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Detecting opioid craving from wearable physiological signals is critical yet difficult, with the potential to support proactive in-
terventions for individuals with opioid use disorder (OUD). This challenge is especially pronounced under subject-independent
evaluation because craving is subjective, heterogeneous, and often physiologically entangled with stress. Our empirical
analysis shows that stress elicits strong and reproducible autonomic responses, while craving-related signals are weaker,
sparse, and largely embedded within stress-related physiology. We further show that psychological resilience, which shapes
stress regulation and craving vulnerability, is not reliably observable from short-term wearable windows, but can be captured
through reusable subject-level proxies, including post-stress heart-rate recovery and autobiographical memory recall.

Motivated by these findings, we introduce RETRACE, a resilience-guided trait-conditioned framework for subject-
independent craving estimation from wearable physiology. RETRACE reframes craving detection as trait-conditioned
physiological interpretation: rather than assuming the same physiological pattern has the same meaning across individuals, it
uses resilience-related subject context to guide inference. Technically, RETRACE introduces a novel dual-encoder design that
separates generalizable stress physiology from subject-specific craving interpretation. It combines a frozen stress-pretrained
encoder with a resilience-conditioned craving encoder, using feature-level gating and representation-level fusion to enable
lightweight personalization without target-user craving labels or per-user retraining.

We evaluateRETRACE on a novel multimodal OUD dataset containing wearable physiology, stress and craving annotations,
post-stress recovery dynamics, and autobiographical narratives. Under strict leave-one-subject-out evaluation, RETRACE
outperforms classical machine learning, domain generalization, and multimodal conditioning baselines, achieving up to
7% absolute improvement over the strongest baseline. We further evaluate whether these gains generalize beyond a single
benchmark by testing component contributions, comparing physiological and semantic resilience guidance, interpreting
resilience-conditioned feature use, and evaluating stability across visits, wrist placements, runtime constraints, and an in-the-
wild feasibility setting. These results show that robust wearable craving detection requires not only stronger physiological
representations, but also a principled way to interpret ambiguous physiological evidence under human heterogeneity.

1 INTRODUCTION
Craving is a central driver of relapse in substance use disorders (SUDs) and a major barrier to sustained recovery
[34, 100]. Among SUDs, opioid use disorder (OUD), in particular, remains a severe public health crisis marked by
frequent relapse, high mortality, and substantial societal burden [53, 115, 128]. Timely detection of heightened
craving may support early awareness, personalized coping, and recovery support before craving escalates
into relapse risk [36, 123]. Continuous, non-invasive monitoring using wearable physiological sensors offers a
promising pathway for scalable craving detection outside clinical settings [44, 91].
Despite this promise, physiological craving detection remains fundamentally challenging, particularly under

subject-independent evaluation where models must generalize to unseen individuals [59]. Unlike many physio-
logical sensing tasks with relatively consistent autonomic signatures, craving-related physiology is often subtle,
heterogeneous, and embedded within broader stress-related autonomic activity [16, 17]. Consequently, similar
physiological patterns may carry different psychological meanings across individuals. Most existing approaches
adopt a state-level inference paradigm, directly mapping short windows of physiological signals to craving
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labels using population-trained models [16, 19, 51]. This assumes a stable mapping between physiology and
craving across individuals. Under substantial inter-individual variability, however, this assumption becomes
fragile, making short-window physiological modeling alone insufficient for capturing the subject-dependent
meaning of craving-related signals.
A key factor underlying this variability is psychological resilience that shapes how individuals regulate and

respond to stress [122, 132, 138]. Rather than manifesting as an instantaneous physiological signal, resilience is a
relatively stable trait-level construct that governs how physiological responses unfold and are interpreted across
individuals. Prior work suggests that resilience is associated with inter-individual differences in craving sensitivity
[26, 29, 97, 102]. This suggests that craving detection requires more than learning invariant short-window
physiological representations; it also requires modeling how stable subject-level factors shape the interpretation
of physiological evidence. We therefore conceptualize craving detection as a trait-conditioned inference problem,
in which individual-level context guides how physiological signals are mapped to reported craving.
To operationalize this perspective, we design a wearable craving detection framework that conditions phys-

iological inference on subject-level resilience. Rather than assuming that each physiological window has the
same meaning across individuals, the framework uses reusable subject-specific context to guide how wearable
signals are interpreted. A key challenge is that resilience is not directly observable from short-term physiological
windows, as shown in Section 5.1, and direct measurement may be difficult to scale [32, 116, 133] in everyday
sensing settings. We therefore explore practical resilience proxies that can be collected once and reused during
inference. Specifically, we consider two complementary forms of trait-level guidance: heart-rate recovery dy-
namics, quantified using HR-AUC after stress exposure [32, 138], and semantic representations derived from
autobiographical memory recall [43]. HR-AUC provides a physiology-grounded measure of post-stress recovery
under controlled conditions, while autobiographical narratives provide a lower-burden source of subject-level
context that does not require controlled stress induction.

Building on these insights, we propose RETRACE—a resilience-guided trait-conditioned craving estimation
from wearable physiology in opioid use disorder. RETRACE combines a stress-pretrained encoder with a
resilience-related subject-level representation. The stress encoder learns transferable autonomic structure from
reliable stress labels that partially overlap with craving physiology, providing a stable backbone for interpreting
weaker and more heterogeneous craving signals (Section 2.1). Importantly, RETRACE does not treat resilience
as a direct physiological marker of craving. Instead, it uses resilience as contextual guidance for inference,
controlling which physiological patterns are emphasized for each individual and how strongly generalizable
stress physiology vs. subject-specific autonomic patterns contribute to craving prediction. This enables principled,
low-capacity personalization under strict subject-independent evaluation.

1.1 Contributions
This work makes the following contributions:

• Trait-conditioned inference for physiological craving detection. We introduce RETRACE, to our
knowledge, the first resilience-conditioned, stress-pretrained framework for subject-independent wearable
craving detection in OUD. RETRACE moves beyond a one-size-fits-all mapping from wearable physiology
to craving by using trait-level context to guide how signals are interpreted for each individual. This
enables subject-aware craving inference with low-capacity personalization, without requiring the target
user’s craving labels or user-specific model retraining.

• Reusable resilience-related guidance for wearable craving sensing. To support this trait-conditioned
inference, we operationalize two forms of subject-level resilience guidance or proxies that can be collected
once and reused duringwearable craving inference: post-stress heart-rate recovery dynamics, quantified by
HR-AUC after stress exposure, and semantic representations derived from autobiographical memory recall.
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Together, these proxies capture a practical design trade-off: HR-AUC provides a physiology-grounded
measure under controlled conditions, while autobiographical recall offers a lower-burden source of
subject-level context that may better support scalability.

• Amultimodal dataset for studying stress, craving, and resilience in OUD.We introduce, to our
knowledge, the first dataset that jointly captures wearable physiological signals, craving labels, stress
responses, and resilience-related attributes from the same participants, including both physiological
recovery measures and autobiographical recall-based proxies (Section 3). This dataset enables direct
empirical investigation of how stress, craving, and resilience interact, moving physiological craving
research beyond state-level modeling. To support future work, we will publicly release the wearable
physiological signals, derived physiological resilience values, and encoded autobiographical memory
representations. Due to IRB restrictions raw autobiographical transcripts will not be publicly released.

• Comprehensive validation and deployment-oriented analysis of RETRACE. We provide a system-
atic analysis of the relationship between stress, craving, resilience, and physiological signals (Section 5),
revealing fundamental challenges for subject-independent craving detection and motivating the need to
incorporate resilience-aware inference. We evaluate RETRACE under strict subject-independent settings
(Section 7) against classical machine learning, domain generalization, and multimodal conditioning base-
lines, demonstrating that neither invariant representation learning nor treating resilience guidance as
auxiliary input is sufficient for robust craving estimation (Section 7.2). We further conduct ablation studies
to quantify the roles of the stress-pretrained encoder, resilience-conditioned craving encoder, feature-
level gating, representation-level fusion, and training losses (Section 7.3). We compare physiological and
semantic resilience guidance to examine their trade-offs between physiological fidelity and practical
scalability, and analyze positive and negative autobiographical recall to understand how different forms of
subject-level context contribute to inference (Section 7.2 and 7.3). Through interpretability analyses, we
examine how resilience guidance changes physiological feature use and supports subject-aware interpre-
tation (Section 7.7). We assess deployment feasibility through cross-visit and cross-wrist robustness tests,
temporal reusability of guidance embeddings (Section 7.6), runtime analysis for efficient edge deployment
(Section 10), and a 14-day EMA-based real-world feasibility study (Section 8). Finally, we discuss deploy-
ment considerations (Section 9), including efficiency, usability, and trade-offs between physiological and
semantic resilience guidance, along with broader implications and limitations (Section 11).

2 RELATED WORKS

2.1 Physiological Craving Detection and Its Limitations
Wearable physiological sensing is widely used to infer affective states, especially stress, from signals such as
electrodermal activity (EDA), heart rate and heart rate variability (HR/HRV), skin temperature, and motion
[79, 82, 87, 107]. Stress detection has become a mature sensing task, supported by standardized protocols, dense
annotations, and reproducible physiological signatures. Most methods follow a state-level inference paradigm,
mapping short physiological windows to momentary labels with population-level models [103, 126].
Wearable craving detection, in contrast, remains largely feasibility-oriented. Prior studies have shown that

self-reported craving can be inferred from biosignals using classical machine learning models such as k-nearest
neighbors and support vector machines [16, 17]. However, these studies often rely on within-cohort or event-
level evaluation, limiting evidence for subject-independent generalization. Related work has also focused on
detecting objective opioid use events from wearables [19, 50], which exhibit more stable pharmacological patterns
and longer temporal dynamics than subjective craving. A recent scoping review further identifies the lack of
standardized datasets, subject-independent protocols, and principled modeling frameworks as major barriers in
this domain [59].
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Stress is a well-established trigger of craving, and stress exposure can increase subjective craving across
settings [83, 111]. Because directly eliciting opioid craving through drug-related cues can raise ethical and clinical
concerns, especially for vulnerable populations, many studies use stress induction as a controlled physiological
probe while measuring craving independently through self-report [40, 113]. However, craving-related physiology
is often subtle, heterogeneous, and embedded within broader stress-related autonomic activity [131]. This creates
inconsistent signal-label relationships across individuals and challenges standard state-level inference, which
assumes a shared mapping between physiology and labels. We therefore use standard physiological classifiers
as baselines and motivate models that explicitly account for inter-individual differences in how physiological
signals relate to craving.

2.2 Modeling Inter-Individual Variability in Physiological Sensing
A central challenge in physiological sensing is the substantial inter-individual variability in how physiological
signals relate to internal psychological states. To address this challenge, prior work has explored approaches to
improve generalization across subjects, tasks, and environments.

Domain generalization. Domain generalization (DG) and invariant learning methods aim to learn representa-
tions that remain robust across subjects, tasks, or environments by enforcing invariance across training domains
[10, 70, 99]. These approaches have been applied to physiological sensing tasks such as emotion recognition and
workload estimation, where models seek subject-invariant features that generalize to unseen users [9, 94, 135].
However, DG methods typically assume that a shared mapping exists between physiological signals and labels
across individuals. In craving detection, this assumption may not hold because similar autonomic responses
can carry different meanings depending on individual differences in stress regulation. Our evaluation includes
representative DG methods: IRM [10], GroupDRO[99], and V-REx[70], as baselines for subject-independent
craving detection.
Multimodal and auxiliary-information approaches. Another line of work addresses inter-individual

variability by incorporating additional modalities or auxiliary information, such as behavioral signals, audio-
visual cues, or personality-related features [105, 109, 130, 134]. These methods often fuse information using
cross-attention [125], mixture-of-experts [108], or feature-wise modulation methods such as FiLM [90]. While
effective for improving prediction, they generally treat auxiliary information as additional input rather than as
context that governs how physiological evidence should be interpreted. Moreover, continuous audio or visual
sensing can also raise privacy, burden, and deployment concerns in sensitive populations [85, 140]. We therefore
compare against representative multimodal fusion models, including Cross-Attention, Mixture-of-Experts, and
FiLM, to test whether using resilience-related guidance as an auxiliary input is sufficient compared with explicitly
conditioning physiological interpretation.

2.3 Resilience as a Missing Factor for Interpreting Physiological Craving Signals
Psychological resilience shapes how individuals cope with stress and adversity, particularly in substance use
disorder (SUD) populations. Higher resilience is associated with lower perceived stress, better mental health
outcomes, reduced relapse risk, and stronger recovery-related resources [97, 137, 138]. It has also been linked
to craving intensity, suggesting a role in craving vulnerability [96]. Beyond a self-reported trait or outcome,
resilience is increasingly viewed as a regulatory process that unfolds over time, reflecting how individuals recover
from stress and how autonomic arousal resolves after challenge [6, 32, 47, 98, 122, 132]. Because stress is a
well-established trigger of craving [14, 49, 93, 112], differences in stress regulation may change how physiological
responses relate to craving: the same autonomic pattern may reflect effective recovery in one individual but
elevated craving vulnerability in another.
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This creates a key challenge for wearable craving assessment. Short physiological windows capture momen-
tary autonomic activity, whereas resilience reflects regulation and recovery over time [32]. Standard wearable
models map these short windows to labels using population-level relationships [63, 141], assuming that similar
physiological patterns have similar meanings across individuals. This assumption becomes fragile when stress
and craving physiology overlap and resilience changes how physiological evidence should be interpreted.
Existing approaches to inter-individual variability, including domain generalization and multimodal fusion

methods (Section 2.2), improve robustness by learning shared representations or adding auxiliary information as
predictive input. However, they do not explicitly model how resilience guides the interpretation of physiological
signals. This motivates our approach: rather than treating resilience as another predictive feature, we use
resilience-related guidance as a conditioning signal for physiological interpretation. We operationalize this
guidance through physiological recovery dynamics and autobiographical language representations, enabling
subject-aware craving inference without subject-specific retraining.

