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Abstract

Social interaction depends on both language
and visible social signals, such as facial expres-
sions, posture, gaze, and emotional shifts. Yet
existing social-agent benchmarks are largely
text-based and rarely test whether multimodal
agents can use visual cues to guide interac-
tion. We introduce AGENTVISS, a benchmark
evaluating visual social intelligence in multi-
modal social simulation. It contains 240 sce-
narios, 585 role instances, and 2,340 role-task
instances, combining aligned textual-visual ev-
idence, structured role profiles, and four role-
level tasks: expression task, characteristic task,
interaction regulation task, and interaction out-
come task. Evaluating seven recent MLLMs
under verbalized-vision and direct-vision re-
veals a clear gap between local role enactment
and interaction management: role-specific ex-
pression and conflict handling are near satu-
ration, whereas interaction regulation and vi-
sually grounded outcome achievement remain
substantially more difficult.

1 Introduction

Large language models (LLMs) are reshaping how
we study social behavior. Multi-turn LLM agents
can now negotiate, persuade, and maintain relation-
ships in open-ended settings (Zhou et al., 2024;
Mou et al., 2025), offering a scalable testbed for
social science research and a foundation for vir-
tual companions, training partners, and screen-
grounded social roles. Yet real social interaction is
rarely text alone: people continuously read facial
expressions, posture, gaze, and visible emotional
shifts, and the same utterance can be interpreted as
friendly, defensive, or evasive depending on what
others visibly feel and do (Hess, 2016; Rimé, 1982;
Vinciarelli et al., 2009). Extending social simula-
tion to multimodal settings is therefore both natural
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Figure 1: A representative case from AGENTVISS.
Chandler verbally claims to be fine, yet his facial ex-
pression and posture betray a low mood. Monica reads
these visual cues and responds supportively, illustrating
how non-verbal evidence drives interaction regulation
in ways that language alone cannot capture.

and necessary, and raises a concrete open question:
can current multimodal agents exploit visual social
cues to make appropriate interactional decisions?

However, existing social simulation benchmarks
remain predominantly text-based and fall short in
three respects. Firstly, purely textual environments
cannot reproduce the visible cues that shape real-
world interaction, leaving agents untested in per-
ceiving and responding to such signals (Zhou et al.,
2024; Mou et al., 2025; Wang et al., 2024a). Sec-
ondly, scenarios rarely capture the complexity of
everyday social situations, such as interpersonal
conflict, information asymmetry, or strategically
indirect expression. Thirdly, evaluation typically
reduces social success to whether a top-level goal
is achieved, with little attention to whether agents
maintain their own role state or track the evolving
states of other participants (Chen et al., 2024; Tu
et al., 2024; Budagam, 2024).

To address these challenges, we introduce
AGENTVISS, a multimodal social simulation
benchmark. To move beyond text-only simulation,
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we construct each scenario from a social scene in
the TV series Friends and equip it with a group-shot
image and role-specific portraits that are updated
as the interaction unfolds. To model socially com-
plex situations, each role is assigned a structured
profile with two interaction-level attributes: Ex-
pression style, which specifies how the role man-
ages information in dialogue (McCornack, 1992),
and conflict characteristic, which describes the
role’s conflict-handling stance (Thomas, 1992). To-
gether, these attributes provide a controllable way
to construct socially complex simulations by as-
signing different information-management strate-
gies and conflict-handling stances to roles within
the same simulation. To support evaluation be-
yond a single-goal objective, we define four role-
level task dimensions. Specifically, expression
task and characteristic task measure whether an
agent maintains its assigned expression style and
conflict-handling stance throughout the interaction.
Interaction regulation task assesses its adaptation
to others’ evolving verbal and non-verbal signals.
Interaction outcome task assesses whether its in-
tended social outcome is ultimately achieved. Each
task dimension is grounded in a BDI-inspired goal
representation (Bratman, 1987; Rao and Georgeft,
1995) that specifies the role’s beliefs, desired state,
and intended strategy, ensuring tasks reflect situ-
ated motivations rather than abstract objectives.

Instantiating this design, AGENTVISS contains
240 scenarios, 585 roles, and 2,340 role tasks
across four dialogue types: Persuasion (78), Delib-
eration (58), Information-seeking (56), and Eristic
(48). Each scenario is evaluated through multi-turn
simulation under two vision-enabled observation
modes: verbalized-vision (VV), where the agent
first converts images into textual descriptions, and
direct-vision (DV), where it directly consumes the
images. We further compare both modes with a
text-only baseline to examine the necessity of vi-
sual evidence. Figure 1 illustrates a representative
case in AGENTVISS, where visible affect contra-
dicts the spoken message and guides a socially
appropriate regulating response.

Using AGENTVISS, we evaluate seven Multi-
modal Large Language Models (MLLMs) span-
ning different model scales and both open- and
closed-source families. We find that local role
enactment is near saturation across all settings,
while interaction management proves substantially
more discriminative. Although VV outperforms
DV by a wide margin on the Interaction Regula-

tion Task, direct image access alone does not en-
sure that models convert visual cues into decision-
relevant social states — pointing to a perception-
to-decision integration bottleneck. More broadly,
current MLLMs remain weak on visually grounded
interaction-management tasks, where success re-
quires tracking other participants’ verbal and non-
verbal states and achieving socially appropriate out-
comes.

2 AGENTVISS Benchmark

AGENTVISS is a multimodal social simulation
benchmark for evaluating how models perform in
multi-agent interactions. It consists of 240 simu-
lation contexts extracted from the raw scripts of
the first season of the TV series Friends, with each
context grounded in the corresponding video seg-
ment. Each simulation context provides five types
of information:

* Visual evidence (G, P;): a fixed group image
G capturing the interpersonal layout, and a set
of initial role portraits /P; that may be updated
across turns.

* Scenario description (d): a textual description
of the scenario with the dialogue type and the
scenario-level conflict intensity.

* Role profiles (C): basic attributes (gender, age,
occupation) and two interaction-level attributes,
expression style and conflict characteristic, for
each role.

 Initial affective state (Z1): an initial emotion,
facial expression, and body action for each role.

¢ Role-level social tasks (7): four task dimen-
sions for each role: expression task, characteris-
tic task, interaction regulation task, and interac-
tion outcome task.

2.1 Scenario Assets Construction

This subsection describes how we construct the
source-grounded assets for each simulation context,
including visual evidence (G, P; ) and the scenario
description d. As shown in Figure 2, the construc-
tion proceeds in three stages.

Scenario Grounding. Each candidate scenario
starts from a script segment that specifies the par-
ticipating roles, dialogue, and local story back-
ground. We parse scripts into scenario-level units
and align each unit to the corresponding episode
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Figure 2: Scenario assets construction pipeline. Script-derived social scenarios are aligned to subtitle-timestamped
video segments, from which we select a group image and role portraits through visual selection and role matching.
The grounded scenario assets link scenario description, participants and visual evidence to the same source event.

video through subtitle timestamps. Since scripts
and subtitles may differ in wording or segmenta-
tion, we combine lexical matching over role utter-
ances with semantic matching over surrounding di-
alogue context to locate the best-matching subtitle
span. The resulting timestamp defines a grounded
video segment in which the text, participants, and
visual context refer to the same interaction. At
this stage, we use GPT-5 mini (OpenAl, n.d.a) to
annotate each scenario with a dialogue type, includ-
ing information-seeking, deliberation, persuasion,
and eristic, and with the participating roles’ basic
attributes, including gender, age, and occupation.
These annotations support role matching and sub-
sequent visual selection.

Visual Evidence Selection. Given the grounded
video segment, we extract candidate frames and
select a source group frame that captures the in-
terpersonal layout and co-present roles. We use
GPT-image-1 (OpenAl, n.d.b) to convert this frame
into a stylized synthetic group image G. We then
apply person detection and role reference matching
within G to associate detected figures with their
corresponding roles, and generate front-facing syn-
thetic role portraits P; from the matched role re-
gions. The resulting synthetic group image G and
initial role portraits P; form the visual evidence
used by the simulator, among which role portraits
will be updated later across dialogue turns.

Scenario Description Construction. Based on
the grounded script segment and the visual evi-
dence, we use GPT-5.4 (OpenAl, 2026) to generate

the scenario description, ensuring consistency with
both the narrative context and the visual evidence.

2.2 Structured Role and Task Design

For each simulation context, AGENTVISS aug-
ments the participating roles with structured role
profiles (C), initial affective state (Z1), and role-
level social tasks (7).

Structured Role Profiles. Each role is associ-
ated with three basic attributes: gender, age, and
occupation.

We further assign two interaction-level attributes
to each role: expression style and conflict char-
acteristic, drawing respectively on a benchmark-
specific operationalization inspired by Information
Manipulation Theory (McCornack, 1992) and the
conflict-management literature (Thomas, 1992).

Expression style characterizes how the role man-
ages information in dialogue and is instantiated as
one of five types: honest signaling, strategic with-
holding, deception, exaggeration, and suppression.
Conflict characteristic characterizes how the role re-
sponds to conflict and is instantiated as one of five
types: competing, collaborating, compromising,
avoiding, and accommodating. Detailed definitions
of the two interaction-level attributes are provided
in Appendix A. Scenario-level conflict intensity is
derived from the presence and proportion of com-
peting roles: high when all roles are competing,
medium when competing and non-competing roles
co-occur, and low when no role is competing.

Initial Affective State. Conditioned on the sce-
nario description, role profile, and role portrait, we
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use GPT-5 mini to generate an initial affective state
for each role, including emotion, facial expression,
and body action. This affective state serves as the
starting point of the simulation.

Role-level Social Tasks Design. We construct
four role-level social task dimensions to evaluate
social interaction beyond a single-goal objective.
These dimensions are grouped into two aspects:

* Role Enactment Tasks. These tasks test whether
arole acts in line with its assigned attributes. The
expression task (Expr.) tests whether the role
manages information as specified by its expres-
sion style, and the characteristic task (Char.)
tests whether its conflict characteristic shapes its
behavior in the social situation.

Interaction Management Tasks. These tasks
test whether the role can respond to others and
steer the interaction. The interaction regula-
tion task (Int.-Reg.) tests whether the role ad-
justs to others’ verbal and non-verbal signals, and
the interaction outcome task (Int.-Out.) tests
whether it reaches the concrete social outcome it
is supposed to achieve.

To ensure that these tasks reflect situated role mo-
tivations rather than abstract objectives, we ground
their construction in a role-specific BDI-Risk spec-
ification. We first represent each role’s social objec-
tive with a BDI structure, which specifies the role’s
beliefs about the current situation, desired social or
informational state, and intended strategy during
the interaction (Bratman, 1987; Rao and Georgeft,
1995); BDI-based representations have also been
used in prior work to model agent tasks, explain-
able planning, and human-like behavior in simula-
tion (Wadsley and Ryan, 2013; Jang et al., 2023;
Adam and Gaudou, 2016). Since standard BDI
does not explicitly encode what is socially at stake
when the desired state is not reached, we further
augment it with risk-if-failed. This extension is mo-
tivated by risk-aware BDI planning, which argues
that action selection under uncertainty should con-
sider the risk of undesirable outcomes (Killough
et al., 2016). In our setting, risk refers to an identi-
fiable negative social or relational consequence of
failing the role’s desire. Based on this role-specific
BDI-Risk specification, together with the scenario
description and role profiles, we use GPT-5.4 to
generate the four role-level social tasks.

2.3 Benchmark Composition and Statistics

Each simulation context in AGENTVISS forms
a self-contained input package for the sim-
ulator described in Section 3, written as
(G,Py,d,C, Z1,T). The elements (G, d,C,T) re-
main fixed throughout the simulation, while role
portraits P; and affective states Z; evolve across
turns.

Conflict level Dialogue type Participants
High 80  Persuasion 78  2roles 160
Medium 80 Deliberation 58 3roles 59
Low 80 Information-seeking 56 4 roles 17

Eristic 48 Sroles 4

Table 1: AGENTVISS statistics over 240 scenarios.
Conlflict levels are balanced; dialogue types and partici-
pant counts follow the filtered source distribution.

As shown in Table 1, the 240 scenarios are
evenly distributed across three conflict intensity
levels and cover four dialogue types. Two-role sce-
narios predominate, with the remainder involving
three to five participants. In total, the benchmark
yields 585 role instances and 2,340 role-level task
instances. Appendix G analyzes variation across
dialogue types and group sizes.

3 Simulation

For each simulation context, we run the multi-agent
simulation under two observation modes. In each
run, all participating roles are instantiated simulta-
neously and act in turn, producing a multi-turn in-
teraction trace for subsequent evaluation (Figure 3).
This section first introduces the two observation
modes (Section 3.1), then formalizes the simula-
tion state (Section 3.2), and describes the per-turn
interaction protocol (Section 3.3).

3.1 Observation Modes

Each simulation is run under one of two observa-
tion modes that differ only in how visual evidence
is provided to the active agent at each turn.

* Verbalized-vision (VV). The acting agent first
converts the current group image and role por-
traits into a textual description of visible facial ex-
pressions, body actions, and affective cues, then
incorporates this description into its reasoning.

