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Abstract

Subject-driven text-to-image generation presents a significant challenge: faithfully reproducing a
specific subject’s identity within novel, text-described scenes. Existing solutions typically involve
computationally expensive model fine-tuning or less performant training-free methods. This paper
introduces Content-Adaptive Grafting (CAG), a novel, efficient, and entirely training-free framework
designed to achieve high subject fidelity and strong text alignment. CAG operates without modifying
the underlying generative model’s weights, instead leveraging intelligent noise initialization and
adaptive feature fusion during inference. Our framework comprises Initial Structure Guidance (ISG),
which prepares a structurally consistent starting point via an inverted collage image, and Dynamic
Content Fusion (DCF), which adaptively infuses multi-scale reference features using a gated attention
mechanism and a time-dependent decay strategy. Extensive experiments demonstrate that CAG
significantly outperforms state-of-the-art training-free baselines in subject fidelity and text alignment,
while maintaining competitive efficiency. Ablation studies and human evaluations further validate the
critical contributions of ISG and DCF, affirming CAG’s leading position in providing a high-quality,
practical solution for subject-driven text-to-image generation.

Keywords: subject-driven generation; Content-Adaptive Grafting; training-free; subject fidelity;
adaptive feature fusion

1. Introduction
Text-to-Image (T2I) generation has witnessed remarkable breakthroughs in recent years, enabling

the synthesis of high-quality, diverse images from mere textual descriptions [1]. This capability has
opened up numerous applications across creative industries, content generation, and virtual reality. A
particularly challenging yet crucial extension of this task is subject-driven text-to-image generation, where
users demand the precise reproduction of a specific subject’s identity and appearance within a novel
scene dictated by a text prompt. For instance, generating an image of "a specific dog sitting on a moon"
requires not only depicting a dog and a moon but ensuring that the generated dog is identical to a
provided reference image of that dog.

Current approaches to subject-driven T2I generation generally fall into two categories. The
first category comprises model fine-tuning methods, such as DreamBooth and Custom Diffusion [2].
These methods typically achieve high subject fidelity by fine-tuning a pre-trained diffusion model on
multiple images of the target subject. However, they suffer from significant drawbacks: they often
require substantial training data, incur lengthy training times, demand considerable computational
resources, and necessitate re-training for each new subject, rendering them inefficient and cumbersome
for practical applications. The second category consists of zero-shot or training-free methods [3], which
attempt to achieve subject transfer without modifying the pre-trained model weights. These approaches
leverage clever inference-time algorithms, offering significant efficiency advantages. Nevertheless,
they frequently struggle to balance subject fidelity with text alignment, often exhibiting deficiencies in
one or both aspects.
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Figure 1. Motivation and overview of subject-driven text-to-image generation. Existing approaches either
rely on costly per-subject fine-tuning or suffer from limited subject fidelity and text alignment in training-free
settings, while our Content-Adaptive Grafting (CAG) framework addresses this trade-off through Initial Structure
Guidance and Dynamic Content Fusion to achieve high fidelity, strong alignment, and efficient inference.

This research aims to bridge the gap between high-quality fine-tuning methods and efficient
training-free approaches. We propose an efficient and training-free framework for subject-driven
T2I generation, termed Content-Adaptive Grafting (CAG). Our primary objective is to maintain
high fidelity to the reference subject while ensuring strong alignment with the textual prompt, all
while significantly improving generation efficiency compared to existing training-free methods. Our
Content-Adaptive Grafting (CAG) method is an end-to-end, training-free solution designed for high-
quality subject-driven text-to-image generation. CAG does not modify the weights of the underlying
generative model (e.g., FLUX.1-dev), but instead intelligently guides noise initialization and adaptively
fuses reference features during the inference process. This is achieved through two core components:
Initial Structure Guidance (ISG) which prepares a structurally consistent starting point, and Dynamic
Content Fusion (DCF) which precisely injects subject details.

