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Abstract

Multimodal embodied systems require trans-
lating human intentions into interpretable and
coordinated behaviors across heterogeneous
modalities. However, existing multimodal
agents often rely on implicit representations,
limiting controllability and cross-modal consis-
tency. We present a hybrid multi-agent frame-
work for interactive multimodal behavior sim-
ulation that bridges semantic reasoning and
physical execution through a Unified Param-
eter Representation (UPR). LLM-based reason-
ing agents transform multimodal inputs into
UPR, which encodes behavioral states and in-
terpretable control parameters for simulation
agents generating synchronized 3D motion,
spatialized soundscapes, and environmental be-
haviors. We develop BirdsongChat† as a pro-
totype implementation of the proposed frame-
work, using interactive avian behavior simu-
lation as a testbed that tightly couples mo-
tion, vocalization, and environmental context.
BirdsongChat is evaluated on text- and image-
guided scenarios involving species, behaviors,
affective states, environments, and multi-bird
interactions. The system achieves normalized
scores of 94.4% for cross-modal coherence,
100% for affective consistency, and 92.6% for
generation consistency. These results demon-
strate that an explicit intermediate representa-
tion effectively bridges semantic reasoning and
physical execution, improving controllability
and multimodal synchronization. The proposed
framework thus offers a generalizable design
principle for embodied AI systems requiring
interpretable semantic-to-physical coordination
across modalities, with potential applications
in bio-inspired ecoacoustics, swarm robotics,
virtual environments, and creative multimedia.

*Equal contribution.
†The demo video is available via the provided link.

Figure 1: BirdsongChat: Interactive Multimodal Con-
trol and Generation of Synchronized 3D Bird Motion
and Soundscape. Foundation models perform semantic
interpretation of species, behavior, and context from
text and images. The resulting UPR parameters control
algorithmic simulators for motion, sound, and environ-
ment generation.

1 Introduction

Recent advances in Large Language Models
(LLMs) and multimodal foundation models have
significantly improved the ability of AI systems to
interpret human instructions, reason over complex
contexts, and interact with multimodal information.
Vision-language models such as Flamingo (Alayrac
et al., 2022), embodied models such as PaLM-
E (Driess et al., 2023), and unified multimodal
models such as VILA-U (Wu et al., 2025) demon-
strate progress toward integrated multimodal under-
standing and generation. Recent generative mod-
els further achieve high-quality synthesis across
image, audio, and motion domains (Zhang et al.,
2024; Copet et al., 2023). These advances moti-
vate embodied systems that translate multimodal
intentions into coordinated physical behaviors.

However, a fundamental challenge remains: how
can multimodal reasoning be connected to inter-
pretable, physically grounded, and cross-modally
consistent behavior generation? Existing embod-
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Figure 2: Overview of the BirdsongChat framework for physically grounded multimodal generation and control. The
architecture bridges high-level semantic reasoning with low-level physical execution through a hierarchical design
including four functional layers, maintaining interpretability, physical plausibility, and cross-modal coherence.

ied agents primarily focus on planning and action
execution (Driess et al., 2023; Kim et al., 2025),
while multimodal generative models often rely
on implicit representations for end-to-end synthe-
sis (Zhang et al., 2024; Copet et al., 2023). Al-
though effective for understanding and generation,
these approaches provide limited control over inter-
mediate behavioral states and physical constraints,
motivating explicit representations that bridge se-
mantic reasoning and physical execution.

In this work, we study how multimodal seman-
tic intentions can be transformed into coordinated
physical behaviors in embodied environments us-
ing interactive avian behavior simulation as a con-
crete testbed in which motion, vocalization, and
environmental context are tightly coupled. Build-
ing on agent-based behavioral models and proce-
dural simulation approaches (Reynolds, 1987), we
present a hybrid multi-agent framework that con-
nects LLM-based reasoning agents and physically-
based simulation agents through an interpretable
Unified Parameter Representation (UPR).

The proposed framework combines reasoning
agents for multimodal interpretation, orchestration,
and semantic-to-physical transformation with sim-
ulation agents that execute UPR parameters to gen-
erate coordinated motion, vocalizations, spatialized
soundscapes, and environment-aware scenes. The
UPR serves as a shared interface between semantic
representations and physical controls, preserving
consistency across modalities. Unlike latent-based
end-to-end generation, this architecture separates
reasoning from execution, providing controllable
and interpretable multimodal behavior generation.
As a prototype implementation, BirdsongChat is
evaluated on text- and image-guided scenarios in-
volving species, behaviors, affective states, environ-

ments, and multi-bird interactions. Results demon-
strate that an explicit intermediate representation
effectively bridges semantic reasoning and physi-
cal execution, improving controllability and multi-
modal synchronization. The framework can further
accommodate additional modalities, with broad
applicability to bio-inspired ecoacoustics, swarm
robotics, virtual environments, and interactive mul-
timedia.

