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Abstract. Composition is a high-level visual intent that governs where
subjects are placed and how a scene is organized, yet current unified
multimodal models remain unreliable at fine-grained composition recog-
nition and struggle to turn such intent into controllable generation. We
present COMPASS, the first unified multimodal framework that grounds
composition-intent control in a single system spanning both composition
perception and composition-guided generation, with a shared expert to-
ken τc as the central intent anchor. On the perception side, COMPASS
injects composition expertise into an MoE backbone in a minimally in-
vasive manner and distills the inferred intent into τc. On the generation
side, COMPASS reuses τc as a global conditioning signal that steers the
denoising trajectory, effectively converting passive composition analysis
into explicit layout control. To support systematic instruction-following
composition learning and evaluation at scale, we construct Comp-11, a
large-scale dataset with an 11-class taxonomy and reasoning-augmented
annotations. Extensive experiments show that COMPASS substantially
improves category-level composition understanding and delivers more
composition-consistent, prompt-faithful generation than strong baselines.
The code and dataset for this work will be released here.

1 Introduction

Visual composition is the grammar of photography, providing the structural
scaffold upon which aesthetic and emotional narratives are built. In the field of
aesthetic intelligence, this necessitates two core capabilities working in tandem:
expert-level perception, the ability to decode the intentional geometric organiza-
tion of a scene, and layout-guided creation, the ability to synthesize new content
that respects a specific compositional schema. Recently, Large Multimodal Mod-
els (LMMs) [5,9,11,28,29,32,42] have trended towards a unified paradigm, aiming
to integrate visual understanding and generation into a single, cohesive frame-
work. However, while these models excel at general reasoning, they struggle to
represent composition as an explicit, controllable structure. Existing aesthetic
LMMs [3, 4, 17, 43] primarily emphasize passive assessment and critique, treat-
ing composition as one attribute among many rather than a structured object
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Prompt: Analyze the composition of this image.
Answer: This picture uses the rule of thirds and 
horizontal composition to showcase a solitary tree 
standing on the left, overlooking a vast patchwork of yellow 
and green fields that stretch toward a sky ablaze with the 
colors of sunset.

Prompt: Which composition technique(s) are 
used in this picture? A. rule of thirds (RoT), B. 

vertical, C. horizontal, D. diagonal, E. curved, 
F. triangle, G. center, H. symmetric, I. pattern, 
J. fill the frame, K. leading lines. 

Answer: A, C

Composition Perception

Composition-guided Generation

A breathtaking mountainous 

landscape, characterized by 

rugged peaks and valleys 

shrouded in mist.

Reference Image Content Description Generated Image Reference Image Content Description Generated Image

A majestic mountain, likely a 

volcano, with a conical shape 

and a snow-capped peak, 

bathed in a striking red hue. 

A locomotive train on a snowy 

railway track. The surrounding 

area includes bare trees, 

indicating a winter season.

A serene pastoral scene with a 

group of cows grazing on a 

lush green hillside. 

Fig. 1: Performance of the proposed COMPASS: the unified system handles various
composition understanding tasks, and further uses a reference image as layout intent
to synthesize new content that remains faithful to the text prompt.

that can be parsed and acted upon. Meanwhile, the broader literature on photo-
graphic composition has proposed rule-based taxonomies and datasets [19,39,41],
which underscore that composition understanding is a distinct capability and re-
mains underexplored for general LMMs.

In this work, we make the first attempt to unify expert composition percep-
tion and reference-guided generation in a cohesive framework. On the generation
side, we target a challenging setting: given a reference image that conveys compo-
sitional intent and a text prompt for new semantic content, we seek to generate
an image that inherits the reference layout style while changing the content. This
pursuit is motivated by the inherent limitation of text-only prompting—language
efficiently describes semantics but is a low-bandwidth channel for precise spa-
tial geometry. In contrast, a reference photo provides a high-bandwidth spatial
blueprint. Related controllable generation methods often rely on explicit low-
level controls such as edges, depth, or bounding boxes [20,38,40], which provide
strong spatial constraints but do not directly encode high-level composition rules.
Closer in spirit, image-prompt editing and style-transfer methods [8,27,36] also
condition on a reference image and aim to transfer a specific factor (e.g., style)
to a new image; however, they often suffer from content leakage from the refer-
ence ones. In our setting, the target factor—composition—is even more entan-
gled with image content, making layout transfer without semantic contamination
substantially harder.

