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Abstract

Generating images from rhetorical languages
remains a critical challenge for text-to-image
models. Even state-of-the-art (SOTA) multi-
modal large language models (MLLM) fail to
generate images based on the hidden meaning
inherent in rhetorical language—despite such
content being readily mappable to visual repre-
sentations by humans. A key limitation is that
current models emphasize object-level word
embedding alignment, causing rhetorical ex-
pressions to steer image generation towards
their literal visuals and overlook the intended
semantic meaning. To address this, we propose
Rhet2Pix, a framework that formulates rhetor-
ical text-to-image generation as a multi-step
policy optimization problem, incorporating a
two-layer MDP diffusion module. In the outer
layer, Rhet2Pix converts the input prompt into
incrementally elaborated sub-sentences and ex-
ecutes corresponding image-generation actions,
constructing semantically richer visuals. In the
inner layer, Rhet2Pix mitigates reward spar-
sity during image generation by discounting
the final reward and optimizing every adjacent
action pair along the diffusion denoising tra-
jectory. Extensive experiments demonstrate
the effectiveness of Rhet2Pix in rhetorical text-
to-image generation. Our model outperforms
SOTA MLLMs such as GPT-5.1, Grok-3, and
leading academic baselines, across both qualita-
tive and quantitative evaluations. The code and
dataset used in this work are publicly available
at: https://anonymous.4open.science/r/
Rhet2Pix-2D52/.

1 Introduction

Rhetorical language infuses text with vivid sen-
sory and imaginative depth, and visualizing linguis-
tic metaphors amplifies multimodal understanding
while deepening engagement with rhetorical ex-
pression (Chakrabarty et al., 2023). Advanced text-
to-image models offer a promising approach for
this visualization task. Models such as GPT-5.1

(OpenAl et al., 2024), DALL-E 3 (Betker et al.,
2023), Stable Diffusion (Rombach et al., 2022b),
and Imagen (Saharia et al., 2022) are capable of
generating highly realistic images from textual in-
put. However, these models often prioritize general-
purpose generation and may struggle with captur-
ing the abstract and figurative nature of rhetori-
cal expressions. Rhetorical language visualization,
framed as a task-specific text-to-image generation
problem, can benefit from reinforcement learning
(RL), which is increasingly used to fine-tune diffu-
sion models for specialized generative objectives
(Black et al., 2024; Fan et al., 2023; Hu et al., 2025;
Lee et al., 2023a; Prabhudesai et al., 2024; Wal-
lace et al., 2023; Xu et al., 2023). Recasting the
denoising process in diffusion models as a Markov
Decision Process (MDP) enables the application of
RL and policy optimization to achieve task-specific
generative objectives. (Kaelbling et al., 1996; Rom-
bach et al., 2022b; Wang et al., 2023).

Despite recent progress, generating faithful visu-
alizations of rhetorical expressions remains a signif-
icant challenge. Existing text-to-image models typ-
ically encode input text as a guiding condition for
image generation, treating individual words as dis-
crete visual components. While this approach en-
ables the image generation of recognizable objects
and attributes, it results in fragmented visuals that
fails to capture the compositional semantics and
figurative structures essential for rhetorical mean-
ing. Even models with strong language capabilities,
such as GPT-5.1, are limited by this overly strict
alignment between text and image, often produc-
ing unnatural fusions of subject and metaphorical
vehicle that distort the intended interpretation.

To build a high-quality text-to-image model for
rhetorical language, we propose Rhet2Pix. Inspired
by the incremental process by which a painter de-
velops a scene, Rhet2Pix models rhetorical image
generation as a multi-step, two-layer Markov Deci-
sion Process (MDP), as illustrated in Figure 1. In
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Figure 1: Rhet2Pix framework. Our approach formulates rhetorical image generation as a two-layer Markov

Decision Process.

the outer layer, the input rhetorical prompt is pro-
gressively decomposed into a sequence of seman-
tically enriched sub-prompts, guiding step-wise
image generation that incrementally refines the vi-
sual scene. In the inner layer, Rhet2Pix models
the denoising process of the diffusion model as
a trajectory of actions and addresses the sparse
reward problem by discounting the final reward
along this trajectory, enabling fine-grained policy
optimization over consecutive action pairs. To fa-
cilitate learning across both layers, we introduce
a rhetorical-specific reward function that jointly
evaluates semantic alignment and visual element
consistency.

To summarize, we make the following key con-
tributions:

* To the best of our knowledge, our work is the
first to identify the misalignment issue in rhetor-
ical text-to-image generation and trace its root
cause: the word embedding of the vehicle object
introduces a bias that leads the model to gen-
erate its literal visual counterpart. This creates
a counter-effect — stronger object-level corre-
spondence results in images that deviate further
from the intended semantic meaning. This is-
sue highlights a fundamental limitation in cur-
rent MLLMs, which predominantly depend on
surface-level text—image similarity.