The main contributions are as follows:

• Unified Parameter Representation (UPR): An
interpretable intermediate representation that
bridges high-level semantic reasoning and
low-level physical execution through shared
behavioral states and explicit control parame-
ters, maintaining cross-modal consistency and
controllability.

• UPR-driven hybrid multi-agent framework: A
hybrid architecture that translates multimodal
semantic reasoning into physical behaviors by
encoding behavioral information into UPR to
drive coordinated simulation agents, provid-
ing synchronized motion, sound, and visual
scene generation and a generalizable design
principle for embodied AI.

• BirdsongChat: An interactive avian simula-
tion that demonstrates the proposed frame-
work by generating synchronized avian mo-
tion, vocalizations, spatialized soundscapes,
and environment-aware scenes from text and
image inputs.

2 Related Work

LLM-based Embodied Agents and Ground-
ing. LLMs have increasingly been integrated into
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embodied systems as high-level reasoning and
decision-making components. SayCan (Ichter et al.,
2023) combines language reasoning with robot
skill selection, while PaLM-E (Driess et al., 2023),
RT-2 (Zitkovich et al., 2023), and vision-language-
action models such as OpenVLA (Kim et al., 2025)
extend multimodal reasoning toward embodied con-
trol. Recent foundation-model-based systems fur-
ther explore reasoning, orchestration, and inter-
action in complex environments (Fu et al., 2025;
Huang et al., 2024). These approaches demonstrate
the potential of foundation models for instruction
understanding and physical action coordination.
However, they primarily focus on task planning,
skill invocation, or action prediction, with limited
explicit representations connecting semantic intent
to continuous physical behaviors. The proposed
framework extends this direction by introducing
the UPR that provides an interpretable interface
between semantic reasoning and physically exe-
cutable simulation.

Multimodal Foundation Models and Cross-
Modal Generation. Multimodal foundation
models have advanced cross-modal understanding
and generation across language, vision, and audio.
Flamingo (Alayrac et al., 2022) and BLIP-2 (Li
et al., 2023) demonstrate strong vision-language
alignment, while unified models such as VILA-
U (Wu et al., 2025), OmniFlow (Li et al., 2025),
and MIO (Wang et al., 2025) explore joint multi-
modal understanding and generation. Recent gen-
erative models also achieve high-quality synthe-
sis across modalities, including text-to-image, au-
dio, and motion generation (Zhang et al., 2024;
Yang et al., 2025; Agostinelli et al., 2023). How-
ever, these models typically rely on implicit rep-
resentations optimized for end-to-end generation,
providing limited control over intermediate behav-
ioral states and physically constrained processes.
Our framework addresses this limitation through an
explicit semantic-to-physical interface that maps
multimodal reasoning outputs to interpretable kine-
matic, acoustic, and environmental parameters.

Physically Grounded Simulation and Multi-
Agent Systems. Physically-based simulation pro-
vides interpretable mechanisms for generating com-
plex behaviors under explicit constraints. Agent-
based models such as Boids (Reynolds, 1987)
demonstrate emergent collective behavior through
local interaction rules, while stochastic dynamical
systems (Uhlenbeck and Ornstein, 1930; Kloeden

and Platen, 1992) provide foundations for control-
lable motion variation. Recent work on embodied
intelligence and spatial understanding further em-
phasizes the importance of grounding agents in
physical environments (Liu et al., 2025). Mean-
while, language-driven agent frameworks such as
ReAct (Yao et al., 2023), Voyager (Wang et al.,
2023), Generative Agents (Park et al., 2023), and
AgentMaster (Liao et al., 2025) demonstrate the
ability of LLMs to support reasoning, planning,
memory, exploration, and multi-agent interaction.
However, these lines of work largely emphasize
either language-driven decision-making or physi-
cally grounded behavior generation, with limited
focus on tightly coupling LLM reasoning with inter-
pretable, physically based multi-agent simulation.
Our framework bridges these two paradigms by in-
tegrating LLM-based reasoning agents with physi-
cally based simulation agents through the UPR, en-
abling synchronized and interpretable multimodal
behavior generation.

3 Methodology

3.1 System Overview

The proposed hybrid multi-agent framework
integrates LLM-based reasoning agents with
physically-based simulation agents for interactive
multimodal behavior simulation. It generates coor-
dinated 3D motion, procedural spatialized sound-
scapes, and environment-aware scenes from text
and image inputs. As shown in Figure 2, the archi-
tecture consists of four layers: (1) an Input Layer
for multimodal interaction, (2) a Reasoning and
Orchestration Layer with LLM-based agents for
semantic interpretation and semantic-to-physical
transformation, (3) an Execution Layer with spe-
cialized agents for physically-based simulation,
and (4) an Output Layer for synchronized audiovi-
sual rendering.