Crucially, reference-guided compositional generation presupposes expert per-
ception; the model must infer the structural intent of a reference before it can re-
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produce it. However, achieving this dual intelligence in a unified model raises two
domain-specific hurdles. On the perception side, the challenge is twofold. First,
there is a severe scarcity of systematic compositional data: existing aesthetic
datasets for LMM [3,4,17,18,43] often treat composition as a coarse-grained at-
tribute within a broad aesthetic analysis, lacking a comprehensive and consistent
taxonomy to cover the diverse layout patterns used in professional photography.
Second, injecting such specialized expertise into a pre-trained LMM through
full-parameter fine-tuning or task-agnostic adapters like LoRA [16] can easily
bias or overwrite general reasoning unless the expertise is explicitly anchored
and routed. On the generation side, the task faces an entanglement trap where
models struggle to disentangle the high-level compositional intent from low-level
content features. This is especially difficult because paired data—images sharing
the same layout but different semantics—rarely exists at scale, making conven-
tional supervised disentanglement infeasible.

To address these challenges, we introduce COMPASS, a framework that
empowers unified LMMs with specialized compositional intelligence through
an expert-anchor paradigm. To overcome the scarcity of systematic data, we
first build Comp-11, a comprehensive composition-focused instruction dataset.
Inspired by prior composition datasets [19, 39] and recent benchmarks high-
lighting LMMs’ compositional limitations [41], Comp-11 is designed specifically
for instruction-following and actionable composition understanding. In terms
of architecture, we propose a Composition-specific Mixture-of-Experts (C-MoE)
strategy to achieve expert-level composition perception. Leveraging an existing
MoE-based backbone [11], we instantiate a dedicated set of new expert Multi-
layer Perceptrons (MLPs) and optimize only these parameters during training.
This approach infuses the model with compositional expertise while preserving
its foundational multimodal competence. Complementing this architecture, we
introduce a single learnable expert token τc as a prefix to the model’s response.
Supervised by a hard composition classification objective, τc serves as an explicit
intent anchor that activates specialized knowledge and surfaces compositional
decisions.

To break entanglement in generation without requiring paired data, we pio-
neer a self-supervised structural bottlenecking strategy. We apply explicit phys-
ical decoupling via pixelization and grayscaling to reference images, creating a
structural invariant that suppresses semantic appearance while preserving global
layout cues. Beyond the input-side bottleneck, we introduce model-side mecha-
nisms to suppress reference leakage, including a customized attention mask that
prevents learnable queries from attending to perturbed image tokens and a cross-
attention refinement to ensure text faithfulness. Reusing the expert token τc as
a global conditioning signal further bridges the gap between passive composition
analysis and active, layout-controllable generation within a single unified system.

Our main contributions are summarized as follows: (1) We present the first
systematic study of unified LMMs for compositional intelligence. (2) We build
Comp-11, the first large-scale comprehensive composition-focused instruction
dataset with an 11-class taxonomy to enable actionable understanding and rea-
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CenterRule of Thirds Horizontal Symmetric Diagonal Curved Vertical Triangular Pattern Fill the FrameLeading Lines

Fig. 2: Visual examples of our Comp-11 taxonomy.

soning. (3) We propose COMPASS, featuring a learnable prefix token τc as
a shared intent anchor for both understanding and generation tasks, and a
self-supervised structural bottlenecking framework that enables reference-guided
generation without the need for paired training images.

2 Related Work

Composition understanding and optimization. Photographic composi-
tion has primarily been studied from two complementary perspectives: com-
position understanding and composition optimization. Together, these lines of
research provide essential foundations for controllable composition generation.

The first line of research focuses on composition understanding, aiming to
model and quantify structural layouts. Early approaches typically evaluated
composition quality through regression-based models. By utilizing datasets with
dedicated composition-aware annotations, such as CADB [39], these methods
isolated spatial arrangement patterns rather than predicting holistic aesthetic
scores. Progressing toward a more structured formulation, subsequent studies
treated composition as a rule-based classification task. For instance, KU-PCP
[19] categorizes images based on predefined compositional rules while explicitly
localizing key geometric elements. Together, these works established quantitative
and interpretable paradigms for composition recognition.

Building upon composition evaluation, composition optimization focuses on
active enhancement, primarily through image cropping. Existing methods are
largely supported by two types of datasets: densely annotated datasets with
multiple candidate crops (e.g., SACD [35], UGCrop5K [24]) and sparsely an-
notated datasets providing a single optimal crop (e.g., FCDB [7]). Recent ad-
vances incorporate generative modeling to improve robustness, as exemplified
by GenCrop [15], which leverages diffusion-based augmentation. Multimodal
large models have also been introduced into composition tasks; for instance,
PhotoFramer [37] employs multimodal instruction tuning to generate composi-
tion guidance alongside exemplar images.

