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Abstract

Guided Imagery and Music (GIM) organizes
verbal preparation, guided listening, imagery
exploration, and reflection into a structured,
music-centered process. Existing LLM-based
well-being agents remain text-centered, and
emotion-aware music systems operate outside
such multi-phase workflows, conditioning mu-
sic on static mood descriptions. We present
GIMFlow, an interactive, non-clinical GIM-
inspired system that translates reflective di-
alogue into a structured musical trajectory
through four phases: Prelude, Induction, Music
& Imaging, and Postlude. GIMFlow estimates
current and target affective states in continuous
valence—arousal space, constructs a determin-
istic four-waypoint transition, and maps way-
points to sections of an LLM-generated sym-
bolic music blueprint for deterministic render-
ing; the system also supports metadata-based
retrieval and unified session-level logging. A
formative within-subject study (N=23 partic-
ipants) of the initial prototype revealed that
generated music captured only the endpoint
state; we then aligned waypoints with intra-
piece sections and conducted a preliminary
within-subject evaluation of the refined system
(N=10). Results show descriptively favorable
trends in valence and negative affect while pos-
itive affect and arousal are mixed; all findings
are exploratory. GIMFlow is released as an
open-source, installable research demonstra-
tion with example sessions and reproducible
logging utilities.

Installable demo package / code:
https://github.com/
ruijiahuang2006-collab/gimflow
Video: https://youtu.be/xfeQDTup9pg.

This research was supported by the Shanghai Jiao Tong
University 2030 Initiative and The Major Program of Chinese
National Foundation of Social Sciences under Grant “The
Challenge and Governance of Smart Media on News Authen-
ticity” [No. 23&ZD213].

"Corresponding author.

The Guided Imagery and Music (GIM) process

( 1- Prelude (" 2 nducton |
y n
!

ive state, music and
what emerged.

Figure 1: The Guided Imagery and Music (GIM) pro-
cess. GIMFlow is inspired by GIM’s four receptive
phases (Prelude, verbal preparation; Induction, relax-
ation; Music & Imaging, receptive listening with mental
imagery; and Postlude, reflective integration) and by the
affective journey they are designed to support, from an
initial guarded state toward a calmer, more integrated
one.

1 Introduction

Guided Imagery and Music (GIM) (Bonny, 1989;
Grocke, 2019) is a structured music-and-imagery
experience combining verbal preparation, relax-
ation induction, music listening with imagery ex-
ploration, and post-listening integration (Figure 1).
Its structured, multi-phase, music-centered nature
makes it a compelling reference model for well-
being LLM systems, yet to our knowledge no ex-
isting LLM agent implements this full workflow.

Building such an agent poses three technical
challenges: (i) phase-scripted dialogue, requiring
the agent to recognize which phase the participant
is in and produce contextually appropriate prompts;
(i1) affective trajectory planning from the partic-
ipant’s current state to a target state, rather than
reacting to a single static mood label; and (iii) cross-
modal mapping of that trajectory to internal music
structure, so the emotional arc that guides dialogue
also shapes music progression.
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Existing work addresses these only partially.
Mental well-being chatbots (Fitzpatrick et al., 2017;
Fulmer et al., 2018; Inkster et al., 2018) and empa-
thetic dialogue systems (Rashkin et al., 2019; Poria
et al., 2019) engage in supportive dialogue but do
not treat music as a core medium. Emotion-aware
music generation and retrieval (Agostinelli et al.,
2023; Copet et al., 2024; Liu et al., 2024; Mele-
chovsky et al., 2024; Yang and Chen, 2012) outputs
music matching a mood description, but operates
outside a multi-phase workflow and conditions on
a single static mood without modeling a current-to-
target trajectory. Recent works (Kar et al., 2025;
Hotta et al., 2025) show that dialogue systems can
be enriched with affect- or cognition-aware com-
ponents for adjacent applications such as tutoring
and coaching, but none realize the phase-scripted,
trajectory-conditioned music workflow that GIM
entails.