3 User Study
Existing wearable-sensing datasets do not jointly capture physiological dynamics, stress and craving experiences,
and subject-level factors such as resilience within a single controlled setting. To address this gap, we design a
laboratory-based user study that collects synchronized multimodal data for craving detection under subject-
independent evaluation. The resulting dataset includes: (1) continuous wearable physiological signals capturing
multimodal autonomic responses; (2) task-level stress labels and self-reported craving annotations, enabling
craving to be studied as a subjective state within stress-related conditions; and (3) subject-level autobiographical
language used to derive resilience-related representations. This unified design enables, for the first time, a
controlled analysis of how physiological dynamics, subjective craving, and resilience-related individual differences
interact within the same experimental setting. The details and rationale of the study design are outlined below.

3.1 Participants and Recruitment
The study was approved by the Institutional Review Board (IRB) of X University, and all participants provided
informed consent prior to participation. Participants were recruited from the local community and university
population (control group) as well as through clinical and community partners (OUD group), and participated on
a voluntary basis. Participants with OUD received a gift card valued at XX USD as compensation.
The dataset comprises 78 sessions, including 28 sessions from 24 individuals with OUD and 50 sessions from

50 control participants. Among OUD participants, data were collected either before or after medication for opioid
use disorder (MOUD), referred to as pre-dose and post-dose sessions. While most participants contributed a single
session, 4 individuals were recorded in both pre-dose and post-dose conditions, resulting in a total of 28 sessions
from 24 individuals. To ensure strict subject-independent evaluation, these 4 individuals with repeated sessions
were used exclusively for training and excluded from evaluation. The remaining participants each contributed a
single session. This sample size is consistent with prior work in wearable sensing and HCI, where controlled
user studies often require complex experimental protocols and multimodal data collection [15, 37, 81, 141]. These
challenges are further amplified in vulnerable clinical populations such as individuals with substance use disorder,
where recruitment and sustained participation are inherently more difficult [50, 51]. Participant demographics
are summarized in Table 1.

3.2 Apparatus and Experimental Setup
All study sessions were conducted in a private room, either at a university research facility or within a hospital
setting, with only the participant and a trained experimenter present. This controlled and private environment
was designed to ensure participants’ comfort and confidentiality, allowing them to express their emotions and
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Group Age Gender Race/Ethnicity

Control (n=50) 30.80 ± 9.60 [22–65] Female: 35 (70.0%)
Male: 15 (30.0%)

White: 30 (60.0%)
Asian: 16 (32.0%)
Black or African American: 3 (6.0%)
Other: 1 (2.0%)

OUD (n=24) 35.67 ± 4.15 [29–47]
Female: 18 (75.0%)
Male: 5 (20.8%)
Non-binary: 1 (4.2%)

White: 14 (58.3%)
Black or African American: 7 (29.2%)
Other: 2 (8.3%)
American Indian or Alaska Native: 1 (4.2%)

Table 1. Participant demographics. Values are reported as mean ± SD [range] or count (%).

subjective experiences related to stress and craving without concern for observation or interruption. Participants
stood 8-12 ft from a display screen presenting visual stimuli while wearing an Empatica E4 wristband on
both wrists. The E4 continuously recorded photoplethysmography (PPG), electrodermal activity (EDA), 3-axis
accelerometer data (ACC), and skin temperature (TEMP).

Fig. 1. Task sequence and timeline used in the user study. Blue blocks represent non-stress baseline tasks, and red blocks
represent stress-inducing tasks.

3.3 Study Procedure
3.3.1 Study Protocol Justification: Our protocol is motivated by prior SUD laboratory studies [40, 113] showing
that stress exposure can serve as a controlled cue for eliciting craving-related subjective and physiological
responses [110]. Although in-the-wild craving data are important for ecological validity, relying on them can
introduce substantial label noise. Craving episodes are often brief, self-reports may be delayed or missed,
contextual triggers are uncontrolled, and physiological signals can be confounded. As a result, the temporal
alignment between wearable physiology and reported craving can be imprecise, making it difficult to obtain
reliable labels for model development. Reliable annotation is especially important in this work because, to
our knowledge, this is the first study to examine whether trait-level subject information can modulate the
interpretation of wearable physiological patterns for improved craving inference. To study this relationship
carefully, we require a setting where physiological responses and craving reports can be collected with stronger
temporal control.
Because prior studies [8] showed that direct opioid craving induction through a period of abstaining from

opioid use may raise ethical, clinical, and standardization concerns, we use validated stress-induction tasks as
reproducible physiological probes. At the same time, we do not treat stress as a proxy label for craving: stress is
defined by task structure, while craving is measured independently through self-report after each task block.
This design allows us to study craving-related physiology in a controlled and ethically appropriate setting while
reducing label noise and preserving a clear distinction between stress exposure and subjective craving.
Notably, given the importance of ecological validity, we further conduct an in-the-wild feasibility study,

described in Section 8.
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3.3.2 Experimental Design and Task Protocol. Following prior work on laboratory-based affect and stress elic-
itation [7, 136, 141], the study protocol, as outlined in Figure 1, consisted of multiple phases or experimental
blocks with interleaved intervals, beginning with non-stress baseline tasks and followed by stress-inducing
tasks targeting cognitive, emotional, and social-evaluative stress systems. This structure allowed us to establish
individual physiological baselines while exposing all participants to comparable stressors, keeping task-induced
stress separate from the self-reported craving labels used in later analyses.

Non-Stress Tasks. Participants first completed a set of non-stress tasks designed to establish a relaxed autonomic
baseline prior to stress induction:

(1) Calm video viewing (3 minutes). Participants watched a calming video depicting jellyfish floating in
the ocean, which has been shown to elicit a relaxed physiological state [7, 136].

(2) Counting task (1 minute). Participants counted aloud from 0 to 59 at a self-selected, natural pace, a
task commonly used to maintain engagement while preserving a non-stressful condition [107, 121].

(3) Baseline question-and-answer task (2 minutes). Participants responded to a sequence of neutral,
everyday questions (e.g., their name, whether they had eaten breakfast, or their favorite restaurant) in a
relaxed setting.

(4) Neutral video viewing (3 minutes). Participants watched a National Geographic documentary on
pyramids, serving as a neutral, low-arousal baseline condition.

These tasks served as control conditions for comparison with physiological and behavioral responses observed
during subsequent stress-inducing tasks. Calm video viewing is intended to actively induce a relaxed state,
whereas neutral video viewing provides a low-arousal baseline without explicitly promoting relaxation.

Stress-Inducing Tasks. Participants then completed a set of validated stress-induction tasks adapted from prior
psychology and behavioral research [27, 64, 101, 120]:

(1) Stroop task [46, 60, 89] (3 minutes). Participants viewed color words whose ink color differed from
their semantic meaning and were instructed to verbally identify the ink color. The stimulus presentation
rate gradually increased over the task duration, inducing cognitive stress through time pressure and
interference.

(2) Sing-a-Song Stress Test (30-second preparation). Participants were unexpectedly informed that they
would be asked to sing aloud while being observed and were given 30 seconds to prepare [136]. Consistent
with prior work, only the preparation phase was analyzed, as it reliably elicits social-evaluative stress [7].

(3) Mental arithmetic task (3 minutes). Participants performed serial subtraction by counting backward
from 1000 in increments of 17. Upon making an error, they were instructed to restart from 1000, following
the protocol of the Trier Social Stress Test [64].

3.3.3 Stress and Craving Annotations. Stress labels were defined by task structure (baseline vs. stress blocks),
leveraging established stress-induction protocols that elicit reliable and reproducible physiological responses
[82, 87, 141]. Craving, in contrast, was assessed independently through self-report because it is a subjective
motivational state that cannot be determined solely from task identity [40, 75, 110, 113]. Although stress-inducing
tasks may create conditions in which craving can arise, craving is not assumed to occur during every stress block
and may also occur during non-stress periods, as shown in Section 4.2. Following each task block, participants
with OUD were asked to rate their perceived opioid craving on a 0–3 Likert scale (0 = not at all, 3 = extremely).
For binary classification, craving labels were derived by thresholding self-reports, with ratings of 0 mapped to
non-craving and ratings of 1–3 mapped to craving. Control participants were not asked about opioid craving.

Because craving can persist over short time intervals rather than occurring only at a single instant [11, 23, 48],
each post-task craving report was treated as reflecting the participant’s craving state over the corresponding task
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interval. This allowed us to assign craving labels to physiological windows within that interval while keeping
craving defined as a participant-reported subjective state.

3.4 Autobiographical Memory and Context-neutral Speech Collection
As part of the study procedure, participants provided short spoken narratives to derive subject-level autobio-
graphical language representations. At the beginning of the session, participants first completed a context-neutral
speech task, responding to simple prompts (e.g., their name, daily routines, or general questions) for two minutes.
This segment captures general linguistic characteristics without autobiographical or emotional content.

Participants then described one recent positive and one recent negative personal experience, each for two
minutes, in a neutral, non-stressful setting independent of the stress-induction tasks. All speech segments were
audio-recorded and transcribed. On average, context-neutral responses contained approximately 160 words, while
autobiographical narratives contained approximately 210 words each (approximately 420 words per participant).

4 Dataset and Feature Construction
Physiological signals were processed using a unified pipeline to ensure consistent analysis across participants.
We describe preprocessing, windowing, and feature extraction, followed by higher-level feature organization and
dataset characterization used in subsequent analyses.

4.1 Physiological Signal Processing
Physiological signals collected from the Empatica E4 wristband [78], including EDA, PPG, 3-axis ACC, and skin
TEMP, were temporally synchronized using device timestamps. EDA and PPG signals were processed using
the NeuroKit toolkit [76], including denoising and decomposition into tonic and phasic components for EDA,
and artifact removal with heart rate and inter-beat interval extraction for PPG. ACC and TEMP signals were
aligned to ensure cross-modal consistency. Physiological recordings were segmented into overlapping windows of
30 seconds with a step size of 15 seconds [31, 107]. This window length balances temporal sensitivity with signal
stability and is widely used in short-term autonomic state modeling. Each window is treated as an independent
observation. For task-level analyses in Section 5.1, window-level features are aggregated within each task interval.
Feature Extraction. For each window, we extracted multimodal physiological features characterizing auto-

nomic activity from EDA, PPG-derived cardiovascular signals, acceleration (ACC), and skin temperature (TEMP).
EDA features include SCR-based measures (onsets, peaks, amplitudes, and recovery dynamics) together with
tonic/phasic summary statistics, while cardiovascular features capture heart rate and HRV in time and frequency
domains. Across modalities, additional FLIRT-style descriptors [39] were computed, including summary statistics
(e.g., mean, median, standard deviation, variance, interquartile range, minimum, maximum, and percentile sum-
maries), shape descriptors (e.g., RMS, mean absolute value, peak amplitude, waveform length, crest factor, and
zero crossings), and spectral descriptors (e.g., total spectral power, spectral centroid, peak frequency, bandwidth,
spectral entropy, and band-limited power features). Low-quality features were removed based on missingness
and low variability, yielding a final 303-dimensional window-level representation used for all models. Additional
details are provided in Appendix B.

4.2 Dataset Characteristics
This section characterizes the distribution of physiological windows and craving labels in the collected dataset.
This analysis is important because craving is a subjective state: even under the same task protocol, participants
may differ in whether craving occurs, how often it occurs, and during which task blocks it is reported.

Figure 2 summarizes subject-level variation in physiological window availability and craving labels. While the
number of windows is broadly comparable across participants, the distribution of craving labels varies substantially.
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Fig. 2. Subject-level distribution of craving and non-craving windows
among OUD participants. Each bar corresponds to one anonymized sub-
ject and is ordered by the proportion of craving windows.

Fig. 3. Distribution of craving and non-craving
window ratio among each tasks.

This highlights strong inter-subject variability in craving experience, even under controlled laboratory conditions.
Figure 3 shows the distribution of craving and non-craving labels across tasks. Although stress-inducing tasks are
associated with a higher prevalence of craving, craving does not occur deterministically under stress and is also
observed during non-stress conditions. This confirms that stress and craving should not be treated as equivalent
labels: stress is defined by task structure, whereas craving remains a participant-reported subjective state.
Together, these patterns show that craving labels are heterogeneous across both participants and tasks. The

dataset, therefore, presents two key challenges for wearable craving detection: uneven craving prevalence across
individuals and non-uniform relationships between stress exposure and reported craving. These challenges
motivate subject-independent evaluation and modeling approaches that can account for individual differences in
how physiological signals relate to craving.

5 Empirical Motivation: Physiological Craving Signals and Resilience Proxies
Before introducing the RETRACE framework, this section provides the empirical and literature-backed rationale
for our modeling design. We first characterize how stress, craving, and resilience are reflected in short-term
wearable physiology. The analysis shows that stress produces robust autonomic responses, craving-related signals
are weaker and more heterogeneous, and resilience is not directly observable from short-term physiology. We
then describe HR-AUC as a physiology-grounded resilience proxy and evaluate whether autobiographical recall
can provide a lower-burden resilience-related representation. Together, these analyses and discussions motivate
RETRACE’s design: using stress-pretrained physiological structure as a backbone while conditioning craving
inference on reusable subject-level guidance from resilience-related proxies.

