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ABSTRACT
While text-to-image (T2I) diffusion models have achieved remark-
able fidelity, semantic alignment remains a critical bottleneck for
complex, multi-entity prompts. Existing models frequently exhibit
object omission, attribute misbinding, and spatial drift. To address
these challenges, we proposeGranAligner, a two-stage framework
designed to enforce multi-granular correspondence through seman-
tic decomposition, compositional synthesis, and reward-driven re-
alignment. GranAligner comprises two key stages: (i) Structural De-
composition and Compositional Synthesis and (ii) Multi-Granular
Semantic Realignment. In the first stage, complex prompts are fac-
torized into semantically coherent sub-concepts to anchor struc-
tured image generation via cross-attention control. The second
stage curates these outputs through reward-based optimization at
both the global-scene and local-object granularities. This architec-
ture establishes a bidirectional reinforcement cycle, where realign-
ment signals are propagated back to the decomposition logic to
iteratively narrow the text-visual semantic gap. Designed for archi-
tectural extensibility, GranAligner leverages noun-phrase factoriza-
tion compatible with Diffusion Transformer (DiT) mechanisms and
employs Low-Rank Adaptation (LoRA) for parameter-efficient tun-
ing. Beyond specific backbones, our multi-level evaluation serves
as an architecture-agnostic curation pipeline, enabling high-fidelity
data selection and providing generalizable optimization insights
for next-generation models like Stable Diffusion 3. Extensive evalu-
ations on the MS-COCO, ABC-6K, and CC-500 benchmarks demon-
strate that GranAligner significantly outperforms existing baselines
in compositional fidelity and semantic adherence.
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1 INTRODUCTION
Text-to-image (T2I) synthesis aims to generate visually realistic
and semantically faithful imagery from natural language, enabling
transformative applications in automated content generation and
creative design [16, 28, 30]. While recent large-scale architectures,
such as DALL·E 2 [20], Imagen [22], and Parti [34], have achieved
remarkable fidelity, they often require immense computational
overhead for fine-grained adaptation [29]. More critically, state-of-
the-art models frequently falter on complex, multi-facet prompts:
entities are often omitted, attributes leak across subjects, and spatial
relations drift, eroding the semantic integrity of generated scenes.

While diffusion models such as Stable Diffusion [21] have ad-
vanced T2I through improved metrics and broad adoption, pre-
cise semantic alignment remains elusive. As illustrated in Figure 1,
state-of-the-art models frequently swap attributes or distort spatial
constraints: a prompt such as “a brown bench in front of a white
building” may yield a white bench before a brown building, reveal-
ing a collapse in entity-attribute binding. Recent attempts to inject
structural priors, such as training-free prompt splitting or structure-
guided attention [3], narrow this gap but do not close it. Coarse
strategies, such as splitting on conjunctions, fail on nuanced syn-
tax, while global alignment signals (e.g., caption similarity) often
prioritize scene-level coherence at the expense of local object-level
fidelity [6, 31, 35].

We identify two fundamental gaps in current T2I alignment re-
search that impede scalable knowledge discovery in generative
modeling. First, a pervasive hierarchical reasoning deficit exists:
standard architectures treat prompts as linear token sequences,
failing to capture the recursive, tree-structured dependencies (e.g.,
nested attributes within entity scopes) inherent in natural language.
Global embedding similarities effectively average these structural
nuances, inducing relational drift. Second, we formalize the initial
quality bottleneck. Frameworks utilizing coarse-to-fine schemes,
such as Realign Diffusion [6], are posterior-limited by the seman-
tic fidelity of Stage-1 denoising. If initial synthesis exhibits high
semantic entropy, which results in entity omission or irrevocable
attribute leakage, the subsequent optimization manifold becomes
ill-posed. Broad optimization signals cannot perform semantic re-
covery on ungrounded pixel regions; without Stage-1 grounding,
fine-tuning lacks the localized gradient signal required to induce
entity emergence. Furthermore, existing mechanisms exacerbate
this via scalar reward sparsity. Preference-based models like
ImageReward [31] typically provide a singular global scalar lack-
ing spatial-semantic attribution. Such rewards fail to disambiguate
which specific sub-structure caused the alignment failure, diluting
the learning signal during parameter-efficient adaptation. Finally,
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Figure 1: Visual comparisons with Stable Diffusion [20], Structure Diffusion [3], and Realign Diffusion [6] reveal common
issues, such as attribute binding errors (e.g., mixed white and brown on the bench in the first image of the first row, and a red
bench in the first image of the third row) and missing objects (e.g., the missing “train” in the first two images of the second
row). In contrast, our method resolves these inconsistencies, improving text–image alignment. Bound parts are highlighted
with colors for clarity (e.g., a brown bench).

while recent advances in test-time attention control [8] and multi-
agent pipelines [13] mitigate mismatches during inference, they
represent non-persistent interventions. They lack a systematic
feedback loop to refine underlying model weights, requiring redun-
dant per-sample computation rather than fundamentally regulariz-
ing the model’s latent manifold.