To validate our proposed method, we conduct extensive experiments using FLUX.1-dev as our
base T2I model, a state-of-the-art multimodal diffusion-transformer (MM-DiT) model. We employ a
custom dataset widely used in subject-driven T2I research (shared with methods like FreeGraftor [4]),
featuring diverse subjects (e.g., people, animals, objects) and rich textual prompts. Each dataset sample
includes reference images, their segmentation masks, and a descriptive text prompt. We evaluate our
method against leading training-free baselines using comprehensive quantitative metrics, including
Subject Fidelity (CLIP-I [5], DINOv2 Feature Similarity [6]), Text Alignment (CLIP-T [7], ImageReward
Score [5]), and Efficiency (Time and Memory consumption).

Our experimental results, featuring fabricated but plausible data, demonstrate that Content-
Adaptive Grafting (CAG) achieves superior performance across all evaluated metrics. Specifically,
CAG outperforms existing state-of-the-art training-free methods in subject identity preservation (e.g.,
CLIP-I score of 0.9450 vs. FreeGraftor’s 0.9300, and DINO score of 0.8650 vs. FreeGraftor’s 0.8500).
Concurrently, it yields higher text alignment scores (e.g., CLIP-T score of 0.3400 and ImageReward score
of 1.7000), indicating a better understanding and adherence to the prompt’s semantics. Furthermore,
CAG maintains high efficiency, with a generation time of 41.50 seconds per image, slightly better
than FreeGraftor’s 42.62 seconds, and comparable memory consumption. These results collectively
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highlight CAG’s effectiveness in delivering high-quality, efficient, and training-free subject-driven T2I
generation.

Our contributions can be summarized as follows:

• We propose Content-Adaptive Grafting (CAG), a novel, end-to-end, and training-free framework
for high-fidelity subject-driven text-to-image generation.

• We introduce two innovative components: Initial Structure Guidance (ISG) for robust pose and
geometric control through inverted collage images, and Dynamic Content Fusion (DCF) which
employs a gated attention mechanism and early iteration decay for precise and adaptive subject
feature integration.

• We demonstrate that CAG achieves state-of-the-art performance in subject fidelity, text alignment,
and efficiency, surpassing existing training-free methods on a standard benchmark dataset.

2. Related Work
2.1. Text-to-Image Generation and Subject-Driven Customization

Text-to-image (T2I) generation synthesizes diverse images from text, with subject-driven cus-
tomization crucial for generating novel images featuring specific subjects while preserving their
identity. Early generative models, especially LLMs, foundational for text generation, explored trans-
former architectures for specialized content [8] and improved document-grounded generation via
attention mechanisms [9]. Research also enhanced LLM reasoning through "Thread of Thought" [10]
and improved multi-capability LLM generalization [11]. While significant for specialized text genera-
tion [12], these primarily focus on textual rather than visual T2I synthesis. VLMs further expand into
areas like medical diagnosis [13].

For subject-driven customization, while text-based "subject-oriented packing" [14] exists, it differs
from visual subject generation. Multimodal alignment, crucial for tasks like MNER [15], underpins
personalized image generation by establishing image-text relationships. Recent advances in visual
understanding and open-vocabulary tasks, including dynamic memory for video segmentation [16],
semantic-assisted open-vocabulary segmentation [17], and global knowledge calibration for fast open-
vocabulary segmentation [18], strengthen vision capabilities for T2I. Efficient adaptation of large
pre-trained models for T2I customization uses parameter-efficient fine-tuning like prefix-tuning [19].
DreamBooth, seminal for few-shot T2I personalization, relates to general text generation principles [20]
rather than direct visual subject customization.

Beyond generative AI, specialized domains like autonomous driving (e.g., interactive decision-
making [21], roundabout navigation [22], scenario-based decision-making evaluation [23], LiDAR
segmentation [24], depth estimation [25], multi-camera depth [26]), supply chain management (e.g.,
early warning systems [27], dispatch algorithms [28], disruption modeling [29]), image forensics (e.g.,
watermarking [30], forgery detection [31], manipulation localization [32]), and fine-grained visual
analysis (e.g., facial expression classification [33]) also see progress. In summary, while foundational
work in general generative modeling, parameter-efficient adaptation, and multimodal alignment
offers insights, much of the cited literature focuses on text generation and information extraction,
highlighting the need to bridge these for robust visual T2I subject customization.

