify

conformity.

The overall picture, illustrated in Figure  3b)

shows that both predictors matter, although

they are linked, since a harder task lowers

model performance: conformity bias rises only

moderately with task difficulty at every level of

performance, while at a fixed difficulty it is

clearly larger where model performance is

lower. A multivariate regression confirms these

observations: both are significant predictors of

conformity bias, performance the stronger one

(see Table S1). Since in our tasks difficulty is set

by how far apart the two options are, part of its

effect may come from a wrong answer that is

nearly right. Improving a model’s accuracy or

confidence, however, does not make it immune

to incorrect majority responses: even on the

stimuli on which it is most confident, the con‐

formity bias remains above zero in every model

and task (Section S7). This suggests that mitiga‐

tion efforts should focus especially on difficult

inputs near the model’s competence boundary,

where conformity-like shifts are most likely to

emerge.

3.1.3. Normative Effects

A foundational distinction in social psychology

separates two types of conformity: informa‐

tional and normative (Deutsch & Gerard, 1955).

Informational conformity arises when individu‐

als rely on the group to resolve uncertainty or
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Figure 2

General drivers of conformity in LLMs. a) Error probability , used as a proxy for conformity, as a function of

group size  (i.e., number of confederates), one line per model family; individual models are reported in the

Supplementary Materials. All families show a clear conformity bias, and nearly all curves saturate, at a median

 of . For one representative curve, the shaded area illustrates the conformity bias, defined as the area

under the  curve (AUC) net of the baseline error; its value is printed inside it, and that of each other

family at the end of its curve. b) Error probability  as a function of  across the three visual tasks (line

judgment, color recognition, and dots estimation), pooled over all models: the curves are qualitatively similar

across the three tasks, although they saturate at different levels, lowest on dots estimation. c) Error probability

over the plane of group size and fraction of wrong answers, pooled over all models and tasks. Composition

dominates size: in the pooled data, two unanimous confederates raise the error probability more than ten of

which half are correct (  against ). All 65 attainable combinations carry  observations each. Shaded

bands in a) and b) are 95% confidence intervals obtained by resampling model–stimulus pairs; c) is a measured

surface and carries none.

ambiguity, assuming that others may possess

better knowledge or insight. In such cases, con‐

forming is seen as a rational strategy to improve

accuracy. Normative conformity, instead, reflects

a social motivation: individuals align with the

group not because they doubt their own judg‐

ment, but to avoid standing out, preserve group

cohesion, or prevent social rejection. This form

of conformity can occur even when the correct

answer is known or suspected, indicating a

pressure to conform rooted in social dynamics

rather than cognitive uncertainty.

To test whether response visibility modulates

the effect, we compare two conditions: in the

private condition the model is told that its an‐

swer will remain unseen by the others, and in

the public condition that it will be shared with

them.

We then compare the two settings by comput‐

ing the difference in the conformity bias across

100 prompt variations (see Section 2 for details).

As shown in Figure  3c, most models exhibit an

increase in conformity bias when responses are

made public. The remaining models and tasks

show small negative differences, mostly not dis‐

tinguishable from zero. These results indicate

that response visibility can modulate the con‐

formity-like shift in the direction predicted by

normative-conformity accounts. Thus, keeping

model judgments private or independently

committed before aggregation can reduce con‐

formity-like shifts. The effect also depends on

how the sharing is framed: when the model is

also told why its answer will be shared, the extra

conformity disappears, and in many models and

tasks reverses (Section  S4.3). Independently of

visibility, asking the model to judge the image

on its own evidence lowers the conformity bias

in every model and task (Section S4).

3.2. Social Impact Theory in AI Agents

3.2.1. Strength of the Sources

The Social Impact Theory (Latané, 1981; Latané &

Wolf, 1981) identifies three core variables that in‐

fluence the conformity bias: group size ,

source strength , and immediacy . This
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Figure 3

Scaling of conformity bias with model performance, task difficulty and response visibility. (a) Conformity bias as

a function of model performance, across all models and visual tasks. Each point represents a set of images

with a specific level of performance, one of twenty quantiles within each model and task, placed at its

percentile; one smoothed line per model family. The higher the performance, the lower the conformity bias,

with a strong correlation (median Spearman  within each model and task, negative in 30 of the 32

combinations). (b) Conformity bias as a function of task difficulty and model performance across all models

and visual tasks. Images are grouped into five bins based on the log-odds of the correct answer, in quintiles

within each model and task, used as a proxy for performance. For each bin, the average conformity bias,

centered within each model and task, is shown as a function of normalized task difficulty, with shaded areas

indicating 95% confidence intervals over models and tasks. Conformity bias increases only moderately with

task difficulty across all performance levels, while at fixed difficulty it is clearly larger for the stimuli on which

model performance is lower. A multivariate regression confirms that both task difficulty and performance

significantly predict conformity bias, performance with the larger effect (see Table S1). (c) Difference in

conformity bias between public and private response conditions, one point per model and task, sorted. Positive

values indicate higher conformity bias when responses are public, that is when the model is told that its

answer will be shared with the other participants rather than kept private. Vertical bars are 95% bootstrap

confidence intervals over stimuli, and a point is filled where the interval excludes zero. The difference is positive

in 27 of the 32 combinations, and its interval excludes zero in 21.

relationship is commonly formalized as:

Group size was examined above; we now test

the other two. The variable , or source strength,

refers to the perceived authority, expertise, or

credibility of the influencing agents. In human

experiments, individuals are more likely to con‐

form when the influence originates from figures

viewed as authoritative or knowledgeable. For

example, participants tend to align more with

the opinions of scientists, doctors, or police offi‐

cers, compared to those of peers or anonymous

individuals.