We present GIMFlow, an LLM-guided GIM-
inspired well-being agent, offered as a non-clinical
research demonstration for the NLP and affective-
computing community and for developers of music-
centered interactive systems. GIMFlow (i) struc-
tures the interaction into four phases (Prelude, In-
duction, Music & Imaging, Postlude) coordinated
by an LLM state classifier; (ii) estimates current
and target affective states in continuous valence—
arousal (VA) space; (iii) constructs a deterministic
four-waypoint trajectory; (iv) translates it into a
section-level symbolic music blueprint rendered
procedurally to audio; and (v) supports a counter-
balanced metadata-based retrieval condition. Con-
tributions: (1) a phase-scripted workflow agent
architecture coupling dialogue, VA planning, and
music; (2) two within-subject user studies (forma-
tive pilot N=23; preliminary evaluation of refined
system N=10) with paired affective measures and
an exploratory blind pairwise LLM-as-judge anal-
ysis using position-swapped inputs and keyword-
based leakage checks; (3) an open-source release
with prompts, example sessions, aggregate data,
reproducible logging utilities, and exploratory anal-
ysis scripts.

2 Related Work

GIM and music therapy. The Bonny Method com-
bines relaxation induction, evocative music, and
guided verbal exploration (Bonny, 1989; Grocke,
2019). Prior empirical work and systematic re-
views report favorable affective and physiological

outcomes in some populations (McKinney et al.,
1997; McKinney and Honig, 2016; De Witte et al.,
2022), with recent work examining remote and
technology-mediated settings (Honig and Hannibal,
2022). GIMFlow operationalizes selected work-
flow elements of GIM and evaluates usability rather
than therapeutic outcomes.

Conversational and emotion-aware systems.
Chatbot systems for mental well-being include
Woebot (Fitzpatrick et al., 2017), Wysa (Inkster
et al., 2018), and Tess (Fulmer et al., 2018). LLM-
based mental-health systems have been surveyed
by Guo et al. (2024). Empathetic and emotion-
aware dialogue is studied via EmpatheticDialogues
(Rashkin et al., 2019) and the emotion-recognition-
in-conversation literature (Poria et al., 2019; Zhang
et al., 2025), with recent EMNLP demonstrations
for tutoring (Kar et al., 2025) and coaching (Hotta
et al., 2025). These systems deliver text-based
dialogue; GIMFlow’s core interaction medium is
music. Music emotion recognition and emotion-
aware recommendation frame selection in valence-
arousal space (Russell, 1980; Posner et al., 2005;
Yang and Chen, 2012; Tran et al., 2023; Sched]l
et al., 2018). Controllable text-to-music generation
includes MusicLM (Agostinelli et al., 2023), Mu-
sicGen (Copet et al., 2024), and Mustango (Mele-
chovsky et al., 2024). GIMFlow’s “generation’ is
symbolic blueprint-to-MIDI rendering, not neural
text-to-audio synthesis.

3 System Design

Figure 2 shows the architecture. A browser-facing
client and GIMFlow server coordinate six modules:
a Session Manager, a Facilitator Agent implement-
ing a four-phase LLM dialogue, an Emotion/VA
Planner, a Music Module with two counterbalanced
conditions, a Questionnaire Module, and a Logger
that exports full session-level logs. We describe
each module below.

Session Manager. The Session Manager maintains
the shared session state and coordinates within-
subject session progression: it randomly assigns
the condition order (persisted across sessions),
tracks session completion, and enforces the 5-
minute washout interval before the second session
begins.

Facilitator Agent. The Facilitator Agent is a
prompt-driven LLM wrapper that implements the
four-phase dialogue mirroring the receptive-style
GIM arc: Prelude elicits current state and focus
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Figure 2: GIMFlow system architecture. Stage 1 identifies the current dialogue phase using an LLM state classifier;
Stage 2 produces phase-conditioned facilitation dialogue across Prelude, Induction, Music & Imaging, and Postlude;
Stage 3 translates current and target VA states into a four-waypoint trajectory and maps the waypoints onto four
sections of a symbolic music blueprint, rendered in the GIMFlow condition or replaced by metadata-based retrieval
in the Baseline condition. The Session Manager, Questionnaire Module (SAM/PANAS/SUS/TX), and Logger
coordinate the shared session state and export one log record per session.