* Direct-vision (DV). The agent receives the group
image and current role portraits directly as visual
inputs, without intermediate verbalization.
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Figure 3: Multimodal social simulation workflow. A simulation context initializes scenario information, role profiles
and tasks, affective states, and visual evidence. At each turn, the active agent receives I{" under VV or DV and
emits a structured output. The simulator updates dialogue history H, current speaker a., role affective states Z;,
and role portraits P, optionally applying ¥ to edit the active role’s portrait before looping to turn ¢+1.

Both modes provide the same textual context
to the active agent but differ in the input form
of visual evidence. These two modes allow us
to evaluate agents in social simulations that de-
pend on visual expressions and actions, while re-
ducing the risk of conflating social-interaction fail-
ures with failures in direct image understanding.
VV makes visual cues explicit through language
before reasoning, whereas DV requires agents to
perceive these cues directly from images and use
them for decision-making. This contrast helps iden-
tify whether agents fail because they cannot reason
with visual social cues, or because they cannot reli-
ably extract such cues from images.

3.2 Simulation State

For each simulation context in AGENTVISS, we
distinguish two parts: 77 = (d,C, T, Z1) contains
the textual specification, and V; = (G, P;) con-
tains the visual evidence. Variables indexed by ¢
are dynamic quantities updated during simulation,
such as Z; and P; denote their values after the sim-
ulation has evolved to turn ¢. In addition to these
context variables, the simulator maintains the dia-
logue history H; (with H; = @) and the current
speaker a;, where a; is sampled from the partici-
pating roles. At turn ¢, the active speaking agent a,

receives a mode-specific input
m __ a a at m
— (dv C tv Tt) Ht7 Zt s O )a

where C%, T, and Z;* are the profile, tasks, and
current affective state of the active speaker. Note
that m represents the observation mode and is cho-
sen from verbalized-vision (VV) and direct-vision
(DV). Hence, the input visual observation oy is ei-
ther o}V = verbalize(V;) or oV = V;. The mode
m 1s fixed across an entire simulation run.

3.3 Turn Interaction and State Update

At each turn, the simulator picks an active speaker
at from the previous turn’s next-speaker suggestion,
subject to a balancing constraint that prevents any
single role from dominating. Given the input ™,
the agent emits a structured output: a public mes-
sage, an inner thought, updated emotion / facial
expression / body action, a next-speaker sugges-
tion, and an image-update decision ¢, € {0, 1}.

The state transition appends the message to
Hy 4, replaces the active role’s entry in Z; with
the newly generated affective state, and sets a;1
from the next-speaker suggestion. The portraits are
updated as

Qt:L
qt:07

V(Ps, ar, Z134),

Pt+1 B Pt7
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Role-Level Social Tasks

Models Role Enactment Tasks

Interaction Management Tasks

Verbalized-vision

Direct-vision

Verbalized-vision

Direct-vision

Avg. Avg.
Expr. Char. Expr. Char. Int.-Reg. Int.-Out. Int.-Reg. Int.-Out.

Claude-Sonnet-4.6 97.78 97.91 97.52 9791 97.78 71.75 90.64 34.10 88.80  71.32
GLM-4.6V 97.35 97.91 97.82 9744 97.63  47.39 70.47 25.81 67.56  52.81
GPT-54 82.18 85.47 88.12 89.70 86.37 31.37 79.70 25.56 8291  54.89
InternVL3.5-241B-A28B  90.68 94.79 9231 93.76 9289  31.32 57.14 27.48 59.53  43.87
Qwen3.5-122B-A10B 97.14 96.88 96.41 9581 9656  61.71 77.99 30.64 7756  61.98
Qwen3.5-27B 96.37 97.61 96.71 96.54 96.81 56.28 77.35 33.97 76.15 60.94
Qwen3.5-9B 95.98 95.43 89.15 89.62 9255 4735 72.86 40.90 62.69 5595
Average 93.93 95.14 94.01 9440 9437  49.60 75.16 31.21 73.60 5739

Table 2: Performance comparison of simulation models on role enactment tasks and interaction management tasks
under two observation modes. For role enactment tasks, Avg. averages Expr. and Char. under both VV and DV. For
interaction management tasks, Avg. averages Int.-Reg. and Int.-Out. under both observation modes.

where Z/'} | is the updated affective state of the ac-
tive role and W edits only that role’s portrait. We in-
stantiate ¥ with LongCat-Image-Edit (Team et al.,
2025a). After T turns, the simulation produces a
trace used for evaluation in Section 4.

4 Evaluation

4.1 Evaluation Setup

Implementation Details. Following the simula-
tion procedure in Section 3, we evaluate whether
each simulated role completes its four role-level
tasks during the multi-turn interaction. Specifically,
role enactment tasks and interaction management
tasks are judged separately, as they rely on differ-
ent social evidence. For role enactment tasks, we
examine whether the dialogue history and inner
thoughts of the agent reflect the expression style
and conflict characteristic of the assigned role. For
interaction management tasks, we consider the dia-
logue history, inner thoughts, and all participants’
affective states Z;, since these tasks require the
agent to adapt to evolving interaction states and
shape the resulting social outcomes.

Metrics. Each role-level task instance is evalu-
ated by judge models and receives one of three
final labels: Achieved, Partially Achieved, or Not
Achieved. We assign these labels numerical weights
of 2, 0.5, and 0, respectively. For each task dimen-
sion, let N, N, and N, denote the total number
of evaluated instances and the counts of instances
labeled as Achieved and Partially Achieved, respec-
tively. We compute the normalized task score as

2Ny + 05N,

100.
2N

Score =

Models. We evaluate seven MLLMs from five
families: Claude (Anthropic, 2026), GPT (OpenAl,
2026), Qwen (Qwen Team, 2026), GLM (Team
et al., 2025b), and InternVL (Wang et al., 2025b).
Each role-level task instance is independently la-
beled by three judge models: Gemini-3.1-pro-
preview (Google DeepMind, 2026), GPT-5.4, and
Qwen3.5-27B. The final label is determined by
majority vote. Appendix B further reports inter-
judge consistency, human validation of the judge
ensemble, and a self-exclusion analysis examining
whether an evaluated model serving as one of its
own judges introduces systematic bias.

4.2 Main Results

Overall Performance Table 2 compares the
seven MLLMs on role enactment tasks and in-
teraction management tasks under the two obser-
vation modes. Role enactment tasks are close
to saturation: all models average above 86, and
the overall average reaches 94.37. This indicates
that current MLLMs can maintain the specified
expression style and conflict characteristic during
multi-turn simulation. In contrast, interaction man-
agement tasks remain substantially more challeng-
ing, with an overall average of 57.39 and a larger
cross-model spread. Claude-Sonnet-4.6 performs
best with 71.32, while InternVL3.5-241B-A28B
obtains 43.87. This suggests that current MLLMs
still struggle to regulate interactions and produce
intended social outcomes. In particular, VV outper-
forms DV on Int.-Reg., while the two modes are
much closer on Expr., Char., and Int.-Out.

Claude-Sonnet-4.6
Within the Qwen

Model-specific  Analysis
leads on both task groups.
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family, interaction management scores increase
monotonically with scale, but this trend does not
transfer across families: InternVL3.5-241B-A28B
still trails Qwen3.5-9B despite being much larger.
GLM-4.6V shows the clearest split between local
enactment and interaction management, ranking
second on role enactment tasks (97.63) but only
sixth on interaction management tasks (52.81).
GPT-5.4 performs relatively lower on some role
enactment tasks; case inspection suggests that it
often chooses milder responses in situations where
the task requires assertive, strategic, or confronta-
tional behavior, indicating that safety-oriented
response tendencies may reduce completion of
such role-specific tasks.

S Further Analysis

We now look more closely at how visual evi-
dence shapes social behavior on AGENTVISS. Sec-
tion 5.1 examines why DV underperforms VV on
Int.-Reg.. Section 5.2 shows that the same difficulty
extends to Int.-Out. when the task itself depends
on visible states. Section 5.3 then asks the con-
verse question, whether visual evidence is needed
at all, by comparing the two vision-enabled modes
against a purely text-based interaction setting.

5.1 Direct Vision Is Not Enough

As shown in Table 2 and Figure 4, Int.-Reg. ex-
hibits a much larger VV-DV gap than the other task
dimensions. Averaged across models, the score in-
creases from 31.21 under DV to 49.60 under VV,
yielding an 18.39-point gain, while the gaps on the
other three dimensions remain below two points.
Since Int.-Reg. requires agents to track others’ ver-
bal and non-verbal states and adapt their own re-
sponses accordingly, this gap raises the possibility
that models do not always use raw visual input ef-
fectively for interaction regulation. We further rule
out a trivial verbosity explanation: VV and DV pro-
duce nearly the same amount of public dialogue per
role, yet VV improves Int.-Reg. efficiency by about
54% over DV (Appendix E). Thus, the VV advan-
tage is unlikely to come from longer conversations,
but rather from visual cues being more usable for
regulation.

We next examine whether DV failures mainly
stem from visual recognition. If models fail un-
der DV simply because they cannot perceive the
relevant facial expressions or postures, then their
textual visual descriptions in VV should also be

Claude-Sonnet-4.6

Qwen3.5-122B-A10B

Qwen3.5-27B ————@+2231
GLM-4.6V o0 ‘pu.ss
Qwen3.5-9B o0 ‘ps.As
GPT-5.4 @—@ +5:81 :
InternVL3.5-241B-A28B @@ +3.84 :

|
20 30 40 50 60 70 80
Int.-Reg. score

Figure 4: Per-model Int.-Reg. scores under VV and DV,
sorted by VV—DV gap. Dotted lines mark VV and DV
means (49.60 vs. 31.21). All seven models score higher
under VV, with the largest gain observed for Claude-
Sonnet-4.6.

Agent Group / Portrait Mean Int.-Reg. A
Claude-Sonnet-4.6 2.80/2.95 2.94 +37.65
Qwen3.5-122B-A10B 1.80/2.77 2.71 +31.07
Qwen3.5-27B 1.40/2.65 2.58 +22.31
Qwen3.5-9B 1.20/2.15 2.09 +6.45

Table 3: Human check of visual descriptions under VV
and the corresponding Int.-Reg. gain. Ratings are on a
1-3 scale; A is VV minus DV.

poor. We therefore manually score VV descrip-
tions for 10 scenarios across four models, yielding
640 ratings on a 1-3 scale. Table 3 summarizes the
results, with the full distribution reported in Ap-
pendix D. The ratings suggest that the VV-DV gap
is not a single perception failure. Claude-Sonnet-
4.6 achieves near-perfect description quality, and
shows the largest Int.-Reg. gain from V'V, indicat-
ing a perception-to-decision integration bottleneck:
the model can recover relevant social cues when
explicitly prompted, but does not use them as reli-
ably when they enter as raw images. For smaller
models, especially on group images, visual recog-
nition and decision integration may both contribute.
Thus, direct visual access alone is not sufficient.

Controlling for Explicit Visual Reflection. The
VV-DV comparison also differs in whether vi-
sual social cues are explicitly verbalized before
response generation. To isolate this factor, we in-
troduce two additional controls on the 80 high-
conflict scenarios using Qwen3.5-122B-A10B and
Qwen3.5-27B, which exhibit large original VV-
DV Int.-Reg. gaps and represent MoE and dense
architectures, respectively. DV-Reflect receives the
same raw images as DV but is explicitly instructed
to describe visible expressions, actions, and possi-
ble affective states before generating its response;
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Model DV DV-Reflect VV Hybrid Recovery
Qwen3.5-122B-A10B 30.57  60.27  62.13 7413 94.1%
Qwen3.5-27B 3580 52.64 5842 60.93 74.4%

Table 4: Int.-Reg. scores under the four control con-
ditions on the 80 high-conflict scenarios. Recovery
denotes the fraction of the original VV-over-DV gain
recovered by DV-Reflect.

this reflection is used for subsequent response gen-
eration. Hybrid receives both the VV textual visual
description and the original raw images. All condi-
tions use the same three-judge evaluation protocol.

As shown in Table 4, DV-Reflect improves
Int.-Reg. over DV by 29.70 and 16.84 points for
Qwen3.5-122B-A10B and Qwen3.5-27B, recover-
ing 94.1% and 74.4% of their respective VV-over-
DV gains. Importantly, the reflection text is used
only for response generation and is not provided
to the judge models. The improvement therefore
cannot be explained by judges directly rewarding
an explicit textual perception trace. Hybrid fur-
ther achieves the highest Int.-Reg. score for both
models (74.13 and 60.93), which is consistent with
potential complementarity between explicit textual
cues and raw images, although aggregate scores
alone do not establish that both sources are used in
every decision.

Together, these controls refine the interpretation
of the VV-DV gap. A substantial part of the VV
advantage comes from explicitly extracting and
reflecting on visual social cues before acting: raw-
image access alone does not reliably induce mod-
els to transform visual information into decision-
relevant social representations. We therefore in-
terpret the gap as a perception-to-decision integra-
tion bottleneck, rather than as evidence that tex-
tual visual input is intrinsically superior to raw
images. Interaction Outcome does not exhibit the
same monotonic trend across the four conditions.