To bridge this fine-to-coarse semantic discrepancy, we propose
GranAligner, a two-stage framework that couples linguistic de-
composition with multi-granular reward optimization. Our ap-
proach prioritizes the systematic discovery and curation of high-
fidelity text-image pairs through two integrated stages: (i) Struc-
tural Decomposition and Compositional Synthesis:We em-
ploy a language parser to factorize complex prompts into con-
stituent noun-phrase units. These units serve as structural anchors
for discrete cross-attention channels, ensuring that entity-attribute
bindings are preserved from the onset of the denoising process. (ii)
Multi-Granular Semantic Realignment:Weutilize a joint global-
local reward mechanism to curate Stage-I outputs. A global scene
reward evaluates contextual coherence and spatial layout, while
a local object reward leverages RAM/LLM-assisted verification to
isolate specific entities and assess fine-grained attribute fidelity.
By filtering Stage-I samples through this dual-scale reward, we
curate a high-precision dataset for parameter-efficient adaptation

via Low-Rank Adaptation (LoRA). This self-supervised loop effec-
tively synchronizes the model’s latent manifold with the complex
structural requirements of the prompts, progressively tightening
alignment without exhaustive backbone retraining.

Our main contributions are summarized as follows:
• We introduce GranAligner, a two-stage, coarse-to-fine frame-
work that improves T2I alignment by combining linguistic de-
composition with multi-granularity reward realignment.

• We introduce a compositional synthesis strategy that factor-
izes prompts into noun-phrase anchors, mapping them to discrete
cross-attention keys and values to preserve attribute-object in-
tegrity during initial synthesis.

• Wedevelop a dual-reward curationmechanism that integrates
global scene-level scoring with local entity-attribute verification
via RAM/LLM-assisted analysis. This strategy solves the prob-
lem of scalar reward sparsity, identifying high-fidelity training
pairs to regularize the optimization manifold during parameter-
efficient adaptation.

• Comprehensive benchmarks on MS-COCO and ABC-6K show
GranAligner outperforms state-of-the-art baselines, improving
CLIP by up to +1.79% and reducing FID by 5.46%. On CC-500, it
increases GLIP-based object count accuracy by 0.5%, confirming
superior entity preservation.
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2 RELATEDWORK
Image Generation with Spatial Control. Text-to-image (T2I)
models often exhibit spatial misalignment when precise control
over object position, size, and layout is required. A growing line
of work integrates spatial conditioning into diffusion frameworks
[9, 18, 29, 35, 36]. ControlNet augments pre-trained diffusionmodels
with cues such as edge maps and depth to enable fine control [35].
Dense Diffusion adjusts attention maps to improve layout without
retraining [9]. BoxDiff introduces efficient box-level constraints for
precise object placement [29], while FreeControl aligns spatial and
appearance features via PCA for structured guidance [18]. Despite
strong results, these methods depend on external spatial inputs
or auxiliary predictors, which limits scalability and flexibility. We
instead infer spatial structure from text alone by encoding multi-
phrase prompt semantics and injecting them into the diffusion
process, removing the need for external spatial supervision while
retaining fine-grained control.
Image Generation with Scene Graph. Scene graphs provide
structured, interpretable representations of objects and their rela-
tionships, offering compositional guidance for image generation.
Recent approaches integrate them into diffusion models to improve
text-image alignment. SGH [27] expands initial scene graphs from
prompts to support controllable scene hallucination. SG-Adapter
[23] injects relational priors into textual embeddings, enhancing
semantic fidelity. SceneGenie [2] applies spatial constraints dur-
ing sampling via bounding boxes and segmentation maps guided
by CLIP features. Nonetheless, scene graphs often fail to capture
abstract concepts and stylistic nuances in natural language.
Composable ImageGeneration. Text-only T2Imodels frequently
suffer layout misalignment and weak attribute binding, causing
incorrect object placement and relationships. Compositional meth-
ods address this by incorporating structured cues to boost spatial
and semantic coherence [3, 15]. Structure Diffusion [3] segments
prompts into concepts linked to encoded keys, guiding image re-
gions without extra training, enabling plug-and-play improvements
in multi-object and multi-attribute settings. Composable Diffusion
[15] employs multiple specialized diffusion models, using logical
operators (e.g., AND, NOT) for independent noise control across
components, improving multitask generation. Despite these ad-
vances, challenges remain, such as object omissions, highlighting
the need for more faithful representation of all entities beyond
prompt segmentation alone.
Image Generation with Prompt Optimization. Integrating
large language models (LLMs) into T2I pipelines has improved gen-
eration quality by optimizing prompt representations [1, 7, 17, 24].
CoOp [38] introduces learnable continuous prompts for vision-
language tasks, while Prompt Engineering Diffusion [33] and in-
context learning [10] further refine prompts to better handle com-
plex scenes with multiple objects and spatial relations. Nonethe-
less, semantic ambiguity and weak attribute binding persist in
complex descriptions. This work tackles these by extracting multi-
granular features from captions and leveraging selected prompt-
image pairs to isolate and strengthen object-attribute associations.
Few-shot prompt optimization using LLMs (e.g., GPT-J) enables
data-driven refinement without manual engineering [10, 32]. Fine-
tuning prompts on a few examples improve the alignment between

