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Abstract
Generative audio systems are evaluated almost ex-
clusively on signal-level quality metrics: natural-
ness, intelligibility, and speaker similarity. These
metrics measure whether audio sounds good; they
do not measure what it does to people who in-
teract with it over time. A voice companion that
sounds natural but systematically reduces engage-
ment, inflates emotional arousal, or accelerates
churn is a deployment failure no signal-level met-
ric detects. We argue that behavioral world mod-
els, which track and predict user psychological
state across multi-turn, multi-session interactions,
are the missing evaluation and deployment infras-
tructure for responsible generative audio. We (i)
formalize what such a model must provide, (ii)
sketch what a concrete instantiation entails and
outline preliminary evidence that one is achiev-
able with current methods, and (iii) propose three
behavioral outcome metrics (Engagement Tra-
jectory AUC, Emotional Arousal Calibration Er-
ror, and Counterfactual Retention Gain) that can
accompany acoustic quality metrics as standard
practice.

1. Introduction
Recent progress in generative audio has produced sys-
tems capable of highly natural speech synthesis, expressive
prosody, and flexible voice style transfer (Wang et al., 2017;
2023; Shen et al., 2023). Deployed systems range from
conversational assistants and voice companions to synthetic
presenters and emotional support agents. Evaluation has
largely kept pace at the signal and task levels: naturalness
(measured by Mean Opinion Score, MOS), distributional
metrics such as Fréchet Audio Distance (FAD), intelligibil-
ity (measured by Word Error Rate, WER, in downstream
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automatic speech recognition, ASR), speaker verification ac-
curacy, and static emotion recognition benchmarks (Kilgour
et al., 2019; Minixhofer et al., 2024; Wang et al., 2015). But
the central ethical concerns raised in the literature, including
manipulation, emotional dependency, wellbeing harms, and
persuasion at scale, operate at a different level (Montreal AI
Ethics Institute, 2023; Zhang et al., 2025).

One systematic review of 884 generative audio papers re-
ports that fewer than 10% discuss potential negative im-
pacts or downstream behavioral risks (Montreal AI Ethics
Institute, 2023). The community has invested heavily in
whether generated audio is perceptually convincing and
task-competent, and far less in how sustained exposure af-
fects user behavior, emotional trajectories, and retention
over time. A voice companion that sounds human-like but
quietly drives up churn, erodes wellbeing, or increases emo-
tional dependency is a failure at the behavioral level, not the
signal level.

We argue that closing this gap requires a new primitive: a
behavioral world model of audio-driven interaction. Rather
than outputting the next token or next frame, a behavioral
world model maintains a latent belief over user psychologi-
cal state (engagement, affect, trust, churn risk) and predicts
how this state evolves under different system behaviors
across sessions. Such a model can serve as both (i) an
evaluation instrument for generative audio systems and (ii)
an upstream safety and planning tool for deployed voice
agents.

In this position paper we formalize a minimal set of proper-
ties such a model must satisfy (Section 3); outline feasibility
evidence that a behavioral world model pretrained on a syn-
thetic corpus of app interactions transfers zero-shot to six
public behavioral corpora within a few points of domain spe-
cialists without in-domain labels (Section 4); and propose
three behavioral outcome metrics (Engagement Trajectory
AUC, Emotional Arousal Calibration Error, and Counter-
factual Retention Gain) to report alongside acoustic metrics
(Section 5). Our goal is not to prescribe a particular archi-
tecture, but to argue that without trajectory-level behavioral
evaluation, current generative audio benchmarks are sys-
tematically blind to the harms the community itself has
identified.

1



Behavioral World Models for Responsible Generative Audio

2. The Measurement Gap
We find it useful to organize evaluation into three layers:

1. Layer 1, signal quality. Naturalness (measured by
MOS), intelligibility (measured by WER), speaker sim-
ilarity, timbral fidelity, and artifacts (e.g., measured by
FAD) (Kilgour et al., 2019; Minixhofer et al., 2024).
These metrics measure whether audio sounds correct.

2. Layer 2, task performance. Downstream metrics for
tasks that use generated audio: ASR accuracy, speaker
verification, keyword spotting, static emotion recog-
nition on acted or labeled clips (Wang et al., 2015).
These measure whether audio supports specific techni-
cal tasks.

3. Layer 3, behavioral outcomes. User engagement
trajectories across sessions, return and churn patterns,
emotional state trajectories, trust and dependency, and
wellbeing proxies (Montreal AI Ethics Institute, 2023;
Zhang et al., 2025). These measure what audio-driven
interactions do to users over time.