* Our Rhet2Pix framework formulates rhetorical
image generation as a multi-step policy optimiza-
tion problem based on a two-layer Markov De-
cision Process (MDP), progressively generating
images that reflect the intended rhetorical mean-
ing. In the outer layer, it incrementally converts
the input into semantically enriched prompts to
guide progressive visual refinement, while in the
inner layer, it optimizes adjacent denoising steps
in the diffusion process using discounted rewards
to address the challenge of reward sparsity.

* In the rhetorical image generation task, Rhet2Pix
outperforms state-of-the-art academic baselines
and leading MLLMSs such as GPT-5.1 and Grok-
3, demonstrating superior performance in both
qualitative and quantitative evaluations.

2 Related work

Rhetoric research. Current research on rhetori-
cal language mainly focuses on natural language
processing tasks (Chakrabarty et al., 2021; Veale,
2016; Chakrabarty et al., 2022a), particularly the
detection and interpretation of metaphors (Gong
et al., 2020; Leong et al., 2018; Tsvetkov et al.,
2014). Studies that bridge rhetorical text and im-
age generation are limited. Akula et al. (2023)
introduced the MetaCLUE framework for iden-
tifying metaphorical concepts in images, while



Chakrabarty et al. (2023) explored the integration
of large language models with diffusion models for
metaphor understanding. Despite these advances,
a clear gap remains in generating images that ac-
curately reflect the underlying semantics of rhetor-
ical input. Our method addresses this challenge
by generating images that align with the intended
rhetorical meaning and accurately represent key
semantic elements.

Automated prompt construction. Automatically
transforming user input into effective prompts is
essential for building high-performing and user-
friendly text-to-image generation systems (Xie
et al., 2023). Traditional approaches—ranging
from hand-crafted templates (Dai et al., 2021;
Petroni et al., 2019), to interactive refinement tools
(Brade et al., 2023; Feng et al., 2023; Liu and
Chilton, 2022), and prompt optimization via re-
inforcement learning or genetic algorithms (Gao
etal., 2023; Hao et al., 2023; Mo et al., 2024)—rely
heavily on expert intervention and iterative tuning,
thereby limiting scalability and hindering full au-
tomation. Recent advancements in large language
models (LLMs) have enabled autonomous seman-
tic decomposition (Yang et al., 2024), task planning
(Dai et al., 2024; Rana et al., 2023), and structured
scene layout (Prasad et al., 2024) in multimodal
tasks, opening new possibilities for more efficient
text-to-image prompt construction. Building on
these developments, our method leverages LLMs
to automatically convert rhetorical inputs into a
sequence of staged prompts with progressively en-
riched semantic content, providing structured guid-
ance for stepwise image generation.
Text-to-image generation. In recent years, diffu-
sion models (Ho et al., 2020; Sohl-Dickstein et al.,
2015) and autoregressive models (Tian et al., 2024;
Jiang et al., 2025; Sun et al., 2024) have gained
significant attention for their outstanding perfor-
mance in text-to-image generation. Compared to
autoregressive models, diffusion models excel in
generating high-quality and diverse images (Bat-
zolis et al., 2021; Ho et al., 2022; Ramesh et al.,
2021; Rombach et al., 2022a). By refining random
noise through multiple denoising steps, diffusion
models produce more coherent images that better
align with the input text (Black et al., 2024; Hu
et al., 2025). This method has quickly become the
dominant framework for text-to-image generation
(Betker et al., 2023; Saharia et al., 2022; Zhang
et al., 2023; Yang et al., 2025).

Reinforcement Learning for Text-to-Image Gen-

eration. Despite advancements in diffusion mod-
els, aligning generated images with the complex se-
mantics of input text remains challenging. Several
studies have framed the denoising process of diffu-
sion models as a reinforcement learning (RL) prob-
lem (Black et al., 2024; Fan et al., 2023; Hu et al.,
2025; Lee et al., 2023a; Prabhudesai et al., 2024;
Wallace et al., 2023; Xu et al., 2023), enabling
fine-tuning to better align outputs with human pref-
erences (Lee et al., 2023b; Zhang et al., 2024) and
semantic intent (Dong et al., 2023; Huang et al.,
2023). A key issue with RL-based diffusion mod-
els is reward sparsity, where feedback is only given
after the full image is generated, leading to high
gradient variance and slow convergence (Arriola
et al., 2025). Recent solutions, including progres-
sive backward training and branch-based sampling,
have aimed to address this (Hu et al., 2025). Our ap-
proach further reduces reward sparsity by discount-
ing the final reward across the diffusion trajectory
and optimizing each adjacent action pair.