Despite these advances, existing optimization methods—particularly crop-
ping—are inherently restricted to being post-processing steps for existing im-
ages. In contrast, our work transcends this limitation by providing real-time
guidance, directly generating photographs with ideal compositions.
LMM aesthetic perception. More recently, multi-dimensional aesthetic eval-
uation has increasingly incorporated Large Multimodal Models (LMMs) to en-
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hance semantic reasoning and interpretability [1]. Representative works—such
as AesExpert [17], UNIAA [43], AesBench [18], and UniPercept [3]—simultane-
ously generate aesthetic scores and natural language explanations. This approach
facilitates unified reasoning across various aesthetic attributes, including color,
lighting, subject emphasis, and composition.

However, within this paradigm, composition is primarily treated as a de-
scriptive attribute embedded within a holistic aesthetic assessment. Even when
compositional aspects are explicitly evaluated [4,17], they are subsumed into the
broader semantic reasoning process rather than being modeled as explicit, con-
trollable composition categories. Consequently, existing LMM-based aesthetic
perception frameworks remain predominantly evaluative, falling short of directly
supporting composition-conditioned generation.
Unified multimodal models. Unified multimodal models seeks to integrate
perception and generation within a shared architecture. Existing approaches can
be broadly grouped into three paradigms. Modular coordination frameworks,
such as NExT-GPT [30], employ a large language model to orchestrate exter-
nal modality-specific generators. While flexible, these designs rely on loosely
coupled components with limited cross-modal fusion. Token-level fusion models,
including SEED-X [10] and Chameleon [5], move toward tighter integration by
jointly modeling visual and textual tokens within autoregressive transformers,
enabling unified understanding and generation. However, purely autoregressive
modeling often struggles with high-fidelity image synthesis. To address this lim-
itation, hybrid unified frameworks incorporate diffusion mechanisms into the
modeling pipeline. Transfusion [42] integrates diffusion into unified training to
balance semantic controllability and synthesis quality. Subsequent models, such
as Show-o [32], Emu3 [28], and the Janus series [6, 22, 29], further extend uni-
fied architectures to support multi-task perception and high-quality generation.
More recent efforts emphasize scalability and system-level refinement. VILA-
U [31] improves multimodal alignment efficiency for large-scale training, while
BAGEL [9] and Ming-Lite-Uni [11] explore scalable and lightweight unified mod-
eling strategies.

Despite architectural unification, existing models primarily optimize modal-
ity alignment, generation quality, and training scalability [34]. Fine-grained struc-
tural factors—such as photographic composition—are rarely treated as explicit,
controllable modeling targets. Consequently, while unified multimodal architec-
tures provide a strong backbone for integrated perception and generation, they
lack dedicated mechanisms for structure-aware and composition-conditioned syn-
thesis.

3 Dataset

We introduce Comp-11, a large-scale dataset for composition perception and
generation in unified LMMs. Comp-11 is built upon an 11-class composition tax-
onomy and further augmented with instruction-following and reasoning-oriented
multimodal annotations.
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Data Preparation LMM Augmented VQA

ü Collecting diverse high quality 
images from aesthetic datasets.

ü Including composition specific 
datasets (CADB and KU-PCP).

ü 389031 samples in total. 

ü Inviting art students as expert 
annotators.

ü Multi-round pilot annotations 
to ensure label accuracy.

Dataset Proportions Data Labels Distribution

Q: What’s the composition of this image?
A: This photograph implements horizontal and 
diagonal composition.
Q: Does this image use vertical composition? 
A: No.
Q: Which composition technique(s) are used in 
this picture? Select all that apply from the 
following options: A. rule of thirds(RoT), B. vertical, 
C. horizontal, D. diagonal, E. curved, F. triangle, G. 
center, H. symmetric, I. pattern, J. fill the frame, K. 
leading lines. 
A: C, E

image & label

horizontal, diagonal

Expert Labeling and Refinement

~1.2M VQA samples

Fig. 3: Data construction pipeline of Comp-11.

