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Abstract - This paper presents a mathematically formal and experimentally validated model for multilingual text-to-image synthesis using 
Diffusion Transformers (DiT), Reinforcement Learning (RL) optimization, and Cycle Consistency constraints. The model improves the 
alignment of meaning between text and images by using probabilistic diffusion models and transformer-based contextual attention 
mechanisms. We also apply reinforcement learning for optimization, using reward functions based on cross-modal similarity metrics 
(CLIP). Additionally, this paper incorporates cycle consistency to verify meaning in both directions using reverse captioning mechanisms. 
We provide a formal derivation of diffusion loss functions, policy gradients, variational evidence lower bounds (ELBOs), and cycle 
consistency constraints. Experiments with cloud-based GPU computing demonstrate statistically significant improvements in CLIP 
similarity metrics, Fréchet Inception Distance (FID) scores, and semantic reconstruction accuracy for ten languages.  
Index Terms— Text-to-image generation, reinforcement learning, diffusion models, cross-modal learning, generative artificial intelligence.  

I. INTRODUCTION
Cross-modal generative models have made significant strides, but 
supporting strong multilingual capabilities for text-to-image 
synthesis remains a tough challenge. Previous methods mainly 
relied on monolingual (English-centric) word embeddings, 
leading to semantic drift for low-resource languages. This paper 
introduces a new architecture for cross-modal multilingual textto-
image synthesis. This architecture leverages the capabilities of 
Diffusion Transformers (DiT), Reinforcement Learning (RL) 
reward shaping, and bidirectional Cycle Consistency verification. 
The main contributions of the paper are: (1) a thorough 
mathematical formulation of the problem, connecting diffusion, 
transformers, policy gradient, and cycle consistency under a 
single objective; (2) an empirical evaluation of the proposed 
approach across ten languages on three benchmark datasets; and 
(3) a cloud-GPU deployment strategy for linear scaling.

II. RELATED WORK
A. Diffusion Models

This section discusses earlier work related to Diffusion Models. 
Denoising Diffusion Probabilistic Models (DDPMs) [Ho et al., 
2020] introduced image synthesis through an iterative denoising 
process. A score matching technique and ELBO bound create a 
workable objective. Latent Diffusion Models (LDMs) 
[Rombach et al., 2022] expanded this work into a compressed 
latent space. This change allows for a one-order of magnitude 

reduction in computational complexity without sacrificing 
visual quality.  

B. Transformer Architectures
The self-attention mechanism in the transformer, proposed by
Vaswani et al. in 2017, allows for modeling global dependencies,
which is essential for matching different text and visual modalities. 
Vision Transformers (ViT), as well as DiT, proposed by Peebles &
Xie in 2023, moved away from convolutional methods to use a
patch-based approach in tokenization, achieving the best FID
score in class-conditioned datasets.

C. Reinforcement Learning in Generative AI

III. FOUNDATIONS OF DIFFUSION MODELS
A. Forward Diffusion Process
The forward process \(q\) outlines a Markov chain that
progressively diffuses the input \(x_0\), adding Gaussian noise at
each step:
[q (xₜ | xₜ₋₁) = ((xₜ; √(1-βₜ) xₜ₋₁, βₜI]
(1) where β₁, …, βT is a fixed variance schedule with \ (0 < βₜ <
1\). By applying the reparametrization trick, any \(xₜ\) can be
sampled directly from \(x_0\):

(2)   [q (xₜ | x₀) = ((xₜ; √(ᾱₜ) x₀, (1-ᾱₜ) I]
where \ (ᾱₜ = ∏ₛ₌₁ᵗ (1-βₛ) \). As \(t\) approaches \(T\), \(xₜ\)
converges to an isotropic Gaussian, defining the prior for the 
reverse process. 
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B. Reverse Denoising Process
The reverse process \(p_θ\) learns to denoise by understanding
the conditional distribution:

 [p θ(xₜ₋₁ | xₜ) = (xₜ₋₁; μ θ(xₜ ,t), Σ θ (xₜ ,t)]  
(3)    