theme; Induction provides a relaxation-oriented
text prompt; Music & Imaging invites playback of
a selected or generated piece and the description of
arising imagery; Postlude integrates the experience
into a brief reflective summary. Phase transitions
are governed by an LLM state classifier that reads
the accumulated conversation and returns the cur-
rent phase between turns as a <STATE> tag. Each
phase concatenates a base system prompt with a
phase-specific guidance block (released prompts in
Appendix A).
Emotion/VA Planner. The Emotion/VA Planner
infers the participant’s current and target affective
states in continuous valence—arousal space from the
Prelude dialogue. A VA estimation prompt returns
a rationale, focus theme, and (current VA, target
VA) pair with continuous values in [—1, +1]. A de-
terministic interpolator constructs a four-waypoint
linear trajectory w; = current + %(target — current)
for i € {0,1,2,3}, aligning waypoints with the
four sections of the music blueprint. The trajec-
tory is planned once per session and drives the
Music Module.
Music Module. In the GIMFlow condition,' the
planner’s four waypoints seed an LLM-generated
symbolic music blueprint (concept, four-section
The deployed system, session logs, and repository retain

the legacy internal label kimusic for the GIMFlow generation
condition.

structure with per-section VA waypoints, and
instrumentation) that a procedural renderer us-
ing midiutil, fluidsynth, and a General MIDI
soundfont converts to MIDI and mp3 audio, played
through a browser music player. For comparison,
a retrieval Baseline (§4) forms the second within-
subject condition.

Questionnaire Module. The Questionnaire
Module delivers the Self-Assessment Manikin
(SAM) and Positive and Negative Affect Schedule
(PANAS) as pre- and post-session measures within
each of the two sessions, and the System Usabil-
ity Scale (SUS) together with a custom Therapy
Experience (TX) instrument as post-experiment
measures after both sessions are complete. Item
texts are provided in the released repository.
Logger. The Logger exports one JSON per ses-
sion with a unified schema covering session iden-
tifiers, pre/post questionnaires, phase-labeled dia-
logue turns, Emotion/VA Planner outputs, Music
Module traces (GIMFlow blueprint or Baseline re-
trieval record), and timestamps. Appendix B sum-
marizes the top-level field groups.

4 Implementation

GIMFlow is a Python web application using Gra-
dio. Dialogue turns, emotion estimation, and
blueprint generation are handled by prompting

687



GPT-5.5 through an OpenAl-compatible API; the
GIMFlow condition renders audio with midiutil,
fluidsynth, and a General MIDI soundfont. To
assess the contribution of blueprint-conditioned
generation, we constructed a retrieval Baseline for
within-subject comparison: it draws MP3 tracks
from an indexed library of roughly 2,000 instru-
mental tracks with structured metadata (title, genre,
mood, tags, and audio features such as tempo and
dynamics), mapping the LLM’s mood keywords to
five heuristic mood clusters (restorative, energetic,
tense, melancholic, neutral), requesting up to 12
candidates with relaxed and then general fallback
criteria, and randomly selecting among eligible un-
used candidates. Track duration is not matched
across conditions; the two conditions share every
component except the Music Module, so condi-
tion differences reflect music delivery rather than
the dialogue agent. The Session Manager enforces
a 5-minute countdown between the two counter-
balanced sessions in a single visit. The GIM-
Flow source code is released under the MIT li-
cense; the baseline audio library is not redistributed
(§7). We release the source code, session logging
schema, illustrative session-JSON exports, demo
audio, aggregate analysis scripts, and exploratory
Al-evaluation utilities; user-level raw logs and ques-
tionnaire records are not released for privacy rea-
sons. Figure 3 shows representative Ul panels from
a Session 1 flow.

5 Evaluation

Study 1 (N=23) surfaced a Music Module im-
plementation gap; a refined implementation was
evaluated in Study 2 (N=10). We also report
an exploratory LLM-based qualitative audit of
anonymized session logs. All numeric results are
descriptive; p-values are exploratory and uncor-
rected. Both studies use a two-session within-
subject counterbalanced protocol: each session col-
lects pre/post SAM and PANAS around the four-
phase dialogue, with a system-enforced 5-minute
washout between sessions. SUS and TX are admin-
istered once after Session 2.

Study 1 (formative pilot; N=23 partici-
pants). Of 24 participants, one was excluded
for incomplete post-questionnaires, leaving 23 for
the paired analysis (12 Baseline—GIMFlow, 11
GIMFlow—Baseline). The session used a Chinese-
language deployment; the workflow, VA planner,
questionnaires, and logging are language-agnostic.

