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Figure 1. SyntheticManga achieves a strong balance between character consistency and prompt alignment, producing diverse imagery
that follows the artistic and evolving storylines of the input prompt. Notably, consistent characters are not limited to humans but extend to

a wide range of entities.

Abstract

Synthesizing visually consistent characters across sequen-
tial frames is a fundamental yet largely unsolved challenge
in manga generation, where practitioners must navigate
a critical trade-off between preserving character identity
and faithfully adhering to textual prompts. We introduce
SyntheticManga, a training-free framework that reconciles
this tension through a principled, phased control strategy
over the diffusion sampling trajectory. In the high-noise
phase, we propose Boltzmann Fourier Guidance (BFG)—
to our knowledge, the first application of Boltzmann dis-
tribution principles to the character-consistency problem—
which constructs a probabilistic fusion mask derived from
spectral feature drift to adaptively inject structural infor-
mation from a reference image. In the subsequent mid-
noise phase, our Adaptive Drift Modulator (ADM) lever-
ages classical PID control theory to continuously minimize
the L, drift between noise predictions, thereby enabling
fine-grained identity correction. Extensive experiments on
the ConsiStory+ benchmark demonstrate that Synthetic-
Manga achieves state-of-the-art performance, attaining a
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superior balance between identity consistency and prompt
fidelity compared to existing methods.

1. Introduction

Large-scale text-to-image diffusion models have fundamen-
tally transformed digital content creation, catalyzing a surge
of interest in automated visual narrative generation—a do-
main that demands not only high-fidelity image synthe-
sis but also profound coherence and consistency across
a sequence of images. Among visual storytelling forms,
manga presents a singularly complex challenge that remains
largely unaddressed by contemporary generative frame-
works: its distinctive artistic style, intricate panel layouts,
and deep emphasis on expressive character arcs create rela-
tional and sequential demands that far exceed the capabili-
ties of models designed for isolated image generation.

A central obstacle in manga synthesis is main-
taining character consistency. State-of-the-art diffu-
sion models frequently fail to preserve a character’s
identity—encompassing facial features, attire, and overall



appearance—across panels depicting varied poses, expres-
sions, and actions. Conventional methods for enforcing
identity confront a difficult consistency-alignment trade-
off: approaches that rigidly enforce identity stifle prompt-
driven actions or emotions, yielding static, lifeless char-
acters, whereas methods that prioritize prompt alignment
erode the character’s core identity, populating the narrative
with seemingly different individuals.

Prior work spans two broad categories. Training-based
methods such as DreamBooth [12] and textual inversion [6]
fine-tune models to learn a new concept for a specific char-
acter; however, they are computationally expensive, require
per-subject optimization, and carry the fatal downside of
potentially altering the original artistic style of the refer-
ence image, often degrading its visual qualities. Training-
free methods offer greater efficiency yet introduce distinct
trade-offs: StoryDiffusion [18] struggles to maintain iden-
tity when the generated panel’s aspect ratio deviates from
the reference, while concatenation-based approaches such
as One-Prompt-One-Story [10] can produce over-similar re-
sults and generate rigid, “pasted-on” images, particularly
when the prompt specifies large spatial features. Moreover,
such approaches suffer from what we term prompt poison-
ing, whereby textual tokens corresponding to one frame’s
attributes exert undue influence on subsequent frames, com-
promising textual alignment.

To address these limitations, we propose Synthetic-
Manga, a three-phase, training-free framework for layout-
aware, multi-character manga generation. Our foundational
insight is that robust character consistency is best achieved
through phased control of the denoising process—front-
loading identity anchoring in the early, high-noise stages
and then systematically relaxing constraints to permit ex-
pressive, prompt-driven detail. The framework comprises
two primary novel contributions:

1. Boltzmann Fourier Guidance (BFG): Operating in the
initial high-noise phase (¢ > Tphase1), BFG imprints the
fundamental structural identity of the reference charac-
ter. To our knowledge, this is the first work to involve
the Boltzmann distribution from statistical mechanics in
the context of identity-preserving image generation. We
formulate a feature drift error £ based on the spectral
difference between current and reference feature maps;
this error informs a probabilistic mask, P o< e~ /T that
adaptively modulates the fusion of frequency compo-
nents, ensuring strong yet flexible structural resonance.

