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Abstract—Our work focuses on the social reasoning capabilities
of foundational models for real-world human-robot interactions.
We introduce the Social Human Robot Embodied Conversation
(SHREC) Dataset, a benchmark of ~400 real-world human-robot
interaction videos and over 10,000 annotations, capturing robot
social errors, competencies, underlying rationales, and corrections.
Unlike prior datasets focused on human-human interactions,
the SHREC Dataset uniquely highlights the social challenges
faced by real-world social robots such as emotion understanding,
intention tracking, and conversational mechanics. Moreover,
current foundational models struggle to recognize these deficits,
which manifest as subtle, socially situated failures. To evaluate AI
models’ capacity for social reasoning, we define eight benchmark
tasks targeting critical areas such as (1) detection of social errors
and competencies, (2) identification of underlying social attributes,
(3) comprehension of interaction flow, and (4) providing rationale
and alternative correct actions. Experiments with state-of-the-
art foundational models, alongside human evaluations, reveal
substantial performance gaps—underscoring the difficulty and
providing directions in developing socially intelligent Al

I. INTRODUCTION

In this work, we aim to advance the social reasoning
capabilities of physically embodied Al agents, particularly
tabletop social robots, engaged in real-world, socially interac-
tive conversations. To this end, we focus on understanding and
modeling both social competencies (i.e. desirable behaviors)
and social errors (i.e. norm violations or failures in interaction)
that arise during natural human-robot interactions. While
prior work in social intelligence has primarily centered on
human—human interaction datasets [36} 160, 55]], these settings
do not capture the unique challenges that arise when robots
interact with humans. Unlike humans, embodied Al agents may
have varying and lacking socio-cognitive skills such as emotion
understanding, belief tracking, or conversational coordination
[31} 12, 15} [1]], leading to failure cases that are subtle, socially
situated, and poorly represented in existing resources.

To this end, we introduce the Social Human Robot
Embodied Conversation (SHREC) Dataset, a dataset of 400+
videos capturing natural conversational interactions between
a human and a physical tabletop social robot, making it,

https://github.com/mitmedialab/SHREC
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------ Transcript Human Annotation
(Verbal Error Example) ¢ Channel: Verbal N

Agent: It's important to realize
there are many amazing things
you achieve every day that you
can be thankful for. Would you
like to hear more examples?
User: No, | think | have a good..
(Robot Interrupts)

Agent: For instance, you would
say, | thank myself for studying
Spanish this morning...

Social Attribute: Intention,
Conversational Mechanics
Rationale: “The user says no to
hearing another example, but
the robot says one anyways,
robot may have not recognized
response”

Correct Action: “the robot
should’ve continued without

\ another example" )
(Nonverbal Error Example) o : NonverEbal t
Social Attribute: Engagement,
. ?
Agent: Are you ready? Intention

User: (User leaves room)
Agent: Let’s get on with the face
recognition. Alright then. (User
has still not returned)

Rationale: “does not
acknowledge the fact that the
participant left the room and
tries to move forward with the
facial recognition”

Correct Action: “’agent should
\have waited for user to return" )

Fig. 1. SHREC Dataset dataset offers real-world Social Human Robot
Embodied Conversation videos and annotations of errors and competencies,
the channel and type of social attribute, along with rationale and possible
corrective actions. (Top) Error sourced from verbal (audio) channel, (Bottom)
Error sourced from non-verbal (visual) channel.

to the best of our knowledge, one of the largest real-world
human—social robot interaction benchmark dataset available
to date (see App. Tab. [[V). We focus on a tabletop social
robot, which is a widely used class of physically embodied
agents, as a principled starting point for studying real-world
social reasoning, and introduce a benchmark dataset that
addresses the scarcity of real-world social robot interaction
data available for advancing research in this area. The dataset
is accompanied by 10K+ human annotations of the robot’s
social errors (undesirable behaviors) competencies (desirable
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behaviors), rationale and corrective actions. These annotations
are grounded from prior HRI taxonomies [52, [16] of seven
key social attributes that underpin social interactions, emo-
tion, engagement, conversational mechanics, knowledge state,
intention, social relationships, and norms.

The SHREC Dataset offers a novel resource to assess
foundational models’ capabilties in identifying a social robot’s
social errors and competencies in real-world human-robot
interactions, filling a gap not addressed by current social
intelligence benchmarks. To systematically evaluate social
reasoning of state-of-the-art Al models, we propose eight
benchmark tasks, spanning four core dimensions: (1) errors
and competency detection in the robot’s behavior, (2) social
attribute identification related to the errors and competencies,
(3) interaction progression reasoning, and (4) rationale and
correction reasoning (outlined in Sec. [[V). Beyond assess-
ing models’ social reasoning, generalization, and robustness
in real-world, multimodal, and socially grounded settings
67, 110, 131} 44, 43| |34]], these tasks also serve as structured
probes for fundamental representation learning challenges. They
require multimodal alignment to integrate visual, auditory, and
linguistic signals into representations for social understanding;
reasoning to infer how specific behaviors influence downstream
interaction trajectories; and reward-learning to align embodied
agents to human social preferences. Our benchmark provides
not only a principled testbed for advancing socially intelligent
foundation models but also a new resource investigate these
core learning problems.

We benchmarked 18 state-of-the-art LLMs and VLMs,
including ChatGPT [23] and Gemini [S0] variants, on these
tasks. While some models excel in specific subtasks, none
perform well across the board. Notably, the gap between model
and human performance remains substantial, underscoring the
challenge and novelty of our benchmark. These findings high-
light Social Human Robot Embodied Conversation (SHREC)
Dataset as a valuable testbed for diagnosing and improving
the social reasoning abilities of embodied Al agents, and for
guiding the development of reward models and evaluators
aligned with social intelligence [38l 167, 133\ [7, [66].