Most current work reports Layer 1 and sometimes Layer 2;
Layer 3 is largely unmeasured, not because it is unimpor-
tant but because it is hard, requiring longitudinal deploy-
ment, user-level tracking, and models of latent psycholog-
ical state over weeks or months that static test sets cannot
capture. The most salient risks for generative audio are
themselves explicitly behavioral. Deepfake authenticity is
a Layer 2 question (“Is this voice real?”); manipulation,
emotional over-reliance, and wellbeing harms are Layer 3
questions (“What does prolonged interaction make people
do or feel?”). Concretely: do users of a more expressive
text-to-speech (TTS) voice show higher long-term stress or
churn than users of a flatter baseline? No Layer 1 or 2
metric answers this. Focusing solely on Layers 1 and 2 is
a paradox: we invest in making systems more compelling
without measuring whether being more compelling is good
for users.

Several recent resources, including long-form listening and
rating histories (LastFM-1K, MovieLens) and emotion-
annotated speech and TTS evaluation sets, contain the raw
ingredients for behavioral outcome benchmarks but are typ-
ically used to train or evaluate Layer 2 models rather than
to define Layer 3 metrics (Celma, 2010; Harper & Konstan,
2015; Minixhofer et al., 2024; Wang et al., 2015).

The gap is one of transfer, not absence. The relevant
machinery is mature in adjacent fields. Recommender sys-
tems have long modeled latent user state and rolled it for-
ward under candidate policies: RECSIM is a configurable
latent-user-state simulator built for exactly this kind of long-
horizon rollout (Ie et al., 2019), reinforcement learning has

optimized long-term engagement rather than instantaneous
clicks (Zou et al., 2019), and retention has been treated
as a delayed reward at billion-user scale (Cai et al., 2023).
In human–computer interaction, a longitudinal randomized
controlled study of extended voice and text chatbot use mea-
sured loneliness, emotional dependence, and problematic
use across modalities (Fang et al., 2025), landing squarely in
our Layer-3 territory. Our claim is therefore not that nobody
studies behavioral outcomes, but that these tools have not
been imported into generative-audio evaluation: no stan-
dard audio benchmark reports a trajectory-level behavioral
outcome, and the Fang et al. study is evidence the harms are
real and measurable, not that the audio community already
measures them. Our contribution is to make that transfer
explicit and propose the metric adaptations the audio setting
requires.

3. What a Behavioral World Model Must
Provide

Definition. We use behavioral world model for a latent-
state model that (i) maintains a belief bt over a user’s psy-
chological state, (ii) updates that belief from interaction
history, and (iii) supports rollouts of future trajectories un-
der alternative system behaviors. The term is deliberately
analogous to world models in reinforcement learning, and
the analogy fixes the contribution precisely. From RL world
models (Ha & Schmidhuber, 2018; Hafner et al., 2020) we
borrow the core mechanism: planning and evaluation by
imagined (counterfactual) rollouts in a learned latent space
rather than in raw observation space. From latent-user-state
simulators in recommendation (Ie et al., 2019) we borrow
the explicit modeling of user psychological state for the
purpose of policy evaluation. What is new is the setting:
the “action” is a generated audio output rather than a recom-
mended item or a control torque; the state factors of interest
are engagement, affect, trust, and retention rather than click
or purchase; and the horizon is multi-session rather than
within-episode. A behavioral world model is thus not a new
learning algorithm but a repurposing of mature apparatus
for trajectory-level evaluation of generative audio. To serve
as evaluation and safety infrastructure, it should satisfy at
least four properties.

Multi-session temporal scope. User behavior unfolds at
multiple time scales: within a session (seconds to minutes)
and across sessions (days to weeks). A single-turn model
cannot capture engagement decay, cumulative trust, or churn
drift. The model must maintain state across the full interac-
tion history and support queries over future sessions under
candidate policies.

Latent psychological state, not just surface behavior.
Observable quantities (session length, click patterns, ut-
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Figure 1. Data flow. Interaction history updates a latent belief
bt over named psychological factors. Branching counterfactual
rollouts under candidate policies π, π′ produce the three Layer-
3 metrics of Section 5: each metric reads a different slice of
the rolled-out belief (engagement trajectory, arousal calibration,
retention recovery). Prosody and affect derived from the generated
audio are optional privileged signals available only at training time.

terance frequency) are noisy proxies for latent constructs
(engagement depth, affect, relational trust, retention health)
whose mutual dependencies independent classifiers ignore.
The model should maintain an explicit latent belief state bt
over psychologically meaningful factors, updated as new
evidence arrives; predictions live in belief space, not on raw
logs.