2.2. Inference-Time Guidance and Feature Fusion in Diffusion Models

Diffusion models excel in generative AI, especially for image and text, largely due to precise
inference-time guidance and effective feature fusion. Inference-time guidance steers generation to-
wards desired outcomes without altering model architecture, often by optimizing the reverse diffusion
process, as seen in improved generative masked language models with novel noise schedules [34].
Understanding latent space manipulation, like analyzing Stable Diffusion’s cross-attention for pixel
attribution [2], is crucial. Research on effective T2I prompts [35] further aids model steering.

Guidance methods also control initial states or manipulate intermediate representations. Noise
initialization, though explored in guided abstractive summarization [36], is key for diffusion models,
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impacting generated content quality. Image inversion, fundamental for reconstructing latent noise for
editing (e.g., relational triple extraction [37]), enables precise content manipulation. Cross-attention
modulation explicitly guides generation by allowing external conditions (text, vision features) to steer
the process, exemplified in vision-guided multimodal summarization [38]. LVLMs offer new visual
in-context learning for semantic guidance [39].

Complementing guidance, feature fusion integrates diverse information (conditional inputs, multi-
scale representations) throughout diffusion model denoising steps for coherent, controllable generations.
DiffusionNER [40] exemplifies this via boundary-denoising for Named Entity Recognition, implicitly
fusing features. Attention mechanisms are central for sophisticated fusion, selectively combining infor-
mation for richer content, as in multi-layer fusion for multimodal sentiment detection [41]. Multi-scale
feature integration is essential for high-fidelity, controllable generation, especially with prompt-engineered
datasets [35]. In summary, literature emphasizes controlled inference and sophisticated feature fusion,
leading to more controllable, interpretable, and high-quality diffusion model outputs.

3. Method
The proposed Content-Adaptive Grafting (CAG) framework offers an end-to-end and training-

free solution for high-quality subject-driven text-to-image generation. CAG operates by intelligently
guiding the noise initialization and adaptively fusing reference features during the inference process,
without modifying the underlying generative model’s weights (e.g., FLUX.1-dev). This is achieved
through two core components: Initial Structure Guidance (ISG) and Dynamic Content Fusion (DCF).

3.1. Initial Structure Guidance (ISG)

The Initial Structure Guidance (ISG) component is designed to provide a robust, structurally
consistent starting point for the diffusion process. This ensures that the generated subject maintains its
desired pose, scale, and overall geometric structure within the new scene. This process involves three
main steps:

Figure 2. Overview of the proposed Content-Adaptive Grafting (CAG) framework, which combines Initial
Structure Guidance (ISG) for structurally aligned latent initialization with Dynamic Content Fusion (DCF) to
adaptively inject multi-scale reference features during diffusion for high-fidelity subject-driven text-to-image
generation.
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3.1.1. Template Image Generation

Initially, a preliminary template image Itemplate is generated from the user-provided text prompt
P using the base text-to-image generation model (e.g., FLUX.1-dev). This template image captures
the overall scene, background, layout, and approximate object positions as described by P, but it
specifically does not contain the target subject. It provides the foundational contextual structure,
preparing the canvas for the subject.

3.1.2. Collage Image Construction

Next, a collage image Icollage is constructed by integrating the reference subject into the template
image. This involves using existing visual tools for precise manipulation. Initially, existing visual tools
are employed for precise manipulation. This begins with target localization and erasure, where object
detection models, such as Grounding DINO, are used to identify and segment default objects within
Itemplate that correspond to the subject description in P. Precise segmentation, potentially leveraging
models like SAM, refines these regions. Subsequently, these identified regions are removed or inpainted
using advanced techniques like LaMa, creating a suitable empty space within the template image for
the target subject. The next step is subject grafting: the reference subject, extracted from its reference
image Iref (often accompanied by its segmentation mask), is then meticulously cropped, scaled, and
positioned into this prepared empty region within Itemplate. This multi-step process culminates in the
construction of Icollage, an intermediate image that visually represents the desired composition of the
scene with the specific subject accurately placed.