text and generated images through iterative gradient updates. De-
spite improved visual fidelity, object omission remains a key chal-
lenge. Furthermore, prior remedies, such as training-free compo-
sition and global caption-similarity fine-tuning, remain coarse, in
which under-reason over full linguistic structure and often fail to
preserve object–attribute bindings during synthesis. We address
these gaps with a two-component design that injects structure
before generation and maintains it throughout decoding.

3 METHODOLOGY
We propose GranAligner, a decomposable diffusion framework that
couples semantic decomposition with compositional synthesis to
narrow the text–image semantic gap.

3.1 Framework Overview
The GranAligner framework consists of two stages. (i) Decomposi-
tion and compositional synthesis: The prompt is grouped into struc-
tured concepts, objects, attributes and relations, and used to steer
generation so that the object-attribute bindings are preserved in
the initial image. In contrast to prompt-level embeddings and post-
hoc attention reweighting, our decomposition-plus-composition
pipeline reasons over the complete text structure and preserves
bindings during synthesis, directly addressing the limitations that
hinder fine-grained, scene- and object-level alignment. (ii) Semantic
Realignment: residual discrepancies are corrected by joint align-
ment at the global (scene-level) and local (object-level) granularities.
Iterating these stages progressively reduces omissions and attribute
swaps, yielding high-quality images with strong semantic fidelity
to the input prompt. Figure 2 illustrates the framework.

3.2 Decomposition and Compositional
Synthesis

To optimize attribute binding in text-to-image generation through
two key components: semantic decomposition and compositional
image generation. First, the prompt instruction is decomposed into
a structured concept graph, which represents the individual concept
of the text. This concept graph is then utilized to synthesize the
overall semantic meaning, guiding the generation of the image.

3.2.1 Semantic Decomposition. For complex prompts with mul-
tiple attributed objects and relationships, the CLIP text encoder’s
ability to process these intricacies is limited, which constrains the
T2I generation quality. Semantic Decomposition addresses this by
decomposing and independently encoding complex texts. To this
end, we first extract the linguistic structure of the prompt using a
constituency tree (or scene graph) [3], to represent syntactic com-
ponents hierarchically. The root corresponds to the full prompt,
branches denote phrases (e.g., noun phrases, verbs, relations), and
leaf nodes represent individual noun phrases (NPs) that capture
attribute-object pairs. Rather than encoding the entire prompt as a
single vector, we encode each noun phrase (NP) together with its at-
tributes to avoid attribute–object confusion, and feed these concept-
specific embeddings to the cross-attention layers for precise control.
These embeddings serve as inputs to the cross-attention layers for
more precise generation. Formally, from the constituent tree, we
extract noun phrases Γ = {NP1,NP2, . . . ,NP𝑘 }, each aligned with
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Structured Representations
(Concepts)

 “a red teddy bear ”

Stage 1: Decomposition and Compositional Synthesis

“A red teddy bear
in a christmas 

hat sitting next to 
a glass ”

(a) Semantic Decomposition (b) Compositional Image Generation

“A teddy bear in a red hat ”