The key design principle is to separate semantic
reasoning from modality-specific simulation. LLM-
based reasoning agents transform multimodal in-
puts into semantic and behavioral representations,
which are mapped to interpretable control parame-
ters through the UPR. The UPR serves as an inter-
mediate representation between reasoning and exe-
cution, encoding shared behavioral states that co-
ordinate hybrid simulation agents. Motion, acous-
tic, and rendering agents derive modality-specific
parameters from the same UPR state, maintain-
ing temporal alignment and behavioral consistency
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across generated modalities. Rather than directly
synthesizing audiovisual outputs with neural gen-
erative models, the system uses UPR-driven al-
gorithmic simulators to produce controllable and
physically grounded multimodal behaviors.

3.2 Unified Parameter Representation (UPR)
3.2.1 UPR Definition
The Unified Parameter Representation (UPR) is
an intermediate representation that bridges LLM-
based reasoning agents and physically-based sim-
ulation agents. It encodes shared semantic, behav-
ioral, kinematic, acoustic, and environmental states
required for coordinated multimodal behavior gen-
eration:

P = {Psem,Pbeh,Pkin,Pacous,Penv}. (1)

Here, Psem represents semantic attributes in-
ferred from multimodal inputs, Pbeh represents
intermediate behavioral states, Pkin contains kine-
matic control parameters, Pacous contains acoustic
synthesis and spatialization parameters, and Penv

represents environmental conditions.
The UPR defines a hierarchical semantic-to-

physical transformation:

(Psem,Penv) → Pbeh → (Pkin,Pacous), (2)

where high-level multimodal descriptions are trans-
formed into interpretable behavioral states and
modality-specific control parameters. By maintain-
ing a shared behavioral representation, the UPR
preserves consistency between user intent, simu-
lated motion, acoustic events, and environmental
rendering.

For instance, given the prompt “An alarmed
robin calls out from a wind-swayed tree branch,”
the UPR maps semantic intent (Psem) and envi-
ronmental conditions (Penv) into a shared high-
alert behavioral state (Pbeh). This intermediate
state then jointly drives physical execution of both
modalities, producing rapid head-turn trajectories
(Pkin) alongside high-pitched, spatialized alarm
calls (Pacous). A unified behavioral state ensures
cross-modal consistency across motion, acoustics,
and environmental responsiveness.

Unlike task-oriented representations that primar-
ily encode action sequences or symbolic plans,
UPR encodes semantic attributes, behavioral states,
and continuous physical controls across heteroge-
neous modalities. Rather than merely specifying
behaviors, UPR provides a shared representation

for coordinating modality-specific simulation pro-
cesses through consistent behavioral states and
physical controls.

3.2.2 UPR State Initialization and Evolution
During generation and interactive refinement, the
UPR is maintained as a constrained behavioral state
representation updated by reasoning agents accord-
ing to multimodal inputs and simulation objectives.
Given an initial UPR state p(t), multimodal ob-
servations and semantic interpretations Z(t), and
global objectives G, the Orchestrator Agent com-
putes state updates:

F : (Z(t),p(t),G) → ∆p, (3)

where G specifies constraints including semantic
consistency, multi-agent coordination, and interac-
tive requirements.

The update consists of two components.
Observation-conditioned updates,

∆pH = H(Z(t),p(t)), (4)

capture changes introduced by new multimodal in-
puts and semantic interpretation. Goal-conditioned
updates,

∆pΩ = Ω(p(t),G), (5)

maintain consistency among simulated agents, be-
havioral states, and environmental conditions.

The complete update is:

∆p = ∆pH +∆pΩ, (6)

followed by projection into a valid state space:

p(t+∆t) = ΠPvalid
(p(t) + ∆p), (7)

where ΠPvalid
enforces semantic, physical, and

cross-modal constraints before the updated UPR
state is interpreted by physically-based simulation
agents.

In the current implementation, H and Ω are re-
alized through structured prompting strategies and
rule-based constraints rather than learned state dy-
namics.

3.3 Input Layer
The Input Layer receives multimodal instructions,
including text, images, and optional audio descrip-
tions. Inputs may specify object types, behavioral
states, affective expressions, environmental condi-
tions, and interaction scenarios. The system first
extracts structured semantic attributes, which are
then transformed into behavioral representations
and physical control parameters through the rea-
soning and orchestration layers.
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3.4 Reasoning and Orchestration Layer
The Reasoning and Orchestration Layer performs
multimodal interpretation, behavioral reasoning,
agent coordination, and semantic-to-physical trans-
formation through two classes of specialized LLM-
based agents: the Orchestrator Agent and Reason-
ing Agents.

3.4.1 Orchestrator Agent
The Orchestrator Agent coordinates interactions
among reasoning agents and physically-based sim-
ulation agents, maintaining consistency across se-
mantic states, behavioral representations, and ex-
ecution parameters by updating the shared UPR
throughout initial generation and interactive refine-
ment.

3.4.2 Reasoning Agents
The LLM-based reasoning agents operate on multi-
modal inputs and maintain the shared UPR repre-
sentation that connects high-level semantic intent
with physically executable simulation parameters.