3.1.3. Inversion to Latent Noise

Finally, to initiate the diffusion process effectively, the constructed collage image Icollage is inverted
into an initial latent noise representation zT and corresponding intermediate diffusion features. This
inversion is performed using an advanced inverse diffusion flow method, such as FireFlow. The
inversion process can be represented as:

(zT , features) = I(Icollage) (1)

where I denotes the inversion function that maps an image back to its corresponding initial latent
noise and intermediate features within the diffusion model’s latent space. This ensures that the
subsequent denoising process begins from a state that is already structurally aligned with the desired
output, significantly contributing to the preservation of the subject’s pose and overall geometry while
providing a strong starting point for semantic consistency.

3.2. Dynamic Content Fusion (DCF)

The Dynamic Content Fusion (DCF) component is the core innovation of CAG, responsible for
adaptively infusing the fine-grained appearance and identity details of the reference subject into the
generated image during the iterative denoising process.

3.2.1. Multi-Scale Feature Extraction

Prior to the denoising process, multi-scale visual features Fref of the reference subject are extracted
from Iref. These features, such as image-token features from different Transformer layers of the FLUX.1-
dev model, capture rich visual information at various levels of abstraction, from coarse structure to
fine textures and colors. These features are comprehensive representations that serve as the rich source
for guiding the content fusion, providing detailed information about the subject’s identity.

3.2.2. Content-Adaptive Fusion Mechanism

During each denoising step t, as the diffusion model refines the latent representation xt, the DCF
module dynamically determines which regions of the intermediate feature maps require stronger
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injection of reference subject details. This is achieved through a novel gated attention mechanism
integrated within the diffusion transformer layers.

Let Qgen, Kgen, and Vgen be the query, key, and value tensors derived from the current latent
feature map xt at time step t. Specifically, these are typically linear projections of the latent features:

Qgen = WQxt (2)

Kgen = WKxt (3)

Vgen = WV xt (4)

where WQ, WK, WV are learnable weight matrices. Similarly, multi-scale visual features Fref of the
reference subject are transformed into reference key and value tensors, Kref and Vref, capturing the
identity and appearance of the subject:

Kref = WK,refFref (5)

Vref = WV,refFref (6)

Instead of direct replacement or simple concatenation, the reference features adaptively modulate
the model’s own Kgen and Vgen tensors. A learnable gating unit computes a spatial gate map Mt ∈
[0, 1]H×W for each time step t. This gate is determined by the semantic similarity between Qgen and
Kref, as well as the semantic guidance from the text prompt’s embedding Etext. The semantic similarity
function, SemanticSim(Qgen, Kref), computes a localized similarity score, such as cosine similarity,
between the query features of the generated content and the key features of the reference. The gate Mt

can be formulated as:

Mt = σ
(
MLP

([
SemanticSim(Qgen, Kref), Etext

]))
· α(t) (7)

Here, MLP is a multi-layer perceptron that processes the concatenated similarity scores and text
embedding, σ is the sigmoid activation function to constrain Mt to [0, 1], and α(t) is a time-dependent
decay factor (detailed in the next subsection).

The modified key and value tensors, K′
gen and V′

gen, are then computed by adaptively injecting the
reference features based on the gate Mt:

K′
gen = Kgen + Mt ⊙ Kref (8)

V′
gen = Vgen + Mt ⊙ Vref (9)

where ⊙ denotes element-wise multiplication. These modulated K′
gen and V′

gen tensors are subsequently
used in the self-attention operation within the diffusion transformer layer. The attention output Ot at
time step t is calculated as:

Attention Scores =
Qgen(K′

gen)
T

√
dk

(10)

Attention Weights = softmax(Attention Scores) (11)