(c) Global Realignment

“red hat ”, “teddy bear ”,“tree ”
{“christmas hat ”, score: 0.5}

{“teddy bear ”, score: 2.0}
{“tree ”, score: 0.0}

Local Reward

(d) Local Realignment

Global
Realignment

Loss

Local 
Realignment

Loss

Fine-tune
Diffusion Model

(e) Diffusion-based Fine-tuning

Stage 2: Semantic Realignment

 “a christmas hat ”

Tag2Text

BLIP2

LLM

Global Reward
Overall Learning Objective

Eq.(8)

Queries from
Image Feature

 “a glass ”

Figure 2: Overall Architecture of GranAligner. (a) Semantic Decomposition takes the prompt 𝑃 as input to extract a set of keys
and values to represent its semantic components. (b) Compositional Image Generation uses these representations to generate
the image 𝑥 . (c) Global Realignment takes the image 𝑥 and the prompt 𝑃 as input to compute the global realignment loss Lglobal
by evaluating scene-level consistency. (d) Local Realignment takes the image 𝑥 and the prompt 𝑃 as input to compute the local
realignment loss Llocal by evaluating object-level consistency. (e) Diffusion-based Fine-tuning improves text-image alignment
by optimizing the diffusion model with reward-based learning.

corresponding image regions in prompt order. Unlike traditional
methods that process the entire prompt with the CLIP encoder, we
independently encode each NP to capture its semantic structure
more effectively as follows:

Λ = [Λ𝑤 ,Λ1,Λ2, . . . ,Λ𝑘 ], Λ𝑖 = CLIPtext (NP𝑖 ) (1)

where Λ𝑤 is the encoding of the entire prompt, and 𝑘 is the num-
ber of NPs (𝑖 = 1, . . . , 𝑘). The embedding sequence Λ𝑖 is aligned
with Λ𝑤 , preserving the semantic order of the original prompt
structure. Note that NP extraction is well-established for prompt
decomposition. We use a tree-based structure extractor to isolate
and encode noun phrases, although alternatives like scene graphs
or LLM parsing are equally reliable and rarely error-prone. The se-
mantic decomposition component manages this process, generating
the keys (K) and values (V) required for subsequent stages:

K = {𝑓𝐾 (Λ𝑖 )} = {𝐾𝑝 , 𝐾1, . . . , 𝐾𝑘 }
V = {𝑓𝑉 (Λ𝑖 )} = {𝑉𝑝 ,𝑉1, . . . ,𝑉𝑘 } (2)

where 𝑓𝐾 and 𝑓𝑉 are functions that generate keys and values from
NPs, with 𝐾𝑝 and 𝑉𝑝 representing the key and value derived from
the entire prompt. These representations guide the generation of
the attention map for 𝑖 = 𝑝, 1, 2, . . . , 𝑘 .

3.2.2 Compositional Image Generation. We use Stable Diffusion as
the backbone model to generate the initial image from the decom-
posed prompt. We preserve the model architecture while focusing
on the cross-attention layer, which integrates semantic information
from the input text. The set of keys and values derived from the
prompt is applied, with the embedding sequence mapped to regions
on the cross-attention map 𝐶𝑡 , which guides the image generation

process. Each noun phrase (NP) generates a unique attention map,
and these maps are combined to independently control distinct
image regions. The attention maps are computed as the product of
queries and keys:

C𝑡 = softmax
(
𝑄𝑡𝐾𝑖√
𝑑

)
, 𝑖 = 𝑝, 1, 2, . . . , 𝑘 . (3)

where 𝑄𝑡 is the output of the previous layer containing image
features, and 𝐾𝑖 is the key of the 𝑖-th noun phrase. Each attention
map is combined with the corresponding values to form the output
of the cross-attention layer:

𝑂𝑡 =
1

(𝑘 + 1)
∑︁
𝑖

(𝐶𝑡𝑖𝑉𝑖 ), 𝑖 = 𝑝, 1, 2, . . . , 𝑘 . (4)

where𝑂𝑡 is the output of the cross-attention layer, which is passed
to the next layer. After processing through subsequent layers, the
final image 𝑥 is generated, with C representing the set of attention
maps.