Table 1 reports paired SAM and PANAS changes.
Direction-consistent descriptive trends favor the
GIMFlow condition on SAM Valence and PANAS
negative affect; arousal changes are reported as
activation. Overall usability (SUS =73.30 £ 18.83,
N=22; one participant missed the post-experiment
response) is in the acceptable range (Brooke, 1996);
overall experience (TX = 5.85 + 0.93 on a 7-point
scale) is favorable.

Measure Baseline A GIMFlow A d p

SAM Valence +0.30 +2.40 +1.00 +=1.41 +0.23 .35
SAM Arousal —0.26 +=2.47 +0.35 £2.10 +0.25 .25
PANASPA —0.70 £9.19 +2.52+5.36 +0.37 .18
PANASNA  +0.26 £ 6.59 —1.96 £+ 4.61 —0.26 .38

Table 1: Study 1 paired SAM/PANAS A (N=23). Co-
hen’s d and Wilcoxon p are exploratory.

Refinement. Post-hoc examination of Study 1
session logs showed that although the VA Plan-
ner produced a four-waypoint sequence and the
LLM produced a matching blueprint, the initial
Music Module rendered a single piece aligned
only with the endpoint waypoint. We refined the
Music Module so that the blueprint’s four struc-
tural sections are deterministically mapped onto the
four waypoints (section_i.waypoint_index =
i, section_i.waypoint_va = waypoint_i.va).
The LLM is informed of the trajectory when gen-
erating the blueprint’s overall parameters; the ren-
derer executes each section with a per-key chord
progression and a section-index-based dynamics
profile. All other GIMFlow components (Session
Manager, Facilitator Agent, VA Planner, Question-
naire Module, Logger) are unchanged.

Study 2 (preliminary evaluation of refined
system, N=10). Ten new participants who
had not participated in Study 1 completed the
same protocol with the refined Music Module
(4 Baseline—GIMFlow, 6 GIMFlow—>Baseline).
Direction-consistent descriptive trends again fa-
vor GIMFlow on SAM Valence (+1.50 + 1.35
vs. +1.20 + 0.79, d = +0.20) and PANAS nega-
tive affect (—3.30 & 4.45 vs. —2.10 £ 2.56, d =
—0.30); PANAS positive affect descriptively favors
Baseline in this small sample. Overall SUS =75.00
+ 14.19; overall TX = 5.50 +£ 0.96. Full pairwise
A values are in Appendix C.

Exploratory blind pairwise LLM-based anal-
ysis. For each participant, condition labels were
stripped and the LLM judge (Claude Sonnet 4.6,
temperature 0) received structured pre/post affec-
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with participant ID.

tive outcomes and deltas, music-profile metadata,
participant questionnaire responses, and phase-
stratified representative dialogue excerpts in both
A/B position orders; the judge did not receive or
analyze audio. The judge rated the two sessions
on five criteria (emotional alignment, facilitation
coherence, music-profile alignment, engagement,
safety; 5-point scale) and chose an overall winner
with a confidence value in [0, 1]. Each participant’s
two position-swapped evaluations were aggregated
to the participant level (per-criterion scores aver-
aged across positions; a winner assigned only when
both positions agreed), and statistical tests used

these participant-level scores rather than individual
calls. The protocol included a keyword-based blind
check for explicit condition-identifying strings (0
hits across 33 participant-level pair inputs prior
to position swapping), A/B position swaps, and
phase-stratified excerpts with length caps. Study
1: 11 GIMFlow wins, 11 Baseline wins, 1 tie
(22/23 position-swap agreement, 95.65%); Study
2: 5 GIMFlow, 3 Baseline, 2 ties (8/10 agreement,
80.0%). Overall GIMFlow—Baseline mean rating
differences on the 5-criterion overall mean were
+0.23 (Study 1) and +0.20 (Study 2); Wilcoxon
p on GIMFlow — Baseline overall ratings were
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MH chatbots
(Fitzpatrick et al., 2017;

Component

Emotion dialogue
(Rashkin et al., 2019; Po-  (Tran et al., 2023; Wang
Inkster et al., 2018; Ful- ria et al., 2019; Zhang

Text-to-music GIMFlow
(Agostinelli et al., 2023;  ours
Copet et al., 2024; Mele-

Music rec.

etal., 2021; Schedl et al.,

mer et al., 2018) et al., 2025) 2018) chovsky et al., 2024; Liu
et al., 2024)

Multi-turn dialogue v 4 X X 4
Structured GIM work- X X X X v
flow
Music as core interac- X X v partial v
tion medium
Explicit current—target X X partial X v
VA planning
Supports generation and — - retrieval generation v
retrieval
Session-level logging partial partial partial X v

Table 2: Functional components across representative related system categories. Cell judgments reflect published

feature coverage of the specific papers cited per column.