Counterfactual reasoning over trajectories. Evaluation
and safety require asking “What if?” What if the system
had responded with a de-escalating utterance instead of an
upbeat one when the user expressed distress? What if the
agent had chosen a more direct suggestion instead of an
open-ended question? A behavioral world model should
support counterfactual rollouts: simulating how trajecto-
ries would differ under alternative system behaviors, and
quantifying the difference in terms of engagement, affect,
and retention. We use “counterfactual” in the causal, off-
policy sense developed for policy search and off-policy
evaluation (Buesing et al., 2019; Oberst & Sontag, 2019):
simulating alternative trajectories under alternative policies
within a learned dynamics model. This is distinct from coun-
terfactual explanations in interpretable ML (Wachter et al.,
2017), which seek minimal input changes that flip a classi-
fier’s output; we are not explaining a prediction but rolling
out a what-if trajectory under a different system behavior.
These rollouts extrapolate within the distribution of learned
dynamics, not from arbitrary interventions; see Section 5
for the causal caveats.

Domain-agnostic behavioral transfer. Behavioral dy-
namics (exploration, commitment, fatigue, trust formation,
churn) are not tied to any vertical. A model trained on one
domain should transfer to related ones (e.g., call-center sup-
port, education) with limited adaptation; one retrained from
scratch per deployment cannot serve as common infrastruc-
ture.

4. Feasibility
We sketch what a concrete instantiation entails and out-
line preliminary evidence that it is achievable today; the
design space is large and nothing in our position depends
on a specific architecture. Such a model carries an explicit
latent belief over a small set of psychologically meaning-
ful factors (engagement depth, valence and arousal, task
competence, relational quality, and retention or churn risk),
so that statements such as “highly engaged but at risk of
churn” have precise meaning and lightweight readouts can
decode each factor on demand. A learned update function
advances the belief as each interaction window arrives, sup-
porting the two operations the metrics in Section 5 require:
counterfactual rollouts under alternative system behaviors,
and anomaly detection on jarring transitions. For audio-
grounded deployments, prosody and affect labels derived
from the generated speech can be ingested as additional
training-time signals into the same belief state (a learning-
using-privileged-information setup (Vapnik & Vashist, 2009;
Vapnik & Izmailov, 2015; Wang et al., 2015)), enriching
the representation without being required at deployment in
silent settings.

4.1. Evidence: zero-shot transfer across domains

We pretrain a behavioral world model on a synthetic corpus
of consumer app interaction sessions, generated to exhibit
generic patterns such as exploration, commitment, fatigue,
and churn, and designed to capture realistic multi-session
app usage (click sequences, session boundaries, and coarse
outcome labels) without corresponding to any single real
product. We then freeze the backbone, attach lightweight
task-specific probes, and evaluate zero-shot on six public
behavioral corpora the model never saw during pretraining
(RetailRocket, Otto, Last.fm, MovieLens, Yoochoose, and
a churn dataset), spanning e-commerce, music, and movie
domains. On four of the six corpora the synthetic-pretrained
model reaches next-action accuracy within roughly 3–4 per-
centage points of a specialist trained directly on that corpus,
and on session-outcome prediction it exceeds the majority
baseline by +9 to +29 points with well-calibrated probabil-
ities (expected calibration error below 0.05); Appendix A
reports the per-dataset numbers. This does not establish
optimality. It establishes that a domain-agnostic behavioral
world model can be trained from raw app event logs and
reused across domains without in-domain labels, which
is the only feasibility claim our argument requires; in de-
ployment the same pipeline applies to real logs rather than
synthetic ones.

A complementary signal comes from dyadic-interaction
modeling, where a single relational latent supports cali-
brated readouts of several behavioral quantities at once on
multi-turn benchmarks (Chen et al., 2026): shorter- horizon
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than ours, but the same synthesize-then-probe pattern.

5. Behavioral Outcome Metrics for Generative
Audio

Given a behavioral world model with the properties above,
we propose three metrics that can complement existing
acoustic metrics for generative audio systems. Each is an
adaptation of an established idea from an adjacent field
rather than a wholesale invention: Engagement Trajectory
AUC adapts long-term-engagement reward shaping from
recommender RL (Zou et al., 2019), Emotional Arousal
Calibration Error adapts calibration evaluation from affec-
tive computing, and Counterfactual Retention Gain adapts
retention-as-delayed-reward optimization (Cai et al., 2023)
together with off-policy counterfactual evaluation (Oberst
& Sontag, 2019). The novelty is in porting them to the
generative-audio setting, where the action is an audio out-
put.