Example (Compositional Image Generation). The cross attention
outputs are decoded into an initial image 𝑥 , which then serves as input
to the next stage. For the prompt “A red teddy bear in a Christmas hat
sitting next to a glass,” the result may still misalign with the text, e.g.,
omitting the glass as depicted in Figure 2. This discrepancy motivates
diffusion-based fine-tuning to realign semantics between the prompt
and the generated image.
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3.3 Semantic Realignment
While the semantic decomposition improves attribute binding,
generated images may still suffer from missing objects or incom-
plete scenes. The Semantic Realignment stage refines alignment
to enhance consistency, from fine-grained object details to overall
scene structure. This stage consists of three components: global
realignment for spatial and contextual coherence, local realign-
ment for object positioning and attribute accuracy, and diffusion-
based fine-tuning for iterative refinement. Unlike Realign Diffusion,
GranAligner enhances semantic fidelity by selecting higher-quality
training sets and utilizing a reward feedback framework with scene-
and object-level losses to fine-tune Stable Diffusion, thus improving
attribute binding and text-image alignment.

3.3.1 Global Realignment. Similarly to RealignDiffusion, the global
realignment component improves spatial and contextual coherence
by evaluating the alignment between the generated image 𝑥 and
the input prompt. To avoid losing critical image content in direct
comparisons within a shared embedding space, we first generate a
caption using the pre-trained BLIP-2 model [11] to extract image
features and generate semantically relevant captions. Given an im-
age 𝑥 , BLIP-2 generates a caption 𝑐𝑔 , which is encoded to obtain the
text embedding 𝑣𝑔 . Similarly, the input prompt is encoded as 𝑣𝑝 . The
global alignment is quantified by the cosine similarity between these
embeddings, defining the global reward as: Rglobal = 𝑐𝑜𝑠𝑖𝑛𝑒 (v𝑔, v𝑝 ).
This reward measures scene-level consistency by evaluating the
spatial and contextual coherence between the input prompt and the
generated image, guiding diffusion-based fine-tuning for improved
text-image alignment. The global reward optimization objective is
formulated as follows:

Lglobal = ReLU(Rglobal (𝑃,𝑔𝜃 (𝑃)) (5)

where 𝑃 is the input prompt, 𝑔𝜃 (𝑃) is the generated image, and the
ReLU ensures non-negative local reward values.

3.3.2 Local Realignment. The local realignment component im-
proves object-level consistency by refining the alignment between
the generated image 𝑥 and the input prompt. Local Realignment
addresses the challenge of missing or misrepresented objects, en-
suring that each object and its attributes are accurately positioned.
Formally, we define a local reward that assesses the presence and
accuracy of the object relative to the prompt by verifying the cor-
rect representation of each described object. We use the Recognize
Anything Model (RAM) [37], a pre-trained image tagging model,
to extract object tags from the generated image. These tags, along
with CLIP encoded prompt embeddings, are inputted into a Large
Language Model (LLM)1 to compute likelihood scores 𝑠𝑖 for each
object 𝑜𝑖 (1 ≤ 𝑖 ≤ 𝑛) to reflect its presence in context as follows:

𝑠𝑖 =


2, if 𝑜𝑖 is certain to appear in the scene.
0.5, if 𝑜𝑖 may appear in the scene.
0, if 𝑜𝑖 is unlikely to appear in the scene.

(6)

The local reward is computed by normalizing the sum of these
scores: Rlocal = 1

2·𝑛
∑𝑛
𝑖=1 (𝑠𝑖 − 2 · 𝑛), where 𝑛 is the total number

of identified objects and 𝑠𝑖 is the score for the 𝑖-th object. This
reward quantifies the alignment between the image objects and

1Compatible with models-like LLaMA [26] or GPT-4 [25].

the text description, with higher values indicating more substantial
alignment. To optimize object-level alignment, the local reward loss
is defined as:

Llocal = ReLU(Rlocal (𝑃,𝑔𝜃 (𝑃)) (7)

where 𝑃 is the input prompt, 𝑔𝜃 (𝑃) is the image generated by the
diffusion model in the former stage, and the ReLU ensures non-
negative local reward values. To identify high-quality samples
from synthetic data, we use both coarse and fine semantic metrics.
The coarse metric 𝑅global (Eq. 5) evaluates the overall semantic
consistency through Lglobal. The fine metric, 𝑅local (Eq. 7), mea-
sures object-level alignment as Llocal. Both scores rank images, and
the top-𝐾 image-prompt pairs form the fine-tuning dataset, which
consists entirely of synthetic samples.

Example (Local Reward Estimation). Given the prompt “a white
sheep and a red car,” the RAM identifies objects such as “sheep” and
“car” An LLM computes likelihood scores based on these tags and the
prompt. If both objects are present, the LLM assigns a score of 2 to
both “sheep” and “cars”, reflecting their high relevance. For less likely
objects, such as “road,” the LLM assigns a score of 0.5, while irrelevant
tags such as “bike” and “dog” receive a score of 0. Given the relevant
tags “sheep” and “car” (each assigned a score of 2), the local reward
is −1, indicating that the objects in the image generated in stage one
are highly consistent with the prompt. This object-level consistency is
therefore maintained through the local realignment loss.