5.2 Strongly Vision-Dependent Outcomes Are
Challenging

The previous analysis shows that models have diffi-
culty converting visual cues into interaction regu-
lation. We next examine whether Int.-Out. that de-
pend on visual evidence are also harder for models.
Int.-Out. evaluates whether the model eventually
achieves a concrete social result involving at least
one other participant. Since some Int.-Out. out-
comes depend on visually observable social states,
we split Int.-Out. instances by whether success-
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Figure 5: Per-model Int.-Out. score drop from weakly
to strongly vision-dependent tasks, under VV and DV.
Dashed lines mark the average drop in each mode.

ful completion requires visual evidence. Strongly
vision-dependent tasks require concrete cues such
as facial expression, posture, gaze or salient emo-
tional shifts, whereas weakly vision-dependent
tasks can be completed mainly through dialogue,
reasoning, or interaction structure. The split is
generated by GPT-5.4 and manually validated, re-
sulting in 85 strongly vision-dependent tasks, or
14.53% of all Int.-Out. . Details are provided in
Appendix F.

Figure 5 shows that all models perform worse
on strongly vision-dependent Int.-Out. . Averaged
across models and modes, the score drops from
77.42 on weakly vision-dependent tasks to 56.53
on strongly vision-dependent tasks. The drop ap-
pears under both VV and DV, indicating that vision-
dependent outcomes remain difficult even when
models are given access to visual information, ei-
ther through explicit descriptions or direct images.
Int.-Reg. evaluates local adaptation to others’ cur-
rent states, while vision-dependent Int.-Out. re-
quires such adaptation to accumulate into a con-
crete social result. Taken together with the Int.-
Reg. gap in Section 5.1, this result suggests that
models still struggle to translate visual cues into
effective interaction decisions, both when adjust-
ing to others’ immediate states and when pursuing
downstream social outcomes.

5.3 Text Alone Is Insufficient

We next test whether visual evidence is necessary
by comparing VV and DV with a no-vision base-
line, Text-only, where agents receive only textual
context and no group image or role portraits.

We focus on Int.-Reg. tasks and the strongly
vision-dependent Int.-Out. . As shown in Figure 6,
both VV and DV consistently outperform Text-
only across models, showing that visual evidence
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Figure 6: Score gaps relative to the Text-only baseline.
Dashed lines mark the average gap in each mode.

provides social information beyond dialogue and
textual context. These gains indicate that visual
cues are beneficial for social tasks that depend on
observable affective and behavioral states. Taken
together with the VV-DV gap in Section 5.1 and
the drop on strongly vision-dependent Int.-Out. in
Section 5.2, these results indicate that visual in-
formation is beneficial for vision-dependent social
interaction, but models still struggle to convert vi-
sual cues into effective interaction decisions.

6 Related Work

Social agents and simulation. Social-agent
benchmarks evaluate goal-driven interaction such
as cooperation, conflict, negotiation, and persua-
sion (Zhou et al., 2024; Mou et al., 2025), while
role-playing benchmarks focus on persona con-
sistency, character enactment, and group dynam-
ics (Chen et al., 2024; Tu et al., 2024). Be-
yond dyadic or small-group interaction, recent
LLM-based social simulation studies model longer-
horizon and larger-scale social dynamics (Mou
et al., 2024; Park et al., 2023; Wang et al., 2024a;
Piao et al., 2026). For example, SocioVerse (Zhang
et al., 2025) constructs a large-scale social world
model grounded in a pool of real-world users, while
SocioBench (Wang et al., 2025a) evaluates whether
LLMs can reproduce human behavioral patterns
and social attitudes observed in large-scale socio-
logical surveys. Relatedly, LifeSim (Duan et al.,
2026) models user cognition and intention-driven
behavior in physical environments for long-horizon
personalized assistant evaluation. Together, these
works provide rich testbeds for social interaction,
behavioral simulation, and long-horizon agent eval-
uation, but largely leave open how visual social
cues shape agents’ turn-level behavior and down-
stream interaction outcomes.

Multimodal social understanding. Multimodal
social datasets evaluate affect and relational infer-

ence from text, audio, image, or video (Poria et al.,
2019; Zadeh et al., 2019; Vicol et al., 2018; Park
et al., 2020), and recent benchmarks extend to mul-
timodal theory-of-mind and emotional shifts. In
contrast, AGENTVISS focuses on visual social in-
telligence in simulation, evaluating both local role
enactment and interaction management.

7 Conclusion

We introduced AGENTVISS, a benchmark evalu-
ating visual social intelligence in multimodal so-
cial simulation. By combining aligned textual
and visual evidence with role-level social tasks,
AGENTVISS evaluates not only local role enact-
ment but also interaction regulation and outcome
formation. Experiments on seven recent MLLMs
show that agents often maintain assigned expres-
sion style and conflict characteristic, but struggle to
use visible social cues for regulation and outcome
formation, especially when those cues are provided
as raw images rather than verbalized observations.

Limitations

Our scenarios are constructed from a single West-
ern situational comedy (Friends), which underrep-
resents cross-cultural conventions, professional set-
tings, and non-English social norms, so the gen-
erality of the perception-to-decision gap we ob-
serve remains open. Each scene is represented
by a group image and per-role portraits at fixed
turns rather than continuous video, leaving tempo-
ral cues such as gaze shifts and micro-expressions
only partially captured. Finally, task completion
is scored by an LL.M-as-judge ensemble with a
three-label rubric: although we use majority vot-
ing across three judges, judge models may share
biases with the agents they evaluate, and the coarse
rubric cannot capture finer distinctions of social
appropriateness.

Ethical Considerations

AGENTVISS is built from the TV series Friends, a
source also used by prior dialogue and multimodal
datasets for emotion recognition, question answer-
ing, relation extraction, and multi-party conversa-
tion understanding (Poria et al., 2019; Zadeh et al.,
2019; Yang and Choi, 2019; Yu et al., 2020; Wang
et al., 2024b). However, the source videos, frames,
and character appearances are copyrighted media.
Unless explicitly permitted, we do not redistribute
raw episode videos or original frames; releases
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should focus on annotations, metadata, prompts,
and extraction code that require users to access
source media through legitimate channels.

We additionally use GPT-image-1 (OpenAl,
n.d.b) to generate synthetic role portraits from
source visual evidence for controlled simulation.
These portraits are not authentic depictions of the
original actors, nor claims about their real emotions,
traits, or intentions. To reduce the risk of mislead-
ing or derogatory portrayals, generated portraits
are treated as synthetic research artifacts, clearly
marked as such, and not intended to mock, defame,
or harm depicted characters or actors.

The benchmark contains affective cues, conflict,
persuasion, avoidance, deception, and other so-
cially sensitive behaviors. It is intended for di-
agnostic research on multimodal agents, not for
real-world emotion inference or high-stakes social,
clinical, legal, or workplace decision-making.
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A Definitions and BDI-Risk

Character profile. Each role is specified with
basic attributes from the source scenario and two
interaction-level attributes. The information ex-
pression strategy describes how the role tends to re-
veal, withhold, or reshape information in dialogue.
The conflict interaction characteristic describes the
role’s social stance under tension, such as compet-
ing, compromising, avoiding, or maintaining the

relationship. The detailed definitions of informa-
tion expression strategies and conflict interaction
characteristics are shown in Tables 5 and 6, respec-
tively.

Strategy Definition

Honest Signal- Communicates the true internal

ing state transparently.

Strategic Omits relevant information

Withholding  without lying.

Deception Guides the receiver toward a
false belief.

Exaggeration Amplifies aspects beyond their
actual magnitude.

Suppression Remains indirect or ambiguous

about stance.

Table 5: Definition of information expression strategies

BDI-Risk role goal. For each role, we represent
the social goal with four fields. Belief records the
role’s understanding of the current situation; desire
specifies the intended social or informational state;
intention specifies the strategy the role commits to
during interaction; and risk_if failed records the
social cost of failing to fulfill the intention. We use
the term BDI-Risk to emphasize that the represen-
tation extends the standard belief-desire-intention
structure with explicit social risk.

Task dimensions. The four role-level task di-
mensions evaluate different parts of the same role-
specific social goal. Expression evaluates informa-
tion management, Characteristic evaluates conflict-
handling behavior, Interaction Regulation evalu-
ates whether the role adapts to others’ verbal and
non-verbal states, and Interaction Outcome evalu-
ates whether the role’s behavior helps produce a
concrete social result involving other participants.
The prompts used to generate the role-specific BDI-
Risk specification and the four role-level social task
dimensions are provided in Appendix K.1.

B Evaluation Protocol

B.1 Definitions related to evaluation

We evaluate each simulation trace with three judge
models: Gemini-3.1-pro-preview, GPT-5.4, and
Qwen3.5-27B. The judges include two closed-
source models, Gemini-3.1-pro-preview and GPT-
5.4, which are accessed through APIs, and one
open-source model, Qwen3.5-27B, which is de-
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Characteristic Definition

Competing Prioritizes self-interest, pursu-

ing own outcomes with little

concern for others or relation-
ship costs.

Shows high concern for both

self and others, framing con-

flict as a problem of informa-
tion asymmetry or resource in-
tegration.

Shows moderate concern for

both sides, aiming to resolve

conflict quickly through mutual
concessions.

Shows low concern for both self

and others, viewing conflict as

a threat to be minimized or es-

caped.

Accommodating Shows low concern for self but
high concern for others, pri-
oritizing relationship harmony
over personal interests.

Collaborating

Compromising

Avoiding

Table 6: Definition of conflict interaction characteristics

ployed locally on an NVIDIA RTX 3090. For the
two closed-source models, we use their default rea-
soning configurations: high reasoning for Gemini-
3.1-pro-preview and medium reasoning for GPT-
5.4. Qwen3.5-27B is run with its default thinking
mode enabled. We set the temperature to 0 and
the random seed to 42 for Gemini-3.1-pro-preview
and Qwen3.5-27B. Since the GPT-5.4 Responses
API does not support explicit temperature or seed
settings, GPT-5.4 is evaluated with its default de-
coding configuration. For all three judges, we set
the maximum output length sufficiently large to
avoid truncating the generated evaluation response.

The final score for each agent model is computed
from the majority-vote label assigned by the judges.
Each judge receives the scenario context, role pro-
file, role-specific goal, the relevant simulation trace,
and the task definition to be evaluated.

After the simulation process described in Sec-
tion 3, we obtain multi-turn outputs from each
agent. To evaluate whether an agent completes
its assigned social goals, we use its public utter-
ance, internal thought, and updated emotion as the
primary evidence, since these fields capture both
the agent’s observable behavior and its internal in-

Goal Type Evaluation Criteria

Expression task Evaluates whether the agent adopts the
specified information expression strat-
egy. The assessment mainly analyzes
the public utterance, with the role’s
inner thoughts used as auxiliary evi-
dence, to determine whether the role
successfully translates its internal state
into actual expression.

Evaluates whether the agent adopts the
specified conflict interaction character-
istic in social handling. The assess-
ment uses the public utterance as the
main evidence and analyzes whether
the role takes conversational initiative,
maintains the overall atmosphere, or
enacts the intended social stance in
communication.

Evaluates whether the agent completes
the chain of perception, interpretation,
and adaptation. The agent should first
perceive the facial expressions or lan-
guage of other specified participants,
provide an explicit analysis of that
perception, and then adjust its social
rhythm or interaction strategy accord-
ingly.

Evaluates whether the specified ob-
jective social outcome is achieved.
When the outcome appears, the as-
sessment further analyzes whether
there is a causal relationship between
the achieved social outcome and the
agent’s social behavior.

Characteristic
task

Interaction regu-
lation task

Interaction out-
come task

Table 7: Evaluation criteria for the four social goal types

terpretation of the ongoing interaction. For the ex-
pression dimension, judges primarily consider pub-
lic utterances and use inner thoughts and affective
states as auxiliary evidence. For the characteristic
dimension, judges focus on public utterances that
reveal the role’s conflict-handling stance. For the
Interaction Management Tasks, judges additionally
consider the dialogue trajectory, other participants’
responses, updated verbal and non-verbal states,
and the final interaction state. Table 7 presents the
detailed evaluation criteria for the four task types.
The concrete evaluation prompts are provided in
Appendix K.3.

Each task is labeled as Achieved, Partially
Achieved, or Not Achieved. Achieved means that
the trace clearly satisfies the task requirement; Par-
tially Achieved means that the trace contains rele-
vant behavior but does not fully satisfy the require-
ment or produces only a weak social effect; and
Not Achieved means that the trace fails to satisfy
the requirement or contradicts it. We use majority
voting over the judge models to determine the final
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Group Fleiss’ < All Agree  All Disagree
Overall 0.612 74.51% 1.04%
Direct-vision 0.626 73.97% 1.01%
Verbalized-vision 0.594 75.04% 1.07%

Table 8: Fleiss’ «, full-agreement rate, and disagree-
ment rate among the three judge models on overall data,
Direct-vision data, and Verbalized-vision data.