5.1 Characterizing Stress, Craving, and Resilience in Short-Term Wearable Physiology
This section analyzes whether stress, craving, and resilience exhibit distinguishable physiological patterns
in short-term wearable physiological signals. This question is central to wearable craving detection because
deployed models typically operate on short physiological windows and must determine whether those windows
contain craving-relevant information that can generalize across individuals. Stress is expected to produce robust
autonomic responses and therefore serves as a useful reference condition. Resilience, however, is a relatively
stable trait-level factor rather than a momentary state, so we examine whether it appears in instantaneous
physiology or instead requires reusable subject-level descriptors.
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5.1.1 Analysis overview. Following prior work on task-level physiological analysis from wearable sensors [63,
135, 141], we aggregate window-level features to the task-block level because stress and craving annotations were
collected after each task rather than at individual window timestamps. Task-level features were baseline-corrected
using each participant’s neutral Calm video viewing task (Section 3.3.2) as a reference [20, 55, 56].
We then estimated task-level physiological associations using population-average generalized estimating

equations (GEE), clustering by participant to account for repeated observations within individuals [74]. Stress
and craving are defined based on the annotation protocol described in Section 3.3.3. Resilience is operationalized
as a subject-level variable based on post-stress heart-rate recovery, quantified by HR-AUC, and discretized into
high- and low-resilience groups using a median split for the present analysis. The rationale for this proxy and the
grouping procedure are detailed in Section 5.2 and Appendix H. For each construct (stress, craving, and resilience),
we fit separate GEE models with the construct as the main predictor, adjusting for subject group and the number
of aggregated windows per task block. The estimated coefficients (𝛽) represent population-average associations
between the construct of interest and physiological features. To account for multiple comparisons across features,
we apply the Benjamini–Hochberg false discovery rate (FDR) correction [127]. All reported significance results
are based on FDR-corrected p-values. We analyze physiological modulation at two complementary levels.

At the system level,we capture coarse-grained modality-level effects by grouping features within four physiolog-
ical systems—Cardiovascular, Electrodermal, Movement, and Thermoregulation—and computing PCA-based
representations within each system, followed by GEE analysis on these representations (see Appendix C.1 for
grouping details and rationale). At the feature level, we apply the same GEE framework directly to individual
features (total 303) to capture fine-grained, feature-specific modulation. System-level results are summarized in
Table 2, while Figure 4 visualizes feature-level effects across all features. In the figure, color intensity represents
the magnitude of significant effects (|𝛽 |), and non-significant features are masked.

Fig. 4. Feature-level physiological effects across modalities. Each column corresponds to an individual physiological feature,
grouped by system and ordered within each group by the magnitude of stress-related effects. Color intensity represents the
magnitude of significant effects (|𝛽 |) estimated by GEE models, while non-significant features are masked. Rows correspond
to different constructs (stress, craving, and resilience).

5.1.2 Stress-related physiological modulation. Stress elicited robust and widespread physiological responses.
At the feature level, stress was associated with increased variability and activation across multiple modalities. As

shown in Figure 4, these effects are widespread, with a large number of features exhibiting significant modulation.
At the system level, these effects are consistent across all physiological modalities. As shown in Table 2,

stress produces strong and statistically significant shifts across cardiovascular, electrodermal, movement, and
thermoregulatory systems (all 𝑝 < 10−3).
Overall, these results confirm that the protocol elicited strong task-evoked autonomic modulation and that

stress provides a reliable physiological reference condition.
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Physiological System Stress Craving Resilience

Cardiovascular 𝛽=0.946, SE=0.284, 𝑝<10−3 𝛽=0.380, SE=0.685, 𝑝=0.579 𝛽=−0.917, SE=1.173, 𝑝=0.434
Electrodermal 𝛽=3.317, SE=0.673, 𝑝<10−6 𝛽=2.977, SE=1.816, 𝑝=0.101 𝛽=3.525, SE=2.164, 𝑝=0.103
Movement 𝛽=2.798, SE=0.471, 𝑝<10−9 𝛽=1.478, SE=1.462, 𝑝=0.312 𝛽=1.504, SE=1.497, 𝑝=0.315
Thermoregulation 𝛽=1.314, SE=0.289, 𝑝<10−5 𝛽=1.071, SE=0.484, 𝑝=0.0269 𝛽=−0.962, SE=0.650, 𝑝=0.139

Table 2. System-level physiological modulation. Reported coefficients (𝛽) summarize population-average task effects esti-
mated by the GEE models. Positive 𝛽 values indicate higher physiological activity under the task condition, while negative
values indicate reduced activity. Larger absolute 𝛽 values, when observed consistently across related features or physiolog-
ical modalities, reflect stronger and more coherent task-evoked physiological modulation. Standard errors (SE) quantify
uncertainty in these estimates, and 𝑝-values indicate whether the observed effects differ reliably from zero after accounting
for within-subject dependence.

5.1.3 Craving-related physiological modulation. Compared with stress, craving-related physiological effects were
weaker and more selective. At the feature level, craving-related modulation is sparse. As shown in Figure 4, only
a small subset of features exhibit significant effects. After FDR correction [127], only 10 out of 303 features are
significant, compared with 200 under stress. Notably, 9 out of these 10 craving-related features are also significant
under stress, indicating a strong overlap between craving- and stress-related physiological responses, while a
small number of features exhibit craving-specific effects.
At the system level, these effects are limited and less consistent across modalities. As shown in Table 2, only

the thermoregulatory system shows a significant effect, while other systems do not reach statistical significance.
Interestingly, although no individual thermoregulatory features are significant at the feature level, the system-
level analysis reveals a significant effect. This discrepancy arises because aggregation captures multiple weak
but consistent effects across features. While no single feature is strong enough to survive FDR correction, their
combined variation forms a detectable pattern at the system level, indicating that craving-related thermoregulatory
modulation is distributed and low-amplitude rather than driven by a single dominant feature.

Overall, these results indicate that craving has measurable physiological correlates, but these effects are weak,
sparse, and largely embedded within broader stress-related activity, making craving difficult to distinguish from
non-craving using short-term physiological signals alone.

5.1.4 Resilience-related physiological modulation. In contrast to stress and craving, resilience did not show a
robust short-term physiological signature.
At the feature level, resilience-related effects do not exhibit a consistent pattern across features, as reflected

in Figure 4. At the system level, resilience effects show substantial variability across modalities, with relatively
large but highly uncertain estimates, and none reaching statistical significance (Table 2).

These results suggest that psychological resilience does not manifest as a stable task-evoked pattern that can
be reliably detected from short-term wearable windows. Rather than treating resilience as an instantaneous
physiological state, this motivates modeling it as a subject-level factor. This finding supports the use of reusable
resilience-related descriptors, such as post-stress HR-AUC and autobiographical recall, to guide craving inference.

Summary and design implications. This section’s analysis shows that craving has measurable population-
level physiological correlates, supporting the feasibility of subject-independent wearable craving detection.
However, these correlates are weak, selective, and largely embedded within broader stress-related activity,
with limited distinct or craving-specific components, which reduces the effectiveness of a single population-
level mapping from physiology to craving. In contrast, resilience is not directly detectable from short-term
wearable windows. These findings motivate RETRACE’s design: using stress-pretrained representations as a
stable physiological backbone and using resilience-related subject-level guidance to interpret ambiguous craving-
related signals across individuals. As outlined in Section 6.2, the stress-pretrained encoder provides a shared
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autonomic reference, while craving is learned separately through resilience-conditioned inference task that
identifies craving-related deviations without treating stress itself as craving.

5.2 Post-Stress Heart-Rate Recovery as a Resilience Proxy

Fig. 5. Heart rate recovery AUC of participant 1.
Smaller AUC indicates faster recovery (higher re-
silience).

Fig. 6. Heart rate recovery AUC of participant 2.
Larger AUC indicates slower recovery (lower re-
silience).

The preceding analysis confirms that resilience is not reliably detectable from short-term instantaneous
wearable physiological signal windows. Following literature [32], we therefore use post-stress heart-rate recovery
as a subject-level proxy for resilience-related regulatory capacity. Specifically, we compute the area under the
curve (AUC) of heart rate during the post-stress recovery period, defined as the interval following the mental
arithmetic task in the protocol described in Section 3.3.2. Smaller HR-AUC values indicate faster recovery toward
baseline and are interpreted as higher physiological resilience, whereas larger HR-AUC values indicate slower
recovery and are interpreted as lower physiological resilience.

Figures 5 and 6 illustrate two example recovery trajectories. In these examples, the participant with the smaller
HR-AUC shows faster post-stress recovery, while the participant with the larger HR-AUC shows more prolonged
physiological activation. HR-AUC is suitable for our analysis because it summarizes integrated autonomic recovery
dynamics, including sympathetic withdrawal and parasympathetic reactivation [32]. We use this measure as a
stable, interpretable, subject-level resilience proxy for subsequent analysis and resilience-guided craving inference.

5.3 Autobiographical Recall as a Lower-Burden Resilience Proxy
The previous section defines HR-AUC as a physiology-grounded proxy for resilience-related recovery. However,
HR-AUC requires controlled stress exposure, a clearly defined recovery period, and stable baseline conditions.
Although it can be collected once as a pre-deployment measure and reused during wearable-based craving
inference for a target user, it still requires exposing the individual to a controlled stressor. This may add burden
during practical deployments. We therefore examine whether autobiographical recall can provide a lower-burden
representation of resilience-related individual differences.

5.3.1 Motivation for Autobiographical Recall. Autobiographical memory recall is relevant to resilience because
it captures how individuals appraise, organize, and regulate emotionally meaningful experiences. Resilience
is commonly conceptualized as the capacity to adapt to, recover from, and maintain functioning following
adversity [32, 118]. This capacity is closely linked to emotion regulation, coping, affective flexibility, and stress-
recovery processes [5, 26, 102, 117]. Because autobiographical narratives reflect how individuals interpret past
experiences, construct personal meaning, and regulate emotional responses during recall, they may provide a
stable subject-level window into resilience-related individual differences [4, 28, 77].
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We consider both positive and negative autobiographical memories because they capture complementary
aspects of resilience-related processing. Positive recall may reflect adaptive affective engagement, reward sen-
sitivity, and access to positive self-relevant experiences, which are important for coping and psychological
recovery [41, 119]. This is particularly relevant in OUD, where chronic opioid exposure can disrupt reward and
stress systems, producing accumulated allostatic load, reduced sensitivity to non-drug rewards, and heightened
stress reactivity [65–68]. Under this reward-deficit and stress-surfeit framework, positive autobiographical recall
may not simply evoke pleasure; for some individuals, a mismatch between expected and experienced positive
affect may instead produce ambivalence, anxiety, or physiological arousal [67, 68, 95, 104]. Thus, positive recall
may encode individual differences in reward responsiveness, stress reactivity, and craving vulnerability.
Negative autobiographical recall, in contrast, directly engages adverse experiences and therefore provides a

natural context for examining emotion regulation and stress recovery. Prior work shows that regulation strategies
such as cognitive reappraisal shape how negative memories are recalled and experienced, including their detail,
emotional tone, and negative bias [25, 88]. The ability to suppress or control intrusive memory retrieval is also
considered an important component of emotion regulation and can reduce the emotional impact of unwanted
recollections [35, 61]. Therefore, negative autobiographical narratives may reveal how individuals organize,
reinterpret, and regulate adverse experiences. A detailed neurophysiological context motivation discussion is
further provided in Appendix E.1.

5.3.2 Representational Alignment Analysis. To test whether autobiographical language captures resilience-related
information, we evaluate its alignment with HR-AUC, the physiology-grounded recovery proxy defined in
Section 5.2. We compare Autobiographical Language, derived from participants’ positive and negative memory
recall transcripts, with context-neutral speech, collected at the beginning of the study as outlined in Section 3.4.
Context-neutral speech serves as a control condition for general linguistic properties such as verbosity and
speaking style without autobiographical or emotional content.

High-dimensional language embeddings extracted from these narratives were treated as fixed representations
and summarized using Partial Least Squares (PLS) [18]. Because text embeddings capture heterogeneous semantic
and stylistic information, unsupervised methods such as PCA may emphasize dominant linguistic variation rather
than resilience-relevant dimensions [2]. PLS instead provides a supervised dimensionality reduction approach
that identifies latent directions where language representations covary with an external outcome, making it
suitable for representation–outcome alignment [1, 69]. In our analysis, embeddings were projected onto a single
PLS component aligned with physiological resilience, operationalized as continuous HR-AUC in Section 5.2. We
assessed the association between this PLS-derived dimension and HR-AUC using Spearman rank correlation,
with significance evaluated by permutation testing using 5,000 permutations [33]. Technical details of PLS are
provided in Appendix F.