3 Preliminaries

Text-to-image diffusion models. The diffusion
process consists of two stages: the forward process
and the reverse process. In the forward process,
the image x( is gradually corrupted into pure noise
xT over T steps, by adding Gaussian noise at each
step. The reverse process generates an image from
pure noise by iteratively denoising, conditioned on
a textual description c. It is parameterized by a
neural network py (%, c,t), predicting the noise
e that transforms x( to x7. Sampling starts from
xr ~ N(0,I) and generates denoised samples
iteratively (Ho et al., 2020; Song et al., 2020).
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where g is predicted by a diffusion model pa-
rameterized by 6, and o; is the fixed timestep-
dependent variance.
Markov decision process and reinforcement
learning. The denoising process in diffusion mod-
els can be viewed as a Markov Decision Process
(MDP), formulated as a sequential decision-making
problem. We define an MDP (S, A, Py, P, R) with
states s € S, actions a € A, initial state dis-
tribution Py, transition probabilities P, and re-
ward R. At each timestep ¢, the agent (e.g., dif-
fusion model) observes state s; € S, selects ac-
tion a; ~ mp (a; | s¢) € A, transitions to the next
state s¢g11 ~ P (st41 | 8¢, a¢), and receives reward



R (s¢,ar). As the agent interacts with the MDP,
it generates a trajectory: a sequence of states and
actions 7 = (sg, ag, s1, a1, ..., Sr,ar). The goal
of Reinforcement Learning (RL) is to maximize
expected cumulative reward from trajectories sam-
pled according to its policy.

JrL(T9) =

Erp(rimo)

T
Z St, at

t=0

where the policy 7y parameterized by 6 defines
the action selection strategy and 6 is updated by
gradient descent.

4 Rhet2Pix framework

In this section, we introduce the Rhet2Pix frame-
work, which automatically and efficiently gener-
ates high-quality images from rhetorical text. It
captures the underlying semantics and expressive
intent of the input without human intervention.

4.1 Problem statement

Given a dataset {17, T, ..., T, } of rhetorical texts,
the objective is to generate a corresponding set
of images {1, I2,...,I,} that accurately reflect
the semantic meanings of each 7; without manual
intervention. This task presents two key challenges:

* Semantic-Level Alignment. Models often col-
lapse distinct ideas or oversimplify complex
rhetorical expressions into literal interpretations,
resulting in visuals that overlook deeper contex-
tual meanings.

* Object and Image-Level Alignment. The align-
ment of semantic meaning sometimes causes the
destruction of the original images. Models must
balance meaning preservation with aesthetic in-
tegrity.

4.2 Multi-stage Scene Modeling

Given each rhetorical text 7T;, we decompose it
into a compact set of key factors F; and derive a
sequence of detailed scene instruction {Pj } o
where C denotes the total number of stages (1 e.,
the number of prompts).

In the first stage, we leverage a powerful large
language model (GPT-5.1) to extract seven seman-
tic dimensions, including the rhetorical device,
literal subject, metaphorical vehicle, overarching
theme, emotional tone, subject keywords, and vehi-
cle keywords. The first five are used for the subse-
quent scene description generation, while the last

two, containing elements related to the subject and
vehicle, are employed for object detection in the
reward evaluation.

device sub veh theme
E == d'L 9 dz 9 dz 9 dz )

6]

emotion sub_list veh_list
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To guarantee the accuracy of factor extraction,
we employ a generate-verify-retry loop: for each
candidate set of key factors F', the LLM is asked to
compute a semantic coherence score and a rhetori-
cal consistency score, and we accept the first can-
didate F' satisfying the following criteria as the
validated factor set F;:

verify (F, T') := 1| Scon(F,T) > 7c A
2
3rhet<F7 T) > 7—7“:|7

where 7. and 7, denote predefined threshold val-
ues for coherence and rhetorical alignment.

In the second stage, inspired by the incremen-
tal process by which a painter develops a scene,
we utilize reinforcement learning and construct an
agentic framework to model the text-to-image gen-
eration process that simulates the multi-steps task
in control(Ren et al., 2024). Specifically, we define
a staged prompting sequence {Pil, PZ-Q7 ceey PZC},
where each prompt Pij introduces additional se-
mantic elements to the scene. The sequence be-
gins with a core subject description and is followed
by progressively enriched content such as environ-
mental context, lighting conditions, spatial layout,
emotional tone, and other such attributes

During training, the prompts {PJ} are fed
into the diffusion-based generator to yleld images
{I f }le, while F; supplies the RL reward guiding
prompt optimization and boosting semantic fidelity.
At inference, only the final-stage prompts PiC will
be used for image generation.

4.3 Stage-wise Image Generation

We formulate rhetorical image generation as a two-
layer Markov Decision Process (MDP), where the
inner layer models the denoising trajectory of the
stable diffusion model and the outer layer captures
the semantic progression guided by staged prompt
refinement.

In the inner-layer MDP, the denoising process
begins from pure Gaussian noise xp ~ N(0, )
and proceeds through 7T iterative steps to produce
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Figure 2: Sampling and optimization over adjacent
action pairs. We collect denoising trajectories across
N rhetorical inputs, each with C' staged prompts and T’
diffusion steps, yielding IV x C' x T adjacent action pairs.
These pairs are shuffled across input, stage, and timestep
dimensions to remove correlation. Sampled pairs are
used to compute action likelihoods under current and
past policies, and the policy is updated via PPO using
reweighted semantic advantages.

a final image xg. At each denoising step ¢, the
components of the MDP are defined as follows:

State: s; := (c, t,x¢)
Action: a; := x4

Policy: mg (ay | s¢) := pp (x¢—1 | X¢,€)

where c is the conditioning prompt, ¢ is the dif-
fusion timestep, and x; is the intermediate latent.
This process yields a trajectory 7 = {(s¢, at)}?:T,
where we assign credit and optimize the policy.