3.3.3 Diffusion-based Fine-tuning. To enhance alignment efficiently,
we employ diffusion-based parameter-efficient LoRA fine-tuning
[] that integrates global and local realignment losses. A feedback
learning framework optimizes the diffusion models by selecting
high-quality samples using global and local reward estimators. This
curated subset fine-tunes the pre-trained model, improving align-
ment at both scene and object levels. Specifically, image-text pairs
are ranked based on their scores, with top-ranked pairs chosen
to preserve alignment at both levels. Using this dataset, Reward
Feedback Learning (ReFL) [31] optimizes text-image consistency.
ReFL adapts the pre-trained model using a low-rank matrix, updat-
ing only a few parameters to avoid full retraining. The model is
optimized by evaluating generated samples through a reward func-
tion and minimizing reward loss, which integrates global and local
realignment terms to refine text-image consistency and object-level
alignment. The overall loss function is defined as follows:

Ltotal = 𝜆1Lglobal + 𝜆2Llocal + Ldiff (8)

where 𝜆1 and 𝜆2 are coefficients that balance the loss components
for stable fine tuning. The diffusion loss is

Ldiff = E𝑥,𝜖∼N(0,𝐼 ), 𝑡


𝜖 − 𝜀𝜃 (𝑥𝑡 , 𝑡)

2 .

Larger 𝜆1 and 𝜆2 prioritize reward-driven alignment for better
text–image consistency, while smaller values emphasize diffusion
stability.

4 EXPERIMENTS
4.1 Experimental Setup
4.1.1 Datasets. Weutilize three commonly used benchmark datasets:
MS-COCO [14], CC-500 [3], ABC-6K [3].
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Dataset Method FID↓ CLIP↑

MS-COCO

Stable Diffusion 14.8545 0.3176
Structure Diffusion 14.6278 0.3284
Realign Diffusion 13.8941 0.3341
GranAligner (Ours) 13.1937 (↑5.0%) 0.3394 (↑1.6%)

ABC-6K

Stable Diffusion 14.6836 0.3157
Structure Diffusion 14.4564 0.3276
Realign Diffusion 13.9385 0.3352
GranAligner (Ours) 13.1768 (↑5.5%) 0.3412 (↑1.8%)

Table 1: Quantitative results on MS-COCO and ABC-6K. Best
results in bold; second-best underlined. Blue denotes relative
improvement over the strongest baseline.

4.1.2 Baselines. We benchmark against two categories of strong
T2I diffusion baselines: training-free methods, such as Stable Diffu-
sion [21] and Structure Diffusion [3], and fine-tunedmethods—Realign
Diffusion [6] and Composable Diffusion [15].

4.1.3 Evaluation Metrics. We measure semantic consistency and
image quality using two metrics on the the MS-COCO and ABC-6K
datasets: CLIP [4, 19] and Fréchet Inception Distance (FID) [5]. For
CLIP, we compute the cosine similarity between the feature vectors
of the generated image 𝑋 and its corresponding prompt 𝑃 , encoded
by the CLIP model. A higher CLIP score indicates better semantic
alignment between the image and prompt. For FID, we compare
feature distributions between generated and real images by com-
puting activations from the Inception V3 model’s penultimate layer.
The Fréchet distance between the distributions of generated and
real images quantifies image quality, with a lower FID score indi-
cating better image quality and closer alignment with real images.
Additionally, we utilize the phrase-based model GLIP [12] on the
CC-500 dataset to evaluate whether the generated image contains
the correct number of objects as specified by the prompt.

4.1.4 Implementation Details. We conduct all experiments on
NVIDIA A100 GPUs (80 GB) using Stable Diffusion v1.52 as the
base generative model, fine-tuned for our tasks at a fixed resolution
of 512×512 [21]. To ensure fair comparison with baselines such
as Structure Diffusion and Realign Diffusion, we standardize on
v1.5; we are also extending evaluations to newer backbones (v2.0+).
Complete hyperparameters and training schedules are reported in
Appendix ??. The detailed hyperparameter setup is provided in the
Appendix ??. The pipeline is compatible with diffusion transformers
(DiT) with minor adaptations. In the Decomposition and Composi-
tional Synthesis stage, prompts are parsed into noun-phrase units
that steer cross-attention, a mechanism directly supported by DiT
architectures. In the Semantic Realignment stage, we fine-tune a
small subset of Stable Diffusion parameters using LoRA, preserving
the pre-trained weights while enhancing semantic alignment.