II. RELATED WORK
A. Datasets for Social Interaction Analysis

Several datasets have been developed to analyze human
social interactions, many of which focus on conversational
data or multimodal behaviors. For example, the MELD
(Friends TV Series) Dataset [42]] and the CMU Multimodal
Opinion Sentiment and Emotion Intensity (CMU-MOSEI)
dataset [63] provide annotated multimodal data for studying
emotions and sentiment in dialogue. More closely related
to our work, the SociallQA [45] dataset introduced 38,000
multiple-choice questions derived from the ATOMIC [44]]
knowledge graph, which is a large-scale graph of commonsense
knowledge. These questions are aimed at testing models’
understanding of social norms, intentions, and emotional
responses in social scenarios. Furthermore, the Social-IQ
Dataset [60] was designed to evaluate social intelligence in Al

with human-to-human interaction videos, including multimodal
question-answer pairs that assess the ability to understand and
respond to social situations effectively. A recent benchmark,
SOCIAL GENOME [36], evaluates multimodal models’ ability
to generate grounded social reasoning traces from videos,
incorporating fine-grained cues and external knowledge. Our
benchmark includes around 400 videos, consisting of 3600
minutes of real-world human-robot interaction footage, this
scale is on par with or larger than many multimodal datasets
in social interaction research (e.g., Social Genome [36]: 280
minutes, Social-IQ [61]]: 1200 minutes, MEmoR [48]]: 2800
minutes, CMU-MOSEI [62]]: 3900 minutes). We also refer the
reviewer to Appendix D, where we provide a comparative table
of related works for clarity. Importantly, what distinguishes our
dataset is that it is collected from real-world deployments
of physically embodied social robots, offering naturalistic,
longitudinal interactions, an extremely scarce setting, with,
to the best of our knowledge, no publicly available data at this
scale with equally comprehensive annotations.

B. Frameworks for Annotating Social Errors in HRI

Previous work in Human-Robot Interaction (HRI) has defined
social errors as instances where atypical robot behavior results
in violations of social norms [18]]. These studies primarily
focused on nonverbal cues, annotating both the robot’s behavior
and the human social signals, such as speech, head movements,
gestures, facial expressions, and body posture, during error
episodes. A taxonomy to systematically categorize social errors
and competencies in HRI was developed, which forms the
foundation for our own approach [52]]. Similarly, the ASA
questionnaire was proposed to assess social intelligence in
artificial agents, leveraging human feedback collected across
interaction trials [16]]. While these efforts have proposed
valuable conceptual frameworks, our work is the first to
contribute a large-scale, aligned dataset of real-world HRI
episodes annotated for social errors and competencies.

C. Social Interaction Analysis with Language Models

Several previous studies have focused on the social reasoning
capabilities of language-model social agents. Theory of Mind
(ToM) has been tested through a variety of tasks, often times
through measuring an LLM’s ability to understand others’
mental states using a series of reasoning-specific tasks [S3], or
identifying social errors and understanding the perspectives of
participants through faux pas tasks [47]. Frameworks such as
COKE utilize contextual meanings of input entities to more
accurately map knowledge graphs to be used in LLMs [56], and
the SOCIALIQA benchmark similarly provides a collection
of commonsense questions with appropriate and inappropriate
responses to be used in LLMs [45]]. In studying emotional
understanding, psychometric assessments have been developed
to measure emotional understanding of an LLM based on a
given scenario [54]. Benchmarks such as Socratis measured
emotional intelligence utilizing a repository of emotional
reactions and appropriate scenarios [12]].



III. SHREC: DATASET OF HUMAN ROBOT SOCIAL
EMBODIED CONVERSATION

Our dataset consists of 10,353 annotations from 403 inter-
action videos spanning over 3,500 minutes. Under a newly
accepted IRB protocol, we annotated and anonymized data
on three prior human-robot interaction studies [49, [28} 26] to
be shared for dissemination. To enable public access while
preserving participant privacy, we follow institutional IRB
procedures and release the dataset under gated access. All
personally identifiable information (PII) in transcripts is filtered.
For video anonymization, we leverage FRESCO [38]], a zero-
shot video-to-video diffusion framework, to perform stylized
face transfer. FRESCQO’s spatial-temporal consistency allows
us to reliably replace participant faces while maintaining
coherence across frames. This ensures that the social sig-
nals (e.g., gaze, affect) critical for interaction analysis are
preserved while protecting individual identities through high-
fidelity anonymization. In selecting FRESCO, we compared
several anonymization techniques on the same interaction clips,
generating matched variants from the raw videos and evaluating
them with the identical pipeline (see Appendix [C). Most vision-
language models (VLMs) operate at 1 Hz, which is the default
temporal resolution used in our benchmark. Hence, we release
video frames sampled at 1 Hz to align with common VLM
processing rates and ensure compatibility across models.

We describe the three real-world studies that form the
foundation of the SHREC dataset, all of which used the
Jibo social robot [40] as the embodied interaction platform.
Jibo is a tabletop social robot originally designed as a daily
companion for the home. Its embodiment supports speech-
based interaction, expressive gaze, animated idle behaviors
such as blinking and looking around, and attention behaviors
that orient the robot toward sound sources or people’s faces.
These capabilities enable Jibo to proactively initiate lightweight
social interactions, offer greetings or activities, and maintain
a sense of social presence during interaction. At the same
time, Jibo’s embodiment imposes important constraints: it is
non-mobile, has no arms or object-manipulation capabilities,
and expresses social behavior primarily through speech, gaze
orientation, screen-based display, and body/head motion. Firstly,
Empathic++ [49]: a ChatGPT-powered social robotic agent
acts as an empathic companion, facilitating the exchange of
emotionally meaningful stories using narrative therapy tech-
niques. The goal is to enhance users’ feelings of connection and
belonging through emotionally attuned interaction. Wellness-
Dorm [26]: A socially assistive robot was deployed as a positive
psychology coach for college students living in on-campus
dormitories. The robot was manually scripted with seven
intervention types grounded in established principles of positive
psychology, such as gratitude, strengths-based reflection, and
goal setting. Wellness-Home [28]]: Positive psychology robots

ITo support community interest in fine-grained temporal analysis, we will
release an extended addendum with 15Hz videos (processing is underway
and sample videos are included in the supplementary). We maintain a private
hold-out set of ~40 videos to prevent data contamination and enable future
benchmarking and evaluations.

were deployed in participants’ homes. All three datasets are
ready for dissemination (We kindly recommend the reader to
view the supplementary materials for examples of the dataset
and demographic information).