Interpretation Agent. The Interpretation Agent
analyzes multimodal inputs and extracts semantic
attributes, including type identity, environmental
context, behavioral intent, affective state, and in-
teraction information. These attributes form the
semantic representation used for downstream trans-
formation.

Transformation Agent. The Transformation
Agent performs semantic-to-physical mapping by
converting semantic and behavioral representations
into interpretable kinematic and acoustic parame-
ters stored in the UPR. These parameters are sub-
sequently executed by physically-based simulation
agents.

3.4.3 Semantic-to-Physical Mapping
The proposed architecture performs explicit
semantic-to-physical transformation through the
UPR rather than directly generating motion and
sound from multimodal inputs. Semantic attributes
are represented as:

Psem = {stype, sbehavior, semotion, sinteraction}, (8)

and environmental attributes are represented as:

Penv = {escene, etime, eweather}. (9)

These attributes are transformed into a shared
behavioral state within the UPR:

Pbeh = F (Psem,Penv), (10)

where Pbeh encodes behavior-level properties, in-
cluding activity intensity, movement style, vocal-
ization tendency, and interaction patterns.

The shared behavioral state is then interpreted
by modality-specific simulation agents to derive
execution parameters:

Pkin = Gkin(Pbeh,Psem,Penv), (11)

Pacous = Gacous(Pbeh,Psem,Penv). (12)

The resulting kinematic and acoustic parameters
provide a compact, interpretable control represen-
tation for the physically-based simulation agents,
governing flight speed, trajectory variation, vocal-
ization rate, frequency characteristics, and spatial
sound properties. Through the joint representation
of motion and acoustics, the UPR enables the simu-
lation agents to generate coordinated 3D behaviors
and spatialized soundscapes while preserving con-
sistency with the original multimodal intent. The
low-dimensional parameterization provides direct
control over both kinematic and acoustic behaviors,
supporting synchronized and expressive simula-
tion.

3.5 Execution Layer
The Execution Layer translates the shared UPR
state into coordinated multimodal outputs through
specialized physics-based simulation agents. Each
agent derives modality-specific control parame-
ters from the UPR and executes them using in-
terpretable computational models with explicit con-
trol over kinematic, acoustic, and environmental
variables. These agents directly execute the UPR
without semantic reasoning or decision-making,
producing physically grounded, reproducible, and
cross-modally consistent simulations.

3.5.1 Kinematic Agent
The Kinematic Agent generates physically
grounded 3D trajectories using kinematic param-
eters derived from the UPR state. The motion
model uses stochastic continuous-time dynamics
to produce smooth and controllable flight behav-
iors with plausible variations (Reynolds, 1987).
Species characteristics, behavioral states, and
environmental conditions are encoded through
the kinematic parameters, providing diverse and
interpretable motion generation.

Position. Each flying or moving object is mod-
eled as a stochastic self-propelled particle in a three-
dimensional environment. The state of object i at
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time t is represented by its position

xi(t) =

⎡
⎣
xi(t)
yi(t)
zi(t)

⎤
⎦ , (13)

where xi(t) denotes the object’s position in world
coordinates.

Velocity. The translational velocity of object i
is represented by its horizontal speed, horizontal
heading, and vertical speed:

ẋi(t) =

⎡
⎣
vi(t) cosφi(t)
vi(t) sinφi(t)

vz,i(t)

⎤
⎦ , (14)

where vi(t) denotes the horizontal speed, φi(t)
specifies the horizontal heading (azimuth), and
vz,i(t) denotes the vertical speed. Thus, the
translation motion state is characterized by φi(t),
vi(t), and vz,i(t). This formulation determines
the continuous position evolution while allow-
ing stochastic motion in three-dimensional space
(Reynolds, 1987). The motion dynamics and ori-
entation dynamics evolve according to stochastic
Ornstein–Uhlenbeck process (Uhlenbeck and Orn-
stein, 1930).

The motion state is controlled by the UPR kine-
matic representation Pkin with parameter defini-
tions and behavioral effects given in Table 4.

3.5.2 Acoustic Agent
The acoustic agent generates procedural bird-like
vocalizations and multi-object spatialized sound-
scapes (Zhang et al., 2025) through signal-based
synthesis and spatial acoustic modeling (Oppen-
heim and Schafer, 2010). The agent directly con-
trols acoustic, temporal, and spatial properties
through interpretable variables, with Pacous de-
rived from semantic, behavioral, species, and envi-
ronmental attributes and coordinated with the UPR
to ensure consistency between vocal behavior and
simulated motion.

3D Spatialization. Each object i emits a se-
quence of chirps, where ci,k(t) denotes the wave-
form of the k-th chirp emitted by object i at time
t. The chirp is parameterized by species-specific
acoustic features. Each vocal event is spatialized
along the corresponding object trajectory xi(t):

si,k(t) = A(xi(t)) ci,k(t), (15)

where A(xi(t)) denotes the spatial acoustic oper-
ator for distance attenuation, directional gain, and

stereo localization. Independent trajectories pro-
duce independently positioned vocal sources, form-
ing a synchronized multi-agent 3D sound field.