Taxonomy of Composition. We consolidate composition concepts from ex-
isting composition classification datasets KU-PCP [19] and CADB [39] into a
unified taxonomy with C=11 commonly used categories, which we adopt as the
label set of our dataset. Specifically, the taxonomy includes Rule of Thirds (RoT),
Center, Horizontal, Symmetric, Diagonal, Curved, Vertical, Triangle, Pattern,
Leading Lines, and Fill the Frame. We provide qualitative visualization examples
for all 11 categories in Figure 2. Precise operational definitions and annotation
guidelines are deferred to the supplementary material.

Data Construction Pipeline Building upon our 11-class taxonomy, we de-
velop a rigorous pipeline comprising three stages: data preparation, expert la-
beling and refinement, and LMM augmentation (Figure 3).

Data preparation. We aggregate 389,031 images from four public aesthetic
benchmarks: AVA [23], TAD66K [12], CADB [39], and KU-PCP [19]. Among
them, CADB and KU-PCP provide composition labels that can be directly
reused, but their scale is insufficient for training a unified LMM. To build a
large and systematic training set, we further incorporate high-quality images
from AVA and TAD66K as unlabeled aesthetic data and annotate them with our
11-category taxonomy in the next stage. The proportion of images contributed
by each source can be seen from the left side of Figure 3.

Expert labeling and refinement. To ensure expert-level annotation quality, we
recruited students from photography and fine arts programs and refined labels
in two rounds: (i) verifying and correcting inherited annotations from source
datasets, and (ii) exhaustively annotating newly collected data under our 11-class
taxonomy. To mitigate individual bias, each image is independently reviewed by
multiple annotators and disagreements are resolved by consensus voting, yielding
a unified and reliable label space. The middle part of Figure 3 further indicates
a long-tailed, highly imbalanced label distribution that naturally arises in real-
world composition patterns. Notably, we also allow a none-label assignment when
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Expert 1 Expert N……
LMM

Image Tokens Text Tokens

Response

Expert 
Token

Classification 
Loss

NTP 
Loss

Expert 1 Expert N……
LMM

Pixelated
Image Tokens

Text Tokens Expert 
Token

Classification 
Loss

Learnable 
Queries

Cross 
Attention

Diffusion 
Transformer

Generated Image

Understanding Generation

Diffusion 
Loss

Analyze the composition 
of this image.

Compose the following visual: The image captures a dramatic 
scene viewed through a tunnel. A steam locomotive is seen 
emerging from the tunnel, which is positioned centrally in the 
frame, with the tracks leading directly towards the viewer.

Noisy Input

MLP

Time
Embedding

⨁

Fig. 4: Overview of COMPASS. The model first performs composition perception
with N new experts (C-MoE) and an expert token τc to summarize layout cues. For
composition-guided generation, a structurally bottlenecked (pixelated) reference is used
to suppress appearance leakage, while a customized attention mask (demonstrated un-
der the bold “Generation”, where the dark squares represent “allow to attend”, while
the white ones indicate the opposite) and a cross-attention refinement improve control-
lability and text faithfulness. The expert token representation is further injected into
the diffusion denoiser as a global conditioning signal to steer the generation toward the
intended composition.

an image is visually cluttered or its composition is indiscernible even for experts,
avoiding forced noisy labels and keeping supervision reliable.

LMM augmentation. Using the expert-verified labels as gold-standard prompts,
we leverage a strong LMM [25] to generate reasoning-enhanced metadata, includ-
ing (i) question answering on compositional rationale, (ii) multiple-choice layout
discrimination, and (iii) judgment tasks. In total, this augmentation yields on the
order of 1.2M VQA-style pairs, substantially scaling up composition supervision
for unified LMM training.

4 Methodology

With the dataset and supervision described in Section 3, we study composi-
tional intelligence in unified large multimodal models through two tightly cou-
pled tasks. In composition perception, given an input image I and an instruction,
the model produces an instruction-following response and predicts a multi-label
composition vector y ∈ {0, 1}C (with C = 11 in our setting). In reference-guided
compositional generation, given a reference image Iref that provides layout in-
tent and a text prompt t that specifies new semantic content, we aim to sample
an output image Igen that preserves the reference composition while remaining
faithful to the prompt:

Igen ∼ G
(
Iref , t

)
, s.t. Comp(Igen) ≈ Comp(Iref), Sem(Igen) ≈ t. (1)
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To support these objectives within a single system, we introduce a minimally
invasive perception expertization mechanism (C-MoE with a learnable expert
token) and a self-supervised generation design that avoids paired same-layout-
different-content supervision. We describe the perception branch, the generation
branch, and our training strategy as follows.