Adaptive Drift Modulator (ADM): As another center-
piece of our framework, the ADM operates in the mid-
noise phase (Tphasez < t < Tphaset). We apply the
Proportional-Integral-Derivative (PID) control theory di-
rectly to the feature space of a diffusion model for iden-
tity preservation. The ADM functions as a feedback
loop, measuring the L; drift between noise predictions
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of the current and reference latents and applying a con-

tinuous, corrective force to the generation trajectory.

In a final refinement phase (t < Tppase2), all reference in-
jections are strategically zeroed out, allowing the model to
synthesize fine-grained details without over-similarity.

Our contributions are threefold: (i) a novel, end-to-end
training-free framework that jointly addresses layout com-
plexity and robust multi-character consistency; (ii) BFG
and ADM, which establish a new paradigm for control-
lable generation grounded in principles from statistical me-
chanics and control theory; and (iii) extensive experiments
demonstrating state-of-the-art performance on the ConsiS-
tory+ benchmark, a finding corroborated by decisive pref-
erence in user studies.

2. Related Work

Consistent Generation. Achieving consistent character
identity across generated images without costly fine-tuning
remains a pivotal challenge in generative modeling. Con-
siStory [14] introduces a Subject-Driven Self-Attention
(SDSA) block that enables cross-frame attention to subject-
specific patches, though its reliance on masking can limit
diversity and yield a “pasted-on” appearance. StoryDiffu-
sion [18] is similarly constrained, struggling with multi-
character interactions and exhibiting brittleness when panel
aspect ratios deviate significantly from the reference, lead-
ing to quality degradation. MasaCtrl [3] targets editing
rather than narrative variation—a focus ill-suited for the
diverse poses and expressions essential in manga. One-
Prompt-One-Story [10] exploits the inherent context consis-
tency of text encoders; while clever, it suffers from what we
term prompt poisoning, where textual tokens corresponding
to one frame’s attributes impose unintentional influence on
subsequent frames, sacrificing textual alignment. It is also
prone to generating rigid, pasted-looking images, especially
when the prompt specifies large spatial features intended to
dominate the generated image.

Training-based approaches such as DreamBooth [12] of-
fer robust identity preservation via subject-specific fine-
tuning but are computationally demanding and carry the fa-
tal downside of potentially corrupting the model’s learned
style priors, often downgrading visual quality and artis-
tic integrity. IP-Adapter [17] injects image features via
cross-attention, yet often trades identity preservation for
prompt alignment. More recent transformer-based mod-
els like FLUX.1 Kontext [1] demonstrate powerful gen-
erative capabilities but require pre-training on billions of
images, making them inaccessible for broad adaptation.
In our experiments, FLUX further exhibits limitations in
fine-grained prompt alignment, struggling to render spe-
cific compositions such as diverse viewpoints such as side
views and bird’s eye views. A critical limitation for narra-
tive generation is its tendency to resize inputs to an internal



preferred resolution, thereby disregarding the precise panel
layouts essential for manga storytelling. In contrast, Syn-
theticManga is training-free and implements phased con-
trol along temporal denoising, embedding physics-inspired
mechanisms directly into the generation process. This pro-
vides adaptive, phase-wise regulation of both identity and
spatial layout—without masking, iterative refinement, or
rigid prompt concatenation—enabling higher identity con-
sistency while maintaining the expressive flexibility critical
for manga storytelling.

Manga and Layout Generation. Manga synthesis
poses unique challenges due to its complex panel layouts
and distinct visual grammar. DiffSensei [15] integrates
Multimodal Large Language Models (MLLMs) for fine-
grained character control but requires specialized adapters
and training, and suffers from severe image-quality degra-
dation. MangaDiffusion [4] employs transformer-based
blocks for panel coherence yet also relies on a trained model
and heavily sacrifices visual quality. Our framework di-
verges by utilizing the training-free LayoutPrompter [9],
which leverages the MangaZero dataset in a retrieval-and-
composition manner, granting the ability to generate di-
verse, narratively coherent page layouts without the compu-
tational overhead and architectural modifications of trained
layout models, thereby preserving flexibility and efficiency.

Control Theory and Statistical Mechanics in Gen-
erative Models. Integrating classical control principles
into deep generative models is a sophisticated and emerg-
ing frontier. Proportional-Integral-Derivative (PID) con-
trollers [19] are foundational in control systems for min-
imizing the error between a measured variable and a
desired setpoint while ensuring robustness and stability.
Prior works such as RCDM [16] and optimal control per-
spectives on diffusion-based models [2] explore control-
theoretic ideas to guide stochastic generation; however, to
our knowledge, SyntheticManga’s Adaptive Drift Modu-
lator (ADM) is the one of the pioneers to apply a PID-like
loop directly in the feature space of a diffusion model for
identity preservation. By treating character identity as the
setpoint and feature-space divergence as the error, the ADM
enables adaptive, fine-grained control that corrects past de-
viations and anticipates future drift, offering a more robust
and flexible alternative to static attention mechanisms.