The simplified training goal minimizes the mean-squared noise 
prediction error:    

\[\mathcal{L}{diff} = {t,x₀,ε} [ ǁε − εθ(√ᾱₜ x₀ +  

 √(1−ᾱₜ)ε, t)ǁ² ]\]         (4)   

 Layer normalization and a feed-forward network (FFN) 
with GELU activation follow each attention block:   
[text{FFN}(x) = W{2} · text{GELU}(W_{1}x  
+b_{1})b_{2}] (12) 

VI. DIFFUSION TRANSFORMER
ARCHITECTURE 

IV. VARIATIONAL DERIVATION OF THE
ELBO 
The log-likelihood lower bound for the diffusion model, 
ELBO, has three components: reconstruction, diffusion 
matching, and prior regularization:    

\[\log p(x₀) ≥ _q[\log p(x₀|x₁)] −  
D_{KL}(q(x_T|x₀)ǁp(x_T)\]
(5)    
\[- Σₜ₌₂ᵀ D_{KL}(q(xₜ₋₁|xₜ,x₀) ǁpθ(xₜ₋₁|xₜ)\]
(6)    
The KL divergence between two Gaussians has a closed 
form:    

\[D_{KL}( (μ₁,Σ₁) ǁ (μ₂,Σ₂)) = \frac {1}{2} [tr(Σ₂^ {-
1}  
Σ₁)+ (μ₂−μ₁) ^{T}Σ₂^ {-1} (μ₂−μ₁) − d + \ln|Σ₂|/|Σ₁|]\]    
The conditions for the DiT block include denoising the 
input at timestep \(t\), denoted \(x\), and the text 
embedding \(c\) via adaptive layer norm (adaLN):    
\[\text{adaLN}(x, t, c) = γ(t,c) · text{LayerNorm}(x)+ 
β(t,c)\]
(7) where \(γ\) and \(β\) are learned.

V. TRANSFORMER CROSS-MODAL
ENCODING 

A. Multi-Head Self-Attention
A. Multi-Head Self-Attention
Using the query matrix \(Q\), key matrix \(K\), and value
matrix \(V\), scaled dot-product attention is defined as:
{Attention}(Q, K, V) =
{softmax}\left(\frac{QK^{T}}{\sqrt{dₖ}}\right)]
(8) Multi-head attention is defined as:
{MultiHead}(Q, K, V) = text{Concat}(\text{head}{1},
…,

{head}{h})W^{O}] (9) where
\[\text{head}{i} = text{Attention}(QW{i}^{Q}, 
KW_{i}^{K}, VW_{i}^{V})]  (10) 
B. Cross-Modal Attention Fusion
The text embeddings \(e_{text}  ℝ^{(L×d)}\), obtained from the
multilingual encoder, attend to the visual patch tokens \(e_{visual} 
ℝ^{(N×d)}\) via
The DiT block conditions denoising on both timestep \(t\) and text
embedding \(c\) via adaptive layer norm (adaLN):
[e_{fused} = \text{CrossAttn}(e_{visual}, e_{text}, e_{text})]
(11)

 [{adaLN}(x, t, c) = γ(t,c) ·{LayerNorm}(x) + β(t,c)\]               (13)   
where scale \(γ\) and shift \(β\) are learned linear projections of the 
timestep and condition embedding \([t; c]\). The DiT block then applies:  
[\hat{x} = x + α_{attn} · {Attention}(\text{adaLN}(x,t,c))\     ] (14)    
[\hat{x} = \hat{x} + α_{ffn} · text{FFN}(\text{adaLN}(\hat{x},t,c))\]               
(15)    
where \(α_{attn}\) and \(α_{ffn}\) are gating scalars initialized to  
zero, ensuring identity initialization for stability.   
VII.REINFORCEMENT  LEARNING FORMULATION
A. MDP and Policy Definition
The generation process is formulated as a finite horizon MDP ( , , R,
P, γ) where the states \(s\) represent the latent diffusion processes, actions
\(a\) represent the denoising steps, and the reward \(R\) is a cross-modal
CLIP similarity:
R(s,a) = CLIP_sim(G(s,a), Enc(prompt)                              (16)
baseline \(V\), which is employed to reduce the variance.