.30 and .45. Although criterion-level mean ratings
descriptively favored GIMFlow on all five criteria
(Appendix D), participant-level overall preferences
were tied in Study 1 and only weakly favored GIM-
Flow in Study 2. We therefore interpret the LLM-
judge results as an exploratory structured qualita-
tive audit rather than as independent evidence of
condition-level user benefit.

Case study. To illustrate the refined Music Mod-
ule (Study 2), we describe participant P408J7U,
whose 21.9-minute GIMFlow session cleanly ex-
emplifies the refinement described above. The ses-
sion opened the Prelude with a Chinese description
of academic pressure, from which the VA Planner
extracted focus theme “fension under academic
pressure” with current VA = (—0.6, 0.35) and target
VA = (0.25, —0.25). The LLM blueprint’s four sec-
tions carried waypoint_va matching the planner’s
four waypoints. Pre/Post SAM (Valence, Arousal)
moved from (2, 2) to (6, 6); Pre/Post PANAS (PA,
NA) moved from (16, 37) to (25, 25). Extended
session content is in Appendix E.

6 Comparison with Existing Systems

Table 2 summarizes functional coverage across rep-
resentative categories. GIMFlow differs from these
categories in coupling a phase-scripted GIM dia-
logue workflow, explicit current-to-target VA plan-
ning, and blueprint-conditioned symbolic music
generation within one reproducible pipeline: men-
tal well-being chatbots and empathetic dialogue
systems do not treat music as the core interaction
medium, and emotion-aware music systems condi-
tion on a single static mood without a multi-phase,
trajectory-driven workflow.

7 Conclusion

GIMFlow demonstrates that a phase-scripted GIM-
inspired dialogue workflow, LLM-based valence-
arousal estimation with waypoint planning, and
blueprint-conditioned symbolic music rendering
can be integrated into a single LLM-based system
that produces traceable dialogue, planning, and
music-structure trajectories within a session. GIM-
Flow is released under the MIT license as a non-
clinical demonstration; session-level JSON logs,
example sessions, and analysis utilities support re-
producible offline inspection and future evaluation.
Future work includes larger studies powered for
null-hypothesis tests, richer waypoint-to-structure
couplings in the renderer, and non-clinical prompt-
level terminology in future deployments (§8).

8 Limitations

The current evaluation is based on two small,
Chinese-language studies, so all findings should be
considered preliminary. Future work will examine
larger and more diverse populations and more fully
control for order effects; an exploratory split (Ap-
pendix G) already showed lower post-experiment
SUS/TX when GIMFlow occurred second, which,
given single post-session administration, we read as
a likely order or recency effect rather than condition
preference. The current studies compare the full
GIMFlow generation condition against a retrieval
baseline, but do not causally isolate the explicit VA
trajectory mechanism itself. The VA estimates and
waypoint-to-section mappings currently serve as
inspectable planning representations; their align-
ment with self-reported affect and perceived musi-
cal emotion will be evaluated through human anno-
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tation, listening studies, and audio analysis. Several
confounds remain uncontrolled, including novelty,
perceived personalization, duration mismatch, or-
der effects, and quality differences between curated
retrieval and symbolic generation. Future ablations
should compare target-only generation, shuffled
waypoints, and no-trajectory generation to separate
trajectory-planning from personalization and nov-
elty effects. We do not claim state-of-the-art audio
generation quality: the current symbolic renderer
is intended to make the planned affective structure
inspectable and reproducible; future work should
compare perceived audio quality against neural
text-to-music systems and conduct human listening
studies. The exploratory LLM-judge analysis also
has important limitations. The judge received struc-
tured pre/post affective outcomes and questionnaire
summaries in addition to dialogue excerpts and
music-profile metadata, so its ratings are not fully
independent of the quantitative outcomes reported
in the user studies. In addition, our blind check fo-
cused on explicit condition-identifying strings and
cannot rule out more subtle structural cues in the
input representation. We therefore treat the LLM-
judge results as a structured qualitative audit rather
than as independent evidence of condition-level
user benefit. Future work should use independently
validated human judgments, listening studies, or
judge protocols that exclude outcome summaries
and better control condition-specific metadata. We
will also evaluate open-source LLMs, validated ex-
perience measures, and standardized non-clinical
prompts to improve reproducibility.