Language Condition Spearman 𝑟 𝑝 (Spearman) 𝑝 (Permutation)

Autobiographical Language 0.843 2.9 × 10−17 < 0.001
Context-neutral Speech 0.132 0.313 0.316

Table 3. PLS-based representational alignment between Autobiographical Language and HR recovery. Spearman rank correla-
tions and permutation-based 𝑝-values are reported for associations between a one-dimensional PLS latent representation
derived from Autobiographical Language embeddings and HR area-under-the-curve (AUC) following stress cessation.
As shown in Table 3, autobiographical language exhibits a strong and statistically reliable association with

HR-AUC (𝑟 = 0.843, 𝑝 < 0.001), whereas context-neutral speech shows weak and non-significant alignment
(𝑟 = 0.132, 𝑝 = 0.316). This contrast suggests that resilience-related recovery information is selectively reflected
in autobiographical recall rather than in general speech patterns alone. These findings support autobiographical
recall as a lower-burden, reusable proxy for resilience-related subject context.
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Overall, the findings in Section 5 directly motivate our modeling approach and establish HR-AUC and
autobiographical recall as resilience-related subject-level proxies.

6 RETRACE—a resilience-conditioned, stress-pretrained inference framework

6.1 Problem Formulation
We present a resilience-guided framework for subject-independent craving detection from wearable physiological
signals. Given a physiological window x ∈ R𝑑 , the goal is to predict a binary craving label 𝑦 ∈ {0, 1} derived from
self-reported ratings. In addition to window-level observations, each subject is associated with a fixed embedding
e that captures stable individual differences through a resilience proxy.
Our analysis in Section 5.1 suggests that wearable physiology contains measurable subject-independent

information related to craving, supporting the feasibility of physiological craving detection. At the same time,
craving-related subject-independent signals are weaker and more selective than stress responses, and they are
often embedded within broader stress-related autonomic activity. This indicates that craving detection is feasible,
but achieving more effective and reliable inference requires models that can interpret subtle, subject-dependent
physiological evidence rather than rely on a single population-level mapping.
We therefore formulate craving detection as a subject-conditioned inference problem. The physiological

window x provides momentary autonomic evidence, while the subject-level embedding e provides a stable
context for interpreting that evidence. Under this formulation, similar physiological patterns can contribute
differently to craving prediction across individuals. This enables subject-independent inference that accounts for
inter-individual variability without requiring per-user craving labels or user-specific model retraining.

6.2 Architecture Overview
RETRACE is designed to separate two complementary components of wearable craving inference: (1) gener-
alizable autonomic structure and (2) craving-related patterns that vary from person to person. As illustrated
in Figure 7, the model contains two encoder pathways. A frozen stress-pretrained encoder provides a stable
physiological reference, while a conditioned craving encoder learns adaptive craving-related representations.

The resilience embedding e modulates the inference process at two levels. At the input level, it guides which
physiological features should be emphasized for a given individual. At the representation level, it controls how
much the final prediction should rely on the stress-pretrained representation versus the conditioned craving
representation. Together, these components allow RETRACE to perform low-capacity personalization through e
while preserving a shared model structure.

6.3 Dual-Encoder Design
The dual-encoder design is motivated by the empirical findings in Section 5.1: stress produces robust physiological
modulation, whereas craving-related signals are weaker, more selective, and largely embedded within stress-
related autonomic activity. A single encoder would need to learn both stable autonomic structure and subtle
craving-related variation at the same time, which can entangle stress and craving representations and reduce
subject-independent generalization. RETRACE instead separates these roles into two pathways.

Stress-pretrained encoder. The stress encoder 𝑓stress is pretrained on a stress prediction task using cross-entropy
loss and then kept fixed during craving training. Given an input physiological window x, it produces a stress-
pretrained representation: zstress = 𝑓stress (x). The encoder is trained using data that excludes the target subject
used for evaluation, ensuring subject-independent pretraining. Because this encoder is trained using stronger
and more reliable stress labels, it captures generalizable autonomic structure across individuals. Importantly, this
pathway is not used to treat stress as craving. Rather, it provides a stable physiological reference that anchors the
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Fig. 7. Overview of the proposed resilience-guided architecture. A frozen stress encoder captures stable physiological
structure, while a subject-conditioned encoder models adaptive variations. A resilience embedding modulates the input
conditioning and representation fusion.

model in meaningful autonomic patterns, allowing weaker craving-related deviations to be interpreted relative
to this reference.

Conditioned craving encoder. The conditioned encoder 𝑓cond learns craving-related variation from resilience-
conditioned inputs. Given a gated input x̃, it produces: zcond = 𝑓cond (x̃). This pathway is trained with the craving
objective and, through the ‘orthogonality term objective’ in Section 6.7, is designed to learn information distinct
from zstress; thus, it focuses on physiological patterns that are subtle, heterogeneous, and potentially subject-
dependent. Because input x̃ is modulated by the resilience-related embedding, the encoder can emphasize different
physiological evidence for different individuals. This allows the model to learn craving-related deviations that
may not be fully captured by the stress-pretrained representation. In this way, craving is modeled as a separate
resilience-conditioned inference task rather than as a direct extension of stress detection.

Together, the two encoders provide a structured representation space: the stress encoder anchors the model in
generalizable autonomic physiology, while the conditioned encoder captures adaptive craving-related deviations.

6.4 Resilience-Guided Conditioning
To account for subject-dependent differences in how physiological signals relate to craving, RETRACE uses the
resilience embedding e as a conditioning signal. Rather than treating e as an additional predictive feature, the
RETRACE uses it to guide how physiological autonomic structure is interpreted and integrated.
As shown in Figure 7, the resilience embedding is projected into two conditioning signals: egate for feature-

level conditioning and efusion for representation-level conditioning. These two pathways serve complementary
roles. Feature-level conditioning helps the model determine which physiological features are more informative
for a given individual. Representation-level conditioning controls how much the final prediction relies on the
generalizable stress-pretrained representation versus the conditioned and adaptive craving-related representation.

6.4.1 Feature-Level Conditioning. At the feature level, we introduce a gatingmechanism that adaptivelymodulates
the input representation based on the feature-level resilience embedding projection egate. Specifically, we compute
a gating vector: g = 𝜎

(
𝑊𝑔egate + b𝑔

)
, and apply it to the input as x̃ = x ⊙ g,
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where 𝜎 (·) denotes the sigmoid function and ⊙ represents element-wise multiplication. This mechanism assigns
subject-specific importance weights to physiological features, enabling selective amplification or suppression of
input dimensions. As a result, the same physiological signal can be interpreted differently across individuals,
addressing variability in how signals relate to craving.

6.4.2 Representation-Level Conditioning. At the representation level, we adaptively combine different represen-
tations based on both physiological signal representations (Section 6.3) and the fusion projection of resilience
embedding efusion. Given representations zstress and zcond, we compute a fusion weight:
𝛼 = 𝜎

(
w⊤

𝑓
[zstress, zcond, efusion] + 𝑏 𝑓

)
, and obtain the final representation as: z = 𝛼zstress + (1 − 𝛼)zcond.

This formulation allows the model to dynamically balance between a stable physiological reference of a broader
activation and an adaptive representation. By conditioning the fusion process on e, the model adjusts its decision
behavior across individuals, accounting for individual differences in how physiological signals map to craving.

Together, these two forms of conditioning enable a resilience-guided inference process that adapts both feature
utilization and decision behavior, without modifying the underlying physiological representation space.

6.5 Resilient Embedding Extraction
In this work, e can be instantiated in multiple ways. We consider two alternatives: (1) HR-dynamics guidance,
a physiological embedding derived from heart-rate (HR) dynamics, and (2) semantic guidance, a representation
obtained from autobiographical memory recall.
The HR-dynamics guidance is constructed from short (15s) heart-rate segments following calm and stress

conditions. For each subject, heart-rate signals are normalized relative to a baseline period (Calm video viewing),
and a single post-calm and post-stress segment is extracted after the corresponding task conditions (Section 5.2).
These segments capture complementary baseline-like and stress-response recovery dynamics, enabling char-
acterization of individual differences in recovery. Each segment is summarized using statistical and temporal
descriptors (e.g., mean, standard deviation, signed and absolute AUC, slope). The resulting features from the
post-calm and post-stress segments are concatenated into a fixed-length embedding (32-dimensional).

The semantic guidance is derived from autobiographical memory recall. Participants describe recent positive
and negative experiences, which are transcribed and encoded using a pretrained language model into high-
dimensional embeddings. The final representation is formed by concatenating the two narratives, yielding a fixed
subject-level embedding (3072-dimensional).
Details on how these two guidance representations are extracted are provided in Appendix D.

6.6 Craving Prediction
The final representation z is passed to a prediction head to estimate the probability of craving: 𝑦 = ℎcraving (z).

The model is trained using the binary craving labels derived from self-reported ratings. At inference time,
RETRACE requires only the physiological window x and a one-time collected subject-level resilience embedding
e. Thus, it supports subject-aware craving inference without requiring craving labels from the target user or
user-specific model retraining.

6.7 Training Objective
RETRACE is trained to predict craving using empirical risk minimization with additional regularization terms:

L = Lcraving + 𝜆sparse∥g∥1 + 𝜆orth∥z⊤stresszcond∥2 + 𝜆stress CE
(
ℎstress (zcond), 𝑦stress

)
.

The primary term, Lcraving, is the binary classification loss for predicting self-reported craving labels. The
remaining terms serve as regularization to stabilize representation learning and support the proposed architecture.
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The sparsity term ∥g∥1 encourages the feature-level conditioning gate to emphasize only a subset of phys-
iological features for each subject, rather than assigning high weights to all input dimensions. This supports
selective, subject-aware feature use.

The orthogonality term ∥z⊤stresszcond∥2 encourages the stress-pretrained and conditioned craving representations
to capture complementary information. This reduces redundancy between the two encoders and helps separate
general autonomic structure from adaptive craving-related variation.
Finally, the auxiliary stress loss applies a lightweight stress prediction head ℎstress (·) to the conditioned

representation zcond. This term encourages the conditioned encoder to remain grounded in physiologically
meaningful signals while learning craving-related patterns, reducing the risk of relying on spurious features.

The weights 𝜆sparse, 𝜆orth, and 𝜆stress control the strength of each regularization term. All auxiliary components
are used only during training; at inference time, RETRACE requires only the physiological window x and the
subject-level resilience embedding e for craving prediction.
Full architectural specifications for all components, layer configurations, and training hyperparameters for

RETRACE are provided in Appendix A.

7 Evaluation
We evaluate the proposed RETRACE model on opioid craving detection, comparing against classical machine
learning approaches, domain generalization (DG) and multimodal learning approaches as discussed in Section 2.
We further conduct ablation and interpretability analyses to examine the role of subject-level conditioning.

7.1 Evaluation Protocol and Metrics
Evaluation Cohort. The OUD dataset contains 24 participants (28 sessions). We exclude participants with no

within-subject craving variability and those with repeated sessions from evaluation, while retaining them for
training. From the remaining eligible participants, 10 OUD subjects are randomly selected as the evaluation
cohort.

Protocol and Data Statistics. We adopt a leave-one-subject-out (LOSO) protocol with 10 folds [24]. In each fold,
one subject is held out for testing and the rest are used for training. For stress encoder pretraining, the stress
encoder is trained separately within each fold using all control participants and the OUD training subjects in
that fold, excluding the held-out test subject. For craving detection, only OUD participants are used. Across all
OUD sessions used for craving modeling, the dataset contains 1,421 windows (785 non-craving and 636 craving).
Under the LOSO protocol, the test folds collectively contain 494 windows (258 non-craving and 236 craving).

Metrics. We report micro-aggregated accuracy (Acc) and Macro-F1, computed on pooled predictions across test
subjects, along with subject-wise mean ± standard deviation. Statistical significance is assessed using paired tests
across subjects on accuracy (Acc), with 𝑝-values and confidence intervals (CI) reported relative to the proposed
model with HR dynamics guidance.

7.2 Comparison with Baselines
We evaluate RETRACE with both resilience-related guidance representations introduced earlier: a physiology-
grounded HR-AUC/HR-dynamics proxy from post-stress recovery and a semantic proxy from autobiographical
memory recall. This comparison tests whether RETRACE’s subject-level conditioning remains effective across
both physiological and autobiographical forms of resilience-related guidance. Table 4 summarizes results across
representative baselines for physiological sensing, as outlined in Section 2. These include classical machine
learning models (MLP, SVM, XGBoost)[16, 17], domain generalization methods (IRM[10], GroupDRO[99], V-REx
[70]), and multimodal conditioning architectures (FiLM [90], Cross-Attention[125], MoE[108]).
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Model Guidance Acc Macro-F1 Mean ± Std 𝚫Acc p-value CI

MLP – 0.581 0.578 0.579 ± 0.107 0.139 0.010 [0.063, 0.215]
RBF-SVM – 0.630 0.624 0.623 ± 0.205 0.094 0.105 [0.009, 0.195]
XGBoost – 0.638 0.632 0.629 ± 0.152 0.088 0.160 [0.003, 0.174]
IRM – 0.619 0.616 0.619 ± 0.096 0.099 0.051 [0.015, 0.188]
GroupDRO – 0.609 0.607 0.636 ± 0.114 0.108 0.050 [-0.0226, 0.1903]
V-REx – 0.623 0.622 0.609 ± 0.115 0.094 0.066 [0.015, 0.173]
Cross-Attn HR dynamics 0.650 0.647 0.646 ± 0.188 0.071 0.193 [-0.038, 0.189]
Cross-Attn Semantic 0.607 0.607 0.610 ± 0.180 0.108 0.084 [0.006, 0.238]
MoE HR dynamics 0.626 0.624 0.626 ± 0.095 0.092 0.037 [0.014, 0.167]
MoE Semantic 0.621 0.613 0.621 ± 0.094 0.096 0.037 [0.024, 0.163]
FiLM HR dynamics 0.630 0.625 0.631 ± 0.127 0.086 0.155 [-0.001, 0.181]
FiLM Semantic 0.640 0.636 0.641 ± 0.157 0.077 0.375 [-0.033, 0.192]
RETRACE HR dynamics 0.721 0.720 0.718 ± 0.112 – – –
RETRACE Semantic 0.704 0.694 0.699 ± 0.238 – – –

Table 4. Baseline comparison on craving detection. Metrics are computed on pooled predictions across subjects. Mean ± std
is computed across subject-wise folds. 𝚫Acc denotes the accuracy improvement relative to the proposed model with HR
dynamics guidance (RETRACE − Baseline). Confidence intervals (CI) are reported for accuracy.