We replace the neutral label “participants” with

roles of differing perceived authority: “scientists”,

“judges”, “policemen”, “military officers”, “ex‐

perts”, “kids”, or “chatbots”. Figure  4a) shows

how the error probability curves 

change as a function of the source type. Overall,
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Figure 4

The Social Impact Theory in AI agents. (a) Error probability  as a function of group size  under different

source strengths, pooled over all models. The base condition (dashed) refers to generic participants. (b) Error

probability curves for different levels of social proximity, pooled over all models. The model is assigned a

nationality or a group identity, and confederate responses are labeled as the same or a different group. The

black dashed curve shows the neutral baseline with no identity specified. (c) Average conformity bias,

measured as the area under the curves in panel (a) relative to the base condition, shown separately for the

three tasks as a function of source strength. Stronger sources produce a larger conformity bias, and sources

below zero a smaller one. Pure authority has no consistent effect: “policemen” and “military officers” raise it in

only about half of the models and tasks. (d) Rise in conformity bias from sharing a nationality (horizontal) and

from sharing an arbitrary group label in the minimal group experiment (vertical), against a different one, one

point per model and task. Both are positive in all 32 combinations, and the nationality is slightly the larger in

most. (e) Shift in conformity bias between near and distant confederates, in space (filled) or time (open): the

conformity bias with near confederates minus its mean over ten distances or delays, one point per model,

sorted by the effect in space. Bands in a) and b) are 95% confidence intervals obtained by resampling model–

stimulus pairs, and bars in e) by resampling stimuli.

models tend to conform more when exposed to

responses attributed to socially “strong” sources

associated with expertise, such as experts, sci‐

entists or judges, and less when those re‐

sponses come from low-authority sources such

as children or other chatbots, while authority

alone, as for policemen or military officers, has

no consistent effect. The low conformity with

chatbots may reflect the influence of instruction

tuning, which encourages models to treat

human inputs as more trustworthy than those

generated by other artificial agents. When hu‐

man and chatbot confederates are mixed in one

list and disagree, the models tend to follow the

humans (Section S6).

Figure  4c summarizes the results across all

models. Each point corresponds to the conform‐

ity bias relative to the base condition, computed

from the error probability in Figure  4a and

shown separately for the three visual tasks.
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Although individual models may react differ‐

ently to the source strength, averaging across

models reveals a consistent positive trend:

stronger sources systematically induce higher

conformity bias, with experts raising it by up to

 above the neutral condition, and kids and

chatbots lowering it by up to .

3.2.2. Social Proximity and Immediacy

The second key variable in the Social Impact

Theory is immediacy , which captures the per‐

ceived closeness, whether social, spatial or tem‐

poral, between the individual and the source.

We state that level explicitly in the prompt.

As a first test, we use nationality as a proxy of so‐

cial proximity. The model is told its own (ran‐

domly assigned) nationality and is then pre‐

sented with responses attributed either to par‐

ticipants of the same group or to participants of

a different one. As shown in Figure 4b, conform‐

ity bias increases when the confederates share

the same nationality as the model, and de‐

creases when they belong to a different one.

The neutral baseline, with no specified identity,

lies in between these two conditions.

To assess whether this effect depends on ex‐

plicit attributes or can also arise from minimal

group categorization, we run a second experi‐

ment. Here, the model is simply assigned to an

arbitrary group (for example, “Group X”) and is

shown responses from members of either the

same or a different group. Again the conformity

bias rises with a shared label, even with no

defining characteristic attached to it, while a dif‐

ferent label leaves it close to the level without la‐

bels. LLM outputs can therefore show a group-

membership effect based purely on abstract

group labels, without the need for explicit iden‐

tity features, a pattern reminiscent of minimal-

group effects observed in humans (Tajfel et al.,

1971; Turner et al., 1979). As shown in Figure 4d,

both manipulations raise the conformity bias in

every model and task, and an arbitrary label

does nearly as much as a shared nationality. Full

results for all models, with  confidence inter‐

vals, are reported for the shared nationality in

Section S2.

Spatial and temporal proximity behave the

same way, and are reported in Figure  4e. In

these conditions, the model is told that the re‐

sponses originate from participants located at

varying physical distances or who responded at

different times. Consistent with human findings,

conformity bias decreases when responses are

described as coming from sources that are dis‐

tant in space or time, whatever the stated dis‐

tance or delay (Figure  S4). These results show

that immediacy robustly modulates the ob‐

served conformity-like shift. Together, these re‐

sults show that source labels and proximity in‐

formation provide additional control levers: less

expert, less similar, or less immediate sources

weaken the overall effect.