In the outer-layer MDP, a rhetorical input 7; is
decomposed into a sequence of staged prompts
{Pij }le, progressively enriching the semantic
content. At outer timestep j, the state is deﬁned

outer .— J7, the image generated from P/, and

as s?
J
the action a;’“‘er represents the semantic substances

added to P-] to obtain Pj 1 Each generated image

IJ i.e., outer-layer state s}"“er

by the reward function.

will be evaluated

4.4 Optimization over Adjacent Image Pairs

To optimize the denoising policy my, we leverage
the two-layer MDP structure by first computing
advantages of generated images at the outer layer,
and then propagating these advantages to the inner-
layer action space via trajectory-level discounting.

Given N rhetorical inputs, decomposed into C

staged prompts, we obtain N x C images and their
outer }C

j=1
each outer timestep j, a reward r (I f ) is computed,

corresponding outer-layer states { s? . For

and advantages A; are estimated using Generalized
Advantage Estimation (GAE):

(5] e 7“] —|— ")/V Oo1d ( J+1) — Vﬂ—gnld (I])7
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A=) (N6 3)
1=0

These outer-layer advantages are then dis-
counted backward across their corresponding de-
noising trajectories. For each inner timestep ¢ , the
step-wise advantage is:

Aga’) .

"= Ydenoise

CAj, t=T,T—1,...,1.

As shown in Figure 2, we collect all denoising
trajectories across the dataset, yielding N x C' x T’
adjacent action pairs (s, s¢+1). Each pair corre-
sponds to a denoising action, where the latent is up-
dated from x; to x;_1. All action pairs are shuffled
across rhetorical input, prompt stage, and timestep
dimensions to remove temporal correlation, and
mini-batches are sampled for policy updates.

For each sampled action pair (s¢, S;41), a single
DDIM denoising step is applied to s;, producing
the predicted mean y; and variance o2. A Gaussian
N (Mt; Ut) defines the distribution over possible
actions. The likelihood of generating a; = x;_1 is
computed under both current and old policies:

:N(thl ’ #taatQ) )
:N<Xt 1 ’MOId ( tQ)Old) . (4)

o (ar | st)
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The PPO update is applied over the sampled
action pairs, using the clipped surrogate loss

VoLppo(0) = Es, 5,1 )~D [Va min (w; - AV,

clip(wy, 1—¢, 1+e) - Aﬁj))], (5)
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e is the PPO clipping parameter, and D is the dis-
tribution of sampled action pairs. This formula-
tion enables efficient reinforcement learning over
diffusion-based generation, guided by rhetorical
structure and semantic alignment.

where the importance weight w; =

4.5 Tailored Reward Mechanism

We design a tailored reward mechanism for rhetor-
ical text-to-image generation, consisting of three
modules: staged semantic alignment, elemental
alignment, and aesthetic quality. Together, these
modules guide the model to generate high-quality



images that capture both the coarse-to-fine struc-
ture of the rhetorical prompt and its true metaphor-
ical intent.

Staged semantic alignment. To overcome the lim-
itations of using a single global similarity metric-
which treats all parts of the prompt equally and
tends to overweight incidental visual attributes such
as background or lighting while neglecting the hi-
erarchical importance of semantic components-we
propose a staged alignment strategy. Specifically,
each scene prompt P/ is decomposed into an or-

dered sequence of j subsentences {Sf}izl, de-
signed to reflect the prompt’s progressive semantic
elaboration from core concepts to contextual de-
tails.

We compute the unit-normalized image embed-
ding vf, j =1,2,--- C, for each training im-
age [ ZJ , and the unit-normalized text embeddings
u? for each sub-sentence. We then introduce a
monotonic weight vector w7 € R/ satisfying
wy > wy > --- > wjand Y 1w, = 1, to
reflect the decreasing semantic centrality of later
sub-sentences. The staged alignment reward is

computed as

J
) o .
rS1aee (Ig,P]J) :Zwk <vg,ui>,
k=1

where (-,-) denotes the cosine similarity be-
tween the image and text embeddings. By assign-
ing greater weight to earlier (core) components of
the prompt, this reward formulation encourages the
model to prioritize essential semantic elements in
the generation process, while still attending to finer
contextual details in later stages.
Elemental alignment. To correct the overempha-
sis on metaphorical vehicles that leads to seman-
tic misalignment in generated images, we propose
an elemental alignment mechanism that separately
evaluates the vehicle and the true subject. Specifi-
cally, for each text input 7;, we construct two key-
word sets: d5"° st which includes a collection of
subject-related elements such as core entities, asso-
ciated states, and descriptive attributes; and dyh list
which contains the metaphorical vehicle. Given a
generated image I with its unit-normalized em-

bedding vz , we compute the subject reward as
rsubject (IJ> _ <V]-, ftext ( > 7
' Z ‘ Hftext (k)”

k‘EdS-Ub list
which reflects the cumulative semantic align-
ment between the image and all subject-relevant

components. Each term in the summation corre-
sponds to the CLIP-based similarity between the
image and a subject-related element, directly re-
flecting its semantic presence in the visual output.