3.5.3 Rendering Agent
The Rendering Agent generates environment-aware
visual scenes from Penv and simulated object tra-
jectories. Environmental attributes, including habi-
tat, lighting, and weather conditions, are synchro-
nized with motion and acoustic generation to main-
tain consistency across visual, auditory, and behav-
ioral modalities.

3.5.4 Kinematic and Acoustic Control
Parameters

Table 4 summarizes the kinematic and acoustic pa-
rameters forming a compact, interpretable represen-
tation for coordinated 3D motion and spatialized
soundscapes.

3.6 Output Layer and Interactive Loop

The Output Layer integrates the outputs of the
physically-based simulation agents into a synchro-
nized multimodal scene containing 3D motion, spa-
tialized birdsong, and environment-aware render-
ing.

The framework supports iterative interaction
through a closed-loop process. Users can mod-
ify species, behaviors, affective states, or environ-
mental conditions through additional multimodal
instructions. The LLM-based reasoning agents
update semantic and behavioral representations,
the Orchestrator Agent propagates these changes
through the UPR, and then the physically-based
simulation agents regenerate the resulting multi-
modal outputs.

This architecture maintains an interpretable con-
nection between LLM-based reasoning agents and
physically-based simulation agents through the
UPR. By decoupling semantic reasoning from phys-
ical execution, it provides explicit control over se-
mantic, behavioral, kinematic, acoustic, and envi-
ronmental states, forming a general framework for
interactive multimodal embodied behavior genera-
tion.

4 Experiments and Evaluations

We develop BirdsongChat as a prototype system
to implement and evaluate the proposed hybrid
multi-agent framework, which integrates reason-
ing agents with physics-based simulation agents
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to generate coordinated multi-bird motion, spatial-
ized birdsong soundscapes, and environment-aware
scenes from multimodal inputs. The evaluation
examines semantic alignment, cross-modal coher-
ence, interactive refinement, and simulation consis-
tency across text- and image-guided scenarios.

4.1 Experimental Setup

The BirdsongChat prototype is deployed on Ama-
zon Web Services (AWS). For these experiments,
the prototype uses the Amazon Nova 2 multimodal
AI foundation model to support reasoning agents
for multimodal interpretation, orchestration, and
semantic-to-physical transformation; however, the
model can be interchanged with any other model.

The evaluation covers combinations of bird
species, behavioral descriptions, affective states,
and environmental conditions represented in the
UPR. Table 1 summarizes the evaluated input cate-
gories.

Table 1: Category Definitions

Dimension Values Description
Bird
Species

owl, nightingale,
lark, warbler, spar-
row, finch, raven

Distinct vocal pat-
terns for species-
specific acoustic as-
sessment

Environments night, moon, moon-
light, daytime, sun,
forest, storm, rain,
wind, sand, home

Guides scene com-
position and 3D au-
ditory spatialization

Emotional
States

happy, fear, sad Modulates motion
(speed, trajectory)
and sound (pitch,
rhythm, intensity)

4.2 Qualitative Evaluation

BirdsongChat is evaluated across representative
scenarios to assess whether the interaction between
LLM-based reasoning agents and physics-based
simulation agents maintains semantic consistency,
behavioral plausibility, and cross-modal alignment
among generated motion, sound, and environmen-
tal context (Figures 3 and 5). The evaluation fo-
cuses on affective behavior mapping, environmen-
tal grounding, multimodal consistency, stochastic
variation, multi-bird coordination, and interactive
refinement.

Affective Behavior Mapping. The LLM-based
reasoning agents interpret affective descriptors
such as happy, sad, and fear and transform them
into behavioral representations within the UPR.
Physically-based simulation agents subsequently

convert these representations into coordinated mo-
tion and acoustic variations. High-activity descrip-
tors result in increased flight speed, trajectory vari-
ation, and denser vocalization patterns, whereas
low-activity descriptors produce slower motion and
sparser acoustic events. These results demonstrate
the effectiveness of the UPR as an intermediate
semantic-to-physical interface.

Environment-Conditioned Behaviors. Multi-
modal inputs, including text and images, provide
environmental context that influences semantic in-
terpretation, behavioral representation, and scene
generation. Different habitats and temporal con-
ditions lead to corresponding variations in simu-
lated species, motion patterns, acoustic character-
istics, and environmental rendering. These results
demonstrate that contextual information is propa-
gated from reasoning agents to physically-based
simulation agents through the UPR.

Cross-Modal Alignment. Motion and acoustic
generation are coordinated through the shared UPR
representation. Changes in simulated bird trajecto-
ries influence spatial sound properties, including lo-
calization, attenuation, and temporal relationships
among multiple vocal sources. The resulting audio-
visual outputs maintain consistency among simu-
lated motion, acoustic events, and environmental
context.