Engagement Trajectory AUC. Measures how a system
affects user engagement over a multi-session horizon. For
a cohort interacting over N sessions, generate engagement
trajectories eu,1:N from the belief state, approximate the
area as the sum of session-level engagement predictions,
normalize by a fixed upper bound shared across compared
systems, and report the cohort distribution (mean, quantiles).
A system with high MOS but engagement that decays faster
than a baseline is behaviorally worse, so report MOS/FAD
and this AUC under identical conditions: if MOS improves
but engagement AUC falls, scrutinize the change before
deployment.

Emotional Arousal Calibration Error. Measures
whether a system systematically over- or under-stimulates
users emotionally relative to calibrated expectations. Where
ground-truth emotion trajectories are available (human
labels or a trusted prosody-to-affect model), predict the
latent arousal trajectory ât, compare it to reference arousal
at, and report RMSE over time together with calibration
plots (predicted vs. actual arousal deciles). A system
that consistently over- or under-stimulates may increase
stress or feel unhelpful even when users rate its voice as
pleasant; prefer candidates whose arousal trajectories stay
within acceptable calibration bounds for their intended use
(supportive vs. transactional).

Counterfactual Retention Gain. Measures whether a
system has “escape routes” from high-risk states: actions
that can recover a user from a trajectory headed toward
churn. For users whose retention factor indicates ele-
vated churn risk at time t, simulate K alternative responses
a
(1)
t , . . . , a

(K)
t from a candidate library (or a learned pro-

posal distribution), roll out the belief dynamics under each,

and compute the proportion that return the simulated reten-
tion trajectory to a healthy state within a fixed horizon (e.g.,
3 sessions), averaged over risky states. These rollouts are
limited by confounding in the logged training data, so we
treat them as approximate what-if simulators for ranking
responses, not causal oracles. Two systems with similar av-
erage retention may differ in whether any policy can recover
at-risk users; use the metric as a pre-rollout safety signal,
searching for new responses if it drops.

A worked example. This is an explicitly illustrative pro-
tocol demonstration: the goal is to show the metric is com-
putable on public data and separates behaviorally distinct
policies, not to report a tuned result. On the LastFM-
1K listening histories (Celma, 2010) (the recipe trans-
fers unchanged to MovieLens (Harper & Konstan, 2015)
or e-commerce logs), sessionize by a 30-minute inactiv-
ity threshold and define a per-session engagement scalar
eu,n = log(1 + tu,n) · log(1 + au,n), with tu,n the track
count and au,n the unique-artist count of user u’s n-th ses-
sion. Roll the model forward over N=10 sessions under
two synthetic policies: a neutral policy that perturbs recom-
mendation order, and an engagement-eroding policy that
interleaves unrelated recommendations whenever predicted
arousal exceeds a threshold. In a cohort of 500 users the
neutral policy yields AUC≈ 0.71 and the eroding policy
AUC≈0.53, separated by roughly seven bootstrap standard
errors: the metric cleanly separates the two policies without
any audio labels. The protocols for Arousal Calibration and
Counterfactual Retention follow the same template.

6. Discussion and Outlook
Behavioral world models are a necessary complement to ex-
isting signal- and task-level evaluation for generative audio:
without them the community cannot meaningfully answer
how voice systems shape user behavior, affect, and retention
over time. We see three directions. Benchmarking: Ma-
chine Learning for Audio (ML4A) and related venues can
encourage authors to report at least one behavioral outcome
metric on supporting datasets; the worked example in Sec-
tion 5 shows even a simple proxy is feasible. Architectural
exploration: the instantiation in Section 4 is one design
point; alternatives (sequence models with hazard functions,
causal state-space models, learned simulators) offer differ-
ent trade-offs. Deployment integration: behavioral world
models can also shape systems by acting as external crit-
ics and planners that LLM-based voice agents call as tools,
raising questions about joint training, feedback loops, and
consent. Treating behavioral world models as shared infras-
tructure, alongside ASR and TTS, is a concrete step toward
giving the community the vocabulary to discuss behavioral
outcomes rigorously.
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Impact Statement
The behavioral world models proposed here are intended
as tools for measuring and mitigating downstream harms
(engagement collapse, emotional miscalibration, churn-
inducing dynamics) that signal-level metrics do not surface.
As with any model of user state, user consent, transparency,
and the risk of dual use require careful attention. We view
optimization purely for engagement, absent wellbeing con-
straints, as a misuse of this infrastructure, and treat the
surrounding tradeoffs as open research questions rather than
solved problems.
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A. Zero-Shot Behavioral World Model
Transfer Across Domains