To penalize inappropriate emphasis on the
metaphorical vehicle, we define the vehicle penalty

P ftext(k)
ext k = M r 77N
fexk) = 1 ]
sen(li) = max (V] (k)
ked;/e _list
pyebice (1) .= —1{syen(L;) > 7}, (6)

where 7 is a fixed similarity threshold, deter-
mined by empirical analysis of CLIP similarity
scores to approximate the point at which a concept
can be considered visually present in the image.
Aesthetic quality. To avoid generating visually
unappealing images due to excessive emphasis on
semantic and elemental alignment, we introduce an
aesthetic quality score as a supplementary measure.
This score is based on the LAION aesthetics pre-
dictor (Schuhmann et al., 2022), which is trained
on 176,000 human-rated images to evaluate the
aesthetic quality of the generated images.

To assess the effectiveness of our reward mech-
anism, we present examples as shown in Figure 4.
Images with richer details that accurately reflect
the intended semantic nuances are rewarded higher,
while literal depictions of the metaphorical vehi-
cle, such as pigs or pigsties, are penalized. These
results demonstrate that our reward formulation
effectively assesses both the semantic alignment
and the appropriateness of visual elements in the
generated images.

5 Experiments

5.1 Experiment settings

Dataset. In this work, we focus on metaphor (in-
cluding personification) and simile, as they often
describe concrete visual relationships between en-
tities. For data preparation, we adopt the FLUTE
dataset (Chakrabarty et al., 2022b) and apply a
filtering step to select high-quality metaphor and
simile samples, ensuring both rhetorical clarity and
visual interpretability for fine-tuning.

Diffusion model. We use Stable Diffusion v1.4
(Rombach et al., 2022a) as the backbone generative
model. Sampling is performed using the Denois-
ing Diffusion Implicit Models (DDIM) algorithm
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Figure 3: Qualitative comparison across models on rhetorical prompts. Rhet2Pix generates semantically faithful
and visually coherent images by correctly distinguishing metaphorical vehicles from intended subjects. Baseline
models often fail to capture rhetorical meaning, producing literal or stylistically inconsistent outputs.
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Figure 4: Effectiveness of our reward mechanism in
capturing rhetorical semantics. From left to right, the
reward increases with images that better align with the
underlying rhetorical meaning, receiving higher scores.
All examples are generated from the prompt “My bed-
room is a pig sty.”

(Song et al., 2020). For efficient parameter adapta-
tion, we apply Low-Rank Adaptation (LoRA) (Hu
et al., 2022) to the UNet (Ronneberger et al., 2015)
component of the diffusion model, enabling fine-
tuning with minimal additional memory overhead.

Experimental resources. Experiments were
conducted using 8 NVIDIA A100 GPUs, each
equipped with 80GB of HBM memory. Training
each main baseline required approximately 8 GPU-
days (1 day with 8 GPUs).

5.2 Comparison Evaluation

We compare our proposed method to representative
baselines: Stable Diffusion (SD), a diffusion-based
text-to-image model; DDPO, an RL-enhanced
diffusion method fine-tuned by a VLM reward;
MMaDA, Imagen, advanced multimodal diffusion
foundation model; GPT-5.1 and Grok 3, advanced
multimodal large language models.

Qualitative evaluation. As shown in Figure 3,
Rhet2Pix excels at generating images that capture
the deep semantic intent of rhetorical language
while maintaining precise control over visual con-
tent. Our method distinguishes between metaphor-
ical vehicles and intended subjects, ensuring that
the image emphasizes the correct visual referents
and avoids misleading literal interpretations.

In contrast, baseline models have consistent limi-
tations. SD, DDPO, MMaDA, and Imagen generate
visually generic outputs that align only superficially
with prompt keywords, lacking the ability to infer
or represent metaphorical meaning. GPT-5.1 aligns
strongly at the surface level but often merges sub-
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Figure 5: Ablation study. Scene modeling enhances semantic alignment by refining interpretation of rhetorical text,
while our method further integrates reinforcement learning to improve artistic quality and image detail.

Methods Sem. Align. Elem. Align. Sum

SD 0.224+£0.02 0.03+0.20 0.25+0.22
DDPO 022 +0.04 0.024+0.21 0.244+0.25

MMaDA 0.22+0.02 0.174+0.28 0.39 +0.29

Imagen 0.22+0.03 0.14+025 0.36+0.26

GPT-5.1 0.244+0.02 0.16£0.20 0.414+0.21

Grok-3 0.25+0.03 0.17+020 042+0.21

Rhet2Pix 0.27 +0.02 0.40 +0.03 0.67 +0.05

Table 1: Quantitative evaluation on alignment. Sem.
Align. and Elem. Align. denote semantic and elemental
alignment scores, respectively.

ject and vehicle in unnatural ways (e.g., rendering
a human head as an apple) and defaults to cartoon-
style outputs for rhetorical prompts. Grok 3 oc-
casionally captures figurative intent but frequently
conflates subject and vehicle.