9 Ethics Statement

No formal institutional IRB/REB approval was ob-
tained for this pilot demonstration study. Study
1 used a written recruitment notice that described
the two-session protocol, session length, and opera-
tional instructions; it did not include a formal writ-
ten consent form, explicit pre-participation exclu-
sion criteria, or crisis-support resources. For Study
1, several mitigating factors reduced potential ethi-
cal risk in the absence of a formal consent form: (a)
the recruitment notice explicitly framed the study
as a research prototype of an Al-guided music ex-
perience; (b) participation was voluntary and could
be terminated at any time by closing the browser
or ending the session; (c) no direct personally iden-
tifying information was requested, and participant
identifiers are pseudonymous 7-character system-
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generated codes with no mapping to real-world
identities; (d) individual sessions were designed to
last approximately 15-25 minutes, though actual
duration varied with participant interaction; and (e)
no adverse experience was spontaneously reported
to the research team during the study. These fac-
tors do not substitute for a formal consent process,
and Study 2 was designed specifically to address
the procedural gaps identified in Study 1. Study 2
introduced a written informed consent form that ex-
plicitly stated the non-clinical, research-prototype
nature of the system; pre-participation exclusion
criteria (current treatment for depression or anxiety,
severe recent distress or self-harm ideation within
three months, history of dissociative or psychotic
symptoms, and current medications affecting mood
or consciousness); an explicit right to withdraw
at any point with optional deletion of collected
data; and crisis-support hotline resources embed-
ded in the consent form. Participants in both stud-
ies were informed that the study collected pre/post
questionnaires, dialogue logs, and session meta-
data, and that no personally identifying content
was required. Participant identifiers are pseudony-
mous 7-character strings; questionnaire records
are stored separately from dialogue logs, keyed
by pseudonymous ID. Raw data are retained for
5 years for research verification purposes and are
not publicly released; only aggregate analytical out-
puts (means, standard deviations, effect sizes, and
exploratory Al-evaluation summaries) accompany
this paper. Participants were free to withdraw at
any time. GIMFlow is a technology demonstration
and research prototype, not a clinical intervention
or therapeutic service. It is not a substitute for pro-
fessional mental-health care. The released system
prompts (Appendix A) explicitly frame the sys-
tem as GIM-inspired well-being facilitation rather
than therapy. The deployed system used therapist-
oriented wording, whereas the released prompts
(Appendix A) use non-clinical facilitator terminol-
ogy, so participant responses may not fully gener-
alize to the released wording.
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A Released Prompt Excerpts

Prompts below are public-release versions (non-

clinical facilitator wording); deployed versions
used therapist-oriented wording (§8).
A.1 Base system prompt (release version).

You are a GIM-inspired well-being facilitator supporting a participant through
a four-phase session: Prelude (elicit current state and focus theme), Induction

(scaffold entry into imagery), Music & Imaging (invite the participant to
listen and describe arising imagery), Postlude (integrate the experience)
Between turns, silently return a state tag <STATE>{phase_name}</STATE>.
This session is a research demonstration, not clinical care.

A.2 Music blueprint generation prompt (GIM-

Flow condition, excerpt).

Given focus theme, current VA (v, a), target VA
(v', a'), and the 4-waypoint sequence, return a
JSON blueprint with keys: tempo_bpm, key,
time_signature, duration_seconds, harmonic_language,
melodic_motion, dynamic_curve, texture,
instrument_roles, and a 4-item structure array.
Each item: {name, bars, character, section_index
(0-3), waypoint_index (©-3), waypoint_va {v, a}}.

A.3 VA estimation prompt (excerpt).

Given the dialogue so far, estimate the participant's current
valence-arousal (both in [-1.0, +1.0]) and produce a target VA
consistent with the stated concern. Return ONLY a JSON object:
{
"current_state_va": {"valence": 0.0,
"target_state_va": {"valence”: 0.0,
"focus_theme": "short string”,
"rationale”: "brief string”
}

Continuous values preferred; near-zero if ambiguous.