4.1 Composition Perception

Compositional cues are subtle, geometry-centric, and poorly aligned with generic
pretraining objectives, making naïve fine-tuning prone to either underfitting or
overwriting general multimodal competence. To this end, we design a perception
branch with two complementary components: C-MoE, which injects composition
expertise into the MoE backbone in a minimally invasive manner, and a learnable
expert token τc, which serves as an explicit intent anchor whose representation
can be directly supervised for composition prediction.

Composition expertization via C-MoE. Our original unified LMM back-
bone [11] adopts MoE-based feed-forward networks (FFNs) in a subset of trans-
former blocks. Given latent token features h ∈ Rd, the router first produces
logits z = g(h) ∈ RN over N experts and selects the index set K = TopK(z) of
the K largest entries in z (Top-K expert selection). The combining weights are
then computed by a softmax restricted to K:

αk(h) =


exp(zk)∑
j∈K exp(zj)

, k ∈ K,

0, k /∈ K,
(2)

and the MoE-FFN output is a weighted sum of the selected experts:

MoE(h) =

N∑
k=1

αk(h)Ek(h) =
∑
k∈K

αk(h)Ek(h), (3)

where Ek(·) denotes the k-th expert MLP.
To inject composition expertise without overwriting the foundation capabil-

ities, we propose C-MoE (Composition-specific Mixture-of-Experts), which allo-
cates a new MoE-FFN branch in each MoE block. Concretely, for every sparse
FFN layer we instantiate an additional MoE module, named MoEcomp(·), with
its own router and expert parameters, in parallel to the original backbone MoE,
noted as MoEbase(·).

At runtime, we switch between the two branches using a task flag s ∈ {0, 1}:

FFN(h) = (1− s)MoEbase(h) + sMoEcomp(h), (4)

where s = 1 activates the composition expert branch. Importantly, MoEcomp

may adopt a different routing policy (router type) from the original backbone,
enabling task-specific routing while keeping the backbone intact.
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During training, we freeze the original backbone parameters and update only
the newly introduced parameters in MoEcomp (its router and expert MLPs) to
add compositional knowledge with minimal interference to the model’s general
multimodal abilities.

Learnable expert token as an intent anchor. To turn composition from
an implicit aesthetic attribute into an explicit and actionable decision in uni-
fied LMM, we introduce a single learnable expert token τc as an intent anchor
for composition understanding. Concretely, given a dialogue context x format-
ted by a chat template, the assistant turn is constructed as x ∥ prefixans ∥ τc ∥ s,
where prefixans denotes the fixed answer prefix produced by the template (e.g.,
role/format tokens) and s = s1:T is the response with T tokens. We insert τc
right after prefixans and before the first response token, so that it functions as
the answer-leading token and concentrates compositional cues into a dedicated
representation for downstream supervision.

We supervise τc with a composition classification objective. Let H ∈ RL×d

be the final hidden states of the unified LMM for an input sequence of length
L. We extract the hidden representation at the expert-token position, denoted
as hc ∈ Rd, and apply a lightweight projection head ϕ(·) and a classifier W to
obtain logits o ∈ RC over C composition classes:

o =W ϕ(hc). (5)

Since an image may exhibit multiple composition techniques, we formulate com-
position prediction as multi-label classification and optimize a weighted binary
cross-entropy loss:

Lcls =

C∑
i=1

(
w+

i yi log σ(oi) + w−
i (1− yi) log(1− σ(oi))

)
, (6)

where y ∈ {0, 1}C is the multi-hot label vector, σ(·) is the sigmoid function,
and (w+

i , w
−
i ) are per-class weights to counter class imbalance (computed from

the label distribution; see Section 3). In practice, we optionally apply a pooling
operator when multiple τc instances appear (e.g., in multi-round dialogues), but
Eq. (6) remains unchanged.

4.2 Composition-guided Generation

Physical decoupling via structural bottlenecking. In reference-guided
compositional generation, the reference image only provides layout intent but not
content. Ideally, one would learn this factorized transfer from paired supervision—
images sharing the same composition but different semantics—yet such paired
data is scarce in practice. Motivated by common self-supervised learning prin-
ciples, we instead create a training signal by transforming each sample into a
structural proxy that approximates “same layout, different appearance” without
explicit pairs.
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Original Canny Edges Mild Blur Strong Blur Pixelated Pixel-Gray (Ours)

Fig. 5: Comparison of structural bottlenecks for reference-guided generation. Pixelated
grayscale references suppress semantic identifiability by disrupting contour-level cues
while preserving coarse spatial layout, leading to better layout transfer with reduced
content leakage compared to edge- or blur-based alternatives.