We further draw a novel conceptual parallel from statis-
tical mechanics. The Boltzmann distribution [13] models
the probability of a system occupying a state as a function
of that state’s energy; we posit that our work is the first
to operationalize this principle for identity-preserving im-
age generation. Our Boltzmann Fourier Guidance (BFG)
uniquely re-contextualizes feature-space alignment error as
asystem’s “energy,’ yielding a physics-inspired, probabilis-
tic mechanism that adaptively modulates identity injection
in the frequency domain—establishing it as another center-
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piece of our framework’s innovation alongside the ADM.

3. Method

We present our training-free manga generation framework,
which combines layout generation with a multi-phase de-
noising process to ensure prompt-adherent character con-
sistency. Input prompts for each manga panel are obtained
either from raw user inputs or LLM-generated results. We
employ LayoutPrompter [9], a training-free retrieval-and-
composition module, to generate page layouts from a story
description. Leveraging the MangaZero dataset [15], Lay-
outPrompter analyzes narrative requirements such as char-
acter count and scene transitions, retrieves analogous lay-
outs, and composes new page structures. The output pro-
vides precise panel coordinates along with bounding boxes
for characters and dialogue, serving as a structural guide for
subsequent image generation. This training-free approach
enables diverse, conventional manga layouts without costly
fine-tuning or architectural modification.

The core of our contribution to identity preservation is
a multi-phase generation process that dynamically manages
the influence of a reference character image throughout de-
noising (Figure 2), ensuring robust identity replication in
the early, formative phases while allowing prompt-driven
flexibility and refinement in later phases.

3.1. Phase 1: Boltzmann Fourier Guidance (BFG)

Motivation and Theoretical Grounding. In the initial
high-noise timesteps ({ > Tphaser), the latent tensor z; is
largely stochastic and lacks coherent structure. The primary
objective is to imprint the fundamental visual identity of the
reference character without rigidly overwriting the nascent
structure, which would stifle prompt-driven variation. This
requires guidance that is strong when generated and refer-
ence structures align yet gracefully attenuates as they di-
verge, preventing artifact introduction.

We model reference-feature fusion as a probabilistic pro-
cess by drawing from the mathematical structure of the
Boltzmann distribution, which provides a principled way to
define a probability distribution over a set of states based
on their “energy.” In our context, a “state” is the configura-
tion of the current feature map, and we define its “energy”
E(t) as a metric of its structural dissimilarity from the ref-
erence feature map. A low-energy state corresponds to high
structural alignment, making it a high-probability state that
should be strongly reinforced. The exponential form of the
Boltzmann distribution (P e~ £/kT) is chosen for its spe-
cific mathematical properties, which are ideally suited to
this problem:

1. Adaptive, Non-Linear Scaling. It provides a non-
linear mapping where guidance strength is high (approach-
ing 1) for low-dissimilarity states but decays smoothly and
rapidly as dissimilarity increases. This ensures that only
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Figure 2. The pipeline of SyntheticManga. Top shows the overall pipeline; bottom is a detailed illustration of the per-panel generation
loop. In the top figure, the process in the box labeled “Panel Post-Processing” adds dialog bubbles onto the generated manga panels. In the
bottom figure, the blue box represents the “zero-out” operation. Please zoom in for details.

well-aligned reference features are fused, while poorly-
aligned features, which would likely cause artifacts, are
suppressed.

2. Principled Control. The temperature hyperparame-
ter 1" provides a theoretically grounded “knob” to control
sensitivity: a low T creates a stricter filter accepting only
states with very high alignment, while a higher 7" allows
softer, more permissive fusion.

This probabilistic framework provides a robust theoret-
ical foundation for adaptively guiding the early stages of
diffusion, moving beyond heuristic or empirically-tuned
blending factors.