A. Human Annotations

As shown in Fig. [T and App. [C] annotators watch videos
of conversational human-robot interactions and are asked to
detect segments which manifest a social error or competency.
Social Competence is defined as the behaviors where the agent
successfully conduct social interactions by being aware of and
identifying social-emotional cues, processing such cues, and
expressing a user-expected response to these cues [22]. Social
Error is defined as the behaviors where the robot deviates
from the desired behaviors expected by a user and degrades
the user’s perception of a robot’s social competence [S2]. Then,
they are asked to identify which social attribute the segment
is related to (described in Sec. and offer a rationale
of why they believe so. If the segment was an error, they are
asked to suggest an alternative correct action.

1) Social Attributes: Given a segment of social error or
competencies, we are interested in the explanatory factors
related to a social error or competency. To do so, we consider
seven specific categories of social attributes that are related
to social errors and competencies. The definitions for each
of the attributes are as follows: Emotions: The ability to
identify and interpret emotional expressions in oneself and
others, allowing for empathetic responses and social awareness,
e.g., recognizing that someone crying might mean they’re sad
[19]. Engagement: The skill to observe and assess levels of
participation and involvement in social interactions, including
cues that indicate interest or disinterest, e.g., continuing to tell
a story when a listener is engaged [11l]. Conversational Me-
chanics: Understanding the structure and flow of conversations,
including turn-taking, interruptions, and cues for when to speak
or listen, e.g., waiting for another person to finish speaking
before taking a turn [17]. Knowledge State: The ability to
assess what others know or believe, as well as being aware of
one’s own knowledge in social situations, e.g., make reference
to a user’s dog recalling that the user has a dog [3]. User
Intention: The capacity to infer the goals or purposes behind
the actions and words of others, facilitating better responses
in social interactions, e.g., when the user says “I’ll be right
back", indicates that the user will vacate and then return [14].
Social Context and Relationships: The ability to identify and
understand the dynamics of social relationships and the context
in which they occur, influencing behavior and expectations,
e.g., knowing how to act in front of a close friend vs. colleague
at work [3]]. Social Norms and Routines: The skill to identify
accepted behaviors and attitudes within a social group, as well
as recognizing negative or harmful interactions that violate
these norms. e.g., understanding that waving hands at the
beginning of the interaction is a sign of a greeting [51]
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SHREC Dataset contains high overlapping annotations with a high level of agreement. The dataset includes error and competency labels, and

annotations for the source of evidence either from nonverbal cues, verbal cues, and explanatory factors in the form of seven key social attributes.

B. Dataset Statistics

We refer the reader to Figure [2 for the overall statistics of
our Social Human Robot Embodied Conversation (SHREC)
Dataset. As shown in Figure IZ__-(A), 85.1% of the dataset
consists of overlapping annotations, where multiple annotators
independently labeled the same segment of an interaction.
Amongst the overlapping samples as shown in Figure [2-
(D), we find a 91.3% overall agreement and a Cohen’s
= 0.7638 and Krippendorff’s a = 0.76392. In Figure 2}(B), we
find that more annotations come from verbal channel, rather
than the non-verbal channel (For further analysis on which
modality the human annotators relied on when annotating,
we refer the reader to App. [C). As shown in Figure 2-(E),
we find 56% corresponds to competency labels and 43%
corresponds to error labels. In Figure 2:(C), we display the
social attributes the annotators have selected, and we find that
the most number of annotations belong to the conversational
mechanics category, followed by intention and engagement.
Annotator Consistency: To ensure consistent annotations, we
recruited and trained three undergraduate research assistants,
and these annotators produced the full set of more than
10k annotation. They were provided a set of definitions and
annotation guidelines as shown in Appendix [C] The annotators
met multiple times to discuss edge scenarios and ambiguous
segments. After annotating independently, annotators cross-
validated each other’s work. Some scenarios that were too
subjective to reach full consensus yielded some annotations in
the Disagree category of 8.7%.

IV. TASKS & EXPERIMENTS

We developed eight tasks to measure the social reasoning
capability of foundational models. Each task measures a
different social reasoning capability of the model, spanning
from identifying social errors and competencies, to reasoning
about the errors and offering correct actions. Below, we describe
four main research questions which motivated the design of
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Fig. 3.  Gemini-2.5-Pro performance across the eight social reasoning tasks
defined in Sec. IV, grouped by the four research questions motivating our
benchmark. The radar plot compares model and human performance across
error/competence detection, social attribute reasoning, pre-/post-condition
reasoning, rationale generation, and correction reasoning. All model results
are provided in Fig.

the social reasoning tasks and the corresponding tasks which
serve to address these questions.

o RQ1: Can AI models be used as an automatic evaluator
of social interactions?
(1) Errors and Competence Detection, (2) Error Detection
(Sec. [V-A,

o RQ2: Can AI models identify the explanatory factors
associated with social errors and competencies?
(3) Social Attribute Identification, (4) Multiple Social
Attribute Presence (Sec. [V-B)

¢ RQ3: Do AI models understand the sequential contin-
gencies or the “flow” of social interactions?
If-Then Reasoning: (5) Pre-Condition and (6) Post-
Condition (Sec.