Overall performance. RETRACE achieves the best performance across all metrics. In particular, the HR dynamics
variant reaches an accuracy of 0.721 and Macro-F1 of 0.720, outperforming the strongest baseline (Cross-Attn
with HR dynamics, 0.650 accuracy) by over 7%. The semantic variant also consistently exceeds all baselines (0.704
accuracy), demonstrating robustness across different forms of subject-level guidance. Notably, these improvements
are achieved under a strictly subject-disjoint (LOSO) setting, highlighting the model’s ability to generalize to
unseen individuals.

Comparison with classical and domain generalization methods. Compared to classical models and domain
generalization (DG) approaches, the proposed method consistently achieves higher performance. The best
classical baseline (XGBoost) reaches 0.638 accuracy, while DG methods such as IRM and V-REx achieve 0.619 and
0.623, respectively, all substantially below our model (0.721). These methods rely on learning a shared mapping
from physiological signals to labels across subjects, which breaks down under inter-subject heterogeneity. In
contrast, our model explicitly conditions the interpretation of physiological signals on subject-level information,
resulting in improved generalization.

Comparison with multimodal conditioning approaches. We further compare against multimodal baselines,
including FiLM, Cross-Attention, and Mixture-of-Experts (MoE). While these methods incorporate subject-level
information, their improvements remain limited (e.g., Cross-Attn with HR dynamics achieves 0.650 accuracy
and FiLM reaches 0.640), still significantly below our model (0.721). This indicates that incorporating subject-
level information alone is insufficient; how such information modulates physiological interpretation is critical.
Our structured conditioning approach, combining feature-level gating and representation-level fusion, leads to
consistent performance gains over these architectures.

Impact of guidance representation. The choice of subject-level guidance consistently affects performance across
models. HR dynamics guidance outperforms semantic embeddings not only in the proposed model (0.721 vs.
0.704), but also across multimodal baselines (e.g., Cross-Attn: 0.650 vs. 0.607; MoE: 0.626 vs. 0.621). This suggests
that representations aligned with physiological response patterns provide more effective conditioning signals. At
the same time, the proposed model maintains strong performance under both guidance types, indicating that
improvements are not solely driven by embedding choice, but by the conditioning mechanism itself.
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Variant HR dynamics Guidance Semantic Guidance

Acc F1 Acc Mean ± Std Acc F1 Acc Mean ± Std

(1) Component Ablations
Remove fusion gate 0.619 0.617 0.616 ± 0.129 0.636 0.630 0.636 ± 0.157
Remove input gate 0.658 0.658 0.652 ± 0.147 0.654 0.649 0.648 ± 0.273
Remove frozen stress encoder 0.660 0.656 0.659 ± 0.170 0.623 0.620 0.628 ± 0.141
Remove learnable encoder 0.674 0.663 0.670 ± 0.217 0.654 0.645 0.663 ± 0.211

(2) Loss Ablations
Remove sparsity loss 0.664 0.663 0.662 ± 0.108 0.666 0.667 0.676 ± 0.165
Remove orthogonality loss 0.658 0.657 0.657 ± 0.155 0.654 0.624 0.654 ± 0.179
Remove stress loss 0.650 0.647 0.642 ± 0.185 0.666 0.660 0.666 ± 0.131
Remove stress loss and orthogonality loss 0.692 0.691 0.686 ± 0.149 0.696 0.696 0.692 ± 0.152

(3) Embedding Variants
Only post stress / bad memory recall 0.702 0.702 0.699 ± 0.140 0.646 0.646 0.648 ± 0.133
Only post calm / good memory recall 0.658 0.657 0.651 ± 0.150 0.674 0.660 0.675 ± 0.146
RETRACE: HR-dynamics / semantic 0.721 0.720 0.718 ± 0.112 0.704 0.694 0.699 ± 0.238

Table 5. Ablation study results under HR dynamics and semantic guidance.

Statistical significance. The proposed model consistently outperforms all baselines in terms of point estimates
(ΔAcc > 0). While only a subset of comparisons reach statistical significance at the 0.05 level (e.g., MLP: 𝑝 = 0.010),
many baselines show marginal significance (e.g., IRM: 𝑝 = 0.051, V-REx: 𝑝 = 0.066), indicating a consistent
performance trend across subjects despite variability.

7.3 Ablation study
We conduct ablation experiments to analyze the contributions of architectural components, auxiliary losses, and
guidance representations. Table 5 summarizes results under both HR dynamics and semantic guidance.

Component Ablations. Removing individual components leads to consistent performance degradation, with
the largest drop observed when the adaptive fusion gate is removed (e.g., from 0.721 to 0.619 under HR dynamics),
indicating that it serves as the primary driver of performance. Other components, such as the input gate and
encoders, also contribute (e.g., removing the input gate reduces accuracy from 0.721 to 0.658), but their impact is
comparatively smaller. Overall, these results suggest that while architectural components are important, their
effectiveness depends on the presence of meaningful guidance.

Loss Ablations.We further examine the effect of auxiliary losses. Removing the auxiliary stress loss decreases
performance from 0.721 to 0.650, while removing the orthogonality loss leads to a drop to 0.658, indicating that
both contribute to stable learning. Interestingly, removing both losses yields better performance than retaining
only one (0.692), suggesting that these objectives interact and must be jointly optimized to effectively regularize
the representation. Overall, the full model achieves the best performance, indicating that the combination of
these losses improves representation quality and stability.
Embedding Variants.We analyze how different forms of resilience representation discussed in Section 6.5

contribute to performance. Under semantic guidance, using only one autobiographical recall component—positive
or negative memory recall—consistently reduces performance. This suggests that the semantic guidance benefits
from information distributed across both types of autobiographical narratives.
HR-dynamics guidance shows a different pattern. Using only the post-stress embedding results in a smaller

drop in accuracy, from 0.721 to 0.702, whereas using only the calm-related embedding leads to a larger decrease,
from 0.721 to 0.658. This is expected because the HR-dynamics proxy is intended to capture post-stress recovery,



20 • Yi Xiao, Harshit Sharma, Dessa Bergen-Cico, and Asif Salekin

Model Neutral Video Arithmetic QA Baseline Counting Calm Song Preparation Stroop

HR dynamics Acc 0.707 0.714 0.923 0.714 0.768 0.600 0.658
Semantic Acc 0.724 0.684 1.000 0.633 0.659 0.800 0.763

Table 6. Task-level craving detection accuracy across models.
while the calm segment mainly provides a baseline reference for interpreting recovery. Together, these results
suggest that HR-dynamics guidance is primarily driven by post-stress recovery dynamics, whereas semantic
guidance captures a more distributed representation of subject-level context.

Summary. Overall, these results highlight that guidance is the primary factor driving performance improve-
ments, while architectural components and auxiliary losses play supporting roles in stabilizing and refining
representation learning. The full model achieves the best performance by combining subject-level guidance with
structured conditioning and complementary regularization.

7.4 Model Behavior Across Task Conditions
The goal of this analysis is to examine whether RETRACE detects subjective craving rather than simply using
task-induced stress as a shortcut. Because stress-inducing tasks are associated with higher craving prevalence, a
model could appear effective by primarily detecting stress. We therefore evaluate performance separately across
task conditions and compare aggregate performance between stress and non-stress segments.
As shown in Table 6, performance remains relatively consistent across tasks and does not systematically

favor stress-inducing conditions. Aggregated results also show comparable accuracy across stress and non-stress
segments: 0.678 vs. 0.743 under HR-dynamics guidance, and 0.725 vs. 0.693 under semantic guidance. If the model
relied mainly on task-induced stress, we would expect substantially higher accuracy during stress tasks and
degraded performance during non-stress tasks. This pattern is not observed, suggesting that the model does not
simply exploit task or stress-related cues.

This result is consistent with the dataset characteristics in Section 4.2, where craving does not deterministically
follow task structure. Although stress-inducing tasks show higher craving prevalence, craving also occurs
during non-stress conditions and varies substantially across individuals. Together, these findings support the
interpretation that RETRACE captures physiological patterns associated with participant-reported craving rather
than merely detecting task-induced stress.

7.5 Effect of GuidanceQuality and Specificity
The goal of this analysis is to test whether RETRACE benefits from resilience guidance because it provides
meaningful subject-level context, rather than simply because it adds extra inputs or model parameters. To
do so, we evaluate variants that systematically remove, weaken, or misalign the guidance signal: (1) all-zero
guidance, which removes resilience-related information entirely; (2) shared learnable guidance, where a single
global embedding is learned and shared across all samples to control for added parameterization; and (3) shuffled
guidance, where resilience embeddings are randomly reassigned at test time to break the correspondence between
each physiological signal and its true subject-level context.
Results in Table 7 reveal a consistent pattern. Removing guidance leads to a substantial drop in performance

(Acc: 0.607), indicating that physiological signals alone are insufficient under subject-independent evaluation.
Introducing a shared learnable embedding provides only marginal improvement (Acc: 0.621), suggesting that gains
are not driven by additional parameters or global conditioning. In contrast, shuffled guidance yields intermediate
performance (HR: 0.662, Semantic: 0.668), performing better than no guidance but worse than correctly aligned
guidance. This indicates that the model benefits most when resilience guidance is correctly matched to the subject.
Overall, these results support the role of resilience guidance as a meaningful subject-level conditioning signal.
Correctly aligned resilience information helps RETRACE interpret physiological patterns in a subject-dependent
way, rather than acting as a generic auxiliary input.
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Variant Acc F1 Acc Mean ± Std

All zeros guidance 0.607 0.605 0.604 ± 0.123
Shared learnable embedding 0.621 0.620 0.616 ± 0.146
Shuffle (HR dyn.) 0.662 0.659 0.662 ± 0.128
Shuffle (Semantic) 0.668 0.668 0.672 ± 0.168

Table 7. Effect of different guidance strategies.

Setting HR Semantic

Acc F1 Acc F1

Cross visit
Visit1 / Same-visit embedding 0.700 0.635 0.660 0.656
Visit1 / cross-visit embedding 0.700 0.670 0.681 0.679
Visit2 / Same-visit embedding 0.789 0.787 0.771 0.761
Visit2 / cross-visit embedding 0.771 0.764 0.789 0.769

Cross wrist
Left (train & test) 0.721 0.720 0.704 0.694
Left→ Right 0.679 0.679 0.714 0.711

Table 8. Cross-condition generalization under HR and se-
mantic guidance.

7.6 Sensitivity Evaluation
We evaluate the robustness of the proposed framework under sensor and temporal distribution shifts, focusing
on whether subject-level guidance can generalize across deployment conditions. Table 8 summarizes the results.
Cross-wrist Generalization. We examine robustness to sensor placement by training on left-wrist data

and evaluating on right-wrist signals. Performance decreases under HR dynamics guidance (0.721 → 0.679),
while semantic guidance remains stable (0.704→ 0.714). This suggests that semantic guidance provides a more
invariant participant-level signal that is less sensitive to sensor-specific variations, whereas HR-based features
depend more on consistent measurement conditions.
Cross-visit Generalization. We evaluate whether resilience representations collected at one-time can be

reused across sessions by comparing same-visit and cross-visit embeddings. Performance remains stable across
visits (e.g., 0.700 → 0.700 and 0.789 → 0.771), with no consistent degradation. This indicates that resilience
embeddings capture subject-level characteristics that generalize over time, supporting their use as reusable
conditioning signals.
Summary. Overall, the proposed framework demonstrates robustness to both sensor and temporal shifts.

Semantic guidance shows stronger invariance to deployment-related changes, while HR dynamics guidance
achieves slightly higher peak performance. Together, these results suggest that resilience-based conditioning
provides a stable and reusable signal for real-world craving inference.

7.7 Empirical Justification of RETRACE: Model Interpretation and Feature Attribution
To better understand how resilience-guided conditioning shapes physiological inference, we analyze feature
attribution and representation weighting during inference. These analyses aim to verify whether the model
adapts its interpretation of physiological signals in a subject-specific manner, as intended by the proposed design.
Specifically, we use Integrated Gradients to estimate feature-level attribution and directly extract fusion gate
weights from the forward pass to analyze how different representations are weighted during inference. To
examine how this modulation varies across individuals, we aggregate attribution scores and gate weights at the
subject level and group participants into high- and low-resilience based on their post-stress HR-AUC recovery, as
defined in Appendix H. This grouping allows us to compare how the model behaves under different levels of
resilience and to assess whether resilience systematically influences the interpretation of physiological signals.