Formulation. The BFG process unfolds in three steps at
each timestep ¢ in Phase 1:

1. Feature Drift as Energy. We define the drift error
E(t) by first transforming the intermediate feature maps
of the current latent, Fi,,, and the reference latent, Fi,
into the frequency domain via a 2D Fast Fourier Transform
(FFT). The error is then computed as one minus the cosine
similarity between the magnitudes of their respective low-
frequency components:

E(t) =1- COSfSim(U:low(Fcurr)L |~7:10w(F‘ref)D

where Fi,, denotes the low-pass filtered Fourier spectrum.
This metric effectively quantifies the structural dissimilar-
1ty.

2. Stochastic Mask Generation. The calculated error
E(t) informs a probabilistic scaling mask, Mgchastic> fOr
each channel of the feature map, governed by a temperature
hyperparameter 7":

The temperature 71" controls the mask’s sensitivity to the er-
ror, analogous to the “temperature” parameter in the origi-
nal formulation of the Boltzmann distribution.

B()

Mstochaslic (t) = exXp <_ T
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3. Spectral Fusion and Modulation. We hypothesize
that an effective guidance signal can be formed by fusing
the stable, low-frequency (structural) components of the
reference spectrum with the noisy, high-frequency (detail)
components of the current spectrum. This fused spectrum,
Fiused, 18 formulated as:

-Ffused = (]:(Fcurr) © Mhigh—pass) + (‘F(F‘ref) © Mow—pass)

This fused spectrum is then probabilistically applied via
element-wise multiplication with Mchastic, Which serves to
validate the fusion hypothesis: larger mask values exagger-
ate the fusion, while lower values discourage it. The result
is transformed back into the spatial domain via an inverse
FFT to yield the guided feature map, which replaces the
original in the UNet’s forward pass.

3.2. Phase 2: Adaptive Drift Modulator (ADM)

Motivation and Theoretical Justification. The text
prompt, via Classifier-Free Guidance (CFG), acts as a pow-
erful disturbance force that constantly pushes the generation
trajectory away from the reference character’s appearance,
causing an “identity drift”.. While the CFG force steers
the trajectory towards the target prompt manifold (e.g., “a
character reading a book™), our goal is to simultaneously
constrain it to the identity manifold represented by the ref-
erence character; the persistent CFG disturbance threatens
drift from this manifold, resulting in a loss of character con-
sistency. This frames our task as a classical problem of tra-
jectory regulation and disturbance rejection in a dynami-
cal system, for which the Proportional-Integral-Derivative
(PID) controller is a foundational and theoretically optimal
solution. The choice of a full PID controller is specifically
motivated by the need to address three distinct temporal
characteristics of the error:

1. Proportional (P) Term. Provides an immediate cor-
rective force proportional to the current drift.



2. Integral (I) Term. Eliminates steady-state error. A
persistent conflict between the prompt and the reference can
create a small but constant drift that a P-controller alone
cannot nullify. The I-term accumulates this past error over
time, amplifying the corrective action until the persistent
drift is eliminated.

3. Derivative (D) Term. Provides anticipatory control
and system damping. By responding to the error’s rate of
change, it anticipates future drift and smooths the corrective
action, preventing the overshooting and oscillations that can
manifest as visual artifacts when the guidance is too aggres-
sive.

Formulation. The ADM operates as a closed-loop feed-
back system at each timestep ¢ in Phase 2:

1. Drift Calculation. We precisely quantify the feature-
space drift d(t) using two noise predictions from the UNet
€g. The first, e, is the standard prediction for the cur-
rent latent z; conditioned on the target prompt Ciyrger. For
the second, we construct a noisy reference latent zr; by
adding the same amount of noise present in 2; to the clean
reference latent z o, then compute a parallel noise predic-
tion € for 2+ conditioned on a simple reference prompt
Cret. The drift is defined as the L; loss between these two
noise predictions:

d(t) = ||69(Zta t, Clarget) - €G(Zref,t7 t, C(ref)Hl

2. PID Control. This error signal d(t) is fed into the
discrete-time PID controller to compute a modulation factor
Mapm(t):

P(t) = Ky - d(t)

Ity =I(t—1)+ K; - d(¢)
D(t) = Kq- (d(t) —d(t—1))
Mapm(t) = 1.0+ P(t) + I(t) + D(¢)

where K,,, K;, and K are the proportional, integral, and
derivative gains, respectively.

3. Modulated Latent Blending. The modulation factor
Mapm(t) scales a predefined, linear base guidance schedule
G(t) to produce a final blending factor

final(t) = G(t) - Mapm(?)