¢ RQ4: Can AI models recognize the reasons of errors
and infer the correct action?
(7) Rationale and (8) Correction Reasoning (Sec. [[V-D,
V-D)

We utilize LLMs & VLMs and formulate the tasks in the

following manner. We treat a foundational model as 7. We



RQ1: Automatic Evaluation of Social Interactions

# Task 1: Error and Competency Detection # Task 2: Error Detection

1

|

1

1 Error or Competency
1 or None?
| "

1

1

1

|

I

(a) Error v/

1 Error or Not Error?
1 ’»

1 g

| "4 ‘
|

I

|

1

“

video input

(b) Not Error v/

error/comp label video input error label

14
# Task 5: Pre-Condition RQ3: Flow of Social Interaction # Task 6: Post-Condition

RQ2: Identifying Explanatory Factors

# Task 3: Social Attribute Identification . # Task 4: Social Attribute Multiple Presence
(a) Emotion

True

(a)

Relationship ®

V (f) Social Norms / Routine
social attribute

False

Emotion, Engagement, Conversational
'—‘ 7 (b) Engagement | ’ Mechanics, Knowledge State, Intent,
*" (c) Conversational Mechanics | *" Social Context / Relationship, Social

(c) Knowledge State |

@ | im0

(a) Error v/ Which Attribute? (e) Social Context / N (a) Error v/ i
|
|

\
! 1
! 1
! 1
! 1
! 1
1 Norms / Routine: .
! 1
! 1
! 1
! 1
! 1

error/comp label error/comp label

social attribute

. . \
#Task 7: Rationale QA RQ4: Rationale & Correction 4 Task8: Correct ActionQA |

! 11
| What happened What happened 1 (a) Rationale 1 What should ) 1
1 p after? : > before? 11 r’ Wiy ? ; 1 F have been (a) Correct Action 1 |
| T E 1 \« © |V (b)Rationale2 | ! done?V (b) Correct Action 2 |
1 | 1 &
! ‘ 1 & 1l (c) Rationale 3 1 (c) Correct Action 31
1 11 video input video input i !
1 t ty+k : to—k t 11 @erory (d) Rationale 4 : O (d) Correct Action 4
! video input: video input: 1 video input: video input: 1 (e) Rationale 5 | error/comp label (e) CorrectAction 5 1
I userutterance Al agent utterance | user utterance Al agent utterance ;I I\ error/comp label sampled rationale 1 sampled corrective actions
Fig. 4. Our benchmark offers eight tasks dedicated to probing four core facets of Al model’s social reasoning: (1) detecting social errors and competencies,

(2) identifying social attributes, (3) understanding the flow of social interactions, and (4) rationalization and correction of social errors.

define relevant contextual information (images and transcript)
and the task-specific question as query (). Formally, we define
Q = {q1,q2,-..,qn} as the set of tokens representing the
question and the transcript (including video or image frames
if multimodal LLM). For the image-based models, we provide
15 uniformly sampled frames from the video segment. For
Tasks 5 and 6, this window is restricted to the robot-only or
user-only segment; for the other tasks, it is the full annotated
segment. We used uniform sampling as a standardized baseline.
For video-based models, we feed in the raw video as input
and rely on model-specific preprocessing steps.

The output of the model is 7(Q) O, where O is
the set of tokens representing the output of the LLM. We
denote the ground-truth answer for each task as A, which
can take the form of a multiple-choice option (A, B,C, D, E),
a Boolean value (True/False). Since O is often a free-form
string, we apply a post-processing step using Pydantic [8]],
where another LLM coerces O into the discrete answer space
of the task (e.g., mapping “The correct choice is option C”
— “C”). We then define correctness as Correctness(A4,O) =
1 if Pydantic(O) = A, 0 otherwise. This definition ensures
that correctness measures exact agreement with the ground
truth rather than string overlap. Human Comparison: For
fairness, we asked human annotators to perform the same tasks
as the LLMs/VLMs (given identical prompts as instructions).
Unlike the original annotations, where annotators watched
videos and marked salient error/competency regions, here the
annotator viewed the pre-segmented data and completed the
same task as the models. We then compared their responses to
the original ground-truth labels, yielding a estimate of human-
level performance under same constraints.

A. Error and Competence

We use Error Detection and Competence Detection as a
proxy to evaluate whether Al models can effectively serve as
automatic evaluators of social interactions [38, 67, 133, (7, 166].
The model is provided with a prompt which includes an
interaction segment between a user and a social robot. The
model then predicts whether the sequence contains a social
Error (moments in which the robot violates social norms

in ways that degrade perceived social competence or the
relationship with the user [52]), Competence (moments in
which the robot is perceived as successfully conducting social
interaction) [22]]. In addition, we include None labels, which
refers to segments where the annotator has neither labeled
the video as ‘competence’ or ‘error’. Social competence is
widely understood as a multidimensional construct, and the
levels of competence can vary on a spectrum [29]. Accordingly,
we view segments labeled None are also meaningful, as they
may reflect socially neutral, ambiguous, or weakly valenced
behavior rather than a complete absence of social signal.

Social Error, Competence, None Detection (Error/-
Comp./None): We provide the interaction between
social agent and a user: {Interaction Transcript} Does
the agent exhibit (A) Social Competence or (B) Social
Error or (C) None?

Social Error Detection (Error): We provide the
interaction between social agent and a user: {Interaction
Transcript} Does the agent exhibit (A) Social Error or
(B) No Social Error?