2https://huggingface.co/stable-diffusion-v1-5/stable-diffusion-v1-5

Methods Zero/One ↓ Two ↑

Prompt: “a [colorA] [objectA] and a [colorB] [objectB]"

Stable Diffusion 69.0 31.0
Composable Diffusion 74.2 25.8
Structure Diffusion 68.8 31.2
Realign Diffusion 65.1 34.9

GranAligner (Ours) 64.6 35.4 (+0.5%)

Table 2: Entity grounding performance on CC-500 via GLIP.
Metrics Zero/One and Two quantify object omission failures
(↓) and successful compositional generation (↑), respectively,
for dual-entity prompts with distinct attributes.

Stage One Stage Two FID↓ CLIP↑
14.8545 (↓ 12.58%) 0.3176 (↓ 6.42%)

✓ 13.9103 ( ↓ 5.43%) 0.3346 ( ↓ 1.14%)
✓ 14.4641 ( ↓ 9.63%) 0.3214 ( ↓ 5.30%)

✓ ✓ 13.1937 0.3394
Table 3: Ablation study on MS-COCO. Stage One (Decom-
position and Compositional Synthesis) and Stage Two (Se-
mantic Alignment) improve text-to-image generation in
GranAligner. Performance degradation relative to the full
model (bold) is marked by ↓.

4.2 Overall Semantic Consistency
4.2.1 Setup. We compare our model against two categories of T2I
diffusion models: training-free and fine-tuned methods, with the
latter requiring training on a new dataset. For fairness, all fine-tuned
models are trained on the same 3,000 randomly selected MS-COCO
samples. To minimize randomness, we repeat the process three
times and report the average results.

4.2.2 Results. Table 1 shows the quantitative comparison results
of different methods on the MS-COCO and ABC-6K datasets. As
shown in Table 1, our method outperforms other state-of-the-art
(SOTA) methods on all evaluation metrics. Our method attains
the highest scores (bold), with the second-best (Realign Diffu-
sion) underlined for reference. Numbers in denote our relative im-
provement over the second-best baseline. Specifically, our method
achieved FID scores of 13.1937 and 13.1768 on the MS-COCO and
ABC-6k datasets, respectively, which are lower than those of com-
peting methods, indicating the effectiveness of the generated image
quality. Moreover, our method achieved CLIP scores of 0.3394 and
0.3412 on the MS-COCO and ABC-6k datasets, respectively. These
scores indicate that the images generated by our model align more
closely with the textual descriptions. Table 1 compares our method
with three baselines on MS-COCO and ABC-6k.

4.3 Complex Semantic Comprehension
4.3.1 Setup. The CC-500 dataset features compositional prompts
using conjunctions like “and," which often cause diffusion models
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Figure 3: Visual Comparison of Existing Baselines. GranAligner demonstrates superior object count accuracy, attribute binding,
and image quality across prompts of varying complexity.

to omit objects due to masking. We evaluate our method against
baselines tailored for compositional prompts. Stable Diffusion and
Structure Diffusion use default settings, while Composable Diffu-
sion splits prompts at “and" and processes segments independently.
Object count accuracy and missing objects are assessed using the
GLIP detection model [12] via bounding box analysis.

4.3.2 Results. Table 2 reports object count accuracy on CC-500.
Among the baselines, Composable Diffusion correctly counted ob-
jects in 25.8% of the prompts, while Structure Diffusion achieved
a modest improvement to 31.2%, due to its approach of separately
encoding objects, which enhances spatial layout and composition.
Realign Diffusion further outperformed both, achieving 34.9%, by
focusing on realigning text and image during generation for im-
proved prompt alignment. GranAligner outperformed all baselines
with a success rate of 35.4%, demonstrating that refining initial
image generation produces a higher-quality training set and better
text-image alignment.

4.4 Ablation Studies
We evaluate the effectiveness of each stage in GranAligner. Table
3 presents the ablation study results on the MS-COCO dataset,

demonstrating that our two-stage approach significantly improves
T2I generation performance. For image quality, the first-stage gen-
eration reduces the FID score from 14.8545 to 13.9103, while the
second-stage re-alignment further lowers it to 14.4641. For text-
image consistency, the first stage improves the CLIP score from
0.3176 to 0.3346, whereas the second stage adjusts it to 0.3214.
The first-stage generation yields a more substantial improvement,
aligning with expectations, as its output directly influences the
effectiveness of the re-alignment process.