Feature Attribution under HR dynamics Guidance. Figure 8 presents feature attribution results under HR
dynamics guidance, comparing high- and low-resilience groups. Notably, only a small subset of features exhibits
consistently high importance, primarily corresponding to AUC statistics of heart rate changes, including signed
AUC, absolute AUC, and their positive and negative components. Furthermore, AUC features derived from
post-stress segments generally show higher importance than those derived from post-calm segments. This pattern
suggests that recovery dynamics following stress play a more prominent role in the model’s inference process. In
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Fig. 8. Feature attribution under HR dynamics guidance for high- and low-resilience groups. AUC-based features (signed,
absolute, positive, and negative) dominate attribution, while other temporal features show low importance.

particular, HR-based AUC features of post-stress recovery emerge as the most influential features, indicating
that they capture key aspects of resilience-related variation in physiological responses. This interpretation is
consistent with prior work that conceptualizes resilience as a recovery process and operationalizes it using
AUC-based measures [32].

Fusion Gate Behavior. Figure 9 shows the fusion gate weights assigned to the learnable physiological encoder and
the frozen stress encoder under both HR dynamics and semantic guidance. We observe a consistent pattern across
guidance types: low-resilience individuals receive higher weights on the learnable encoder and lower weights on
the frozen stress encoder. This behavior provides direct evidence that the model adapts its representation based
on subject-level resilience, as intended by the conditioning mechanism. The frozen encoder captures shared
stress-related structure, while the learnable encoder captures craving-specific deviations. For low-resilience
individuals, the model relies more heavily on the learnable encoder, indicating greater sensitivity to craving-
related physiological patterns. In contrast, for high-resilience individuals, physiological responses are more likely
to reflect stress without escalating into craving, resulting in relatively greater reliance on the stress encoder.
Importantly, the similarity of this pattern across both HR dynamics and semantic guidance suggests that different
forms of participant-level guidance lead to consistent modulation of physiological interpretation. This indicates
that both guidance mechanisms capture aligned representations of subject-specific resilience, despite being
derived from distinct sources.

Fig. 9. Fusion gate weights under different guidance
types. Blue denotes the frozen stress encoder, and orange
denotes the learnable encoder.

Fig. 10. Modality-level attribution under different guid-
ance types.

Modality-Level Attribution. Figures 10 show modality-level attribution under HR dynamics and semantic
guidance, respectively. Across both guidance types, the model assigns higher importance to thermoregulation
and movement signals, while electrodermal and cardiovascular features receive comparatively lower weights.
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This pattern is consistent with our statistical analysis in Section 5.1, which shows that thermoregulation features
exhibit significant differentiation with respect to craving.

This finding is notable because electrodermal and cardiovascular signals are traditionally associated with stress
detection, with electrodermal activity (EDA) widely regarded as a gold-standard biomarker for stress [136]. The
reduced attribution of these canonical stress-related modalities suggests that the model is not simply relying
on stress-related biomarkers, but instead learns from alternative physiological channels that better capture
craving-related dynamics.

Summary. Overall, these analyses provide evidence that the model operates in a resilience-conditioned manner.
Feature attribution shows that inference is driven by recovery-related dynamics rather than dominant stress
responses. Fusion gate behavior demonstrates that subject-level guidance modulates the balance between shared
and adaptive representations. Finally, the consistency between HR dynamics and semantic guidance indicates
that both representations capture aligned notions of resilience.
Together, these findings support the central hypothesis that craving detection requires subject-specific inter-

pretation of physiological signals, rather than a fixed mapping across individuals.

8 In-the-Wild Feasibility Study
To examine whether RETRACE can transfer beyond the controlled laboratory setting, we conducted a small in-
the-wild feasibility study using real-world craving reports. This analysis is not intended as a definitive validation of
real-world performance. Rather, it tests whether a model trained only on laboratory data can produce meaningful
craving predictions when applied to naturally occurring daily-living wearable data from a held-out participant.

Data Collection. We collected in-the-wild data from one participant who also completed the laboratory study.
Over a 14-day period, the participant completed ecological momentary assessments (EMA) three times per day,
reporting craving levels over the preceding two-hour interval. This resulted in 32 EMA instances (26 non-craving,
6 craving) and 15,148 physiological windows. To ensure strict separation between training and evaluation,
the model was trained on the Lab dataset, excluding this participant, and evaluated only on this participant’s
in-the-wild data.

Evaluation Protocol. RETRACE produces predictions at the physiological-window level. To align these predic-
tions with EMA annotations, we aggregated all window-level predictions within the two-hour interval preceding
each EMA report. Binary EMA-level predictions were obtained using majority voting across the correspond-
ing physiological windows. This protocol preserves window-level inference while enabling evaluation against
participant-reported craving over the EMA recall interval.

Results. Because the in-the-wild labels are highly imbalanced, with 26 non-craving and 6 craving instances, we
report balanced accuracy (BAcc) and AUC rather than standard accuracy alone. As shown in Table 9, RETRACE
achieves above-chance performance under both guidance types. Semantic guidance obtains the highest balanced
accuracy (0.686), suggesting stronger binary classification performance, while HR-dynamics guidance obtains the
highest AUC (0.679), suggesting a more stable ranking of craving likelihood across EMA instances.
Overall, this feasibility study provides initial evidence that resilience-guided craving inference can transfer

from laboratory training to naturalistic wearable sensing. Because it includes only one participant and a few
craving EMA reports, the findings are preliminary and require validation through larger longitudinal studies
across participants, contexts, adherence patterns, and naturally occurring craving episodes.
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Model HR dynamics Guidance Semantic Guidance

BAcc AUC BAcc AUC

Cross-Attn 0.635 0.635 0.500 0.599
MoE 0.635 0.635 0.583 0.583
FiLM 0.625 0.448 0.562 0.410
RETRACE 0.660 0.679 0.686 0.564

Table 9. In-the-wild evaluation results under different guidance types. Balanced accuracy (BAcc) is reported as the primary
metric due to class imbalance, with AUC provided for reference.
9 RETRACE’s Deployment Considerations for Practical Use
RETRACE is designed for low-burden wearable craving sensing. At inference time, it requires only a short physi-
ological window from a wearable device and a one-time collected subject-level resilience guidance representation.
It does not require craving labels from the target user or user-specific model retraining, making it suitable for
practical settings where continuous physiology can be collected passively and subject-level guidance can be
obtained during onboarding.

Two deployment pathways. The two guidance variants offer different trade-offs between efficacy, usability, and
deployment burden. The HR-dynamics variant uses post-stress heart-rate recovery as a physiology-grounded
resilience proxy [32]. It may be most appropriate in supervised settings, such as clinical intake, rehabilitation
programs, or structured onboarding, where a brief calm baseline and stress/recovery protocol can be administered.
This guidance is closely tied to physiological recovery and may support stable probabilistic ranking of craving
likelihood over time, but it requires controlled measurement conditions.
The semantic variant uses autobiographical memory recall as a lower-burden source of subject-level context.

A user provides short descriptions of recent positive and negative personal experiences, which are transcribed
and converted into a compact embedding for later inference. This approach does not require stress induction or
physiological recovery measurement, making it easier to deploy remotely or in unsupervised settings. However,
autobiographical narratives are privacy-sensitive [57]. In practical deployment, raw narratives should not be stored
or reused after embedding generation; instead, only compact embeddings should be retained with appropriate
encryption, access control, and deletion options. This reduces, but does not fully eliminate, privacy risks because
embeddings may still encode sensitive information [114]. Thus, HR-dynamics guidance favors physiological
specificity, while semantic guidance favors usability and scalability.

Use in wearable recovery support systems. In both deployment paths, RETRACE can operate on continuous
wearable sensor streams and estimate craving risk without repeatedly prompting users for self-reports. This
is important because mHealth systems that rely on sparse ecological momentary assessments may miss brief
or acute periods of vulnerability [62]. By enabling continuous, passive, and subject-aware craving inference
from wearable physiology, RETRACE could support timely and personalized digital support when physiological
patterns indicate elevated craving risk [45, 52, 92].

10 Inference-time Efficiency and Runtime Analysis
To assess whether RETRACE can support real-time wearable and mobile health deployment, we benchmarked
inference latency across ten heterogeneous computing platforms. Local inference is important for practical
mHealth systems because it can reduce dependence on cloud computation, improve availability in low-connectivity
settings, and better protect user privacy [71, 86, 139].

We evaluated both guidance variants: HR dynamics and semantic guidance. For the semantic variant, language
representations are pre-computed during onboarding and frozen before deployment. Therefore, inference does
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not require running a large language model or text encoder on-device. For both variants, runtime computation
consists only of processing the physiological feature window, combining it with the static subject-level guidance
representation, and producing the craving prediction.
Because wearable sensing operates on incoming windows sequentially, we measured forward-pass latency

with batch size 𝐵 = 1, reflecting real-time processing of a single physiological window [21, 54, 106]. Table 10
reports three deployment-relevant metrics: mean latency, 99th percentile (P99) latency to capture worst-case
runtime variation, and Resident Set Size (RSS) to measure peak memory footprint. Despite the HR dynamics
guidance model containing more parameters (899,828) than the semantic-guidance model (469,236), both remain
exceptionally lightweight. On the Apple M4 CPU, forward inference completes in 0.132 ms for semantic guidance
and 0.154 ms for HR dynamics guidance. While the Apple MPS backend is slower at 𝐵 = 1—an expected outcome
for small, unbatched models where kernel launch and device transfer overheads dominate—larger CUDA devices
like the RTX 4090 and NVIDIA GB10 maintain highly stable, sub-millisecond forward latency.
Crucially, results on consumer and edge devices further support practical deployment. On a Google Pixel 6,

inference completes in 14.730 ms for semantic guidance and 16.708 ms for HR dynamics guidance, with RSS
below 250 MB for both variants. On a Raspberry Pi, inference takes 1.616 ms and 2.654 ms for semantic and HR
dynamics guidance, respectively. Even on the slower Jetson Nano, the model remains responsive, with mean
latency of 14.531 ms for the HR dynamics branch. These results indicate that RETRACE can run locally on
common mobile and edge devices within the timing constraints of wearable sensing pipelines [22, 42, 72].

(a) Semantic guidance branch
Device Class Hardware Specification Inference

Mean P99 RSS
(ms) (ms) (MB)

Server/Workstation AMD Ryzen 9 7950X (CPU) 0.294 0.369 405.7
NVIDIA RTX 4090 (GPU) 0.315 0.330 787.4
Intel CPU (20 logical cores) 1.721 2.356 436.9

Mobile/Consumer Apple M4 (CPU) 0.132 0.204 206.7
Apple Silicon (MPS) 1.226 1.456 365.6
Google Pixel 6 14.730 21.588 191.5

Edge/IoT NVIDIA GB10 platform (CPU) 5.741 18.901 507.3
NVIDIA GB10 (CUDA) 0.329 0.342 987.4
Raspberry Pi (aarch64 CPU) 1.616 5.648 209.8
NVIDIA Jetson Nano (CPU) 9.618 16.254 268.9

(b) HR dynamics guidance branch
Device Class Hardware Specification Inference

Mean P99 RSS
(ms) (ms) (MB)

Server/Workstation AMD Ryzen 9 7950X (CPU) 0.339 0.345 533.1
NVIDIA RTX 4090 (GPU) 0.337 0.352 971.7
Intel CPU (20 logical cores) 2.181 2.752 499.3

Mobile/Consumer Apple M4 (CPU) 0.154 0.203 307.1
Apple Silicon (MPS) 1.378 1.604 468.1
Google Pixel 6 16.708 27.515 241.5

Edge/IoT NVIDIA GB10 platform (CPU) 0.981 1.440 628.7
NVIDIA GB10 (CUDA) 0.376 0.386 1241.9
Raspberry Pi (aarch64 CPU) 2.654 2.964 272.8
NVIDIA Jetson Nano (CPU) 14.531 31.019 277.9

Table 10. Training and forward-pass runtime across hardware platforms for batch size 𝐵 = 1. Mean and P99 latency are
reported in milliseconds. RSS memory denotes resident set size during execution. The Google Pixel 6 row is left blank because
evaluation is ongoing.

11 Discussion and limitation
This section discusses the main implications of RETRACE for wearable craving sensing and outlines the
limitations that define the scope of the current study.

11.1 Key Implications
• Trait-conditioned interpretation without per-user training. RETRACE enables passive personaliza-
tion by using resilience-related context to guide physiological inference, without per-user retraining or
labeled craving data. This supports practical wearable deployment where user-specific craving labels are
difficult to collect.

• Stress as a physiological reference for craving. Stress and craving share overlapping physiological
responses, but stress signals are stronger and more consistent, whereas craving signals are weaker and
more heterogeneous. RETRACE uses a frozen stress-pretrained encoder as a physiological reference,
while learning craving as a separate resilience-conditioned task. This allows the model to interpret craving-
related deviations within broader stress-related physiology without treating stress itself as craving.
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• Trade-offs between physiological and semantic guidance. The two guidance options offer different
deployment advantages. HR-dynamics guidance is closely tied to post-stress autonomic recovery and may
be preferable in clinical or supervised settings where standardized stress recovery protocols are feasible.
Semantic guidance from autobiographical recall is easier to collect, can be reused over time, and may be
more suitable for remote or in-the-wild deployment. The strong performance of both variants suggests
that the benefit comes from trait-conditioned interpretation rather than from a single guidance modality.

• Ethical and privacy considerations. Autobiographical narratives may contain sensitive personal
information, so deployment requires careful privacy protection and user control. In RETRACE, raw
narratives are not needed at inference time; only compact subject-level embeddings are used. This can
reduce exposure of sensitive information, especially if embeddings are computed locally, stored securely,
and made deletable by the user. However, embeddings may still encode private information, so misuse,
stigmatization, and loss of user agency remain important concerns.