"arousal”: 0.0},
"arousal”: 0.0},

A.4 Baseline music-retrieval prompt (excerpt).

You are a music-selection facilitator. Translate the
participant's current focus into structured retrieval
criteria. Return ONLY JSON with keys: tempo_preference
("slow”|"medium”|"fast"), dynamics_preference ("soft"”
| "moderate” | "intense”), mood_keywords (array from DB
mood options), genre_keywords (array from DB genres),
avoid_keywords (elements to avoid).

The remaining prompts (state classification prompt,
phase-specific dialogue prompts, and music-
metadata injection template) are released with the
code (§4). The VA estimation prompt requests
continuous valence and arousal values in [—1, +1]
(rather than a categorical label), together with a
short natural-language focus theme and a brief
rationale. Exploratory LLM-judge utilities and
prompts are also included in the repository for
transparency, but the judge analysis is interpreted
only as a structured qualitative audit.

B Session Logging Schema

Field group Representative fields Purpose

identifiers user_id, session_id,
condition, condition_order,

session_number

Session provenance

pre/post ques- pre_sam, post_sam, Paired affective

tionnaires pre_panas, post_panas measures

dialogue log conversation_log (turn: role, Phase-labeled dia-
phase, content, timestamp) logue

VA + music current_state_va, Planner + music

. target_state_va,

waypoint_sequence,
music_sequence

usability + TX sus_score, tx_items Post-experiment

status completion_status,

session_duration_seconds

Bookkeeping

Table 3: Session JSON top-level field groups.

GIMFlow sessions add generation_params with
the LLM blueprint; Baseline sessions add
retrieval_keywords and emotion_label, with
track-level VA null. Full definitions, an example
session, exploratory analysis utilities, demograph-
ics, and questionnaire items (SAM (Bradley and
Lang, 1994), PANAS (Watson et al., 1988), SUS
(Brooke, 1996), TX) are in the repository (§4).

C Study 2 Full SAM/PANAS Table

Baseline A

+1.20 £ 0.79
+0.20 £ 2.10

GIMFlow A

+1.50 £ 1.35
+0.90 £+ 3.21

Measure

SAM Valence
SAM Arousal
PANASPA  +520+4.73 +4.20£7.32 —0.10 .80
PANAS NA —2.10 +£2.56 —3.30 +4.45 —0.30 .43

Table 4: Study 2 paired SAM/PANAS changes (within-subject,
N=10).

d p

+0.20 .47
+0.30 .53

D LLM Judge Configuration and
Criterion Results

Setting Value

Judge model Claude Sonnet 4.6

Temperature 0

Max output tokens 2048

Retry policy up to 3 attempts on parsing failure

Position swaps A/B evaluated per participant pair

Output format JSON with 5-criterion ratings + winner + confidence

Table 5: LLM judge configuration used for the exploratory
structured qualitative audit in §5.
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Study 1 Study 2
Criterion G B A G B A

Emot. alignment 3.50 3.20 +0.30 3.70 3.35 +0.35
Facil. coherence 3.48 3.41 +0.07 3.60 3.50 +0.10
Music-profile align. 3.57 3.09 +0.48 3.65 3.30 +0.35

Engagement 3.39 3.26 +0.13 3.45 3.35 +0.10
Safety 4.11 393 +0.17 4.10 4.00 +0.10
Overall 3.61 3.38 +0.23 3.70 3.50 +0.20

Table 6: Exploratory blind pairwise LLM-judge 5-criterion
means (5-point scale). Criterion-level means descriptively fa-
vor GIMFlow, but Study 1 overall win counts were tied; these
ratings are reported as a structured qualitative audit rather than
independent evidence of condition-level user benefit.

E Extended Case Study Details

Session  identification. Participant
P408J7U, Session 1 (GIMFlow condition),
condition_order = [kimusic, baseline], session
duration = 21.9 min.

Pre/post questionnaires. Pre SAM (V, A) = (2,
2); Post = (6, 6). Pre PANAS (PA, NA) = (16, 37);
Post = (25, 25); APA =+9, ANA = —12.
Planning and blueprint. Focus theme (trans-
lated from Chinese): “tension under academic pres-
sure”. VA trajectory (—0.6, 0.35) — (—0.317,
0.15) — (—0.033, —0.05) — (0.25, —0.25) maps
onto four blueprint sections orientation, transi-
tion, development, target alignment, with matching
waypoint_va.