For the Error Detection task, the model is only required
to determine whether a given instance constitutes an error or
not. This binary task isolates the foundational ability to detect
social error, which is the first decision point for safety and
repair. This separation mirrors how reward models are used in
RLHF [38], making the binary task a meaningful intermediate
milestone. For these tasks, we evaluate with accuracy and
macro-F1 (unweighted average of F1) scores.

B. Social Attribute

Additionally, if a sequence is identified as either a social error
or competence, we further determine the explanatory factor,
i.e. which specific social attribute it was associated with. This
helps assess whether Al models can provide more detailed
evaluations by identifying specific types of social attributes.



Social Attribute Identification (Attr.): We provide the
interaction between social agent and a user: {Interaction
Transcript}. This segment corresponds to an {Error or
Competence} in social behavior. Which of the following
categories is this segment related to? (A) Emotions,
(B) Engagement, (C) Conversational Mechanics, (D)
Knowledge State of Others and Self, (E) Understanding
Intention of the User, (F) Social Context and Relation-
ships, (G) Social Norms and Routines.

Furthermore, fine-grained feedback in the form of attribute-
specific reward signals allows us to disentangle different
dimensions of social behavior, such as emotional response,
conversational mechanics, or knowledge state, thereby enabling
more interpretable and targeted model improvements [57]]. By
aligning rewards with these distinct social attributes, we can
not only evaluate whether a model exhibits socially competent
behavior but also pinpoint which aspect it succeeded or failed in,
facilitating modular training and fine-tuning strategies. Using
the same context as Section @, Models are further provided
with the label indicating whether the instance is a social error
or competence, and the model predicts the relevant attribute(s)
as defined in Section This task can be viewed as a multi-
label classification problem, as multiple social attributes may
co-occur in a single instance. For example, a sequence might be
annotated with both conversational mechanics (e.g., a delayed
response) and knowledge state (e.g., the robot forgetting the
user’s name). To evaluate whether models can detect instances
associated with more than one social attribute, we introduce
the multiple social attribute detection task.

Multiple Social Attribute Presence (Multi. Attr.):
We provide a transcript of an interaction between
the social agent and a user: {Interaction Transcript}.
The agent’s behavior in this interaction corresponds
to {Error or Competence}. Consider the following
seven social attributes: [Same as Above]. Based on
the transcript, determine whether the agent’s behavior
involves multiple social attributes. Respond with "True"
if the behavior demonstrates more than one social
attribute. Respond with "False" otherwise.

In our setup, the model predicts all applicable social attributes
jointly in a single inference, rather than making a separate
prediction for each attribute. For the task of social attribute
identification, we evaluate with accuracy and macro-F1 (F1)
scores. As there can be more than a single attribute label
associated with a sample, we further report Partial Match
(PM) to evaluate the proportion of instances where the model
correctly predicts at least one of the true labels. For multiple
social attribute detection, we evaluate with accuracy and macro-
F1.

C. If-Then Reasoning

We test whether or not Al models can understand sequential
contingencies or the flow of social interactions, by testing
if they can predict probable pre-and-post conditions of a
given competent social interaction, otherwise known as if-
then reasoning. We view this capability as central to social
reasoning, since social competence requires understanding how
interactions unfold over time and how one social state gives
rise to another. A model that can do this is less likely to
rely purely on superficial correlations and more likely to have
learned a transferable representation of interaction dynamics,
which has been shown widely in NLP literature [[L0, 31} 44].
We formulate two tasks which checks for the pre-conditons
and post-conditions.

Interaction Flow (Pre-Condition\Post-Condition):
We provide the agent\user’s behavior: {AgenA\User
Transcript}. From the following choices of the
user\agent’s behaviors: (1) {User\Agent Transcript
1}, 2) {Use\Agent Transcript 2}, (3) {User\Agent
Transcript 3}, (4) {User\Agent Transcript 4}, (5)
{UseN\Agent Transcript 5}, select which user\agent’s
behavior was the appropriate response before\after the
agent\user’s action.

For pre-condition, given the agent’s response, the model must
identify the plausible pre-condition, i.e., the user’s behavior
prior to the agent’s utterance. Vice versa, for post-condition,
given the user’s response, the model must predict the plausible
post-conditions, i.e., the agent’s actions after the event. These
tasks are set-up as a multiple choice Q&A set up, where
they are asked to predict the correct choice of post or pre-
condition transcript. To acquire incorrect answer choices, first,
we remove any samples that share the same transcript as the
correct answer, if such samples exist. Next, we randomly select
four other samples and extract the relevant transcript (either the
user’s or the agent’s utterance) which serve as incorrect options.
Finally, we shuffle the correct answer among the options to
ensure its position is randomized. For these tasks, we use
accuracy scores for evaluation.

D. Rationale and Correction

We formulate two tasks, rationale, which require models to
provide rationale on why the segment contains a social error
and correction, requiring models to suggest what would have
been the correct action. These tasks probes the model’s ability
to not just diagnose an interaction segment but also to explain
why the detected behavior is incorrect or inappropriate and
identify a correct alternative action. Hence, they are directly
tied to evaluating the social reasoning capabilities of Al models.
Furthermore, it is well-known that models and robots that can
provide rationales and correct actions enhance their robustness
43} 134] and trustworthiness [30, |25} [15].



(L) DeepSeek-R1-Distill-Qwen-32B (L) gpt-4o0 (L) Llama-3.2 (L+V) Llama-3.2-11B-Vision-Instruct

Attr. Ident.

Attr. Ident. Attr. Ident. Attr. Ident.

Pre-Cond. Pre-Cond. Pre-Cond. Pre-Cond.
(L+V) paligemma (L+V) Llava-Next-Llama3 (L+V) InternVL2-8B (L+V) MiniCPM-V-2_6
Attr. Ident. Attr. Ident. Attr. Ident. Attr. Ident.

et rform,

i Error/Gomp./None

Pgst-Cond.

Pre-Cond. Pre-Cond.