Quantitative evaluation. As reported in Table
1, Rhet2Pix performs consistently well across all
alignment evaluation metrics, achieving a clear lead
in overall performance. These results reflect its
ability to balance high-level semantic understand-
ing with precise control over visual elements when
interpreting rhetorical prompts.

By contrast, SD, DDPO, MMaDA, and Imagen
fail to reason about the overall intent of the input,
producing images that do not reflect its full mean-
ing. GPT-5.1 and Grok-3, while able to capture
the general semantics thanks to large-scale mul-
timodal training, struggle to disentangle subject
and metaphor. Their focus on literal text often ele-
vates the metaphorical vehicle to the main subject,
misrepresenting the intended rhetorical meaning.

5.3 Ablation Studies

As shown in Figure 5, scene modeling (prompt
engineering) and reinforcement learning (RL) are
crucial for improving the alignment between rhetor-
ical text and image generation. Scene modeling
enhances the interpretation of rhetorical text by
transforming it into more detailed and semantically
enriched prompts, resulting in images that better
reflect the intended meaning. However, using scene
modeling alone still produces images with an un-
clear main subject (e.g., the person appears too
small in the bottom-left panel) and erroneous de-
tails (e.g., the noisy classroom in the top-right panel
contains no people). RL refines this process by
guiding the model towards higher artistic quality
and richer detail. Together, these components en-
able more precise and expressive image generation.

6 Conclusions

In this work, we identify a critical misalignment in
rhetorical text-to-image generation, rooted in the
direct use of metaphorical vehicle embeddings that
drive literal imagery and obscure intended mean-
ings. To overcome this, we propose Rhet2Pix, a
framework that formulates rhetorical image gener-
ation as a two-layer, multi-step Markov Decision
Process. Experimental results show that Rhet2Pix
effectively captures the rhetorical meaning while
precisely controlling the elements and their charac-
teristics in the generated images. This framework
paves the way for more nuanced multimodal gener-
ation grounded in complex linguistic expressions.



7 Limitations

Rhet2Pix leverages reinforcement learning to fine-
tune the alignment between rhetorical semantics
and visual output. However, fully addressing
the challenges of rhetorical text-to-image gener-
ation may necessitate a fundamentally new back-
bone—one that surpasses conventional text-image
embedding similarity. Achieving true end-to-end
rhetorical generation requires a deep understanding
of the rhetorical intent embedded in the input text.
This presents a substantial challenge and remains
an ambitious avenue for future research.
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A Discussion on Multi-stage Image
Generation

(1) Why do we adopt multi-stage image generation?

Existing text-to-image pipelines adopt the input
text as prompts and convert it into word embed-
dings. The lack of genuine semantic understanding
causes generated images to merely depict isolated
visual elements of individual words, missing the
deeper meaning conveyed by the text. Even ap-
proaches that use advanced multimodal models to
parse the text into high-level semantic prompts be-
fore embedding still fall short: by feeding the literal
subject, metaphorical vehicle, and environmental
context simultaneously and without distinction, the
model’s generation capacity is spread across com-
peting objectives. Consequently, the intended focal
subject loses prominence, often appearing blurred
or de-emphasized, while background elements or
metaphorical vehicles become the dominant factors
shaping the generated image.

Taking these into consideration, We propose a
multi-stage framework that structures both prompt
generation and RL fine-tuning into sequential
phases, producing images that faithfully convey
the text’s meaning and exhibit rich visual detail.
Figure 7 provides an illustrative walkthrough of
this process.

* Multi-Stage Prompting for Semantic Align-
ment. We recursively derive a sequence
of scene modeling prompts: starting with
a prompt focused solely on the core sub-
ject, we then introduce prompts that gradu-
ally incorporate contextual, lighting, and com-
positional details—preserving subject clar-
ity while progressively enhancing the scene’s
richness. During training, a stage-wise
semantic-alignment reward preserves subject
priority by assigning a higher weight to early,
subject-focused prompts.

Multi-Stage Dependency Optimization for
Detail Enrichment. As the multi-stage
prompts drive the generation of a sequence of
interdependent images, each image incremen-
tally enriches the previous one by introducing
additional semantic details. We model this as
a MDP where each image is a state, and the
semantic difference between prompts is the
action driving state transitions. Using Gener-
alized Advantage Estimation (GAE), we com-
pute an advantage for each intermediate state,
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which corresponds to the generated images,
and propagate these values through the dif-
fusion denoising steps to update the policy.
By emphasizing advantages from later stages,
the model learns to focus on progressively en-
riching details, leading to final images with
enhanced vividness and clarity.

(2) How do we construct a multi-stage image
generation process?

In Rhet2Pix, we implement multi-stage gener-
ation as a two-layer MDP that decouples seman-
tic planning from pixel-level synthesis. For each
rhetorical text input 7;, we first construct a se-
quence of C' scene instructions {Pil, Pf, ey PZC},
where each prompt Pij is generated by condition-
ing on both the validated semantic factors and the
immediately preceding prompt Pz-j ~!. This design
ensures that each stage builds upon the last: P}
establishes a precise description of the core sub-
ject, and each subsequent P/ introduces additional
details- environmental context, lighting cues, com-
positional elements, and emotional tone-while pre-
serving earlier content.