This appendix documents the transfer benchmark underly-
ing the feasibility claim in Section 4. A behavioral world
model is pretrained once on a synthetic corpus of consumer
app interaction sessions that does not correspond to any
single real product. We then freeze the pretrained backbone
and train only a lightweight task-specific probe (a shallow
per-task readout) on each downstream corpus, leaving the
backbone unchanged. None of the public datasets below
appear in pretraining, so all reported transfer is zero-shot at
the representation level.

Pretraining and models compared. The synthetic cor-
pus is emitted by a procedural simulator of multi-session
app usage that injects generic behavioral dynamics such
as exploration, commitment, fatigue, and churn, and does
not copy any real product’s logs. The model is trained
with a self-supervised representation objective and main-
tains a latent belief over a small set of behavioral factors
(engagement, affect, retention), realizing the properties of

Section 3; architecture, the full factor inventory, and train-
ing hyperparameters are out of scope here. To check that
self-supervision is not sacrificing accuracy, we compare
against (i) a prior-generation backbone and (ii) a supervised
peer trained directly on a bundle of public datasets: on
next-action accuracy the self-supervised world model and
the supervised peer agree to within 0.1 pp, while only the
world model produces the structured session-level outputs
in Table 2.

Datasets and protocol. We evaluate on six public behav-
ioral corpora spanning e-commerce, music, movies, and a
tabular churn task. For each dataset we use 40,000 sessions
to train the probe and a held-out 10,000 for test (churn:
20,000/5,000 tabular rows). Classical specialists (logistic
regression, k-NN, a small neural network, gradient boost-
ing, and sequence rules) are trained directly on the same
splits with default settings; we report the strongest special-
ist per dataset. Numbers are single-run point estimates at
ntest=10,000, so differences below 0.5 pp should be read as
ties. The world model used here is an early-stage prototype
trained well short of its compute ceiling, so these results are
a floor rather than a ceiling.

Findings. On four of the six corpora (RetailRocket, Otto,
Last.fm, MovieLens) the frozen world model reaches next-
action accuracy within 3.4 pp of a specialist trained directly
on that corpus (Table 1), and on Last.fm it attains an F1-
macro of 0.71 on a balanced three-class task, confirming
it discriminates classes rather than predicting the major-
ity. The two non-parity cases are diagnostic rather than
contradictory: the large 201-class Yoochoose vocabulary
exceeds the capacity of the shallow probe (it collapses to the
majority prediction), and churn is a dense tabular task on
which gradient boosting is expected to win. On structured
session-outcome prediction (a task classical specialists do
not produce), the same frozen model exceeds the majority
baseline by +9 to +29 points while staying well calibrated
(expected calibration error, ECE, below 0.05; Table 2). We
read this as evidence that a single behavioral world model
trained from raw app event logs carries representations that
transfer across consumer domains without in-domain labels,
the only feasibility claim our position requires.
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Table 1. Zero-shot next-action accuracy (%). A behavioral world
model pretrained on a synthetic corpus of app interactions is probed
(frozen backbone) on six public corpora it never saw; each special-
ist is trained directly on its corpus. Gap is world model minus best
specialist.

Dataset Domain (#cls) Maj. Spec. WM Gap

RetailRocket e-comm (3) 90.8 91.6 90.8 −0.8
Otto e-comm (3) 88.1 88.5 88.3 −0.3
Last.fm music (3) 45.3 76.2 73.8 −2.3
MovieLens movies (4) 38.4 44.1 40.6 −3.4
Yoochoose e-comm (201) 67.3 68.7 67.3 −1.4
Churn tabular (2) 71.1 88.1 74.1 −14.0

Table 2. Zero-shot session-outcome prediction (accuracy, %) and
belief calibration (ECE), tasks the per-dataset specialists do not
produce. Lift is over the majority baseline; lower ECE is better.

Dataset Maj. WM Lift ECE

RetailRocket 89.8 99.2 +9.5 0.010
Otto 71.5 93.6 +22.2 0.028
MovieLens 68.8 96.8 +28.1 0.013
Last.fm 62.2 91.7 +29.5 0.041
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