F Therapy Experience Questionnaire
Items

The custom 6-item Therapy Experience (TX) ques-
tionnaire was administered once after both condi-
tions were completed. Each item was rated on a
7-point Likert scale (1 = strongly disagree, 7 =
strongly agree). Items were designed to capture
different facets of the session experience relevant
to a GIM-inspired workflow, but the instrument
is not psychometrically validated (§8). T1 (Em-
pathy): “I felt the system understood my emo-
tional state during the session.” T2 (Music match):
“The music generated or selected during the ses-
sion matched what I was feeling.” T3 (Imagery
facilitation): “The session helped me notice or
explore mental images and inner experiences.” T4
(Interpretation quality): “The system’s responses
reflected what I actually shared, rather than generic
replies.” TS5 (Flow / comfort): “The overall ses-
sion flow felt smooth and comfortable.” T6 (Reuse
intention): “I would consider using this kind of
system again in the future.” The TX mean reported
in §5 is the per-participant mean of the six item

SCOres.

G Split of Post-Experiment Scores by
Second-Session Condition

Descriptive only.  SUS/TX are single post-
experiment measures collected after both con-
ditions, so this split cannot be interpreted as
condition-specific preference; pattern is more con-
sistent with recency/ordering than with condition-
level judgment.

Study 1 (N=22) Study 2 (N=10)

Measure B-as-S2 (n=11) G-as-S2 (n=11) B-as-S2 (n=6) G-as-S2 (n=4)
SUS score 75.00 £+ 18.23  71.59 £ 20.13 77.92 + 14.95 70.63 £+ 13.75
TX mean 6.02 £+ 0.53 5.68 +1.21 5944070 4.83 £0.97
T1 Empathy 6.00 £ 0.89 5554+ 1.29 6.00 +0.89  4.75 £ 0.96
T2 Music match 591 £ 1.04 591+ 145 6.17 £ 0.75 4.75 £ 0.96
T3 Imagery 6.27 £ 0.65 555+ 1.04 6.17 £ 0.75 4.75 £ 1.50
T4 Interpretation ~ 5.91 £ 0.83 536 + 1.57 5.50 &+ 1.05 4.75 + 0.96
TS5 Flow 6.09 £ 1.04 582+ 1.25 5.83 +£0.75 5.00 £ 1.15
T6 Reuse 591 £ 1.45 591+ 145 6.00 £ 1.55 5.00 £ 1.41

Table 7: Split of post-experiment SUS/TX scores by which
condition was the second session.

In both studies, participants with GIMFlow as
second session report descriptively lower post-
experiment scores. Condition-focused interpreta-
tion therefore relies primarily on paired pre/post
SAM/PANAS (§5), and post-experiment SUS/TX
splits should be read only as descriptive order-
related patterns.

H Participant Characteristics

Background survey completed by 21 of 23 Study 1
participants (PTL622R submitted but did not com-
plete both sessions; PGFW2QK/PSD7IQP com-
pleted sessions without submitting survey) and all
10 Study 2 participants. Both studies drew from
young Chinese undergraduates.

Characteristic Category S1 (N=21) S2 (N=10)
Age 18-24 19 (90.5%) 10 (100%)
25-34 2(9.5%) 0 (0%)
Gender Male 9 (42.9%) 2 (20%)
Female 12 (57.1%) 8 (80%)
Education UG in progress 18 (85.7%) 9 (90%)
UG completed 2(9.5%) 1 (10%)
MSc in progress 1(4.8%) 0 (0%)
Music training Never 16 (76.2%) 6 (60%)
<lyr 4 (19.0%) 2 (20%)
1-3yr 1(4.8%) 2 (20%)
Prior music-therapy Never 14 (66.7%) 7 (70%)
Occasionally 6 (28.6%) 3 (30%)
Multiple times 1 (4.8%) 0 (0%)

Table 8: Participant demographic distributions across both
studies. Study 1’s survey offered only Male/Female for gender.
Study 2’s survey added Non-binary/Other and Prefer-not-to-
say options, but no participants selected those categories.
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