Formally, we view this as an outer-layer MDP:
the state at stage j is the image [ Z] synthesized from
Pij , and the action is the semantic increment Ag
that transforms Pij into Pl-j + Through General-
ized Advantage Estimation (GAE), we compute an
advantage Ag for each state (i.e., each generated
image) that quantifies its marginal benefit toward
fulfilling the accumulated semantic objectives.

Simultaneously, the inner-layer MDP governs
the diffusion denoising trajectory for any given
prompt Pij : at timestep ¢, the state s;
(c,t,x;) transitions via action x;_; under policy
7 (x¢—1 | X¢, ), where c is encoded from P/. By
backpropagating outer-layer advantages through
this inner trajectory, we align low-level denoising
updates with high-level semantic objectives.

At inference, as shown in Figure 6, only the final
prompt Pio is passed to the fine-tuned diffusion
generator to produce the output image. All inter-
mediate prompts and images serve exclusively for
advantage computation and policy learning, rather
than as visible outputs. Unlike video or comic
generation-which present a sequence of frames or
panels by issuing a lot of prompts-our method iter-
atively refines few images(e.g. 3 images) through
successive semantic prompts and outputs only the
final, richly detailed result.
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Figure 6: Illustrative example of the inference process
of Rhet2Pix.

B Discussion on sparse rewards

(1) What is the sparse reward problem in diffusion-
based text-to-image generation?

When we use reinforcement learning to fine-tune
a pre-trained Stable Diffusion model, the only re-
ward signal originates from the final denoised im-
age Xy, leaving all intermediate denoising actions
without direct feedback. Methods like DDPO ad-
dress this by assigning the same terminal reward
R (x0) to every timestep.

rr—1=7Tr—2="""=T0 :R(XO)

However, the denoising actions a; at differ-
ent timesteps have different effects on alignment:
early iterations establish layout and overall style,
whereas later iterations refine texture and fine de-
tail (Hu et al., 2025). Treating each step identically
disperses the reward across tasks of unequal im-
portance, resulting in noisy updates, slower con-
vergence, and reduced capacity to capture subtle
visual features.

(2) How does our method effectively address
sparse reward propagation?

As noted above, denoising actions at differ-
ent timesteps contribute unevenly to the final im-
age—early iterations set global layout, middle it-
erations refine style, and late iterations enhance
object-level detail. Given our RL objective of se-
mantic and visual alignment, we solve the reward
sparisty along the trajectory by propagating the ter-
minal advantage back through all diffusion steps
via

Al(SZJ) = ’Yéenoise Ag

By propagating the terminal advantage back-
wards along the diffusion trajectory with a decay
factor, diffusion steps closer to the final image re-
ceive proportionally greater advantage, reflecting
their critical role in semantic and visual refinement.
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This mechanism overcomes the sparse reward prob-
lem in intermediate denoising steps and guides the
model more efficiently toward our alignment objec-
tives.

C Notation

The list of important symbols and their correspond-
ing definition in this paper goes as Table 2.

D Pseudo-code

The pseudo-code of Rhet2Pix for one training
round goes as Algorithm 1 and 2. Algorithm 1
illustrates the multi-stage scene modeling and sam-
pling procedure, while Algorithm 2 presents the
policy optimization process.

E Hyperparameters

We list model configuration and training hyperpa-
rameters of our method in Table 3.

F More experimental results

F.1 Quantitative evaluation

We apply our framework to fine-tune the diffusion
model. Figure 8 displays the mean reward curve
when fine-tuning the Stable Diffusion model us-
ing our method and DDPO as environmental steps
(number of training images) increases. To highlight
its underlying progression, both lines are smoothed
by the exponential moving average (EMA) with
the same parameter.

Under the same reward function and identical
evaluation prompts from the rhetorical dataset, our
method attains a higher reward than DDPO. More-
over, it recovers more quickly from the pronounced
oscillations and initial declines during the warm-
up phase, entering the correct performance regime
sooner.
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Figure 8: Reward curve of our method and DDPO when
fine-tuning the diffusion model.

F.2 More samples

In this section, we present additional samples gen-
erated by Rhet2Pix, alongside outputs from sev-
eral strong baselines, including Stable Diffusion
(SD), DDPO, GPT-5.1, and Grok-3. All samples of
Rhet2Pix are generated from the 50-th epoch from
the same network weights in the same GPU.

As shown in Figure 9 and Figure 10, Rhet2Pix
produces images with notable visual richness and
strong semantic alignment, effectively capturing
the rhetorical intent while ensuring that the visuals
highlight the correct referents rather than relying
on literal or misleading interpretations.

In contrast, baseline models exhibit limitations.
Stable Diffusion and DDPO tend to produce
generic outputs that match surface-level prompt
cues but lack metaphorical understanding. Multi-
modal LLMs such as GPT-5.1 and Grok-3 occasion-
ally capture figurative meaning but often struggle
to differentiate rhetorical components, resulting in
semantically ambiguous depictions.
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"It’s so cold outside, even the penguins are shivering!"
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Figure 9: More samples generated by our method compared with other baselines

"Her silhouette stood like a steel I-beam."
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"He is an ice cube in this room."