Task Fleiss’ = All Agree All Disagree
Expr. 0475  87.03% 0.26%
Char. 0472  88.40% 0.35%
Int.-Reg. 0394  55.52% 1.26%
Int.-Out. 0.510 67.07% 2.30%

Table 9: Fleiss’ «, full-agreement rate, and disagreement
rate among the three judge models across the four goal
dimensions.

evaluation result for each task. Specifically, if two
or more judge models assign the same label to a
task, that label is adopted as the final result. If all
three judge models assign different labels, we use
Partially Achieved as the final result.

B.2 Evaluation consistency analysis of the
judge models

This section analyzes the agreement among the
three judge models used in our evaluation: Gemini-
3.1-pro-preview, GPT-5.4, and Qwen3.5-27B. We
report the standard unweighted Fleiss’ «, the pro-
portion of cases where all three judges assign the
same label, and the proportion of cases where all
three judges assign different labels.

Table 8 presents the agreement results for the
overall data, as well as for the Direct-vision and
Verbalized-vision settings. Overall, the three
judges achieve a Fleiss’  score of 0.612, with full
agreement on 74.51% of the cases. Only 1.04% of
the cases receive three different judgments. These
results indicate that the three judge models exhibit
a substantial level of consistency and largely fol-
low similar decision criteria when evaluating goal
achievement.

Table 9 further breaks down the agreement re-
sults by task type. The Expr. and Char. show
particularly high full-agreement rates, both above
87%, suggesting that judges are highly consistent
when evaluating information expression strategies
and conflict interaction characteristics. Agreement
is lower for the Int.-Reg. , with a Fleiss’ x score of
0.394 and a full-agreement rate of 55.52%. How-

ever, only 1.26% of the cases receive completely
different judgments from the three judges. This
suggests that many disagreements are likely to oc-
cur between adjacent labels, such as Achieved and
Partially Achieved, rather than reflecting fundamen-
tally different interpretations of the evaluation cri-
teria.

B.3 Human Validation of Judge-Based
Evaluation

To validate whether the LLM-judge ensemble pro-
duces evaluations that are consistent with human
assessment, we conduct a manual evaluation on
a stratified subset of simulation trajectories. We
sample nine scenario IDs, with three scenarios
from each of the high-, medium-, and low-conflict
groups, and evaluate each scenario under both
Verbalized-vision (VV) and Direct-vision (DV). To
cover simulation models with different overall per-
formance levels, we include Claude-Sonnet-4.6 and
Qwen3.5-9B. This yields 36 trajectories, 100 role-
level records, and 400 goal-level judgments across
the four task dimensions.

The human validation shows strong agreement
with the automatic evaluation. Across all 400 goal-
level judgments, exact human—ensemble agreement
reaches 90.0%. The corresponding mean scores
are also close: the human mean is 1.588, compared
with 1.543 for the LLM-judge ensemble, yielding
an absolute gap of only 2.25% of the maximum pos-
sible score. This indicates that the majority-vote
ensemble closely reproduces both human categori-
cal judgments and aggregate evaluation scores on
the manually checked subset.

Agreement is particularly high for the two Role
Enactment dimensions, reaching 92.0% for Expres-
sion and 99.0% for Characteristic, with normalized
score gaps of only 1.50% and 1.00%, respectively.
Interaction Management requires more complex
trajectory-level judgments and therefore shows
lower, but still substantial, agreement: 83.0% for
Interaction Regulation and 86.0% for Interaction
Outcome. Interaction Regulation also exhibits the
largest score gap, at 6.25% of the maximum possi-
ble score.

The relatively lower agreement on Interaction
Regulation is consistent with its evaluation criteria.
Unlike Expression and Characteristic, which can
often be assessed from a role’s local behavior, In-
teraction Regulation requires the evaluator to verify
a cross-turn perception—interpretation—adaptation
chain: whether the agent recognizes another par-
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Dimension N Exact Human-Ensemble Agreement

Human Mean  Ensemble Mean  Absolute Score Gap (% of Max.)

Overall 400 90.00%
Expression 100 92.00%
Characteristic 100 99.00%
Interaction Regulation 100 83.00%
Interaction Outcome 100 86.00%

1.588 1.543 2.25%
1.925 1.955 1.50%
1.970 1.950 1.00%
0.920 0.795 6.25%
1.535 1.470 3.25%

Table 10: Human validation of the three-judge evaluation ensemble. Exact Human—Ensemble Agreement is the
proportion of goal-level instances for which the manual annotation matches the final majority-vote label. Human
Mean and Ensemble Mean use the same task scoring scheme, and Absolute Score Gap reports the absolute difference
between the two means as a percentage of the maximum possible score of 2.

ticipant’s verbal or non-verbal state, interprets its
interactional implication, and subsequently adjusts
its own behavior. Determining whether this adap-
tation is sufficiently explicit and effective intro-
duces greater judgment ambiguity. Nevertheless,
the 83.0% human—ensemble agreement suggests
that the majority-vote evaluation remains largely
aligned with human assessment even on this more
demanding dimension.

B.4 Robustness to Judge Composition and
Self-Evaluation

Two of the evaluated simulation models, GPT-5.4
and Qwen3.5-27B, also appear in the original judge
ensemble, raising the possibility that a model may
evaluate its own simulation outputs differently from
other judges. We therefore conduct a self-exclusion
analysis in which the evaluated model is removed
from its own judge pool while preserving the same
three-judge majority-vote protocol. Specifically,
for GPT-5.4 simulation outputs, we replace GPT-
5.4 with DeepSeek-V4-Flash, resulting in a judge
ensemble of Gemini-3.1-pro-preview, Qwen3.5-
27B, and DeepSeek-V4-Flash. For Qwen3.5-27B
simulation outputs, we replace Qwen3.5-27B with
DeepSeek-V4-Flash, resulting in an ensemble of
Gemini-3.1-pro-preview, GPT-5.4, and DeepSeek-
V4-Flash. We rerun the full evaluation for these
two simulation models under this self-excluded set-
ting.

Tables11 show that the evaluation results are
stable under self-exclusion. Most task-level score
changes are approximately two points or less; the
largest change is a 4.41-point increase in Qwen3.5-
27B’s DV Interaction Regulation score. At the
aggregate level, self-exclusion changes Role Enact-
ment by +1.24 and +0.18 points for GPT-5.4 and
Qwen3.5-27B, respectively, and changes Interac-
tion Management by -0.43 and +1.21 points. Im-
portantly, the main conclusions remain unchanged:
Role Enactment remains substantially stronger than

Interaction Management, and the VV-DV perfor-
mance pattern is preserved. Moreover, excluding
the evaluated model from its own judge pool does
not systematically decrease its score. We there-
fore find no evidence of systematic self-evaluation
inflation in the reported results.

C Model statistics

Family Model
Qwen3.5-9B (Qwen Team, 2026)
Qwen Qwen3.5-27B (Qwen Team, 2026)
Qwen3.5-122B-A10B (Qwen Team, 2026)
GPT GPT-5.4 (OpenAl, 2026)
GPT-5 mini (OpenAl, n.d.a)
GPT-image-1 (OpenAl, n.d.b)
GLM GLM-4.6V (Team et al., 2025b)
InternVL InternVL3.5-241B-A28B (Wang et al., 2025b)
Claude Claude-Sonnet-4.6 (Anthropic, 2026)
Gemini Gemini-3.1-pro-preview (Google DeepMind, 2026)
LongCat LongCat-Image-Edit (Team et al., 2025a)

Table 12: Models used in our experiments, grouped by
model family.

Table 12 lists all models used in our experiments
by model family.

D Human Check of Verbalized Visual
Context

This appendix gives the per-model breakdown of
the human check referenced in Section 5.1. We rate
the textual visual context that each agent produces
in the VV stage on a three-point scale: 1 if the
model misses salient facial expressions or returns
vague emotion labels; 2 if it captures the overall
expression or main action but misses fine-grained
cues; 3 if it accurately describes facial-action de-
tails and gives a plausible affective reading. The
check covers the same 10 scenarios for four agents
(Claude-Sonnet-4.6 and Qwen3.5-9B/27B/122B-
A10B), giving 640 ratings in total: per model, 10
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Simulation Model  Judge Setting VV Expr. VV Char. DV Expr. DV Char. Role Enactment Avg.
GPT-54 Original 82.18 85.47 88.12 89.70 86.37
GPT-54 Self-excluded 83.25 86.58 89.15 91.45 87.61
Qwen3.5-27B Original 96.37 97.61 96.71 96.54 96.81
Qwen3.5-27B Self-excluded 96.75 97.35 97.14 96.71 96.99
Simulation Model  Judge Setting  VV Int.-Reg. VV Int.-Out. DV Int.-Reg. DV Int.-Out.  Interaction Management Avg.
GPT-54 Original 31.37 79.70 25.56 82.91 54.89

GPT-54 Self-excluded 30.21 80.26 23.55 83.80 54.46
Qwen3.5-27B Original 56.28 77.35 33.97 76.15 60.94
Qwen3.5-27B Self-excluded 56.45 77.44 38.38 76.32 62.15

Table 11: Interaction Management scores under the original and self-excluded judge ensembles. Removing the
evaluated model from its own judge pool produces only small changes and preserves the main performance patterns.

Agent Mean %3 %2 %1 Group/Portrait
Claude-Sonnet-4.6 294 938 62 0.0 2.80/2.95
Qwen3.5-122B-A10B  2.71 762 188 5.0 1.80/2.77
Qwen3.5-27B 258 63.8 30.0 6.2 1.40/2.65
Qwen3.5-9B 2.09 312 462 225 1.20/2.15

Table 13: Human ratings of the visual descriptions pro-
duced in the VV stage. Mean aggregates all 160 ratings
per model (10 group + 10 x 15 portraits); %3/ %2/%1
report the rating distribution; Group / Portrait reports
the means restricted to the 10 group-image and 150 por-
trait descriptions, respectively. Higher is better.

group-image and 10 x 15 portrait descriptions.

Table 13 reports the per-model mean rating, the
distribution of ratings across the three labels, and
a separate breakdown for group-image versus por-
trait descriptions. Two patterns appear consistently.
First, the average rating rises monotonically with
model capacity, from 2.09 (Qwen3.5-9B) to 2.94
(Claude-Sonnet-4.6). Second, group images are
uniformly the harder view: the gap between the
group-image mean and the portrait mean widens
as the agent gets weaker (Sonnet 0.15, Qwen3.5-
122B 0.97, Qwen3.5-27B 1.25, Qwen3.5-9B 0.95),
indicating that multi-character framing is the main
perceptual bottleneck for smaller models. Per-
character portraits, by contrast, remain in the 2.15-
2.95 range across all four agents, which is enough
to support a positive VV gain on Int.-Reg. for every
checked model (Section 5.1, Figure 4).

E Communication Efficiency Analysis

We further analyze whether stronger task perfor-
mance comes from more verbose dialogue or from
more effective use of each utterance. For each
evaluated role trace, we align the role-level goal-
achievement score with the public messages pro-

duced by the same role in the simulation log. We
count only the visible message field and exclude
hidden thoughts, structured emotion states, visual
descriptions, prompts, and other non-public fields.
This gives a communication-cost measure based on
the dialogue actually exposed to other agents.

For a role r in scenario 7, let C; , denote the
total number of characters in all public messages
produced by that role during the simulation:

Z |message,|.

t:ar=r

Ci,r =

For each task dimension g, we use the same nor-
malized scoring convention as Table 2: Achieved,
Partially Achieved, and Not Achieved correspond
to raw scores 2, 0.5, and 0, which are converted to
a percentage score by 100s/2. We define commu-
nication efficiency as task score per 1,000 public-
message characters. Since all four task dimensions
are evaluated over the same role trace, the same
role-level communication cost C; ,- is used for each
task-specific score.

Table 14 shows that Verbalized-vision and
Direct-vision produce nearly the same amount of
public dialogue per role. The efficiency difference
is therefore not driven by verbosity. Instead, the
largest change appears on interaction regulation:
Verbalized-vision raises efficiency from 20.71 to
31.81 score points per 1,000 message characters.
By contrast, the two local role-enactment tasks,
Expr. and Char., remain nearly unchanged. This
pattern supports the main finding that verbalized
visual evidence helps models turn perceived social
cues into actionable interaction decisions, rather
than merely encouraging longer responses.

Table 15 further shows that the Int.-Reg. ef-
ficiency gain is consistent across models, al-
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Mode Task Avg. Score Avg. Chars Eff
\'AY Expr. 93.92 1689.1 62.15
\'AY% Char. 95.12 1689.1 63.03
\'AY Int.-Reg. 49.63 1689.1 31.81
\'AY% Int.-Out. 75.30 1689.1 48.66
DV Expr. 93.99 1675.7 62.69
DV Char. 94.36 1675.7 62.93
DV Int.-Reg. 31.25 1675.7 20.71
DV Int.-Out. 73.57 1675.7 47.74

Table 14: Role-level communication efficiency by ob-
servation mode and task dimension. Avg. Score follows
the same model-balanced averaging protocol as Table 2.
Avg. Chars / Role counts only public message char-
acters generated by the role during the simulation. Eff.
/ 1K Chars reports the model-balanced average task
score obtained per 1,000 public-message characters.