Stochastic Variation and Simulation Stability.
The physically-based simulation agents incorporate
bounded stochastic processes to introduce natural
variation while preserving controllability. Stochas-
tic motion dynamics and acoustic modulation gen-
erate diverse trajectories and vocalization patterns
without significant deviation from the intended se-
mantic conditions. This enables repeatable simula-
tion while maintaining behavioral diversity.

Multi-Bird Control and Interactive Refinement.
The framework supports simultaneous simulation
of multiple birds and species within shared envi-
ronments. Through the UPR interface, users can
modify species, behaviors, affective descriptors,
and environmental conditions using conversational
commands or image prompts. These updates are
propagated from reasoning agents to simulation
agents while preserving consistency across motion,
sound, and rendering.
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Table 2: Score definitions for cross-modal coherence, affective consistency, and generation consistency (0–3 scale).

Score Cross-modal Coherence Affective Consistency Generation Consistency
3 Strong motion, sound, and environment

alignment; physically plausible
Behavior and sound match the
specified affective descriptor

Stable outputs across runs with
natural variation

2 Minor mismatch but overall coherent Partial affective correspondence Noticeable variation with pre-
served semantics

1 Major mismatch or implausible behavior Weak or unclear affective corre-
spondence

Large variation affecting con-
sistency

0 Failed multimodal generation No affective correspondence Inconsistent outputs across
runs

4.3 Quantitative Evaluation

4.3.1 Quantitative Evaluation Protocol
Representative scenarios cover combinations of
bird species, environmental contexts, and affective
descriptors defined in Section 4.1. Each generated
simulation is evaluated according to the criteria de-
fined in Table 2. The evaluation measures three
aspects of system performance: (1) cross-modal
coherence, measuring alignment among semantic
inputs, generated motion, acoustic outputs, and en-
vironmental context; (2) affective consistency, mea-
suring whether simulated behavioral and acoustic
characteristics correspond to the affective descrip-
tors specified in the input; and (3) simulation con-
sistency, measuring the stability of generated be-
haviors across repeated executions under identical
prompts.

4.3.2 Evaluation Datasets and Procedures
18 prompts are evaluated, including 12 text-based
prompts and 6 image-based prompts. Each prompt
is executed five times, resulting in 90 generated
simulations. The user-provided input consists only
of the text or image prompt, while species selec-
tion, behavioral interpretation, and simulation pa-
rameters are determined by the LLM-based reason-
ing agents and transformed into UPR parameters.
Generated simulations are manually evaluated ac-
cording to the criteria defined in Table 2. Detailed
per-prompt evaluation results are provided for text-
based inputs in Table 5 and image-based inputs in
Table 6.

4.3.3 Quantitative Results
Table 3 summarizes the quantitative evaluation re-
sults. Repeated executions evaluate semantic align-
ment and simulation consistency under stochas-
tic generation. The cross-modal coherence scores
demonstrate the effectiveness of the UPR in main-
taining consistency between semantic descriptions,
simulated trajectories, vocalization patterns, and
environmental context.

For text prompts (12 prompts, 60 runs), Bird-
songChat achieves perfect cross-modal coherence
and affective consistency, with average scores of
3.00 (100%) for both metrics. Simulation con-
sistency reaches 2.83 (94.4%), indicating stable
behavior generation while preserving controlled
stochastic variations.

For image prompts (6 prompts, 30 runs), the
system maintains perfect affective consistency with
a score of 3.00 (100%). Cross-modal coherence
achieves 2.50 (83.3%), with lower scores mainly
resulting from ambiguity in visual interpretation,
including environmental understanding and species
selection. Simulation consistency remains high
at 2.67 (88.9%), demonstrating reliable repeated
simulation under visually conditioned scenarios.

Across all evaluations (18 prompts, 90 runs),
BirdsongChat achieves 2.83 (94.4%) for cross-
modal coherence, 3.00 (100%) for affective consis-
tency, and 2.78 (92.6%) for simulation consistency.
These results demonstrate that the UPR effectively
maintains semantic, kinematic, acoustic, and envi-
ronmental alignment while supporting stable multi-
modal simulation across repeated executions.

4.3.4 Analysis and Discussion
The quantitative results demonstrate the feasibility
of the proposed hybrid multi-agent framework for
connecting multimodal reasoning with physically
based simulation. The UPR provides an explicit
interface between reasoning and execution, encod-
ing behavioral states and interpretable control pa-
rameters for coordinating motion, acoustics, and
environmental rendering. As a prototype imple-
mentation, BirdsongChat demonstrates this design
in interactive avian behavior simulation.

Evaluation across text and image inputs shows
consistent affective alignment, with 100% affec-
tive consistency for both modalities. Text inputs
achieve higher cross-modal coherence (100%) and
generation consistency (94.4%) than image inputs
(83.3% and 88.9%), respectively. The lower image-
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Table 3: Quantitative evaluation results (0–3 scale). Each prompt is executed five times to evaluate semantic
alignment and generation consistency.