B. Policy Gradient Objective
The REINFORCE objective is given by the following equation:

J(θ) = E_{τ~πθ}[Σₜ γᵗ R(sₜ,aₜ)]         (17) θJ(θ)

= E_{τ}[Σₜ θ log πθ(aₜ|sₜ) · Aₜ]      (18) where \(Aₜ =

    ℒ_diff = ₜ,x₀,ε [ ǁε − εθ(√ᾱₜ x₀ +  √(1−ᾱₜ)ε, t) ǁ² ]
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Rₜ - V(sₜ)\) is the advantage function with a learned baseline 

\(V\), which is employed to reduce the variance.

L^CLIP(θ) = ₜ[min(rₜ(θ)Aₜ, clip(rₜ(θ), 1−ε, 1+ε)Aₜ)]              
(19) rₜ(θ) = πθ(aₜ|sₜ) / π_old(aₜ|sₜ)
(20)

VIII. CYCLE CONSISTENCY
CONSTRAINT
With a forward mapping (G:{text}→{image}\) and a 
reverse captioner (F: {image}→{text}\), cycle consistency 
enforces:  [mathcal{L}{cycle} = E{c~P_{text}}left[ ǁc − 
F(G(c))ǁ² 
right]
(21)  
(+ E_{x~P_{img}}left[ ǁx − G(F(x))ǁ² right]]
(22)    

This bidirectional constraint prevents mode collapse and 
ensures semantic invertibility. The total training goal is a 
weighted combination:  
\[\mathcal{L}{total} = ℒ{diff} + λ_{RL} · ℒ_{RL} + 
λ_{cyc} · ℒ_{cycle} + λ_{kl} · D_{KL}\]
(23) where \(λ_{RL} = 0.1\), \(λ_{cyc} = 0.05\), and
\(λ_{kl} =
0.01\)
are regularization coefficients adjusted based on 
empirical findings.

IX.MULTILINGUAL EMBEDDING

NORMALISATION  

The cosine similarity between language embeddings and 
visual features then acts as the CLIP reward signal, 
ensuring language-agnostic optimization.

X. SYSTEM ARCHITECTURE

The end-to-end system includes four interconnected 
modules:   
(i) the Multilingual Text Encoder (mBERT-large), (ii) the
Cross-Modal Fusion Transformer, (iii) the DiT Decoder
with adaLN conditioning, and (iv) the RL–Cycle
Consistency Training Loop. We illustrate module
connections and data flow in Fig. 1 and show the
algorithmic procedure in the following algorithm block.

Algorithm 1 —Enhanced DiT with RL Training:   

1. Initialize \(θ, φ, ψ\); set \(λ_{RL}, λ_{cyc}, λ_{kl}, ε\)

2. For each epoch do:

3. Sample batch \{(c₁, x₁)\} \sim \)

4. Compute(e_{i} = {m BERT}(c_{i})); fuse using
CrossAttn

5. Sample \(t {Uniform}\{1,,T}); add noise to
\(xₜ\)

6. Predict \(\hat{ε} = ε_{θ}(xₜ, t, e_{i}))

7.Compute \(\mathcal{L}_{diff}\) using Eq.(4)

Cross-lingual embedding spaces are aligned 
using L2 normalization followed by centering:  
{e}{lang} = {e  lang} − μ_{lang}{ǁe_lang}  
μ_{lang}ǁ₂}\] (24)
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multilingual subset. All images are resized to 256×256 for baseline 
and to 512×512 for high-resolution tests.    
B. Evaluation Metrics
The main metrics are: (i) FID (Fréchet Inception Distance) — 
lower is better; (ii) CLIP Score (cosine similarity between 
generated images and prompt embeddings) — higher is better; (iii) 
Cycle Reconstruction BLEU (CRB) — measures fidelity of 
reverse caption compared to the original prompt.

XII. HYPERPARAMETER CONFIGURATION

Parameter     Value     Range     

Batch Size     64     32–128     

Learning Rate     1e-4     1e-5–1e-3     

Attn Heads     8     4–16     

linearly with GPU count: 1×A100 yields 28 

resource languages  ( fewer than 50K 

outperforms all baselines with p < 0.01 after Bonferroni correctio
multiple comparisons. Effect sizes (Cohen's d) range from 0.7
indicating large practical significance.     
The 95% confidence intervals for FID improvements are [−6.1, 
for CLIP score [+0.043, +0.058], confirming robustness acros
seeds and dataset splits..    