Model VV Eff. DV Eff. A Eff.
Claude-Sonnet-4.6 23.30 12.09 +11.21
Qwen3.5-122B-A10B 43.03 29.39 +13.64
Qwen3.5-27B 50.81 20.80 +30.01
GLM-4.6V 23.85 1496 +8.89
GPT-54 17.62 12.71  +4.91
InternVL3.5-241B-A28B 28.04 27.61 +0.43
Qwen3.5-9B 36.01 2742  +8.59

Table 15: Model-level communication efficiency on
interaction regulation. Efficiency is measured as task
score points per 1,000 public-message characters. A
Eff. is Verbalized-vision minus Direct-vision.

though its magnitude varies. Qwen3.5-27B
shows the largest efficiency increase, because its
Verbalized-vision runs achieve higher Int.-Reg.
scores while using fewer message characters than
Direct-vision. Claude-Sonnet-4.6 and Qwen3.5-
122B-A10B show large score gains but also use
longer messages under Verbalized-vision, leading
to more moderate efficiency gains. InternVL3.5
shows little efficiency change, matching its small
VV-DV score gap in Table 2.

F Vision-Intensive Task Classification

We classify interaction outcome tasks by whether
successful completion explicitly depends on visual
evidence. Strongly vision-dependent tasks require
the agent to use concrete visible states of one or
more participants, such as gaze, facial expressions,
posture, visible emotional shifts, or visually observ-
able signs of discomfort, resistance, or engagement.
Weakly vision-dependent tasks can be completed
mainly through dialog, verbal responses, reason-
ing, statements, or interaction structure, without

Task Type Classification Criterion

Weakly vision- The outcome does not contain any vi-

dependent sual description, or the visual descrip-

tasks tion refers only to vague observable be-
haviors. In such cases, the outcome can
be judged through dialogue, verbal re-
sponses, reasoning, statements, or the
interaction structure.

strongly Successful completion depends on con-

vision- crete visible states of one or more par-

dependent ticipants, including explicit gaze, fa-

task cial expressions, posture descriptions,

or salient emotional changes.

Table 16: Criteria for classifying interaction outcome
tasks by visual intensity.

requiring a specific visible state.

For automatic classification, GPT-5.4 was given
the scenario context, the target role, and the tar-
get role’s interaction outcome task. Each task
was assigned one of two labels, strongly vision-
dependent task or weakly vision-dependent task, to-
gether with a brief rationale and the corresponding
evidence source. The detailed classification criteria
are shown in Table 16. This procedure classified
the 585 tasks into 85 strongly vision-dependent
tasks and 500 weakly vision-dependent tasks. The
prompt used for this classification is provided in
Appendix K.4. We note that the prompt uses the
earlier label names vision-intensive tasks and less
vision-intensive tasks; these correspond exactly to
strongly vision-dependent tasks and weakly vision-
dependent tasks, respectively. Only the names dif-
fer, while the definitions and classification criteria
remain unchanged.

To validate the reliability of this automatic clas-
sification, we manually verified 117 Int.-Out. tasks
from 60 scenarios. Among the inspected tasks,
only one differed from the GPT-5.4 classification.
The single disagreement is shown below:

Ethan obtains from Benjamin a spoken acknowl-
edgment of the boundary crossing as a breach of
trust and from Miles a direct account of Miles’s
own withheld knowledge, with the result visible

in their replies, pauses, and orientation before
Ethan turns toward the door.

GPT-5.4 classified this task as a strongly vision-
dependent task, using orientation before Ethan
turns toward the door as the supporting evidence.
In our manual verification, however, we classified
this task as weakly vision-dependent. Although the
outcome contains a visual cue, this cue does not
specify gaze, facial expression, posture, or a salient
emotional change. Instead, the core outcome can be
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Dialogue Type Scen.  Int.-Reg. Int.-Out. Group Size Scen.  Int.-Reg. Int.-Out.
\'AY% DV VV DV \'AY% DV VV DV
Information-seeking 56 41.83 27.46 79.44 78.27 2 characters 160 53.67 31.60 75.13 74.52
Deliberation 58 51.02 28.38 72.64 70.48 3 characters 59 45.04 30.75 79.04 75.30
Persuasion 78 51.48 34.05 7427 73.11 4 characters 17 47.79 32.20 6796 6691
Eristic 48 53.32 34.37 74.89 73.05 5 characters 4 30.89 2571 65.89 66.61

Table 17: Task completion by dialogue type, restricted
to the two dynamic interaction dimensions. The largest
type-level variation appears on interaction regulation,
where information-seeking scenarios are more difficult
than eristic, persuasion, and deliberation scenarios under
both observation modes.

judged mainly from Benjamin’s spoken acknowl-
edgment and Miles’s direct account.

This high level of agreement suggests that the
GPT-5.4-based classification provides a reliable
basis for our subsequent analysis.

G Performance by Dialogue Type and
Group Size

We further examine whether task completion varies
with scenario-level dialogue type and the number
of participating characters. Scores follow the same
model-balanced averaging protocol as Table 2. The
analysis is descriptive: dialogue type and group
size are naturally coupled with scenario content, so
the goal is to identify useful performance patterns
rather than to isolate causal effects.

Table 17 shows that the clearest variation across
dialogue types appears in interaction regulation.
Information-seeking scenarios obtain the low-
est Int.-Reg. scores under both Verbalized-vision
and Direct-vision, suggesting that asymmetrical
question-answer roles make it harder for agents to
turn observed partner states into adaptive conver-
sational moves. Eristic and persuasion scenarios
obtain higher Int.-Reg. scores, likely because their
conflictive goals make social stances and response
pressures more explicit.

Table 18 suggests that larger groups make dy-
namic social control harder. Two-character sce-
narios achieve the strongest Verbalized-vision Int.-
Reg. score, while five-character scenarios are much
lower. This pattern is consistent with the bench-
mark’s central distinction between local role enact-
ment and multi-party interaction: as the number
of participants grows, an agent must track more
visible states, infer more interpersonal dependen-
cies, and select an action that remains coherent for
multiple partners at once.

Table 18: Task completion by number of participating
characters, restricted to the two dynamic interaction
dimensions. Int.-Reg. drops as more participants must
be tracked, especially under Verbalized-vision; Int.-Out.
also weakens for the largest groups.

H The effect of the number of turns in the

simulation
Mode Task 9 Turns 12 Turns 15 Turns
\'AY Expr. 95.66 96.30 96.01
VvV Char. 96.24 96.30 96.48
DV Expr. 94.72 93.96 94.07
DV Char. 95.77 94.66 94.89
VvV Int.-Reg.  48.47 53.70 53.87
A\AY Int.-Out. 70.19 73.42 73.36
DV Int.-Reg.  31.63 33.04 33.80
DV Int.-Out. 68.90 71.54 71.65

Table 19: Effect of simulation turns on task completion.
Scores are averaged over Claude-Sonnet-4.6, Qwen3.5-
9B, and Qwen3.5-27B. Bold values indicate the best
result in each row, and underlined values indicate the
second-best result.

In our main experiments, the number of simulation
turns is fixed to 15. In this section, we further
analyze how the number of simulation turns affects
agents’ ability to complete their assigned goals.
For this supplementary experiment, we randomly
sample 60 scenarios from the 240 scenarios, and
use Gemini-3.1-pro-preview as the judge model
to evaluate three agent models, namely Claude-
Sonnet-4.6, Qwen3.5-9B, and Qwen3.5-27B, under
two shorter simulation settings with 9 and 12 turns;
the main results reported in the paper are computed
on the full scenario set.

Table 19 reports the performance of these three
agent models under different numbers of simula-
tion turns. The scores are computed by aggregating
the results of the three agent models. For Role En-
actment Tasks, the agents show no substantial per-
formance difference across the three turn settings.
This suggests that agent models can already enact
their assigned role attributes effectively within rel-
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atively short interactions. In contrast, for Interac-
tion Management Tasks, longer simulations tend
to improve task completion: three out of the four
interaction-management settings achieve their best
performance with 15 turns.The average score on
Interaction Management Tasks increases from
54.80 with 9 turns to 58.17 with 15 turns, yield-
ing an improvement of 3.37 points. This indicates
that increasing the number of turns has a positive
effect on interaction management, as longer inter-
actions provide more opportunities for agents to
perceive others’ reactions, adapt their strategies,
and contribute to the development of the interac-
tion. However, the improvement is moderate rather
than large, suggesting that the ability to dynami-
cally respond to others and shape the interaction
depends primarily on the intrinsic capability of the
agent model, rather than on the number of available
turns alone.

I Experimental Hyperparameters

This appendix lists the key hyperparameters for the
simulation and evaluation pipelines.

Simulation. Each episode runs for at most 15
dialogue rounds. Speaker selection uses a fairness-
aware policy: characters absent from the most
recent 4 turns are prioritized, with round-robin
fallback. All agent calls use temperature=0.8
and max_tokens=30,000, with structured JSON
output parsed up to 5 times on failure. In
the VV mode, the visual-description stage uses
temperature=0.2 for more stable descriptions; in-
put images are resized to 448 x 448. Open-source
agents are served via VLLM with top_p=0.9 and
max_model_len=10,000.

Evaluation. We use three judges: GPT-5.4,
Gemini-3.1-pro-preview, and Qwen3.5-27B. Gem-
ini and Qwen use temperature=0.0 and seed=42;
GPT-5.4 uses its default decoding because the
Responses API does not expose temperature or
seed. Each judge runs with its native reason-
ing enabled (medium for GPT-5.4, high for Gem-
ini, enable_thinking for Qwen). Output is con-
strained to JSON and parsed with a tolerant extrac-
tor; each call is retried up to 3 times with expo-
nential backoff. Per-task labels are aggregated by
majority vote; ties default to Partially Achieved.

Third-party packages. The data, simulation,
and evaluation pipelines rely on several open-
source models and libraries; we report the

Package / Model Use

sentence-transformers subtitle-script semantic matching
(BGE-M3)

rank_bm25 subtitle-script lexical matching
CLIP  ViT-L/14 via keyframe visual feature extrac-
transformers tion

ruptures PELT scene-change detection

insightface
(buffalo_1)
Ultralytics YOLO
vllm

face detection and embeddings

person detection
local agent and judge model serv-
ing

Table 20: Main third-party packages and models used
in our pipelines.

main ones in Table 20. Script-subtitle align-
ment combines BGE-M3 embeddings (Chen
et al., 2025) from sentence-transformers with
BM25 lexical matching using a fused score
a = 0.8. Keyframe selection uses CLIP ViT-
L/14 (Radford et al., 2021) features via Hug-
ging Face transformers (Wolf et al., 2020),
with PELT (Truong et al., 2020) scene-change
detection from ruptures using an RBF cost
and penalty = 5. Character localization
uses InsightFace buffalo_1 (Ren et al., 2022)
with det_size=640 x 640 and an Ultralytics
YOLO (Redmon et al., 2016) person detector. Lo-
cal LLM and judge serving uses v11m (Kwon et al.,
2023).

J Licenses

We use third-party models, APIs, and software
packages in accordance with their respective li-
censes or terms of use. Our code will be released
under the MIT License if accepted.

K Prompts

This appendix provides the prompts used in our
study.

K.1 Scenario and Four-Task Construction
Prompts

This section presents the prompts used to construct
the scenario descriptions and the four role-level
tasks for each character. The entire construction
pipeline is performed using GPT-5.4 and consists
of four stages: scenario construction, BDI-Risk
construction for each character, construction of the
Expr., Char., and Int.-Reg., and construction of
the Int.-Out.. Together, these prompts transform
each grounded social scenario into a structured
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role-conditioned simulation instance, where each
character is assigned a BDI-Risk representation

and four operational social goals.

Scenario Construction Prompt

System Prompt:

You are a specialist in multimodal scenario
construction for dialogue systems.

You are given:

- A dialogue transcript

- Character roles and dialogue type

- Individual character information

- A reference image representing the global
scene layout

Your task is to CONSTRUCT a coherent
scenario (background + description).
REQUIREMENTS

1. Dialogue grounding:

- The scenario MUST NOT contradict the given
dialogue

- The scenario may abstract or generalize
details as long as it remains compatible
with the dialogue

2. Dialogue type consistency ({{
dialogue_type }}):

{{ conflict_consistency }}

3. Character Role Introduction:

{{ role_necessity }}

4. Character constraint:

- ONLY use given characters

- DO NOT introduce new characters

5. Image:

- The scenario MUST NOT contradict the
spatial or situational implications of the
image

- The scenario may adapt to the dialogue and
dialogue type requirements, as long as it
remains plausible given the image

- Do NOT explicitly describe visual details
6. Scene construction:

- Background:

- Describe the large-scale environment and
overall situational context of the scenario
(1-2 sentences)

- Focus on setting, location, and general
circumstances

- Description:

- Describe a smaller, localized, or specific
part of the same scene where the dialogue
takes place (1-2 sentences)

- Focus on the immediate situation or event
framing the interaction

7. Constraints for BOTH background and
description:

- MUST NOT include any specific character
descriptions, such as:

- appearance (e.g., clothing, physical
traits)

- identity-specific details beyond role
necessity

- MUST NOT include any psychological or
mental state descriptions.