Metric Average Min Max Score (%)
Text Prompts (12 prompts, 60 runs)
Cross-modal Coherence 3.00 3 3 100%
Affective Consistency 3.00 3 3 100%
Generation Consistency 2.83 2 3 94.4%
Overall 2.94 2 3 98.1%
Image Prompts (6 prompts, 30 runs)
Cross-modal Coherence 2.50 1 3 83.3%
Affective Consistency 3.00 3 3 100%
Generation Consistency 2.67 2 3 88.9%
Overall 2.72 1 3 90.7%
Overall Evaluation (18 prompts, 90 runs)
Cross-modal Coherence 2.83 1 3 94.4%
Affective Consistency 3.00 3 3 100%
Generation Consistency 2.78 2 3 92.6%
Overall 2.87 1 3 95.7%

based coherence suggests that visually complex
or ambiguous environmental contexts remain chal-
lenging for semantic-to-physical grounding, while
the 90.7% overall image consistency indicates that
UPR remains effective for heterogeneous inputs.

These results suggest that separating semantic
interpretation from physical execution through an
explicit intermediate representation can support in-
terpretable and controllable behavior generation.
Although demonstrated in an avian simulation set-
ting, the proposed design provides a potential basis
for embodied systems requiring coordinated trans-
lation of multimodal intent into physical behavior.

5 Conclusion

We presented a hybrid multi-agent framework for
interactive cross-modal semantic-to-physical coor-
dination in embodied environments. The frame-
work uses a UPR to provide an interpretable in-
terface between multimodal reasoning agents and
physically based simulation agents. BirdsongChat,
a prototype implementation of this framework,
demonstrates its feasibility in interactive avian be-
havior simulation, indicating how shared behav-
ioral states and control parameters can coordinate
motion, acoustics, and environmental rendering.

Across the evaluated text- and image-guided sce-
narios, the system achieves 94.4% cross-modal co-
herence, 100% affective consistency, and 92.6%
generation consistency. The results suggest that
explicit intermediate representations can help pre-
serve semantic intent across heterogeneous modali-
ties while enabling controllable physical execution.
More broadly, the proposed framework offers a gen-
eral design principle for embodied AI systems that

require interpretable coordination between multi-
modal reasoning and physical behavior.

6 Limitations and Future Work

Although the proposed framework provides an in-
terpretable approach to semantic-to-physical simu-
lation, several challenges remain.

First, the reasoning layer depends on foundation
models and is therefore susceptible to semantic am-
biguity and reasoning errors that may propagate to
downstream simulation. Future work will explore
uncertainty-aware reasoning, verification mecha-
nisms, and more robust multi-agent coordination.

Second, mapping high-level semantic descrip-
tions to physical parameters remains challenging.
While UPR provides an explicit interface, more
adaptive representations are needed to generalize
across types, behaviors, and application domains.

Third, the current evaluation is limited in scale.
Our experiments provide an initial validation using
18 prompts with repeated executions and manual
assessment based on predefined semantic, affective,
and cross-modal consistency criteria. Larger evalu-
ations with more diverse scenarios and independent
human assessments are needed to examine behav-
ioral plausibility, realism, and user perception.

Finally, BirdsongChat currently emphasizes con-
trollable and perceptually plausible simulation
rather than comprehensive ecological modeling.
Future work should investigate richer ecological
interactions, larger multi-agent environments, and
real-time execution.
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7 Broader Impact and Ethics

The proposed framework contributes to embodied
AI research by exploring an interpretable interface
between multimodal semantic reasoning and con-
trollable physical simulation through coordinated
reasoning and simulation agents. BirdsongChat,
as a prototype implementation, demonstrates this
approach in interactive avian behavior simulation.
The framework may support future applications in
bio-inspired ecoacoustics, swarm robotics, interac-
tive simulation, virtual environments, ecological
education, and creative media.

The generated bird behaviors, motion trajecto-
ries, and spatialized soundscapes are procedural
simulations and should not be interpreted as faithful
representations of real animals or natural ecosys-
tems. When used in educational, ecological, or
media contexts, such content should be clearly
identified as synthetic. In addition, foundation-
model-based reasoning agents may introduce se-
mantic ambiguity, biases, or unintended interpre-
tations that can propagate to physical simulation.
Responsible deployment should therefore empha-
size transparent agent coordination, interpretable
semantic-to-physical mappings, validation of gen-
erated behaviors, and clear communication of the
synthetic nature and limitations of the resulting
content.
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A Additional BirdsongChat Examples (I)

(a) BirdsongChat generates birdsong along with 3D flight motion and a spectrogram. The interface shows bird species, their
routes, and trail points. In this example, the text prompt conveys a slightly melancholic, nighttime mood, producing slower,
lower-frequency sounds and featuring nocturnal species like owls and nightingales. The interface displays only trail points,
hiding the flight paths for a clearer view of bird positions.

(b) This display shows the L-R spectrum, with the bottom graph highlighting frequency differences and channel bias between left
and right. The bird icons appear slightly enlarged due to the collapsed GUI sliders at the bottom-left. Flight trails, trail points,
and axes are hidden, and the view is zoomed in and angled slightly upward.