Figure 10: More samples generated by our method compared with other baselines
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Table 2: Notation table

Symbol Description
T; Input rhetorical texts
E; Key factors decomposed from T for scene modeling and reward evaluation
Pij Multi-stage prompts for input text 7;
I ZJ Image generated from prompt Pl-j
Tf Reward of image [ f
D Replay buffer storing denoising trajectories of generated images
c Embedding vector produced from prompt Pij
X¢ Diffusion model’s latent tensor at timestep ¢

st = (¢, t, x¢)
a = X¢—1

Vo (I})

5

Al
“Ydenoise
flf’j)

Wt

€

Tuple of prompt embedding, timestep index, and latent tensor

Updated latent tensor after one diffusion step

State value of image [ Z] estimated by the critic network with parameters ¢
TD residual used in GAE computation

Advantage of image I f computed via GAE

Discount factor applied across diffusion timesteps

Advantage at diffusion step ¢ for prompt Pl.j

Likelihood ratio used in PPO update

Clipping threshold in PPO, bounding wy; to ensure stable updates
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Algorithm 1 Pseudo-code for Rhet2Pix (Part I): Scene Modeling and Sampling

Input: Rhetorical texts {Ti}i]\;l, number of stages C, diffusion steps 7', pretrained diffusion model, LLM,
reward function R.

Output: Intermediate rollout buffer D.

1: Multi-stage scene modeling with self-validation
2: fori=1to N do

3 k+1

4 repeat

5 F®  LLM(T))

6: k+—k+1

7. until verify(F™, T;) = 1

8 F; + Fi(k) {Generate validated factors }
9:  Pl+ LLM(T;, F))

10:  for j =2toCdo

11: P! «+ LLM(PZ-j ~!_next factor) {Generate multi-stage prompts}
12:  end for
13: end for

14: Sampling (Two-layer MDP rollout)
15: Initialize D < ()

16: fori =1to N do

17:  for j=1to C do

18: C Embed(Pg)

19: Sample x7 ~ N (0, I)

20: for t =T to 1 step —1 do
21 st < (¢, t,%x¢)

22: ar ~ 71'9(' ‘ St)

23: Xi—1 < &

24: if t = 1 then ‘

25: !+ R(xq, P/, F;) {Reward only for the final step}
26: else

27: <0

28: end if ‘

29: store (s¢,ay,t,77) in D
30: end for

31:  end for

32: end for
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Algorithm 2 Pseudo-code for Rhet2Pix (Part II): Policy Optimization

Input: Rollout buffer D, discount factors 7, Vdenoise; GAE parameter .
Output: Optimized policy parameters 6, value parameters ¢.

1: Training

2: fori =1to N do

33 forj=1toCdo 4

4 6 =1l V(I = V(1)

5 Al Zlc:oj (yA)! 67" {Outer-layer advantage via GAE}
6: end for

7: end for '

8: for all (s;,a;,t,7!) € D do

9 Agw ) Y oise AZ {Inner-layer advantage propagation}

10:  update transition to (s¢, ay, t, rg , AEZ’] )) inD
11: end for

12: Shuffle and partition D into minibatches

13: for all minibatch B do

14 forall (sy,ay,t,r! Af’”) € Bdo

LA A

15: Wt <— 77@(8.15 ’ St)
ﬂ-gold (at | St) o o
16: Lppo — E[min(w; A clip(wy, 1 — €, 1 4 €) A%7))] {PPO update}

17: Ly +— E[(V¢(St) — A%Z’]))ﬂ
18:  end for

19:  update 6 by minimizing Lppo
20:  update ¢ by minimizing Ly

21: end for
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Table 3: Model configuration and training hyperparameters.

Module Hyperparameter Value
Patch Size 8
Transformer Depth 1
ViT Encoder Embedding Dimension 128
Attention Heads 4
Activation Function GELU
Embedding Normalization Disabled
Patch Embedding  Convl (Kernel / Stride) 8/4
Conv2 (Kernel / Stride) 3/2
GroupNorm Disabled
Patch Embed Output Dim 128
MLP Expansion Ratio 4x
Transformer Block Dropout Rate 0.0
Attention Type Flash Attention
Projection Dimension 128
Spatial Embedding Spatial Embedding Dropout 0.0
Weight Initialization N(0,0.022)
Input Feature ViT + Spatial Emb
MLP Hidden Dimensions [256, 256, 256]
RGB Critic Activation Function Mish
Residual Style Enabled
LayerNorm Disabled
Output Dimension 1
Train Batch Size 3
Training Gradient Accumulation Steps 1
Image Conditioning Steps 1
Denoising Steps 50
DDIM Sampling Guidance Scale 5.0
Noise Weight (1) 1.0
Scheduler Type DDIM
Optimizer AdamW
Learning Rate 3x107%
UNet Optimizer Betas (0.9, 0.999)
Weight Decay 1x1074
€ 1x1078
Optimizer AdamW
Learning Rate 1x1073
Critic Optimizer Betas (0.9, 0.999)
Weight Decay 1x1074
€ 1x1078
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