This factor directly guides the current latent z; by blending
it with the noisy reference latent z.; before the scheduler
step:

Zé = (1 - aﬁnal(t)) - 2t + Offinal (t) * Zref,t

The standard denoising step is then performed using the
original noise prediction €ge applied to the corrected la-
tent z;, creating a subtle but powerful corrective nudge at
each step that steers the generation trajectory back towards
the reference identity manifold.
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3.3. Phase 3: Refinement and Zero-Out

In the final low-noise timesteps (t < Tppase2), We perform
a strategic zero-out of all reference injections. This is not
merely a cessation of guidance but an essential transfer of
control. The robustness of the identity anchoring performed
by BFG and ADM in the earlier, high-impact phases makes
continued intervention unnecessary and counterproductive.
By liberating the model from the rigid constraints of the
reference features, this phase allows the UNet to synthesize
fine-grained, high-frequency details dictated purely by the
text prompt, mitigating over-similarity and ensuring char-
acters integrate naturally into the scene.

3.4. Multi-Character Panel Synthesis

A common failure mode in multi-subject generation is
“character fusion,” where distinct identities bleed into one
another. We address this with a robust three-stage workflow.
First, each character specified in the prompt is generated
individually at high resolution using our full three-phase
pipeline, ensuring each possesses a strong, well-preserved
identity that serves as a reference for the final composite.
Second, their backgrounds are removed and the resulting
foregrounds are composited onto a single transparent can-
vas according to the panel’s layout coordinates. Third, this
composite canvas is used as the reference for a final gener-
ation pass that employs the full panel prompt containing all
characters, executed with intensified identity-preservation
hyperparameters to generate a new, prompt-aligned back-
ground while keeping the character appearances intact.

3.5. Hyperparameter Rationale

The choice of hyperparameters differs between the single-
character and the more demanding multi-character work-
flow. A longer duration for the identity-preserving phases
(achieved with smaller phase-ending timestep numbers)
leads to higher reference similarity. In the multi-character
workflow, the reference image is the carefully constructed
composite of already well-preserved characters, and the pri-
mary goal is to maintain their integrity with maximum fi-
delity while generating a new, coherent background. Ac-
cordingly, we employ stronger identity-preserving hyper-
parameters: the BFG and ADM phases are extended and
controller gains are intensified, ensuring robust identity sep-
aration and preservation against the strong, potentially con-
flicting influence of the complex background prompt.

4. Experiments

4.1. Experimental Setups

Comparison with SOTA Methods. We compare
our method against a suite of state-of-the-art training-
free consistent generation approaches—FLUX.1 Kontext,
One-Prompt-One-Story, StoryDiffusion, DiffSensei, and



Reference Prompts
[lily] a 20-year-old girl wearing casuals.
[navy] an asian therapist in a black sweater, beautiful,
sparkling eyes, short navy hair, kind, generous, gentle

ey
1

(1) a 20-year-old girl wearing casuals, smiling happily, side view, sitting in a counselling room, [lily], an asian therapist in a black sweater, beautiful, sparkling eyes, short navy hair, kind, generous,
gentle, talking happily, side view, "Have you been fecling any better?", sitting in a counselling room, [navy], a peaceful counselling room
(2) a 20-year-old girl wearing casuals, bird's eye view, upper body portrait, sitting in a counselling room, talking happily, "Yeah, ever since I used the Mood Diary method you taught me." [lily], a

peaceful counselling room

(3) a 20-year-old girl wearing casuals, side view, looking out at the window, talking peacefully, upper body portrait, sitting in a counselling room, talking with a gentle smile on her face, "I understood that
recovering from depression takes steps, rushing only worsens.”, [lily], a peaceful counselling room
(4) an asian therapist in a black sweater, beautiful, sparkling eyes, short navy hair, kind, gencrous, gentle, low angle, talking with a gentle smile on her face, "That's fabulous. It is indeed a key. Your
childhood must be a tough experience, I'm glad that you've overcome it.", sitting in a counselling room, [navy], a peaceful counselling room

(5) a 20-year-old girl wearing casuals, side view, upper body portrait, standing up from a chair, facing to the right, talking joyfully while waving her hands for a farewell [lily], a peaceful counselling

room

(6) an asian therapist in a black sweater, beautiful, sparkling eyes, short navy hair, kind, gencrous, gentle, back view, "What a resilient child... So good that she's out of it.", sitting in a counselling room,

[navy], a peaceful counselling room

SDXL(Baseline)

StoryDiffusion

DiffSensei

FLUX.1 Kontext Ours

Figure 3. Qualitative Comparison. Existing methods either enforce multiple characters to share the same appearance or fail to respect
non-human entities (e.g. clothes), leading to identity collapse or missing elements. In contrast, our framework maintains distinct character
identities, captures diverse poses and expressions, and preserves compositional and aesthetic coherence across all elements in the scene.