Pre-Cond. Pre-Cond.
(L+V) gpt-40-mini (L+V) gpt-40 (L+V) gpt-40 + few-shot (L+V) gpt-40 + CoT
Attr. Ident. Attr. Ident. Attr. Ident. Attr. Ident.

Multi. Atef Error Multi. At

i Error/Gomp./None

Rationale gét-Cond. rationste_ " pafrcond.  RationSe_ " pefrcond.  Rationste_ past-Cond.
Pre-Cond. Pre-Cond. Pre-Cond. Pre-Cond.
(L+V) o1 (L+V) gemini-1.5-flash (L+V) gemini-1.5-flash-8b (L+V) gemini-2.0-flash-exp
Attr. Ident. Attr. Ident. Attr. Ident. Attr. Ident.

wuma® erform, wume® o, vl 2erform,

Pre-Cond. Pre-Cond. Pre-Cond. Pre-Cond.

Fig. 5. Results per model across all 8 tasks. Human performance is marked in dashed lines. (L): language-only inputs, (L+V): language and visual inputs.

Models from the same family tend to show similar shapes on the radar plot, reflecting consistent reasoning patterns across capabilities, which supports the
benchmark’s sensitivity to measure underlying social reasoning abilities.

Rationale: We provide the interaction between social (3) {Correction 3} (4) {Correction 4} (5) {Correction
agent and a user, which corresponds to an error in 5}

social behavior: {Interaction Transcript}. Select which
is the correct rationale behind the error. (1) {rationale
1} (2) {rationale 2} (3) {rationale 3} (4) {rationale For the rationale and correction task, models are given
4} (5) {rationale 5) interaction segments corresponding to social error. Then, for
the rationale task, the model is asked to predict the correct
reason for the error. For the correction task, the model must
choose the alternate correct action. Both tasks are set-up as
multiple choice Q&As, we provide five answer choices: one
ground-truth option and four incorrect choices sampled from
other instances. To ensure the incorrect choices are distinct, we
only select samples with different social attribute annotations

Correction: We provide the interaction between social
agent and a user, which corresponds to an error in social
behavior: {Interaction Transcript}. From the following
choices select which behavior the social agent should
have done instead. (1) { Correction 1} (2) {Correction 2}




Errors and Competence

| Social Attribute

Error/Comp./None | Error | Attr. Identification | Multi. Attr. Presence
Model Name Acc. F1 | Acc. F1 | Acc F1 Partial |  Acc. F1
(L) DeepSeek-R1-Distill-Qwen-32B | 0.22+0.02  0.18+0.02 | 0.51+0.02  0.41+0.01 0.02+0.01 0.35+0.01 0.67+0.02 | 0.52+0.01 0.41+0.03
(L) gpt-4o-mini 0.26+0.02  0.21+£0.02 | 0.52+0.02  0.46%0.01 0.01£0.01 0.17£0.01 0.41+0.04 | 0.46+0.02 0.40+0.03
(L) gpt-4o0 0.25+0.02  0.23+0.02 | 0.50+0.02  0.42+0.02 | 0.02+0.01 0.20£0.01 0.49+0.03 | 0.52+0.04 0.44+0.06
(L) Llama-3.2 0.2620.01 0.23£0.00 | 0.50+0.02  0.45+0.02 | 0.02+0.02  0.18+0.04 0.43%0.07 | 0.55+0.04 0.48+0.04
(L) Llama-3.2-11B-Vision-Instruct 0.22+0.04  0.17+0.03 | 0.50+0.05 0.41+0.04 | 0.01£0.01  0.24+0.01  0.56%£0.03 | 0.50+0.02 0.37+0.03
(L+V) paligemma 0.19£0.02  0.12+0.01 0.49+0.02  0.36+£0.02 | 0.00+£0.00 0.11£0.02  0.27+0.04 | 0.53%£0.03 0.32+0.02
(L+V) Llava-Next-Llama3 0.19£0.03  0.16+£0.03 | 0.49+0.03  0.34+0.02 | 0.01+0.01 0.09£0.02  0.25+0.03 | 0.51+0.03 0.35+0.02
(L+V) InternVL2-8B 0.24+0.04  0.23+£0.04 | 0.49+0.04 0.39+0.04 | 0.01£0.01 0.21£0.02  0.51£0.06 | 0.67+0.02 0.67+0.02
(L+V) MiniCPM-V-2_6 0.18+0.02  0.12+0.01 0.48+0.03  0.34+0.02 | 0.00+£0.00 0.27£0.02  0.58+0.04 | 0.51%0.01 0.40£0.08
(L+V) gpt-40-mini 0.20£0.03  0.15+£0.03 | 0.49+0.02 0.38+0.01 0.03£0.03  0.17+0.01 0.4240.02 | 0.50+0.01 0.35+0.01
(L+V) gpt-4o 0.26+£0.03  0.25+0.03 | 0.50+0.02  0.40+0.02 | 0.01+0.02  0.21£0.02  0.51£0.04 | 0.49+0.01 0.36+0.01
(L+V) gpt-4o + few-shot 0.29+0.04  0.28+0.03 | 0.40+0.03  0.35+0.03 | 0.04+0.01 0.45+0.01  0.82+0.02 | 0.49+0.01 0.34+0.01
(L+V) gpt-40 + cot 0.27£0.03  0.26+£0.03 | 0.50+0.02  0.43+0.02 | 0.04+0.01 0.33£0.02  0.64+£0.06 | 0.49+0.01 0.34+0.01
(L+V) ol 0.24+£0.04  0.21£0.04 | 0.50+0.02  0.41£0.02 | 0.02+0.02  0.32+0.02  0.67£0.02 | 0.49+0.01 0.35+£0.02
(L+V) gemini-1.5-flash 0.32+£0.01  0.28+0.02 | 0.55+0.02 0.52+0.01 | 0.01+0.02  0.17+0.02  0.43%£0.05 | 0.45+0.03 0.25+0.02
(L+V) gemini-1.5-flash-8b 0.28+0.01 0.27£0.02 | 0.51£0.02 0.46+0.02 | 0.03£0.02  0.24+0.02  0.72+0.04 | 0.52+0.02 0.35+0.02
(L+V) gemini-2.0-flash-exp 0.27£0.05  0.26+£0.04 | 0.49+0.03 0.39+0.02 | 0.01£0.00 0.28+0.01 0.62+0.03 | 0.47+0.03 0.31+£0.02
(L+V) gemini-2.5-pro 0.294£0.02  0.27+£0.02 | 0.40+0.01 0.33+0.02 | 0.01+0.01 0.2240.03  0.55+£0.02 | 0.48+0.01 0.25+0.02
Human ‘ 0.57 0.45 ‘ 0.77 0.71 ‘ 0.24 0.67 0.76 ‘ 0.57 0.75
TABLE 1