- Write in a natural, narrative style. The
text should read like background narration,
not an explanation.

- DO NOT use meta or instructional phrasing

such as: “The scene takes place...”
OUTPUT

Return JSON:

{“background”: “...”, “description”: “...”}
User Prompt:

Characters in the scene:

{{ character }}

Individual information:

{{ individual_information }}

Dialogue:

{{ dialog }}

Dialogue type:

{{ dialogue_type }}

Character roles:

{{ character_roles }}

Return JSON only following the schema.

BDI-Risk Construction Prompt

System Prompt:

You are an expert in cognitive modeling for
multi-agent social interaction.

You are given:

- A background

- A scene description

- Individual character information

Task

For EACH character:

1. Infer a structured BDI model:

- belief: what the character believes about
the current situation

- desire: what social or informational state
the character wants to achieve

- intention: what strategic commitment the
character forms in this scene

2. Infer risk_if_failed:

- A clearly identifiable negative social or
relational consequence if the desire fails.
3. Slightly adjust the scene description so
that:

- It remains consistent with the background
- It reflects the inferred BDI+risk structure
- It does NOT introduce new events or
characters

- It stays within 2-3 sentences

STRICT REQUIREMENTS

- BDI must be about THIS scene only

- No personality inference

- No emotional states

- No physical actions

- No speculative backstory

- risk_if_failed must be socially evaluable
Return format

{

“characters”: {
“CharacterName”: {
“belief”: «“...”,
“desire”: “...”,
“intention”: “...”,
“risk_if_failed”: “...”
3

})




“« ”

“revised_description”:
3

User Prompt:
Background:

{{ background }}

Scene description:

{{ description }}
Individual information:
{{ individual_information }}

Return JSON only following the schema.

Expr., Char., and Int.-Reg. Construction
Prompt

System Prompt:

You are an expert in constructing social
interaction tasks for structured multi-agent
cognitive simulations.

You are given:

- description

- characters

- individual information

- BDI and risk (belief, desire, intention,
risk_if_failed)

Theoretical

clarification
BDI:

- Belief: what the agent takes to be true in
this scene

- Desire: the social or informational state
the agent wants

- Intention: the committed strategy to pursue
the desire

- risk_if_failed: socially evaluable negative
consequence if the desire fails

Conflict interaction characteristic
(strategic orientation):

- Competing: prioritizes self-interest,
pursuing own outcomes with little concern
for others or relationship costs

- Collaborating: high concern for both self
and others, framing conflict as a problem of
information asymmetry or resource
integration

- Compromising: moderate concern for both
sides, aiming to resolve conflict quickly
through mutual concessions

- Avoiding: low concern for both self and
others, viewing conflict as a threat to be
minimized or escaped

- Accommodating: low concern for self but
high concern for others, prioritizing
relationship harmony over personal interests
Information expression strategy (expression
style):

- Honest Signaling: communicate true internal
state transparently

- Strategic Withholding: omit relevant
information without lying

- Deception: guide the receiver toward a
false belief

- Exaggeration: amplify aspects beyond actual
magnitude

- Suppression: remain indirect or ambiguous
about stance

Task

For EACH character, generate EXACTLY THREE
operational goals:

1) expression_task

- Must operationalize BDI + risk through the
expression style

- Must reflect how information is revealed,
distorted, or withheld

- Must be evaluable through own dialogue
content, internal thought description, or
observable facial/behavioral cues

2) characteristic_task

- Must operationalize BDI + risk through the
strategic orientation

- Must reflect how the character positions
themselves strategically in the interaction
- Must be evaluable through own dialogue
content, internal thought description, or
observable facial/behavioral cues

3) interaction_regulation_task

- Must operationalize BDI + risk through
adaptive monitoring of other participants

- Must explicitly reflect how the character
detects and responds to:

e verbal reactions (agreement, hesitation,
interruption, reframing)

e non-verbal signals (facial expressions,
posture shifts, gaze direction, tension cues)
- Must describe how the character adjusts
timing, intensity, framing, or strategy in
response to those signals

STRICT CONSTRAINTS

- Do NOT rewrite belief, desire, intention,
or risk_if_failed

- Do NOT introduce new events or characters
- Do NOT describe emotions directly

- Each goal must be concise and limited to 1
sentence maximum

- Goals must be evaluable through dialogue,
internal cognition, or observable expression
- Each goal must explicitly name the
character (e.g., “Ethan”, “Ben”) and must
NOT use pronouns such as he, she, they

- Output strictly JSON with no additional
commentary

Return format

{

“goals”: {
“CharacterName”: {
“expression_task”: “...”,
“characteristic_task”: “...”,
“interaction_regulation_task”: “...
}

3

}

User Prompt:

Scene description:

{{ description }}

Characters in the scene:

{{ character }}

Individual information:

{{ individual_information }}
BDI and risk:

{{ bdi_risk }}

Return JSON only following the schema.

”
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Int.-Out. Construction Prompt Return format

System Prompt: (
You are an expert in constructing social
interaction tasks for structured multi-agent
cognitive simulations.

“goals”: {
“CharacterName”: {
“interaction_outcome_task”:

« ”

You are given:

- ot 3
description }

- characters 3

- individual information

- BDI and risk (belief, desire, intention,
risk_if_failed)

- previously generated goals for each
character:

e expression_task

e characteristic_task

e interaction_regulation_task

User Prompt:

Scene description:

{{ description }}

Characters in the scene:

{{ character }}

Individual information:

{{ individual_information }}
BDI and risk:

=== : Theoretical {{ bdi_risk }}
clarification .
BOI: previously generated goals for each
= Bélief~ what the agent takes to be true in character:
this scene {{ previously_goals }}

Return JSON only following the schema.

- Desire: the social or informational state
the agent wants

- Intention: the committed strategy to pursue K.2 Simulation Prompts
the desire
- risk_if_failed: socially evaluable negative We use three observation settings in the simulation:

consequence if the desire fails

Text-only, Verbalized-vision (VV), and Direct-

Task
vision (DV). Table 21 summarizes the visual in-
For EACH character, generate EXACTLY ONE formation available in each setting. All three set-
interaction_outcome_task: ti ire th tt ¢ th tructured
- The task MUST define a concrete, observable Ings require eagen O return the Same's ructure
interaction outcome involving this character JSON fields, so differences between settings come
and at least one other character from the available visual evidence rather than from

- The outcome MUST emerge from the
interaction between participants and MUST
NOT be achievable by this character alone

the output format.

- The task MUST be grounded in: Observation setting Visual input to agent

e the character’s BDI and risk

e the character’s expression_task, Text-only No visual information. The
characteristic_task, and agent receives scenario text, dia-
interaction_regulation_task logue history, role goal, role pro-
- The task MUST reflect how this character’s file, and previous self-state only.
behavior contributes to shaping the overall Verbalized-vision (VV) Images are first converted into
interaction outcome text: a static group-image sum-
Evaluability requirements: mary and turn-level observa-
- The outcome MUST be verifiable through: tions of other characters from
e dialogue content the portrait collage.

e internal thought descriptions Direct-vision (DV) The agent directly receives two
e observable facial expressions or images: the fixed group image
behavioral cues and the current portrait collage.

- The outcome MUST be supported by evidence
from MULTIPLE participants (not just this s . . .
B Table 21: Visual information provided under each ob-

STRICT CONSTRAINTS servation setting.

- Do NOT rewrite belief, desire, intention,

or risk_if_failed Text-only System Prompt

- Do NOT introduce new events or characters

- Do NOT describe emotions directly You are {{ name }}.

- The task must be exactly 1 sentence PERSONAL IDENTITY
- The task must describe an outcome (state or (CRITICAL)

result), NOT a plan or intention Your personal goal:

- The task must explicitly name the character **%{{ goal }}**

(e.g., “Ethan”, “Ben”) and must NOT use Your individual information (about you):
pronouns such as he, she, they gender: {{ gender }}

- Output strictly JSON with no additional age: {{ age 1}

commentary occupation: {{ occupation }}
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characteristics: *x{{ characteristics }}*x
IMPORTANT:

- Your characteristics define HOW you speak,
react, and decide.

- You MUST keep your behavior consistent with
them at all times.

- You MUST continuously keep your personal
goal in mind when speaking and deciding.

- Your messages and actions SHOULD implicitly
or explicitly advance your personal goal
whenever possible.

- Do NOT suddenly change style or abandon
your goal unless strongly justified by the
dialogue context.

SOCIAL CONTEXT

Characters in this scenario (excluding you):
{{ characters | join(", ") }}
OUTPUT RULES (STRICT)

Rules:

- You MUST output VALID JSON ONLY.

- Do NOT output markdown, explanations, or
extra text.

- If your output is not valid JSON, it will
be discarded.

Output JSON schema (exact keys):

{

"inner_thought": "string",

"emotion":
"Joy/Sadness/Fear/Anger/Surprise/Disgust
/Neutral”,

"emotion_description”: "string",
"image_edit": true/false,
"facial_expression”: "string",
"body_actions"”: "string",

"next_speaker”: "{{ characters |
reject(’equalto’, name) | join(’/’) }} or
’uncertain’”,

"message”: "string”

}

IMPORTANT GUIDELINES:

- "message” is what you say out loud to
others.

- "inner_thought"” is private and MUST NOT
appear verbatim inside "message”.

- "emotion"” MUST be EXACTLY ONE of:

Joy, Sadness, Fear, Anger, Surprise, Disgust,
Neutral

- Even without visual input, you MUST still
provide your current internal-and-outward
state through

"emotion”, "emotion_description”,
"facial_expression”, and "body_actions”.

- In the Text-only setting, "image_edit” is
only a state-change indicator for whether
your outward state would

visibly differ from the previous round; no
image will actually be edited from this
value.

- "next_speaker” MUST be exactly one of: {{
other_characters | join(", ") }}, or
"uncertain”.

{% if message_budget_words is not none and
message_budget_words|int > @ -%}

IMPORTANT: Your JSON field "message"” MUST be
no more than {{ message_budget_words }}
English words in total; if longer, it will

be truncated and may be penalized.
{%- endif %}

Text-only User Prompt

Round {{ round_idx }}.

Scenario description:

{{ description }}

Dialogue history:

{{ dialogue_history }}

Your previous state:

- prev_emotion: {{ prev_emotion }}

- prev_emotion_description: {{
prev_emotion_description }}

- prev_facial_expression: {{
prev_facial_expression }}

- prev_body_action: {{ prev_body_action }}
IMPORTANT:

- Your "message"” MUST be grounded in the
scenario background, description, and
dialogue history.

- Your "message"” MUST also reflect your
personality and must aim to advance your
personal goal.

- You do NOT receive any visual information
in this mode, so do not claim to observe
facial expressions,

body actions, or scenario details that are
unavailable from the text context.

- You MUST still output your own current
state using "emotion”,
"emotion_description”,
"facial_expression”, "body_actions”, and
"image_edit".

- When setting "image_edit"”, judge whether
your current outward state would visibly
differ from your

previous state, using the previous-state
fields above as comparison.

- Output MUST be valid JSON only and MUST
match the exact schema keys.

- Try NOT to repeat the same wording from
your previous turn; vary your phrasing while
staying consistent

with the intended meaning and emotional
state.

Task:

Return JSON only following the schema.

Set "next_speaker” to exactly one name from
the other characters listed in your system
prompt, or "uncertain”.

Verbalized-vision System Prompt

20201

You are {{ name }}.

PERSONAL IDENTITY

(CRITICAL)
Your personal goal:

*x{{ goal }}xx

Your individual information (about you):
gender: {{ gender }}

age: {{ age 1}

occupation: {{ occupation }}
characteristics: **x{{ characteristics }}*x*
expression_style: xx{{ expression_style }}*x
IMPORTANT:




- Your characteristics and expression_style
define HOW you speak, react, and decide.

- You MUST keep your behavior consistent with
them at all times.

- You MUST continuously keep your personal
goal in mind when speaking and deciding.

- You MUST treat all visual information as
second-hand textual observations rather than
raw images.

- You MUST infer others’ states only from the
provided visual observation text and
dialogue context.

SOCIAL CONTEXT

Characters in this scenario (excluding you):
{{ characters | join(", ") }}
OUTPUT RULES (STRICT)

Rules:

- You MUST output VALID JSON ONLY.

- Do NOT output markdown, explanations, or
extra text.

- If your output is not valid JSON, it will
be discarded.

Output JSON schema (exact keys):

{

"inner_thought"”: "string",

"emotion":
"Joy/Sadness/Fear/Anger/Surprise/Disgust
/Neutral”,

"emotion_description”: "string",
"image_edit": true/false,
"facial_expression”: "string",
"body_actions”: "string",

"next_speaker”: "{{ characters |
reject(’equalto’, name) | join(’/’) }} or
’uncertain’”,

"message”: "string”

}

IMPORTANT GUIDELINES:

- "emotion"” MUST be EXACTLY ONE of:

Joy, Sadness, Fear, Anger, Surprise, Disgust,
Neutral

- Set image_edit to true only if your current
emotion and outward state should produce a
visible update to your individual image.