This study also has important limitations:
• Dataset and generalization. Our evaluation uses one controlled laboratory dataset and a 14-day in-the-
wild feasibility study with one participant. While collecting reliable craving annotations from clinical
populations is challenging and comparable sample sizes are common in controlled IMWUT/CHI physiolog-
ical studies [16, 37, 50, 51, 141], broader validation is needed to establish clinical deployability. Future work
should evaluate RETRACE on larger, more diverse, longitudinal real-world datasets to test generalization
across populations, environments, and daily-life craving patterns.

• Proxy-based representation of resilience. Both HR dynamics and autobiographical language are
proxies for resilience-related individual differences, not direct measures of psychological resilience. HR
dynamics depends on structured stress recovery measurement, while autobiographical recall may not
fully capture the complexity of resilience-related traits. Future work should compare these proxies with
validated resilience scales, clinical outcomes, and more structured elicitation methods, such as prompt-
guided narratives or multimodal assessments.

12 Conclusion
This work establishes wearable craving detection in OUD as a problem of subject-aware physiological inter-
pretation, rather than only short-window state classification. Our findings show that craving is physiologically
measurable but difficult to isolate because it is weak, heterogeneous, and intertwined with stress-related auto-
nomic activity. They also show that resilience is not a momentary wearable signal, but a subject-level factor
that helps explain why similar physiological patterns may carry different meanings across individuals. By using
resilience-related guidance to condition physiological interpretation, RETRACE enables subject-aware craving
estimation without requiring per-user craving labels or retraining. More broadly, this work shows that wearable
health systems for heterogeneous and clinically sensitive populations can benefit from treating personal context
not only as additional input, but as a mechanism for interpreting ambiguous physiological evidence. While further
validation in larger, more diverse, and longer-term real-world OUD cohorts is needed, RETRACE provides a
practical step toward scalable, subject-aware wearable sensing to support OUD recovery.
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Table 11. Architecture details of the best HR-AUC main model.

Component Layers Input→ Output Notes

Stress Encoder 4 303→ 384 Frozen, dropout = 0.2
Physiology Branch 2 303→ 384 Dropout = 0.193
Gate Projection 2 32→ 303 Sigmoid output (feature gating)
Fusion Projection 1 32→ 384 Subject-conditioned
Fusion Gate 2 3*384→ 1 Sample-wise scalar weight
Classifier 3 384→ 2 Binary logits
Aux Stress Head 1 384→ 2 Training only

A Methodological Transparency and Reproducibility Appendix
This appendix documents implementation details, data usage, and evaluation procedures for the current version
of the proposed framework. Due to IRB restrictions involving a vulnerable population with opioid use disorder
(OUD), raw physiological recordings and autobiographical narratives cannot be publicly released. To support
methodological transparency, we release the full analysis and modeling code used for statistical analysis, model
training, and evaluation in an anonymized repository. Anonymized GitHub link.

A.1 Current Main Model Implementation
Overview. The main model operates on a 303-dimensional physiological feature vector together with a subject-

level guidance representation. The guidance input can take two forms: (i) HR-dynamics-based embeddings
derived from post-task heart-rate dynamics, or (ii) semantic embeddings derived from autobiographical memory
narratives.Details on how these two guidance representations are extracted are provided in Appendix D.
In the HR-dynamics configuration, the subject representation is formed by concatenating a 16-dimensional

post calm task embedding and a 16-dimensional post stress task embedding into a 32-dimensional vector. In
the semantic configuration, the representation is formed by concatenating 1536-dimensional good-memory and
bad-memory embeddings into a 3072-dimensional vector.
The model follows a dual-path architecture consisting of a frozen stress branch and a trainable physiology

branch. Subject-level guidance is applied through feature-level input gating and representation-level fusion.
Table 11 summarizes the architecture of the HR-dynamics configuration.

Architecture Details. Each trainable module is implemented using standard feedforward blocks consisting of
a linear transformation followed by GELU activation, layer normalization, and dropout where applicable. The
frozen stress encoder shares the same MLP structure but is pretrained separately and remains fixed during craving
training.

Subject-Guided Conditioning. The 64-dimensional HR-AUC embedding is first processed through a shared
projection block. From this representation, two pathways are derived. The gate pathway produces feature-wise
multiplicative gates that are applied element-wise to the 303-dimensional physiological input before it is passed
to the trainable physiology branch. The fusion pathway produces a subject-conditioned representation used
during branch fusion.

Fusion Mechanism. Fusion is implemented using a sample-dependent gating mechanism. The projected stress
representation, the trainable physiology representation, and the subject-conditioned fusion representation are
concatenated into a 1152-dimensional vector. This vector is processed by a two-layer gating network to produce

https://anonymous.4open.science/r/Craving_model-16DC/README.md
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a scalar fusion weight, which is used to interpolate between the frozen stress branch and the trainable physiology
branch.

Classifier Head. The fused representation is passed through a three-layer MLP classifier, consisting of two
hidden layers followed by a final linear layer that outputs logits for binary craving classification.

Training Configuration. The model is trained for 24 epochs with batch size 30 using AdamW. The selected
hyperparameters are:

• Learning rate: 0.00131
• Weight decay: 1.12 × 10−6
• Gradient clipping: 0.424
• Dropout (trainable branch): 0.193

No learning-rate scheduler is used.

Normalization and Loss. Subject-wise z-score normalization is applied to all physiological features. The model
is trained with cross-entropy loss using label smoothing of 0.0175.

Regularization. The following regularization terms are applied during training:
• Input-gate sparsity weight: 0.00102
• Auxiliary stress loss weight: 0.000596
• Orthogonality regularization weight: 0.000541

B Physiological Feature Dimensionality andQuality Control
Feature Extraction. For each 30-second physiological window, we extracted a common multimodal feature space

from acceleration (ACC), blood volume pulse (BVP), electrodermal activity (EDA), heart rate (HR), heart-rate
variability (HRV), and skin temperature (TEMP). The initial shared feature space contained 334 dimensions.

The modality-wise feature dimensionalities were as follows: 99 ACC features, 34 BVP-derived features, 105
EDA features, 31 HR features, 35 HRV features, and 30 TEMP features.
Across modalities, the feature set included three broad families of descriptors:

• Summary statistics: mean, median, standard deviation, variance, interquartile range, minimum, maxi-
mum, percentile summaries, skewness, and kurtosis,

• Shape descriptors: root mean square (RMS), mean absolute value, median absolute deviation, peak
amplitude, crest factor, impulse factor, waveform length, and zero-crossing counts,

• Spectral descriptors: total spectral power, spectral centroid, peak frequency, bandwidth, spectral entropy,
and band-limited power features.

In addition to these shared descriptors, modality-specific features were included. ACC features captured per-
axis statistics (x/y/z), magnitude-based features, inter-axis correlations, signal energy, mean absolute temporal
differences, and signal magnitude area. BVP features included waveform statistics, peak-based descriptors, and
signal-quality indicators derived from PPG signals, from which HR and HRV features were computed. EDA
features included tonic and phasic decomposition outputs and skin conductance response (SCR) event descriptors
such as onset counts, peak counts, amplitudes, rise times, and recovery times. HR features included temporal
difference measures, and TEMP features primarily consisted of statistical, shape, and spectral summaries.

Quality Control Procedure. A global quality-control procedure was applied uniformly across all participants
and conditions prior to model training. Features were excluded based on two criteria:

• Missingness: features with a missing-value rate greater than 20% across windows,
• Low variation: features with fewer than two unique non-null values,
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Feature filteringwas performedwithout reference to stress labels, craving labels, subject identity, or downstream
model outcomes.

The removed features were concentrated in measurements known to be unreliable under short-window analysis,
including low-frequency HRV components (e.g., ultra-low- and very-low-frequency bands), long-horizon HRV
statistics (e.g., SDANN and SDNNI), and a small number of sparse or weakly varying spectral and zero-crossing
descriptors across ACC, HR, EDA, and TEMP modalities.

Final Feature Space. After quality control and final feature harmonization, the predictive feature space used in
all main experiments consisted of 303 physiological dimensions per window. This representation was held fixed
across all models and experimental conditions.

C Additional Details for Physiological Modulation Analysis

C.1 Physiological Systems Organization Strategy
For interpretability and higher-level analysis, extracted features in Section 4.1 were further organized into four
physiological systems based on their sensing modality and physiological function signals [73, 80, 84, 129]. Car-
diovascular features capture heart-rate and heart-rate variability dynamics derived from photoplethysmography
(PPG); Electrodermal features characterize tonic and phasic skin conductance activity reflecting sympathetic
arousal;Movement features summarize body motion and acceleration patterns from the wrist-worn accelerometer;
and Thermoregulation features capture changes in peripheral skin temperature. This system-level organization is
used to assess whether physiological modulation generalizes beyond individual features and recurs at the level of
coordinated physiological subsystems.

C.2 Task-Level Feature Aggregation
Window-level physiological features were first globally standardized and then aggregated to the level of each
experimental task block defined in Section 3.3.2. For each participant and task, we averaged all valid windows
within the task interval. Task-level aggregation was used because stress and craving annotations were collected
at the task level rather than at individual physiological window timestamps.

To isolate task-evoked physiological modulation and reduce between-subject baseline differences, all task-level
features were baseline-corrected using the neutral Calm video viewing task as a subject-specific reference [20, 55,
56]. This correction emphasizes physiological changes relative to each participant’s own relaxed baseline.

C.3 GEE Model Specification
Task-level associations were estimated using population-average generalized estimating equations (GEE) with a
Gaussian family and an exchangeable working correlation structure [74]. GEE was used because each participant
contributed repeated task observations, and the method estimates population-average effects while providing
robust standard errors even when the within-subject correlation structure is imperfectly specified.

Each GEE model included the task condition of interest, group membership (Control vs. OUD), and the number
of aggregated windows as covariates. Group membership controlled for between-group differences, while the
number of windows controlled for variability in physiological evidence availability across tasks. All GEE models
were fitted on the pooled cohort including both Control and OUD participants.

C.4 Feature-Level and System-Level Analyses
Extracted physiological features were organized a priori into four systems based on sensing modality and
physiological function: Cardiovascular, Electrodermal, Movement, and Thermoregulation (Section C.1).
Analyses were conducted at both the feature and system levels.
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At the feature level, each baseline-corrected task-level feature was tested individually using the GEE framework
described above. Multiple comparisons were controlled using the Benjamini–Hochberg false discovery rate (FDR)
procedure [13].
At the system level, feature-level effects were summarized within each physiological system using two

complementary representations. First, we computed mean-based composites by averaging standardized features
within each system. Second, we derived PCA-based representations using the first principal component (PC1)
within each system [30]. Both representations were evaluated using the same GEE specification.

System-level effects were considered robust when feature-level changes within the same physiological modality
were directionally consistent and supported by permutation-based significance testing. System-level aggregation
is used here to assess whether task-related modulation is consistently observed across related features from the
same sensing modality, rather than to assign a single physical meaning to the aggregated representation.

D Subject-Level Guidance Embeddings
The model supports two types of subject-level guidance embeddings: (i) HR-dynamics-based embeddings derived
from post-task physiological signals, and (ii) semantic embeddings derived from autobiographical narratives.
Both representations are computed once per subject and used as fixed inputs during model training and inference.

HR-Dynamics Embedding. The HR-dynamics embedding is constructed from short heart-rate segments collected
after calm and stress tasks. For each subject, heart-rate signals are first normalized by subtracting a baseline
value computed during a calm reference period (Calm video viewing). Two 15s segments are then extracted: a
post-calm segment and a post-stress segment.
Each segment is summarized using 16 statistical and temporal descriptors capturing both magnitude and

dynamic properties of heart-rate changes: (1) mean, (2) standard deviation, (3) maximum, (4) minimum, (5) signed
area under the curve (AUC), (6) absolute AUC, (7) positive AUC, (8) negative AUC, (9) difference between final
and initial values, (10) slope, (11) time to peak, (12) time to trough, (13) peak value, (14) trough value, (15) number
of zero crossings, and (16) curvature (mean absolute second difference).

Concatenating the post-calm and post-stress representations yields a 32-dimensional HR-dynamics embedding
per subject.

Semantic Embedding. The semantic embedding is derived from autobiographical memory narratives collected
during the study. Each subject provides two narratives: one corresponding to a positive (good) memory and one
corresponding to a negative (bad) memory.
Each narrative is independently encoded using a pretrained text embedding model. In the current imple-

mentation, embeddings are generated using an OpenAI text embedding model (text-embedding-3-small),
producing a 1536-dimensional vector for each narrative. For robustness analysis, embeddings generated using
a higher-capacity model (text-embedding-3-large) were also evaluated, but the main results use the smaller
model.
The final subject-level semantic representation is constructed by concatenating the good-memory and bad-

memory embeddings, resulting in a 3072-dimensional vector.
No fine-tuning or task-specific adaptation is applied to the embedding model. The semantic embeddings are

computed once per subject and reused across all physiological windows associated with that subject, ensuring
strict separation between subject-level context and window-level inputs.

Summary. Both HR-dynamics and semantic embeddings follow the same interface: a fixed subject-level
vector that encodes individual differences. They differ only in modality and dimensionality, with HR-dynamics
capturing physiological recovery patterns and semantic embeddings capturing narrative-level representations of
autobiographical memory.
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E Additional Details for Autobiographical Recall as a Resilience Proxy

E.1 Neurophysiological Context: Resilience and Autobiographical Memory Recall
We next introduce a brief neurophysiological context to motivate the use of autobiographical memory recall as a
marker of resilience-related individual differences.