Concretely, we introduce a structural bottleneck before the model: we trans-
form the reference image Iref into a grayscale, pixelated image Ĩ and condition
generation on Ĩ instead of the raw reference. Grayscaling suppresses color as
a strong content cue, while pixelization aggressively removes recognizable de-
tails yet preserves coarse spatial massing and dominant layout lines. Alternative
structuralizations do not reliably eliminate semantics. Edge-based representa-
tions preserve fine contours that directly encode object identity, while Gaussian
blurring mainly smooths textures but often retains coherent silhouettes, allow-
ing viewers (and models) to infer plausible semantics from shape cues even when
details are unclear. Pixelization offers a better compromise: it disrupts contour-
level recognizability and thus weakens semantic inference, yet largely preserves
coarse spatial layout and region massing. Accordingly, we adopt grayscale pix-
elization as the structural bottleneck for reference-guided generation (Figure 5).

Customized attention mask for leakage suppression. On top of the
above input-side bottleneck, we further introduce model-side mechanisms to pre-
vent reference content leakage and to ensure text faithfulness during generation.
Following existing unified model architectures [11,26,29], when processing Ĩ, our
unified LMM forms an autoregressive token sequence that contains (i) perturbed
image tokens v = v1:M extracted from Ĩ, (ii) text tokens t = t1:L, and (iii) a
set of learnable queries q = q1:Q used as the downstream generation interface.
Although Ĩ already removes most semantic details, allowing text tokens or learn-
able queries to attend to v can still create shortcut copying. We therefore use a
customized causal mask A ∈ {0, 1}N×N (N is the model length) such that

Aij = 1[j ≤ i] · 1
[
(i /∈ T ∪ Q \ {τc}) ∨ (j /∈ I)

]
, (7)

where I indexes the reference-image token span, Q indexes the learnable-query
span, and T indexes all text-token positions after the reference image. Thus,
standard causality (j ≤ i) is preserved, while any position i ∈ (T ∪ Q) \ {τc}
is forbidden to attend to reference-image tokens j ∈ I, leaving τc as the only
post-image token that may read v for composition-related summarization. We
visualize the allowed and blocked regions of A in Figure 4 (under the bold “Gen-
eration”) for more intuitive demonstration.
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Cross-attention refinement for text faithfulness. Reference-guided gen-
eration is prone to content leakage unless the model is simultaneously discour-
aged from copying the reference and encouraged to follow the prompt [33]. Our
customized attention mask implements the former by preventing post-image to-
kens and learnable queries from attending to reference-image tokens. To comple-
ment this, we add a lightweight cross-attention refinement module that directly
ties the learnable queries to the prompt representation, strengthening text faith-
fulness in the diffusion conditioning stream. Concretely, after the LMM forward
pass, let H ∈ RN×d be the resulting hidden states. We take the subsequences for
learnable queries and prompt tokens, denoted as Hqueries = LMM(q) ∈ RQ×d

and Hprompt = LMM(t) ∈ RL×d, and apply

q̂ = CrossAttn(Hqueries, Hprompt), (8)

where Hqueries acts as queries and Hprompt provides keys/values. This process an-
chors the learnable queries to the prompt representation and thereby improving
text content faithfulness.
Expert token as a global conditioning signal. Finally, we reuse the expert
token τc as a layout capsule that bridges composition perception and controllable
generation. In our generation setting, the reference-image pathway is deliberately
weakened, so the model cannot reliably exploit residual appearance cues from
reference tokens; instead, transferable layout information is encouraged to be
summarized into the representation at τc. Formally, let hc ∈ Rd be the final hid-
den state at τc, and let c = ψ(hc) be a projection into the diffusion conditioning
space. We inject c as a global bias via timestep modulation, ẽt = et + c, where
et is the standard timestep embedding. The modulated embedding ẽt is broad-
cast within the diffusion transformer and used to modulate denoising blocks in
an AdaLN-style manner, supplying a scene-level control signal that steers the
denoising trajectory toward the intended composition. Importantly, we keep the
composition classification supervision on τc enabled during generation training
to handle the domain shift introduced by the perturbed reference images. This
encourages τc to remain a stable carrier of compositional cues and reduces the
tendency to fall back to shortcut copying.