4. DISCUSSION

In this study we systematically examined the

conformity bias in large multimodal language

models by adapting classic visual experiments

from social psychology to AI agent contexts.

Understanding how these models respond to

the opinions of others in their prompt is a timely

and increasingly explored question (Luo et  al.,

2026; Weng et  al., 2025; Zhu et  al., 2025).

Conformity can indeed play both a positive role,

enhancing social cohesion, but on the other

hand, it can also favor misinformation spreading

and malicious attacks to groups of interacting

models. Guided by decades of social psychologi‐

cal research (Asch, 1955; Cialdini & Goldstein,

2004), we tested which factors influence the

tendency of these models to conform. The re‐

sults of our experiments align closely with core

predictions from Social Impact Theory (Latané,

1981; Latané & Wolf, 1981), as agents respond to

the number, strength, and immediacy of social

sources in ways that are phenomenologically

similar to human social behavior. These results

confirm on perceptual tasks what the studies of

text models (Weng et al., 2025; Zhu et al., 2025)

found for the size of the majority and the

model’s own uncertainty, and extend them to

the strength and immediacy of the sources.

These empirical findings reveal vulnerabilities in

model decision-making that have profound im‐

plications for the deployment of AI agents. The

core result is particularly striking: models that
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achieve near-perfect accuracy on visual tasks

when acting independently can be systemati‐

cally influenced to provide incorrect answers

when exposed to an incorrect majority. This vul‐

nerability persists even when the task is clear

and unambiguous, showing that socially framed

context can shift otherwise accurate responses

in artificial systems. Such susceptibility raises

important security concerns, as malicious actors

could exploit these mechanisms to coordinate

misinformation, bias collective responses, or

compromise decision-making in multi-agent

settings, and agreement of this kind has been

shown to propagate once model outputs are

fed back to other models (Kasprova et al., 2026).

Importantly, this tendency to conform is present

across all models tested, regardless of their size

or performance level. Both small and large mod‐

els, from a few billion to tens of billions of pa‐

rameters, exhibit qualitatively similar conformity

patterns, although larger models show a smaller

conformity bias on simple tasks. These results

hold for the twelve open-source models of four

families that we tested; larger or proprietary

models, trained in other ways, may respond dif‐

ferently to social signals in the prompt. Within a

model, performance does matter: a higher per‐

formance reduces the conformity bias, roughly

by half, but in no model and task does it remove

it. Models that perform better on the task there‐

fore still show a clear tendency to conform. This

indicates that social susceptibility is not re‐

moved by higher model competence, but is a

recurring property of current AI architectures.

Beyond characterizing this susceptibility, our

framework provides a practical and quantitative

approach to controlling conformity-like bias. The

drivers examined here identify prompt- and

workflow-level levers for modulating the effect:

limiting majority size, breaking unanimity, col‐

lecting independent responses, and controlling

source information can reduce conformity-like

shifts, while task difficulty can identify cases re‐

quiring additional safeguards. These levers are

not all of equal strength (Hussain & Nielbo,

2026): for example, breaking the unanimity of

the majority reduces the conformity bias more

than any instruction we gave the model to resist

it (Section S4).

Our results also have implications for collective

machine behavior (Rahwan et  al., 2019).

Understanding how socially framed information

affects model outputs becomes critical as we

move toward systems where multiple AI agents

coordinate on complex tasks, because in such

systems the output of one agent becomes the

input of another. A wrong answer produced in

response to the kind of socially framed prompt

studied here can pass from one agent to the

next, so understanding how it is produced is a

necessary step in understanding how such sys‐

tems behave. The patterns we observe suggest

that without appropriate interventions, these

systems might be susceptible to manipulation

campaigns, groupthink phenomena, and sys‐

tematic biases that could undermine their ef‐

fectiveness and reliability, which is why robust

safeguards are needed.

Our behavioral approach characterizes conform‐

ity-like shifts at the output level, without investi‐

gating the internal processes from which they

originate. These patterns may result from con‐

text following, instruction tuning, associations

learned during pretraining, or other mecha‐

nisms. An out-of-domain test we performed on

handwritten digits rules out the possibility that

the models reproduce results memorized from

the conformity literature (Section S5). Future re‐

search should distinguish among these expla‐

nations and examine whether any of the under‐

lying processes are functionally related to, or

merely simulate, the socio-psychological dy‐

namics of human conformity (Zhong et  al.,

2025).

Addressing these questions will also support the

development of architecture- and training-level

mitigations while preserving the beneficial as‐

pects of coordination and social learning in sys‐

tems of interacting models. This includes de‐

signing architectures that can distinguish be‐

tween legitimate consensus-building and mali‐

cious manipulation, creating transparency mea‐

sures that account for context-induced behav‐

ioral changes, and establishing protocols for

maintaining decision integrity in multi-agent

settings. As AI agents increasingly operate at

the boundaries of their capabilities in real-world

applications, understanding and controlling
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their susceptibility to social influence becomes

essential for ensuring the reliability and security

of the systems built on them.
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