4.5 Qualitative Results
We qualitatively assess GranAligner against competitive T2I base-
lines across the MS-COCO and CC-500 benchmarks.

4.5.1 T2I with Typical Prompts. Figure 3 compares image gener-
ation for the prompt “A boat that is sitting in the water." While
Stable Diffusion, Structure Diffusion, and Realign Diffusion gener-
ate aligned images, GranAligner produces higher-quality results.
Specifically, boats in Stable and Structure Diffusion show shadowed
areas at the waterline, and Realign Diffusion lacks realistic boat de-
tails. In contrast, GranAligner generates a more visually appealing
boat with accurate water reflections and improved image quality.
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A young boy
riding a

skateboard on
a sidewalk

A man that is
holding a

baseball bat

A man is
water skiing

on a river

Stable Diffusion Structure Diffusion Realign Diffusion GranAligner

Figure 4: Baseline comparison on human-centric prompts.
GranAligner yields anatomically realistic figures and natural
poses, outperforming baselines in structural consistency.

4.5.2 T2I with Complex Prompts. Figure 3 illustrates compositional
prompts like “A red bird and a green apple." While all methods gen-
erate simplistic images, Stable Diffusion, Structure Diffusion, and
Realign Diffusion fail to render all objects and exhibit color leakage,
assigning both “red" and “green" attributes to the “bird." In contrast,
GranAligner correctly renders all objects with precise attribute
binding. Similarly, for “A red car and a white sheep." baselines
misrepresent object counts and proportions, while our method
achieves accurate object presence and realistic sizing. For more
complex prompts such as “A plate with an orange and chocolate
donuts, surrounded by some oranges," involving multiple objects
and specific quantities, other methods struggle to align objects.
GranAligner generates correct object counts and captures relation-
ships, outperforming baselines.

4.5.3 T2I with Human Objects. Figure 4 compares GranAligner
with baselines on prompts involving human subjects (i.e., “human
objects”). Baseline models frequently exhibit anatomical artifacts,
distorted fingers, asymmetric limbs, and inconsistent face-body
coherence, indicative of weak object-attribute binding at fine gran-
ularity. GranAligner mitigates many of these failures, producing
more faithful layouts and attributes; nonetheless, high-quality hu-
man renderings remain challenging.

4.6 Error Analysis
Figure 5 shows the bad cases generated by all baseline models and
our method, where there is a gap in the consistency between the
image and the text. For example, in the prompt “A small white
church with a clock on the side of its tower sitting on the end of a
street," the model, when generating based on the prompt, focuses on
the overall object and environment, neglecting the hidden attributes
of the “clock" object. The clock hands and scale were not correctly
generated, which resulted in low image quality. Additionally, when
processing “a white and blue bird is perched on a tree branch that is
sitting next to a bunch of bushes," the details of the “a bunch of bushes"
object pose higher demands on the model. None of the methods

Figure 5: Failure case analysis. Highly complex prompts re-
veal common limitations across all evaluated models, in-
cluding fidelity degradation and the systematic omission of
fine-grained entities such as clocks, complex textures, and
human anatomy.

paid attention to the object’s detailed texture, making the bushes in
the image appear similar to the tree leaves. The same issue occurred
with “A person is working on a computer with a remote control and
a camera next to the camera", where the model failed to correctly
generate the human hand, resulting in poor image quality.

5 CONCLUSIONS
We propose GranAligner, a coarse-to-fine framework that miti-
gates attribute misbinding and object omission by optimizing self-
supervised training fidelity. To bypass the signal dilution inher-
ent in direct reward guidance, GranAligner comprises a two-stage
reinforcement loop: (i) structural decomposition and compositional
synthesis, which generate structure-aware image candidates, and (ii)
multi-granular semantic realignment, which fuses global scene scor-
ing with local object-attribute verification to curate high-fidelity
pairs for parameter-efficient adaptation. This architecture progres-
sively enforces semantic correspondence without requiring exhaus-
tive backbone retraining. Empirical evaluations on MS-COCO and
ABC-6K yield CLIP score improvements of +1.59% and +1.79%,
alongside FID reductions of 5.04% and 5.46%, respectively. Further-
more, a 0.5% increase in GLIP-based object detection accuracy on
CC500 confirms superior preservation of compositional entities.
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