4.3 Stage-wise Training Objective and Strategy

We train composition perception and reference-guided generation in two stages,
rather than jointly, to stabilize optimization and to better match their hetero-
geneous input domains.
Stage I: composition perception. We optimize the unified LMM on the
perception data with a standard instruction-following objective together with
the composition supervision on the expert token:

Lperc = Lntp + λcls Lcls, (9)

where Lntp denotes the next-token prediction loss for autoregressive language
models (details in the supplementary material) and Lcls is the weighted multi-
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Table 1: Category-wise AP (%) for composition understanding on the Comp-11 per-
ception test split. † denotes understanding-only models, and ‡ denotes unified models.

Method RoT Center Hori. Vert. Diag. Curved Tri. Sym. Patt. Lead. Fill mAP ↑

AesExpert† [17] 42.3 50.6 53.0 50.2 47.8 50.4 63.9 56.3 54.4 58.1 50.1 49.5
Qwen3-VL† [2] 56.7 70.8 78.7 76.9 54.1 54.6 87.2 86.0 61.8 72.5 66.2 66.4
InternVL3† [44] 50.6 65.7 57.5 55.9 55.8 64.3 82.8 78.3 65.5 62.3 52.6 60.0
Janus-Pro‡ [6] 50.2 55.1 56.7 66.8 52.7 51.5 71.0 69.5 55.5 51.5 52.3 54.2
BAGEL‡ [9] 51.1 66.4 80.2 68.2 54.2 57.9 87.4 83.2 70.7 74.0 52.8 63.2
Ming-Lite-Uni‡ [11] 31.4 68.1 67.4 63.2 63.9 57.3 84.2 82.0 69.8 65.8 62.2 58.2

COMPASS (ours)‡ 90.1 86.2 96.1 97.5 96.2 92.9 98.4 98.1 95.3 96.2 87.2 90.6

label classification loss defined in Eq. (6). During this stage, we keep the back-
bone frozen and update only the composition-specific modules, including the
C-MoE branch, the learnable expert token τc and its lightweight prediction head.

Stage II: reference-guided generation. We then train the generation pipeline
under structural bottlenecking, where the model must follow the text prompt
while transferring only layout cues from the perturbed reference. The objective
combines the diffusion training loss with the same Lcls on τc:

Lgen = Ldiff + λ′cls Lcls. (10)

Here Ldiff is the standard diffusion objective used by the denoiser (detailed in
the supplementary material). In this stage, we freeze the C-MoE composition
experts learned in Stage I to preserve the acquired perception capability and
to maintain a single shared expertization module across tasks. Meanwhile, we
train all generation-specific parameters and re-train the expert token τc (and its
lightweight head) to account for the domain shift of reference inputs. Although
τc is trained separately across stages, it is lightweight and can be packaged with
the unified system as task-specific parameters.

5 Experiments

Experimental setup. With the constructed Comp-11 dataset, we evaluate
COMPASS on both composition perception and composition-guided generation.
For perception, we hold out 20% of the full dataset as a test split; the class
distribution of the test set is provided in the supplementary material. For gen-
eration, we further sample 10,000 evaluation groups from the perception test
split with a uniform coverage over composition categories. Each group consists
of (i) a reference image that provides layout intent and (ii) a content reference
image whose caption is used as the semantic prompt to the model. Additional
implementation details are included in the supplementary material.
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Table 2: Quantitative results on composition-guided generation. † denotes generation-
only models, and ‡ denotes unified models.

Method FID ↓ CLIPScore ↑ Comp-Cons. ↑ cos(href
c , hgen

c ) ↑

Step1X-Edit† [21] 7.5 0.72 0.60 0.51
BAGEL‡ [9] 7.8 0.76 0.59 0.48
Ming-Lite-Uni‡ [11] 9.6 0.64 0.53 0.44

COMPASS (ours)‡ 8.2 0.83 0.74 0.62

Table 3: Ablation study on composition-guided generation. ⋆ denotes “same as the pre-
vious row” with additional removals. P and G indicate perception-stage and generation-
stage ablations, respectively.

Variant mAP ↑ FID ↓ CLIPScore ↑ Comp-Cons. ↑ cos(href
c , hgen

c ) ↑

Full (COMPASS) 90.6 8.2 0.83 0.74 0.62
w/o C-MoEP 78.2 – – – –
w/o τc

P 71.1 – – – –
w/o cross attentionG – 8.0 0.79 0.64 0.56
⋆ + w/o maskG – 8.6 0.72 0.59 0.48
⋆ + w/o τc