ConsiStory—as well as the base SDXL model as a perfor-
mance baseline. To ensure a comprehensive and challeng-
ing evaluation, we utilize 1000 prompts from the extensive
ConsiStory+ benchmark, as introduced by Liu et al. [10].

Evaluation Metrics. We employ CLIP-T [7] for prompt
alignment and DreamSim [5] for identity consistency,
which correlates strongly with human perceptual judgment.
To quantify visual quality, we also report the Fréchet Incep-
tion Distance (FID) [8].

4.2. Experimental Results

Qualitative Comparison. Qualitative comparisons in Fig-
ure 3 and Figure 6 illustrate the practical advantages of
our framework. Existing approaches often enforce multi-
ple characters to share the same appearance or fail to re-
spect non-human entities such as clothing, props, or non-
human characters, resulting in identity collapse or miss-
ing elements. In contrast, our framework maintains distinct
character identities, captures a richer diversity of poses and
expressions vital for narrative progression, and preserves
compositional and aesthetic coherence across all scene ele-
ments. Furthermore, it demonstrably produces images with
superior aesthetic appeal, balanced panel composition, and
coherent spatial relationships between characters and ob-
jects, ensuring that each generated scene faithfully repre-
sents individual character traits while maintaining the in-
tegrity of interactions and narrative context.

Quantitative Comparison. Figure 4 shows that our
method achieves state-of-the-art performance in balancing
identity preservation, textual alignment, and visual qual-
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Figure 4. Trade-off between identity preservation and prompt

alignment. Points near the upper-right indicate better balance; our
method achieves the best overall balance with the lowest FID, out-
performing other approaches.

ity, outperforming all compared approaches. Points closer
to the upper-right corner indicate a better balance between
identity preservation and prompt alignment; FID scores are
labeled on each method, and ours is closest to the upper-
right corner with the best FID.

User Study. To assess alignment with human perceptual



Table 1. User Study: Average Scores.

Criteria SDXL StoryDiffusion DiffSensei FLUX.1 Kontext Ours

Identity Preservation 3.2101 3.1176 2.3697 3.8559 3.9076
Prompt Alignment 2.8824 2.8571 2.3445 2.8644 3.8235
Image Quality 3.4622 3.2773 2.4538 3.4915 3.8151
Storytelling Ability 2.7563 2.6218 2.5462 2.9068 3.9160
Total Score 12.3110 11.8738 9.7142 13.1186 15.4622

judgment, we conducted a user study comparing Synthet-
icManga against SDXL, DiffSensei, FLUX.1 Kontext, and
StoryDiffusion. Twenty-four users evaluated each frame-
work based on a holistic assessment of identity preserva-
tion, prompt alignment, image quality, and storytelling abil-
ity. Table 1 tabulates the findings, revealing a decisive pref-
erence for SyntheticManga and confirming its substantially
better quality and alignment with human creative intent.

Ablation Study. Figure 4 and Figure 5 present our ab-
lation study validating the efficacy of each component. The
sole inclusion of the ADM yields a significantly stronger
DreamSim than both the baseline SDXL and every other
compared model, demonstrating the ADM’s strength even
when the BFG component is disregarded. Adding the
BFG together with the “zero-out” operation drastically im-
proves identity preservation and prompt alignment, drop-
ping DreamSim and boosting CLIP-T.

5. Conclusion

We introduced SyntheticManga, a training-free, multi-
phased framework that reconciles character consistency
with prompt alignment in manga generation by establishing
a new paradigm grounded in two physics-inspired mecha-
nisms: Boltzmann Fourier Guidance (BFG), which lever-
ages Boltzmann distribution principles for robust structural
imprinting, and the Adaptive Drift Modulator (ADM),
which applies PID control theory to dynamically correct
feature drift. This phased approach, culminating in a strate-
gic zero-out of guidance, secures character identity in the
early diffusion stages while preserving creative flexibility
for prompt-driven details. Extensive experiments confirm
state-of-the-art performance, outperforming existing meth-
ods on the ConsiStory+ benchmark and in qualitative user
studies, demonstrating the significant potential of applying
principles from control theory and statistical mechanics to
generative Al as a robust and scalable solution for narrative
synthesis.
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