RESULTS FOR ERRORS AND COMPETENCE DETECTION TASKS AND SOCIAL ATTRIBUTE IDENTIFICATION TASKS, WITH + INDICATING ONE STANDARD
DEVIATION. (L): LANGUAGE-ONLY, (L+V): LANGUAGE AND VISION.

than that of the answer sample. These tasks are evaluated with
accuracy.

V. RESULTS & DISCUSSION

We evaluate the performance of 18 language
and  vision-language  models  (VLMs), including
DeepSeek-R1-Qwen—-32B [21], gpt-4o-mini, gpt—-4o0
[23], Llama-3.2, Llama-3.2-Vision-Instruct
[20], paligemma [4], Llava-Next-Llama3 [63],
InternVL2-8B [6], MiniCPM [39], o1 [24], gemini-1.5
[50] and gemini-2.0 [41] and their variants on our
benchmark tasks. Fig. [5 summarizes the evaluation results.
No single model excels across all social reasoning tasks,
underscoring the need for advancements in training FMs for
social reasoning.

A. RQI: Can Al models be used as automatic evaluators of
social interactions? [Tab. [Z]-Leﬁ]

We refer readers to the left side of Table |I, which presents
results for the Error/Competence/None Detection task. The
best-performing models are gemini-1.5-flash using both
language and video inputs, achieving 0.32 accuracy and 0.28
F1. For the binary Error Detection task, the same model
achieve higher performance—0.55 exact match and 0.52
Fl1—suggesting that models are more effective at detecting
errors alone than distinguishing among all three categories.
Nonetheless, the overall performance remains modest, reflecting
the task’s complexity and the models’ difficulty in capturing the
nuances of social error and competence. Appendix |C| further
analyzes model performance by social attribute, revealing that
some models excel in detecting specific types of errors. These
findings underscore the gap between current Al capabilities
and human-level social reasoning, pointing to the need for
continued research in this area.

B. RQ2: Can Al models identify the explanatory factors
associated with social errors and social competencies? [Tab.

I Right]

In Table |I, under the column Af#r. Identification, we evaluate
the ability of foundational models to identify explanatory
factors in the form of social attributes. We report accuracy,
F1, and partial accuracy (i.e., predicting at least one attribute
correctly). Notably, most models perform well on partial
accuracy, demonstrating the ability to identify at least one rel-
evant attribute. In particular, gpt-4o-fewshot with image
input achieve partial accuracy scores above 0.80, highlighting
their relative strength in capturing aspects of social attribute
prediction. However, all models struggle to predict the full and
correct set of attributes, as reflected in low accuracy and modest
F1 scores, which indicates FMs remain limited in handling the
complex, multi-label, and co-occurring nature of social attribute
classification. Human evaluation further reveals that, despite a
clear performance gap, this remains a challenging task even for
humans. To further probe these limitations, we refer readers to
the right-most columns of Table [[, where we assess whether
models can detect the presence of multiple attributes within
a segment. Interestingly, InternvVL2 achieves the highest
accuracy and F1 in this setting. However, the majority of
models perform at or below 0.5, indicating persistent difficulty
in recognizing multi-attribute cases—a key failure mode in
this task. Additional analysis is provided in Appendix [C|
which examines the role of subjectivity and co-occurrence,
as social attributes often co-occur in a single segment and
are subject to perceiver-dependent interpretations of social
constructs [46, 35]. Furthermore, in Appendix E], Fig. 9, we
carry out further analysis to identify which attributes are easier
for error detection.



If-Then Reasoning \ Rationale & Correct.