G – 8.3 0.75 0.53 0.42

5.1 Quantitative results

Metrics. We report results on three aspects. (i) Category-level composition
understanding : we evaluate each composition category as a binary decision and
report average precision (AP), which directly reflects the model’s discriminative
capability under class imbalance. (ii) Composition-guided generation: we mea-
sure general quality by FID [14] and CLIPScore [13], and measure composition
transfer by the agreement (Comp-Cons.) between predicted composition labels
(by COMPASS) of the reference and generated images and the cosine similarity
(cos(hrefc , hgenc )) between their expert-token hidden representations. (iii) Head-
only classification (in supplementary material): we compute multi-class accuracy
using the lightweight head attached to the expert token. Detailed definitions can
be found in the supplementary material.
Baselines. For perception, we compare against strong multimodal models, in-
cluding an open-source aesthetic finetuned expert model: AesExpert [17], state-
of-the-art VLMs: Qwen3-VL (8B) [2] and InternVL3 (8B) [44], and unified mod-
els: Janus-Pro (7B) [6], BAGEL (7B) [9], and our backbone Ming-Lite-Uni
(8B) [11]. For generation, we compare against image editing/unified models that
support reference-guided generation, including Step1X-Edit [21], BAGEL [9],
and Ming-Lite-Uni [11]. When a baseline does not support pixelated grayscale
references, we feed the original reference image and prepend the prompt with
“Generate an image with the composition style of the reference image and the
following content: ” for a fair comparison.
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Main results. Table 1 reports category-level AP for composition understand-
ing. We observe that even strong contemporary LMMs still struggle to reliably
identify fine-grained composition types, with performance often varying substan-
tially across categories, highlighting that composition-centric reasoning remains
underdeveloped in general-purpose multimodal models. In contrast, COMPASS
consistently improves recognition across all categories, demonstrating that ex-
plicit composition expertization and direct supervision on the expert token can
effectively elicit composition knowledge. Table 2 summarizes quantitative gen-
eration results, where the substantial gains in composition-specific metrics and
CLIPScore confirm that our framework effectively inherits the reference layout
intent while successfully mitigating semantic leakage from the reference image.
More importantly, by grounding generation on explicit composition understand-
ing, COMPASS enables composition-intent controllable generation—an expert
capability that is largely absent from current unified models.
Ablations. We ablate key components in both perception and generation. The
results are presented in Table 3. On perception, removing either C-MoE or the
expert token causes a pronounced drop in mAP, suggesting that composition
recognition benefits from both (i) explicit capacity allocation for composition
features (C-MoE) and (ii) a dedicated, directly supervised intent carrier (τc). On
generation, removing the cross-attention refinement and the customized atten-
tion mask mainly harms text faithfulness, reflected by a decrease in CLIPScore.
Finally, disabling the expert-token conditioning degrades composition-transfer
metrics, confirming that τc serves as the global layout capsule that stabilizes
composition control throughout the denoising trajectory. Due to space limita-
tions, detailed numerical results are provided in the supplementary material.

5.2 Qualitative results

Figure 6 presents representative qualitative comparisons for composition-guided
generation. Rather than directly copying the reference layout, COMPASS first
infers the compositional intent implied by the reference and then integrates this
intent into the semantic content, yielding generations that are more harmonious
and self-consistent while remaining faithful to the prompt semantics. Additional
qualitative examples for both composition perception and composition-guided
generation, together with failure-case analysis, are provided in Figure 1 and the
supplementary material.

6 Conclusion

In this work, we present COMPASS, the first unified framework to bridge expert-
level composition perception and reference-guided creation within a single LMM
architecture. Supported by our systematic Comp-11 dataset, COMPASS uti-
lizes an expert-anchor paradigm and a self-supervised structural bottleneck to
effectively decouple compositional intent from semantic content without requir-
ing paired training data. This methodology transforms unified models from
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Reference Image BAGEL Step1X-Edit COMPASS (ours)Ming-Lite-Uni

A large cluster of vibrant yellow 
flowers with a trumpet-like shape, 
surrounded by lush green leaves.
Composition: center

A beach scene with a focus on the 
foreground, where tall, slender 
grasses are prominently displayed.
Composition: horizontal

An autumn forest scene. 
Composition: vertical, leading lines

A rural canal in the twilight with 
residential buildings and trees on 
both sides.
Composition: leading lines

Caption

A black and white photograph 
depicting a railway scene.
Composition: diagonal

Fig. 6: Qualitative comparison on composition-guided generation. Gray annotations
under the captions are for intuitive illustration only and are not used as model inputs.

composition-blind observers into expert-level aesthetic creators, establishing a
generalizable blueprint for domain-specific multimodal intelligence.
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