XV. SCALABILITY ANALYSIS
Throughput scales near- 

img/s; 8×A100 yields 215 img/s (efficiency 96.2%). Peak GPU
usage is 38 GB per device at batch size 64, resolutionol  
512×512. Distributed data parallelism with gradient accumulation

maintains training stability across all .The system still   
underperforms for veryy low -  

training samples). The CLIP reward model  
Computational  

complexity of the DiT forward pass scales as O(N²d) where N is 

8. Compute reward \(R = \text{CLIP\sim}(x̂ ₀, e{i})\)

9. Update using PPO objective (Eq. 19)

10. Compute \(\mathcal{L}_{cycle}\) using Eq. (21-22)

11. Total loss = Eq. (23); back-propagate

12. End forXI.  EXPERIMENTAL SETUP

A. Datasets
          We use three benchmark datasets for experiments: 
MS-COCO  
Captions (multilingual extension, 14 languages), CC3M 
(Conceptual Captions), and the LAION-400M 

DiT Depth     12     6–24     

Embed Dim     768     512–1024     

Diffusion T    1000     500–2000     

β Schedule     Linear     Cosine / Sigmoid     

λ_RL     0.10     0.01–0.50     

λ_cyc     0.05     0.01–0.20     

λ_kl     0.01     0.001–0.10     

PPO Clip ε     0.20     0.10–0.30     

parameter Co
Ranges 

 n 
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The CLIP-based reward gives a clear, adjustable 
signal  
that strongly relates to human judgment (Spearman ρ 
= 0.84 in our user study, n=500 participants). Cycle 
consistency plays a supportive role; while RL setups 
maximize forward image alignment, cycle 
consistency reduces semantic losses in the opposite 
direction. Together, they produce outputs that are 
more semantically accurate. Ablation Table III 

shows that both components are necessary for the 
best results. The model inherits biases from its 
web-crawled pretraining data. The computational 
cost is still high; full training needs hours, which 
limits accessibility.  

cost remains substantial — full training requires 
8×A100 for 72 hours, limiting accessibility.    

patch count and d is embedding 
dimension. For 512×512 images  with 16×16 patches, 
 N = 1024, making efficient attention approximations 
a key  direction for future work. 

The 
combination of RL reward shaping and 
supervised fine-tuning provides a thoughtful way 
to achieve alignment that goes beyond simple 
parameter tuning.

XVI. DISCUSSION 

Method    FID↓    CLIP↑     CRB↑    Lang    

DALL-E 2     23.4     0.721     28.3     1     

Stable Diff.     21.1     0.738     30.1     3     

mCLIP-Gen     19.8     0.751     31.7     7     

DiT-Base     18.3     0.762     33.2     14     

Ours (no 
RL)     16.2     0.779     35.1     14     

Ours (no CC)     15.7     0.784     36.4     14     

Ours (Full)     13.1*    0.812*     39.6*     14     

Config     RL?    CC?    FID↓     CLIP↑     

A1: Baseline     18.3     0.762     

A2: +RL Only     15.7     0.784     

A3: +CC Only     16.2     0.779     

A4: Full Model     13.1     0.812     
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XVII. OUTPUT
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XVIII. FUTURE RESEARCH DIRECTIONS
based few-shot language extension; (ii) diffusion model distillation for real-time inference; (iii) human-in-the-loop reward learning to 
reduce bias; (iv) integration with retrieval-augmented generation to ground visual outputs in factual world knowledge; and (v) extending 
cycle consistency to video generation 

XIX. CONCLUSION

A new framework was proposed for multilingual text-to-
image generation by using the principles of Diffusion 
Transformers, Reinforcement Learning, and Cycle 
Consistency. Solid mathematical formulations support each 
component with strong theoretical foundations. Extensive 
experiments conducted on 14 different languages 
showed statistically significant improvements over 
leading baselines...     
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