Pre-Condition | Post-Condition | Rationale | Correction

Model Name Acc. | Acc. | Acc. | Acc.
(L) DeepSeek-R1-Distill-Qwen-32B 0.58+0.03 0.61+0.02 0.38+0.05 | 0.24+0.01
(L) gpt-4o-mini 0.58+0.02 0.62+0.03 0.29+0.04 | 0.31+0.08
(L) gpt-4o 0.660.00 0.67+0.02 0.36:0.01 | 0.38+0.04
(L) Llama-3.2 0.19+0.08 0.30+0.01 0.22+0.02 | 0.17+0.02
(L) Llama-3.2-11B-Vision-Instruct 0.36+0.05 0.36+0.05 0.32+0.05 0.19+0.02
(L+V) paligemma 0.07+0.02 0.04+0.03 0.06+0.05 | 0.03+0.01
(L+V) Llava-Next-Llama3 0.02+0.01 0.02+0.01 0.07+0.02 0.01+0.01
(L+V) InternVL2-8B 0.39+0.09 0.43+0.02 0.39+0.05 | 0.24+0.03
(L+V) MiniCPM-V-2_6 0.41+0.07 0.47+0.02 0.33+0.05 0.24+0.05
(L+V) gpt-4o-mini 0.57+0.05 0.63+0.04 0.26+0.04 | 0.30+0.06
(L+V) gpt-40 0.64+0.05 0.66+0.05 0.39+0.08 0.39+0.08
(L+V) gpt-4o + few-shot 0.57+0.06 0.67+0.01 0.55+0.06 | 0.48+0.07
(L+V) gpt-40 + cot 0.61£0.05 0.69+0.05 0.40£0.03 0.40£0.05
(L+V) ol 0.59+0.08 0.68+0.02 0.44+0.10 | 0.40+0.03
(L+V) gemini-1.5-flash 0.60£0.10 0.64+0.07 0.32+0.04 0.26+0.07
(L+V) gemini-1.5-flash-8b 0.5420.09 0.53+0.06 0.33+0.06 | 0.27+0.04
(L+V) gemini-2.0-flash-exp 0.62+0.07 0.59+0.09 0.22+0.04 | 0.40£0.05
(L+V) gemini-2.5-pro 0.55+0.09 0.55+0.06 0.49+0.06 | 0.45+0.08
Human | 0.77 | 0.87 | 063 | 0.54
TABLE II

IF-THEN REASONING & RATIONALE & CORRECTION RESULTS; +
INDICATES ONE STD. DEV. (L): LANGUAGE-ONLY, (L+V): LANGUAGE &
VISION.

C. RQ3: Do Al models understand the sequential contingencies
or the “flow* of social interactions? [Tab. [[I} Left]

Many large language models, including early versions of
BERT [13] and ALBERT [32]], were trained with next sentence
prediction (NSP) and sentence ordering objectives, which
aim to model discourse coherence and temporal continuity
by predicting whether one sentence logically follows another.
This objective aligns with the structure of if-then reasoning
tasks, partially explaining the relatively strong performance
of language-only models—particularly the gpt-4o variants,
which achieve 0.66 on pre-condition and 0.69 on post-condition
inference. However, their performance still lags behind humans.
Despite progress in temporal reasoning [44]], we observe a
significant gap between nascent open-source vision-language
models (VLMs) and even text-only LMs, suggesting that
visual input alone does not guarantee better reasoning about
interactional contingencies. Recent studies have shown that
adding vision to a strong LLM can degrade its original text-
only reasoning abilities, particularly on out-of-distribution
benchmarks [9, 64].

D. RQ4: Can Al models recognize the reasons of errors and
infer the correct action? [Tab. [[ItRight]

The rationale and correction tasks evaluate a model’s ability
to interpret interaction context, infer the cause of social errors
or competencies, and suggest appropriate alternative correct
actions, making them key indicators of social reasoning. These
are among the most challenging tasks in the dataset, as
reflected by human-level difficulty. For the rationale task, the
gpt—4o-fewshot model performs best with a score of 0.55.
For the correction task, gpt-4o-fewshot again perform
well, each achieving a score of 0.48. Few-shot prompting may
help by making the dataset’s normative decision boundaries
more explicit: the examples illustrate which interaction cues and
conversational moves annotators tend to treat as competent (or
as violations) for a given error type, providing exemplars can
better align outputs with the dataset’s social error taxonomy.

E. Limitations and Future Directions

SHREC is a benchmark for socially situated reasoning
grounded in real human-robot conversations, but it inherits
limitations from both the underlying deployments and our
benchmark abstraction. First, social error/competence labels
reflect human normative judgments: while we mitigate idiosyn-
crasy through overlapping annotations and agreement checks,
conversational norms can vary across cultures, contexts, and
neurodivergent communication styles, and models trained or
evaluated on SHREC may learn these decision boundaries
rather than universally valid social rules.

Second, our interactions are drawn from a tabletop social
robot setting and a limited set of long-term studies; gener-
alization to other embodiments (e.g., mobile manipulators),
languages, and interaction contexts remains an open question.

Third, our released benchmark targets the operating regime
of current VLM evaluation (1 Hz frame sampling), which can
under-represent fine-grained timing cues (e.g., micro-pauses,
overlap, gaze shifts) that are important for conversational
mechanics and turn-taking. Finally, our most diagnostic tasks—
multi-attribute cases and rationale/correction—remain challeng-
ing, suggesting that progress will require better multimodal
grounding, stronger counterfactual action modeling, and more
explicit alignment to social preferences. We view SHREC
as a step toward standardized evaluation and training signals
for socially competent embodied agents, and an invitation to
broaden coverage via more diverse deployments and richer
temporal/behavioral sensing.

Fourth, while we focus on predicting attributes all at once,
task formulation focusing on individual attributes, such as
detecting engagement only, would be highly valuable. SHREC
already supports this type of analysis: i.e. the dataset contains
more than 2,640 engagement instances alone as shown in Fig.
[2] providing sufficient coverage for future work to benchmark
construct-specific recognition. More generally, the underlying
annotations make it possible to decompose the problem either
jointly across attributes or separately by individual construct,
including sequential yes/no formulations. In this paper, our
aim was to establish an initial broad benchmark and baseline
for social reasoning across multiple dimensions, rather than to
fully enumerate all possible task decompositions or variants.

VI. CONCLUSION

We present the Social Human Robot Embodied Conversation
(SHREC) Dataset, consisting of 400+ real-world interaction
videos, 10,000+ annotations and eight new benchmark tasks
spanning error detection, attribute reasoning, interaction flow,
and rationale/correction inference, SHREC offers a critical
resource to address unique socio-cognitive limitations of em-
bodied agents. Through systematic evaluation of state-of-the-art
LLMs and VLMs, we find that their overall performance falls
far short from human-level, which underscores the limitations
of current models in social reasoning. We envision SHREC as
a foundation for advances in social reasoning for embodied
social Al agents.
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