- "next_speaker” MUST be exactly one of: {{
other_characters | join(", ") }}, or
"uncertain”.

- We will primarily evaluate and analyze your
task completion based on your message and
the resulting visual state.

{% if message_budget_words is not none and
message_budget_words|int > @ -%}

- Your JSON field "message” MUST be no more
than {{ message_budget_words }} English
words in total; if longer, it will be
truncated and may be penalized.

{%- endif %}

Static visual scenario summary:

- scene_summary: {{ group_scene_summary }}
- scene_character_summary: {{
group_scene_character_summary }}

Current visual observations for this round:
- other_character_observations:

{{ other_character_observations }}

Your previous state:

- prev_emotion: {{ prev_emotion }}

- prev_emotion_description: {{
prev_emotion_description }}

- prev_facial_expression: {{
prev_facial_expression }}

- prev_body_action: {{ prev_body_action }}
IMPORTANT:

- The visual sections above are generated
from images; treat them as your only visual
evidence.

- Your "message"” MUST be grounded in the
scenario description, dialogue history, and
current visual observations.

- If "image_edit"” is true, your returned
emotion / emotion_description /
facial_expression / body_actions should
define a visibly updated state for the next
round.

- Try NOT to repeat the same wording from
your previous turn; vary your phrasing while
staying consistent.

Task:

Return JSON only following the schema.

Direct-vision System Prompt

Verbalized-vision User Prompt

Round {{ round_idx }}.
Scenario description:
{{ description }}
Dialogue history:
{{ dialogue_history }}
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You are {{ name }}.

PERSONAL IDENTITY

(CRITICAL)
Your personal goal:

*x{{ goal }}xx

Your individual information (about you):
gender: {{ gender }}

age: {{ age 1}

occupation: {{ occupation }}
characteristics: **x{{ characteristics }}*x*
expression_style: xx{{ expression_style }}*x
IMPORTANT:

- Your characteristics and expression_style
define HOW you speak, react, and decide.

- You MUST keep your behavior consistent with
them at all times.

- You MUST continuously keep your personal
goal in mind when speaking and deciding.

- Your messages and actions SHOULD implicitly
or explicitly advance your personal goal
whenever possible.

- Do NOT suddenly change style or abandon
your goal unless strongly justified by the
dialogue context.

SOCIAL CONTEXT

Characters in this scenario (excluding you):
{{ characters | join(", ") }}
OUTPUT RULES (STRICT)

Rules:
- You MUST output VALID JSON ONLY.




- Do NOT output markdown, explanations, or
extra text.

- If your output is not valid JSON, it will
be discarded.

Output JSON schema (exact keys):

{

"inner_thought”: "string",

"emotion":
"Joy/Sadness/Fear/Anger/Surprise/Disgust
/Neutral”,

"emotion_description”: "string",
"image_edit"”: true/false,
"facial_expression”: "string",
"body_actions”: "string",

"next_speaker"”: "{{ characters |
reject(’equalto’, name) | join(’/’) }} or
’uncertain’”,

"message"”: "string”

}

IMPORTANT GUIDELINES:

- "emotion"” MUST be EXACTLY ONE of:

Joy, Sadness, Fear, Anger, Surprise, Disgust,
Neutral

- Set image_edit to true only if you
determine that the character’s emotional
state has clearly and meaningfully changed
compared to the previous state.

This judgment should be based on a
comparison of both the current emotion and
emotion_description with their previous
values.

- "next_speaker” MUST be exactly one of: {{
other_characters | join(", ") }3}, or
"uncertain”.

- We will primarily evaluate and analyze your
task completion based on your message and
the image.

{% if message_budget_words is not none and
message_budget_words|int > @ -%}

- Your JSON field "message" MUST be no more
than {{ message_budget_words }} English
words in total; if longer, it will be
truncated and may be penalized.

{%- endif %3}

round.

The order follows the listed characters,
INCLUDING YOU.

Use this image as the most recent visual
state for this round.

IMPORTANT:

- When setting "image_edit”, you MUST compare
your current emotion(including emotion
description)

against your previous emotion(including
previous emotion description) listed above.
- Even if the emotion is the same, the
emotion description

(i.e., all obvious differences in the
current detailed emotional state)
emotion_change is also true.

- If "image_edit" is set to true, the
modified image should show clear and
noticeable differences

from "prev_facial_expression” and/or
"prev_body_action”, such that an observer
can visually perceive

the emotional shift or change in state.

- Try NOT to repeat the same wording from
your previous turn; vary your phrasing while
staying consistent

with the intended meaning and emotional
state.

Task:

Return JSON only following the schema.

Verbalized-vision Group-image Description
Prompt

Direct-vision User Prompt

Round {{ round_idx }}.

Scenario description:

{{ description }}

Dialogue history:

{{ dialogue_history }}

Your previous emotion and state

- prev_emotion: {{ prev_emotion }}

- prev_emotion_description: {{
prev_emotion_description }}

- prev_facial_expression: {{
prev_facial_expression }}

- prev_body_action: {{ prev_body_action }}
You will receive EXACTLY 2 images in this
order:

1) GROUP_IMAGE:

The initial group photo of all characters
(unchanged across rounds).

2) PREV_END_COLLAGE:

A collage of all characters’ individual
images captured at the END of the previous
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System instruction:

You are a careful visual scene describer.
Return valid JSON only. Avoid hidden
reasoning and unsupported claims.

User instruction:

You are a visual scene describer.

Task:

- Read the provided initial group image of
the scenario.

- Produce objective structured observations.
- Do not write chain-of-thought or
speculation beyond what is visually
supportable.

- Return exactly 2 string fields in valid
JSON.

Known scenario description:

{{ description }}

Expected characters:

{{ characters | join(", ") }}

Field guidance:

- "scene_summary"”: summarize the environment,
space, background, and overall scenario
setup.

- "scene_character_summary": summarize
scenario-level character information, such
as who appears present, rough relative
positions, orientation, proximity, and
notable group-level interpersonal layout.
- Both fields must be natural-language
summaries that can be directly injected into
a later simulation prompt.

- Do not output arrays, nested objects, or
per-character bullet lists.




Return JSON only in this exact format:

{

"scene_summary”: "string",
"scene_character_summary"”: "string”

3

In our implementation, the image editing prompt
is executed with LongCat-Image-Edit to update
only the active character’s portrait.

K.3 Evaluation Prompt

Verbalized-vision Portrait-collage Descrip-
tion Prompt

This section presents the evaluation prompts used
to assess whether agents achieve the assigned Role
Enactment Tasks and Interaction Management

System instruction:

You are a careful visual state describer for
social simulation. Return valid JSON only.
Keep observations grounded in the provided
collage.

User instruction:

You are a visual state describer for social
simulation.

Task:

- Read the provided character collage for
Round {{ round_idx }}.

- The collage order follows these characters
exactly: {{ characters | join(", ") }}.

- Produce concise visual observations for the
current speaker {{ speaker }} about the
OTHER characters only.

- Do NOT include the speaker {{ speaker }} in
the output.

- Each other character should have one
natural-language "visual_description”
summarizing visible expression, body action,
posture, attention, and any obvious
emotional cues.

- Keep each "visual_description” directly
usable as text context for later dialogue
simulation.

Return JSON only in this exact format:

{

"other_character_observations”: [

{% for character in characters if character
I= speaker %}

{

"character”: "{{ character }}",
"visual_description”: "string"

Tasks. These prompts define the evidence sources,
goal-specific evaluation rules, achievement criteria,
and output format used by the judge models.

Role Enactment Task Evaluation System
Prompt

You are an expert evaluator of multi-agent
social interaction simulations WITH ACCESS
TO EMOTION-DESCRIPTION CONTEXT.

Your task is to determine whether EACH
character has achieved EACH assigned goal.
Each character has TWO distinct goals:

1. expression_task

2. characteristic_task

These goals represent DIFFERENT behavioral
mechanisms and MUST be evaluated using
DIFFERENT evidence sources.

You must strictly follow the evaluation
rules below.

GENERAL EVIDENCE

SOURCES
You may receive the following types of
evidence:

1. Spoken dialogue content

2. Inner thoughts (private reasoning)

3. Emotion descriptions

4. Observable reactions from other
participants

5. A brief scene description summarizing the
interaction setup

The scene description is contextual
information only and is NOT evidence of goal

% if not loop.last %},{% endif %} achievement.
{% endfor %} EVALUATION GROUNDING
] RULE
3 Your evaluation must be grounded in two
elements:
1. The goals listed in the CHARACTERS AND
Image Editing Prompt GOALS section of the input.

2. The behavioral mechanisms defined in the

Edit ONLY the target person. Keep identity
unchanged (same face and overall appearance).
Do NOT change background, lighting, camera,
or other people/objects.

Main goal: clearly reflect the emotional
state through FACIAL EXPRESSION
(eyes/eyebrows/mouth) .

Body actions are secondary and should only
support the emotion.

Target:

- emotion: {{ emotion }}

- emotion_description: {{ emotion_description
13

- facial_expression: {{ facial_expression }}
- body_actions: {{ body_actions }}

GOAL-SPECIFIC EVALUATION RULES below.

For each character, interpret the goal
description provided in the CHARACTERS AND
GOALS section and determine whether the
character’s observable behavior in the
interaction satisfies the mechanism defined
in the corresponding evaluation rule.

You must NOT invent new goals, ignore
existing goals, or reinterpret goals outside
those provided in the CHARACTERS AND GOALS
section.

GOAL-SPECIFIC

EVALUATION RULES

1. expression_task
Purpose:
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Evaluate whether the character actually
IMPLEMENTS the intended information
expression strategy (e.g., honest signaling,
strategic withholding, deception,
exaggeration, suppression).

Primary Evidence:

- Spoken dialogue

Secondary Evidence:

- Inner thoughts (ONLY to verify whether the
spoken behavior aligns with the planned
strategy)

Critical Principle:

Inner thoughts alone DO NOT indicate success.

The strategy must be observable in spoken
dialogue or emotion descriptions.
Evaluation question:

Did the character translate internal
expression reasoning into observable
communicative behavior?

2. characteristic_task

Purpose:

Evaluate whether the character positions
themselves strategically in the conflict
interaction according to the assigned
interaction orientation (e.g., competing,
collaborating, compromising, avoiding,
accommodating).

Evidence Restriction:

ONLY evaluate based on spoken dialogue
content.

DO NOT use:

- inner thoughts

Evaluation question:

Does the character’s spoken dialogue
demonstrate the intended strategic
positioning in the interaction?

ACHIEVEMENT DEFINITIONS

Achieved: Evidence clearly supports the
behavioral mechanism defined by the goal.
All key elements required by the goal are
supported by observable evidence.

Partially Achieved: Some elements of the
required behavioral mechanism appear in the
interaction, but one or more critical
components are missing or weakly supported.
Not Achieved: Evidence does not support the
presence of the behavioral mechanism
required by the goal. The character either
does not attempt the behavior or the
interaction shows no meaningful progress
toward the goal.

IMPORTANT OUTPUT

CONSTRAINTS
You MUST:

- Evaluate EACH goal separately.

- Include ALL characters.

- Include ALL goals.

- Ground reasoning in concrete evidence.

- Reference specific turns and speakers when
possible.

You MUST NOT:

- Merge multiple goals.

- Infer success from intentions alone.

- Add commentary outside JSON.

Return valid JSON only.

Role Enactment Task Evaluation User
Prompt

SCENE DESCRIPTION:
{{description}?}

Each dialogue turn may include:

- spoken dialogue

- inner thoughts (private reasoning)
- emotion_description

DIALOGUE AND EMOTION EVIDENCE:
{{dialogue_evidence}}

CHARACTERS AND GOALS:
{{goals_block}?}

EVALUATION TASK:

For EACH character, evaluate whether EACH
assigned goal is achieved.

Use evidence from:

- spoken dialogue

- inner thoughts

- emotion descriptions

- observable reactions from other
participants

The scene description provides context but
is NOT evidence of goal achievement.
Follow the goal-specific evaluation rules
defined earlier.

OUTPUT FORMAT:

Return your judgment using EXACTLY this JSON
schema:

{

“<character_name>”: {

“goals”: {

“Goal 1 (expression_task)”: “<Achieved |
Partially Achieved | Not Achieved>”,

“Goal 2 (characteristic_task)”: “<Achieved |
Partially Achieved | Not Achieved>”

3

3

3

STRICT RULES:

- You MUST include ALL characters listed
above.

- You must include ALL goals listed for each
character.

- Do NOT merge multiple goals into one
judgment.

- Do NOT add or remove characters.

- Do NOT include any text outside valid JSON.
- The output JSON MUST strictly follow the
OUTPUT FORMAT schema.

- Do NOT include any additional fields (e.g.,
“reasoning”, “explanation”, “steps”, or any
other keys not defined in the schema).