Figure 3: BirdsongChat interface and examples.
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B Kinematic and Acoustic Control Parameters

The UPR provides low-dimensional interpretable control parameters for the physically based simulation
agents.

Table 4: Kinematic and Acoustic Control Parameters

Parameter Description Behavioral Effect

Kinematic
x⃗0 Equilibrium position Nominal CoM location
∆x⃗ Oscillation amplitudes Path curvature
λ Relaxation rates Agility
σ Noise amplitudes Stochastic variability
v0 Preferred horizontal speed Target forward velocity
vz,0 Preferred vertical speed Target climb/descent rate
ψ0 Equilibrium pitch Nominal body orientation

Acoustic
f0, f1 Chirp start/end frequencies Frequency sweep range
d Chirp duration Length of vocalization
α Trill strength Pitch oscillation
ftrill Trill rate Vibrato speed
A(p) Spatial gain Stereo localization

Table 4 summarizes the kinematic and acoustic control parameters and their corresponding behavioral
effects. These parameters form a low-dimensional, interpretable representation that supports synchronized,
expressive, and controllable bird-like object behavior across motion, orientation, and sound.
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C Text Prompt Alignment Scores

Table 5: Text prompt alignment effectiveness with per-sample scores (0–3 scale).

ID Text Prompt Environment Affect Species Correct Coh. Aff. Gen.
1 The moonlight shines brightly

on the damp forest floor.
Night, Moon,
Forest

Fear/Sad Nightingale,
Owl

Yes 3 3 3

2 The backyard forest sings
harmonically with the newly
bloomed flowers.

Daytime, Sun,
Forest

Happy Sparrow, Finch,
Raven

Yes 3 3 3

3 The birds sing happily with an-
other under the gleaming sun.

Sun, Wind, For-
est

Happy Sparrow, Finch,
Raven

Yes 3 3 3

4 In a gloomy dark night, birds
chirp silently in the forbidden
forest of fear.

Night, Forest Fear Nightingale,
Owl

Yes 3 3 3

5 The birds shudder as a haunting
call echoes from the distance.

Night, Moon Fear Owl, Nightin-
gale

Yes 3 3 3

6 Everyone in the forest chirps ex-
citedly as the new dawn comes.

Sun, Wind, For-
est

Happy Sparrow, Raven,
Finch

Yes 3 3 3

7 The forest is ravaged by a storm,
the birds displaced from their
homes.

Night, Forest,
Wind

Sad Finch Yes 3 3 3

8 The birds freak out and scatter
away.

Storm, Wind,
(Forest)

Fear Raven, Sparrow Yes 3 3 2

9 The birds danced on the dunes,
feeling elated that the sunlight
has finally come.

Sun, Wind,
(Sand)

Happy Lark Yes 3 3 2

10 The birds all mourn in silence at
night, the passings still fresh in
their minds.

Night, Moon,
Forest

Sad Nightingale,
Owl

Yes 3 3 3

11 The birds cower from the shad-
ows looming over the forest.

Night, Forest Fear/Sad Owl, Nightin-
gale

Yes 3 3 3

12 Under the sunlight, the birds fly
around animatedly.

Sun, Wind,
(Forest)

Happy Sparrow, Raven,
Finch

Yes 3 3 3

1071



D Image Prompt Alignment Scores

Table 6: Image prompt evaluation results with per-sample scores (0–3 scale).

ID Image Context Environment Affect Species Coh. Aff. Gen.
1 Sunset Sun, Forest, Storm Happy Raven, Sparrow,

Finch
2 3 2

2 Beach with sand and sea Sun, Sand, Day-
time

Happy Lark 3 3 3

3 Beach with sand, sea, and
pine tree

Sun, Sand Happy Lark 3 3 3

4 Nighttime moon and sea Night, Moon, Sea Fear Nightingale, Owl 3 3 3
5 Thunderstorm Storm, Wind Fear Raven, Sparrow 3 3 3
6 Foggy golf course Fog, Forest Happy Nightingale, Owl 1 3 2

(a) Image 1 (b) Image 2 (c) Image 3 (d) Image 4 (e) Image 5 (f) Image 6

Figure 4: Experimental image prompt examples.
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E Additional BirdsongChat Examples (II)

(a) This display shows the activity timeline and stereo waveforms of a birdsong generation. The bottom graph highlights
waveform differences between channels, while the top timeline marks instances of bird calls over time, with colors
representing different species. Call patterns vary. For example, warblers have shorter, more consistent calls than finches.
The interface shows only the birds, simulating a natural flight scene.

(b) This display shows all bird frequencies and pitches on the left visualization, along with the timing of each call.
Frequencies often reflect sentiment—higher pitches indicate positive sentiment, lower pitches negative. Here, most birds
have fast, high-frequency calls, reflecting a positive mood. Only the enlarged birds and their flight trails are shown to
highlight each bird’s unique calculations.

Figure 5: BirdsongChat interface and examples.
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