Resilience and Positive Autobiographical memories. In opioid use disorder (OUD), chronic drug exposure disrupts
both the brain’s reward and stress systems, leading to accumulated allostatic load and a pronounced reward
deficit [65, 66, 68]. The reward deficit and stress surfeit framework proposes that addiction is characterized by two
co-occurring processes: reduced sensitivity to non-drug rewards and heightened stress reactivity [67]. Together,
these changes fundamentally alter how individuals with OUD respond to emotionally salient cues, including
autobiographical memories, particularly the positive memory recalls.

In healthy individuals without substance use disorder, recalling a positive personal memory typically reactivates
natural reward circuits, producing a pleasant emotional state similar to re-experiencing the event itself. In this
case, the expected reward associated with the memory closely matches the experienced emotional response,
resulting in a stable and positive affective experience. In contrast, among individuals with OUD— like the patients
in our study who require MOUD—this process can become disrupted. The reward deficit and stress surfeit models
established by Koob and colleagues provide a neurobiological framework for understanding this phenomenon.
[67, 68]

Because baseline hedonic tone is blunted and stress systems are sensitized, attempts to recall positive, non-drug-
related memories may fail to elicit the expected pleasurable response. Instead, positive memory recall can evoke
ambivalent affect, anxiety, and physiological stress responses rather than relief or pleasure. This counterintuitive
phenomenon reflects altered reward processing following chronic opioid exposure. It has been hypothesized
that key reward-related regions, including the nucleus accumbens, function as comparators that evaluate the
difference between expected and experienced reward [95, 104]. When recalling a positive memory, individuals
with OUD may experience a mismatch between the anticipated pleasure and the diminished emotional response,
resulting in a negative prediction error. Rather than reinforcing positive affect, this discrepancy may emphasize
loss or inability to feel pleasure, thereby triggering stress and anxiety that manifest as heightened physiological
arousal. These contrasting processes can be summarized as follows:
Among healthy individuals without OUD or other SUD:

• Positive memory recall task reactivates the reward circuits and produces a positive hedonic state
• This results in pleasant memory reactivation whereby their expectation matches their experience and
results in a matched comparison between the expected and experienced positive memory recall.

Among individuals with OUD in a reward deficit state:

• Positive memory recall task attempt to reactivate reward circuits results in a failure to achieve expected
hedonic state

• This results in a discrepancy between the expected positive hedonic state (negative prediction error) and
the outcome.

• This negative prediction error may be interpreted as loss or threat and produce anxiety and physiological
stress response.

Figure 11 summarizes this pathway. Chronic opioid dependence drives neuroadaptations in the mesolimbic
reward circuit (ventral tegmental area, nucleus accumbens), the extended amygdala, and the HPA axis. When
a memory cue is encountered, the blunted reward circuit fails to produce the anticipated pleasure, while the
sensitized stress system produces exaggerated physiological arousal—creating a feedback loop that links memory-
evoked stress to craving and relapse risk.
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Fig. 11. Neurobiological flow of stress–reward dysregulation in opioid use disorder (OUD). Chronic opioid dependence alters
reward and stress circuits, transforming positive memory recall into aberrant stress activation, which increases craving and
relapse vulnerability.

Together, this framework provides a mechanistic basis for our hypothesis that the affective and semantic
characteristics of positive autobiographical memory recall reflect resilience-related differences in stress reactivity
and craving vulnerability.

Resilience and Negative Autobiographical memories. Negative autobiographical memories provide a natural
context for examining resilience because they directly engage stress and emotion regulation processes. Prior
work shows that emotion regulation plays a central role in how negative autobiographical memories are recalled
and experienced [25, 88].
Individuals who use adaptive regulation strategies, such as cognitive reappraisal, tend to recall negative

personal events with greater detail and reduced negative bias [25]. In addition, the ability to control or suppress
the retrieval of intrusive memories is considered a core component of emotion regulation and has been shown to
reduce the emotional impact of unwanted recollections [35, 61].
Resilience is commonly conceptualized as a set of adaptive processes that enable individuals to maintain

functioning in the face of adversity [118]. Emotion regulation is a key component of these processes [102], as it
governs how emotional and physiological responses to stressors and adverse events are modulated [5, 26, 117].
Neurophysiological evidence further suggests that brain systems involved in arousal regulation and emotional
reappraisal mediate the relationship between trait resilience and post-stress outcomes [124].

Taken together, these findings suggest that resilience shapes how negative experiences are encoded, recalled,
and physiologically regulated. Individual differences in regulatory capacity influence not only the emotional tone
and structure of negative autobiographical narratives, but also the magnitude and recovery of stress responses
associated with them. Accordingly, negative autobiographical memory recall offers a meaningful lens through
which resilience-related differences in stress regulation can be examined.

E.2 Language Embedding Construction
Autobiographical Language was derived from participants’ descriptions of recent positive and negative personal
experiences. Context-neutral speech was derived from responses to neutral everyday prompts collected during
the study protocol. The context-neutral condition was used as a control for general linguistic properties such as
speaking style, verbosity, and transcription characteristics without autobiographical or emotional content.

Each transcript was encoded into a high-dimensional semantic embedding using a pretrained language model.
For each participant, embeddings from positive and negative autobiographical recall were aggregated to obtain a
subject-level autobiographical representation. Context-neutral speech embeddings were processed separately
and used only as a comparison condition.

E.3 PLS-Based Representational Alignment
To test whether language representations encode resilience-related recovery information, we used Partial Least
Squares (PLS) to align language embeddings with HR-AUC. Unlike PCA, which identifies directions of maximal
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variance in the embedding space, PLS identifies latent dimensions that maximize covariance between language
embeddings and an external variable of interest. Here, the external variable is HR-AUC, our physiology-grounded
proxy for post-stress recovery.

For each language condition, embeddings were projected onto a single PLS component to obtain a compact latent
representation. We then assessed the monotonic association between the PLS-derived language representation
and HR-AUC using Spearman rank correlation. Statistical significance was evaluated using permutation testing
with 5,000 permutations, where HR-AUC values were randomly permuted across participants to construct a
nonparametric null distribution.

E.4 Interpretation and Limitations
A strong association between autobiographical language and HR-AUC suggests that autobiographical recall
captures subject-level information related to physiological recovery. However, this analysis does not imply
that language directly measures psychological resilience. Instead, autobiographical language is treated as a
resilience-related descriptor that aligns with a physiology-grounded recovery proxy.
Finally, autobiographical narratives may contain sensitive personal information. In deployment, the raw

transcript should not be required at inference time; instead, a compact subject-level embedding can be computed
once, stored securely, and reused as guidance for wearable craving inference.

F Partial Least Squares (PLS) Implementation Details
Partial Least Squares (PLS) is a multivariate dimensionality reduction technique designed to relate two sets
of variables measured on the same observations by extracting latent components that maximize their shared
covariance. Given a predictor matrix X ∈ R𝑁×𝐷 (language embeddings) and a target vector y ∈ R𝑁 (heart-rate
recovery AUC), PLS identifies latent variables defined as linear projections of X that are optimally aligned with y
in terms of covariance. In this work, we employ a single-component PLS model, yielding a one-dimensional latent
representation. Formally, PLS learns a weight vector w ∈ R𝐷 such that the projected scores z = Xw maximize
Cov(z, y) under standard normalization constraints. This projection corresponds to a weighted combination of
all embedding dimensions rather than the selection of individual dimensions and differs from variance-based
methods such as principal component analysis (PCA), which optimize Var(Xw) independently of the outcome
variable. Prior to PLS estimation, language embeddings were standardized to zero mean and unit variance across
participants, and heart-rate recovery AUC values were used as provided by the physiological preprocessing
pipeline described in Section 5.2. PLS was implemented using a standard Partial Least Squares regression
formulation, with the number of components fixed to one to obtain a compact shared latent axis. Associations
between the resulting PLS-derived latent scores and physiological recovery were evaluated using Spearman rank
correlation, with statistical significance assessed via permutation testing (5,000 permutations), in which HR AUC
values were randomly permuted across participants to construct a nonparametric null distribution.

G Qualitative Visualization: Narrative Organization and Appraisal
To aid interpretation of the alignment between autobiographical language and physiological resilience, we
present qualitative visualizations of representative autobiographical narratives (Figure 12). Each narrative is
rendered using phrase-level appraisal scores generated by a large language model (GPT-4o), prompted to assess
resilience-related psychological appraisal within narrative context [12, 58]. The model outputs relative phrase-
level scores reflecting positive (red), negative (blue), or neutral (gray) appraisal, with color intensity indicating
relative affective strength within each narrative; the full prompt specification is provided in the Appendix I. These
visualizations are intended as interpretive tools rather than quantitative measurements and do not represent
direct estimates of psychological resilience or momentary affect.
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(a) Participant with OUD recalling a positive memory (b) Participant with OUD recalling a negative memory

(c) Control participant recalling a positive memory (d) Control participant recalling a negative memory

Fig. 12. Qualitative visualizations of autobiographical narratives based on LLM-derived, phrase-level resilience-related
appraisal. Red indicates relatively positive resilience-related appraisal, blue indicates relatively negative appraisal, and gray
indicates neutral language; color intensity reflects the relative strength of appraisal within each narrative.

Across narratives, systematic differences in affective distribution and organization are evident. Positive autobi-
ographical memories from control participants tend to exhibit localized and thematically coherent clusters of
positively appraised language, whereas negative memories show denser and more sustained negatively appraised
phrasing organized around salient events. In contrast, autobiographical narratives from participants with opioid
use disorder (OUD) frequently display mixed or negatively appraised segments even during positive memory
recall, accompanied by abrupt affective shifts and reduced thematic integration. These patterns suggest difficulties
in maintaining coherent positive appraisal despite ostensibly positive content, consistent with prior narrative
and clinical accounts of disrupted emotion regulation and meaning integration in addiction-related populations
[3, 38].
Taken together, these qualitative observations indicate that autobiographical narratives encode structured

information about how individuals appraise, organize, and regulate personal experience. Differences in affective
coherence, mixed valence, and narrative organization reflect systematic resilience-related appraisal processes
rather than simple differences in memory valence, providing qualitative support for the modeling approach
introduced in RQ3.

H Resilience Grouping
To analyze subject-specific differences in physiological interpretation, participants are grouped into high- and
low-resilience groups based on their post-stress heart-rate recovery. Specifically, resilience is quantified using
the HR-AUC measure derived from post-stress heart-rate dynamics, computed as the deviation from baseline
following stress exposure. Lower HR-AUC values indicate faster recovery and higher resilience, while higher
HR-AUC values indicate slower recovery and lower resilience. Participants are split into two groups using a
median split over subject-level HR-AUC values. Subjects with HR-AUC values below the median are assigned to
the high-resilience group, and those above the median are assigned to the low-resilience group.
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I LLM Prompt for Resilience-Related Narrative Appraisal
To generate the qualitative narrative visualizations presented in Appendix G, we employ a large language
model (GPT-4o) as an interpretive annotation tool to assess resilience-related psychological appraisal within
autobiographical narratives. This procedure is designed to support qualitative inspection of narrative organization,
mixed valence, and appraisal coherence, rather than to produce quantitative estimates of psychological resilience
or momentary affective states.
The language model is prompted to analyze how individuals appraise and organize personal experiences

in narrative language. Specifically, the model is first asked to form an overall impression of the narrative’s
psychological tone along a resilience–vulnerability dimension (e.g., resilient versus vulnerable). This overall
assessment serves only as contextual background to anchor relative phrase-level appraisal within the narrative
and is not treated as a measurement of resilience.
The model then segments each narrative into short, continuous phrases (1–5 words each), ensuring full

coverage of the text in sequential order. For each phrase, the model assigns a relative appraisal score reflecting
how positively, negatively, or neutrally the phrase contributes to the narrative’s overall psychological appraisal.
Importantly, the prompt explicitly allows local deviations and mixed appraisal, such that negatively appraised
segments may appear within an overall positive narrative and vice versa. All phrase-level scores are interpreted
relative to the narrative context and are not intended to be comparable across individuals or narratives.
The full prompt used in our experiments is reproduced below for transparency and reproducibility.

Prompt:
You are a psychologist and linguistics expert who analyzes how individuals appraise and organize personal
experiences in narrative language.
Your task is to assess resilience-related psychological appraisal within an autobiographical narrative. This
appraisal reflects how positively, negatively, or neutrally experiences are interpreted and integrated, rather
than momentary emotional intensity.
First, read the entire text carefully to form an overall impression of the narrative’s psychological tone along a
resilience–vulnerability dimension, ranging from −1 (highly vulnerable, hopeless, anxious) to +1 (highly
resilient, hopeful, calm, confident). This overall score is used only as contextual background.
Next, segment the text into short, continuous phrases (1–5 words each), ensuring that every word in the text
is covered exactly once and in order.
For each phrase:

• Consider the phrase’s psychological meaning within the broader narrative context.
• Assign a relative appraisal score that reflects how positively, negatively, or neutrally the phrase con-

tributes to the narrative’s overall psychological appraisal.
• Allow local deviations and mixed appraisal, even when the overall narrative tone is positive or negative.
• Output a score between −1 and +1, where 0 represents neutral or descriptive language.

Return ONLY valid JSON in the following format:
{

"overall_score": <float between -1 and 1>,
"phrases": [

{"phrase": "<text>", "score": <float between -1 and 1>}
]

}

These annotations are used exclusively for qualitative visualization and interpretive analysis and are not used
as predictive features or targets in any modeling stage.
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