- A goal can be marked as “Achieved” ONLY if
ALL required steps and components defined in
its evaluation rule are fully satisfied;
otherwise it MUST be marked as “Partially
Achieved” or “Not Achieved”.
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Interaction Management Task Evaluation
System Prompt

You are an expert evaluator of multi-agent
social interaction simulations WITH ACCESS
TO EMOTION-DESCRIPTION CONTEXT.

Your task is to determine whether EACH
character has achieved EACH assigned goal.
Each character has TWO distinct goals:

1. interaction_regulation_task

2. interaction_outcome_task

These goals represent DIFFERENT behavioral
mechanisms and MUST be evaluated using
DIFFERENT evidence sources.

You must strictly follow the evaluation
rules below.

GENERAL EVIDENCE

SOURCES
You may receive the following types of
evidence:

1. Spoken dialogue content

2. Inner thoughts (private reasoning)

3. Emotion descriptions

4. Observable reactions from other
participants

5. A brief scene description summarizing the
interaction setup

The scene description is contextual
information only and is NOT evidence of goal
achievement.

EVALUATION GROUNDING

RULE
Your evaluation must be grounded in two
elements:

1. The goals listed in the CHARACTERS AND
GOALS section of the input.

2. The behavioral mechanisms defined in the
GOAL-SPECIFIC EVALUATION RULES below.

For each character, interpret the goal
description provided in the CHARACTERS AND
GOALS section and determine whether the
character’s observable behavior in the
interaction satisfies the mechanism defined
in the corresponding evaluation rule.

You must NOT invent new goals, ignore
existing goals, or reinterpret goals outside
those provided in the CHARACTERS AND GOALS
section.

GOAL-SPECIFIC

EVALUATION RULES

1. interaction_regulation_task

General Description:

Evaluate whether the character adaptively
regulates their interaction strategy in
response to signals produced by other
participants earlier in the interaction.

A valid regulation MUST form a three-step
causal chain: Perception — Interpretation
— Adaptation

Step 1 - Perception

The character MUST perceive signals produced
by another participant in one or more prior
turns.

Valid Evidence:

- Spoken dialogue and emotion descriptions
from one or more prior turns of another
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participant

- Other evidence showing that the character
noticed another participant’s prior state or
stance

Requirements:

- The perceived signal MUST be grounded in
signals that have ALREADY occurred in the
interaction, not hypothetical or future
conditions

- The perception process MUST explicitly
identify:

- the source participant

- the specific signal content, dialogue or
emotion

Constraint:

- The perceived signal MUST correspond to the
information explicitly specified in the
CHARACTER’S GOAL DESCRIPTION under the
CHARACTERS AND GOALS section

- The evaluator MUST verify that the
perceived content aligns with the target
signals required by the goal

- Perception of signals that are NOT part of
the goal specification MUST NOT be counted
as valid perception for this task
Multi-Signal Requirement:

- If the goal specifies MULTIPLE types of
signals, e.g., both visual signals and
non-visual signals such as dialogue or
emotional expression:

- The character MUST perceive ALL required
signal types to fully satisfy Step 1

- If only a subset of the required signals is
perceived:

- Step 1 can be considered ONLY partially
satisfied

- This MUST prevent the final judgment from
being marked as “Achieved”

Example (Multi-Signal Perception
Requirement):

- Goal: “Ryan must track Emily’s hesitation,
topic shifts, clipped replies, gaze aversion,
or defensive posture and respond by
tightening question wording.”

- Signal Types Involved: Visual signals, gaze
aversion and defensive posture, AND
non-visual signals, hesitation, topic shifts,
clipped replies

- Partial Perception, Step 1 only partially
satisfied:

- Ryan identifies ONLY one type of signal:

- Only visual, e.g., “Emily looks
uncomfortable and avoids eye contact”

- OR only non-visual, e.g., “Her answers are
brief and she keeps shifting topics”

— This does NOT fully satisfy Step 1

- Invalid Perception:

- Ryan refers to hypothetical or future
conditions, e.g., “If she avoids eye contact,
I will...”

— This does NOT count as perception

Key Principle:

- Full satisfaction of Step 1 REQUIRES
cross-modal perception when the goal
specifies multiple signal types

- Missing any required modality automatically
downgrades Step 1 to partial

Critical Principle:




- Perception MUST be grounded in explicit
prior observable evidence

- The signal MUST be past-grounded:

- statements describing current or observed
states, e.g., “She looks nervous”, are valid
ONLY if they refer to an already manifested
behavior or emotion

- hypothetical, conditional, or

future-oriented statements, e.g., “If she
looks hesitant, I will...”, DO NOT count as
perception

- Perception and interpretation MUST be
distinguished:

- perceiving a signal means noticing or
registering the other participant’s
observable behavior or emotional state

- NOT analyzing or explaining its meaning
Failure Conditions:

- If no clearly identifiable past-grounded
signal is perceived — Step 1 is NOT
satisfied

- If the perceived signal is not part of the
goal-defined target — Step 1 is NOT
satisfied

- If only part of a multi-signal requirement
is perceived — Step 1 is ONLY partially
satisfied

Step 2 - Interpretation

The character MUST demonstrate explicit
understanding of the perceived signal.
Valid Evidence:

- Inner thoughts that analyze or interpret
the signal

- Spoken dialogue that explicitly
demonstrates understanding of another
participant’s intent, belief, or emotion,
e.g., “I understand that you...”, “It seems
you feel...”

Requirements:

- Interpretation MUST reflect understanding
of the perceived signal

Critical Principle:

- Interpretation CANNOT be inferred from
behavior alone

- Coherent or appropriate responses WITHOUT
explicit evidence of understanding DO NOT
count

- If no explicit interpretation evidence
exists — Step 2 is NOT satisfied

Step 3 - Adaptation

The character MUST modify their interaction
strategy BASED ON the interpreted signal.
Valid Evidence:

- Changes in spoken dialogue, tone, framing,
strategy

- Changes reflected in inner thoughts or
emotional stance

Requirements:

- The behavioral change MUST be different
from prior strategy

- The change MUST be based on the interpreted
signal

Critical Principle:

- Adaptation MUST be causally linked to
interpretation:
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perceived signal — interpreted meaning —
strategy change

- A behavior change WITHOUT a demonstrated
causal link to the interpreted signal DOES
NOT count

- If no causally grounded adaptation is shown
— Step 3 is NOT satisfied

Final Judgment Rule:

Mark ACHIEVED ONLY IF ALL THREE steps are
explicitly evidenced AND causally connected.

2. interaction_outcome_task

General Description:

Evaluate whether a concrete interaction
outcome emerges from the interaction AND
whether the character contributes causally
to producing that outcome.

A valid evaluation MUST satisfy a two-step
causal structure: Outcome Emergence —
Character Contribution

Step 1 - OQutcome Emergence

Determine whether the specified outcome
actually emerges in the interaction.

Valid Evidence:

- Spoken dialogue across multiple
participants

- Emotion descriptions indicating alignment,
agreement, tension resolution, etc.

- Observable behavioral responses from
multiple participants

- Inner thoughts confirming acceptance,
agreement, or rejection

Requirements:

- The outcome MUST:

- involve multiple participants

- emerge from interaction, not a single agent
action

- be observable or inferable from shared
evidence

Critical Principle:

- The outcome MUST be grounded in
interaction-level evidence

- If the specified outcome does NOT emerge —
Step 1 is NOT satisfied

Step 2 - Character Contribution

Determine whether the character meaningfully
contributes to producing the outcome.

Valid Evidence:

- The character’s spoken dialogue

- The character’s emotion descriptions

- Reactions from other participants that are
traceable to this character’s behavior
Requirements:

- The character’s behavior MUST play a clear,
non-trivial role in shaping the outcome

- The contribution MUST affect other
participants, interactional impact

Critical Principle:

- Contribution MUST be causally linked to the
outcome

- Mere participation or presence is NOT
sufficient

- If the outcome occurs but cannot be
causally attributed to the character — Step
2 is NOT satisfied




Final Judgment Rule:
Mark ACHIEVED ONLY IF BOTH steps are
explicitly evidenced AND causally connected.

ACHIEVEMENT DEFINITIONS

Achieved: Evidence clearly supports the
behavioral mechanism defined by the goal.
All key elements required by the goal are
supported by observable evidence.

Partially Achieved: Some elements of the
required behavioral mechanism appear in the
interaction, but one or more critical
components are missing or weakly supported.
Not Achieved: Evidence does not support the
presence of the behavioral mechanism
required by the goal. The character either
does not attempt the behavior or the
interaction shows no meaningful progress
toward the goal.

IMPORTANT OUTPUT

CONSTRAINTS
You MUST:

- Evaluate EACH goal separately.

- Include ALL characters.

- Include ALL goals.

- Ground reasoning in concrete evidence.

- Reference specific turns and speakers when
possible.

You MUST NOT:

- Merge multiple goals.

- Infer success from intentions alone.

- Add commentary outside JSON.

Return valid JSON only.

Interaction Management Task Evaluation
User Prompt

SCENE DESCRIPTION:
{{description}}

Each dialogue turn may include:

- spoken dialogue

- inner thoughts (private reasoning)
- emotion_description

DIALOGUE AND EMOTION EVIDENCE:
{{dialogue_evidence}}

CHARACTERS AND GOALS:
{{goals_block}}

EVALUATION TASK:

For EACH character, evaluate whether EACH
assigned goal is achieved.

Use evidence from:

- spoken dialogue

- inner thoughts

- emotion descriptions

- observable reactions from other
participants

The scene description provides context but
is NOT evidence of goal achievement.
Follow the goal-specific evaluation rules
defined earlier.

OUTPUT FORMAT:

Return your judgment using EXACTLY this JSON
schema:

{

“<character_name>”: {

“goals”: {

“Goal 1 (interaction_regulation_task)”:
“<Achieved | Partially Achieved | Not
Achieved>”,

“Goal 2 (interaction_outcome_task)”:
“<Achieved | Partially Achieved | Not
Achieved>”

3

3

3

STRICT RULES:

- You MUST include ALL characters listed
above.

- You must include ALL goals listed for each
character.

- Do NOT merge multiple goals into one
judgment.

- Do NOT add or remove characters.

- Do NOT include any text outside valid JSON.
- The output JSON MUST strictly follow the
OUTPUT FORMAT schema.

- Do NOT include any additional fields (e.g.,
“reasoning”, “explanation”, “steps”, or any
other keys not defined in the schema).

- A goal can be marked as “Achieved” ONLY if
ALL required steps and components defined in
its evaluation rule are fully satisfied;
otherwise it MUST be marked as “Partially
Achieved” or “Not Achieved”.

K.4 Int.-Out. Task Classification Prompt

This subsection presents the prompt we use to clas-

sify Int.-Out..

Int.-Out. Classification Prompt

System Prompt:

You are an expert evaluator of visual
grounding in structured multi-agent social
interaction tasks.

You are given:

- characters

- interaction_outcome_task for each character
Task clarification

You must analyze only the
interaction_outcome_task field.

This is a direct two-class classification
task.

For EACH character, classify the
interaction_outcome_task into exactly one of
the following two categories:

1) “less vision-intensive task”

- Use this category when the outcome can be
judged through dialogue, verbal
acknowledgment, reasoning, claims, or
interaction structure

- Use this category when the outcome contains
no visual wording
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- Use this category when the outcome only
contains vague observable or behavioral
wording

- Vague observable or behavioral wording
includes terms such as:

- observable

- visible

- behavior

- shown through behavior

- hesitation

- withdrawal

- breakdown

- These terms do NOT count as concrete visual
channels unless a specific visual channel is
explicitly named

2) “vision-intensive task”

- Use this category when the outcome
explicitly depends on a concrete visual
channel

- Concrete visual channels include:

- gaze / eye contact / gaze shifts / gaze
avoidance

- facial expression (e.g., tightening,
smiling, tension)

- visible emotion / affect (e.g., visible
anxiety, tension)

- posture / body orientation (e.g., leaning,
withdrawal, posture shifts)

Decision rules

- Only analyze interaction_outcome_task
- Be literal and conservative

- If a concrete visual channel appears,
classify the task as “vision-intensive task”
- If only vague observable, visible, or
behavioral wording appears, classify the
task as “less vision-intensive task”

- If there is no visual, observable, or
behavioral wording, classify the task as
“less vision-intensive task”

Input format

You will receive this JSON structure for one
scene:

{

“characters”: {

“Character Name”: {
“interaction_outcome_task”: “...
3

3

3

”

Output requirements

For EACH character, return:

- category: exactly one of “vision-intensive
task” or “less vision-intensive task”

- short_reason: a brief reason under 24 words
- evidence_phrase: the exact phrase from
interaction_outcome_task that supports the
classification; use an empty string when the
category is “less vision-intensive task”
because no concrete visual phrase appears
Qutput strict JSON with no additional
commentary.

Return format

{

“characters”: {

“Character Name”: {

“category”: “vision-intensive task | less
vision-intensive task”,

“short_reason”: “<under 24 words>”,
“evidence_phrase”: “<exact phrase from

interaction_outcome_task, or empty if no
phrase is needed>”

3

3

3

User Prompt:
Classify this scene:
{{ scene_json }}
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