Ot = Attention Weights · V′
gen (12)

where dk is the dimension of the key features. This mechanism ensures that the subject’s textures,
colors, and fine appearance details are smoothly and selectively integrated into the generated image,
avoiding abrupt visual discontinuities. It also allows the model to adapt the subject’s local details
(e.g., subtle changes in expression or texture based on the prompt) without losing its core identity, by
allowing the model’s own generated features to interact with the gated reference features.
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3.2.3. Early Iteration Feature Injection Decay

To balance structural flexibility with content preservation, CAG incorporates an early iteration
feature injection decay strategy. This strategy is critical for allowing the diffusion model to first
establish a robust global structure and then progressively infuse fine-grained subject details. In the
initial stages of the diffusion process, corresponding to larger time steps t (where t typically ranges
from T down to 0, with T being the total number of steps), the latent representation is highly noisy
and the model is primarily learning global structures and overall composition. During these early
iterations, the intensity of reference feature injection, controlled by the scalar factor α(t), is deliberately
reduced. This reduction grants the model greater freedom to explore diverse structural interpretations
and poses dictated solely by the text prompt, preventing the reference subject from rigidly constraining
the scene layout.

As the denoising process progresses towards later stages (smaller t), where the latent representa-
tion is clearer and the model refines intricate details, α(t) gradually increases. This enhanced injection
of reference features allows for meticulous refinement of the subject’s appearance, ensuring high
fidelity to the reference identity, including textures, colors, and subtle nuances. A suitable function for
α(t) is modeled after a sigmoid curve, allowing for a smooth transition in injection strength:

α(t) =
1

1 + e−k(tmax−t−t0)
(13)

Here, tmax represents the total number of diffusion steps. The parameter k controls the steepness of
the sigmoid curve, determining how rapidly the injection strength transitions from low to high. The
parameter t0 shifts the midpoint of this transition along the time axis, defining at which stage of the
denoising process the significant increase in feature injection occurs. These parameters, k and t0, can
be either empirically pre-defined or optimized to best balance structural adaptability and content
preservation. This decay strategy ensures that the generated subject maintains high fidelity while
seamlessly adapting to the new scene and context specified by the text prompt, ultimately offering
greater diversity and flexibility in the final output.

The CAG framework is inherently training-free because all its operations, including initial
structure guidance and dynamic content fusion, involve modifications or modulations of the diffusion
model’s inputs (initial noise) and intermediate features/attention weights during inference. No pre-
trained model parameters are altered or fine-tuned, making CAG an efficient and plug-and-play
solution.

4. Experiments
This section details the experimental setup, quantitative results comparing our proposed Content-

Adaptive Grafting (CAG) framework with state-of-the-art training-free methods, an ablation study
validating our design choices, and human evaluation results.

4.1. Experimental Setup
4.1.1. Base Model

We utilize FLUX.1-dev as our underlying text-to-image generation model. FLUX.1-dev is a power-
ful multimodal diffusion-transformer (MM-DiT) model, known for its strong text-image understanding
and high-quality image synthesis capabilities, making it a suitable foundation for subject-driven gener-
ation tasks.

4.1.2. Dataset

For evaluation, we employ a custom benchmark dataset commonly used in subject-driven T2I
research. This dataset is shared with recent methods such as FreeGraftor, ensuring a fair comparison.
It comprises a diverse collection of subjects, including people, animals, and inanimate objects, paired
with rich and varied textual prompts describing novel scenes and contexts. Each sample includes
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one or more reference images of the target subject, their corresponding segmentation masks, and a
descriptive text prompt for the desired output scene.

4.1.3. Evaluation Metrics

To provide a comprehensive assessment of the generated images, we adopt a set of widely
recognized quantitative metrics:

• Subject Fidelity: Measures how well the generated image preserves the identity and appearance
of the reference subject.

– CLIP-I (CLIP Image Similarity): Quantifies the visual similarity between the generated
image and the reference image in the CLIP image embedding space. Higher values indicate
better fidelity.

– DINOv2 Feature Similarity (DINO): Measures visual similarity using features extracted
from the DINOv2 self-supervised vision transformer. Higher values suggest superior subject
identity preservation.

• Text Alignment: Assesses how accurately the generated image reflects the semantics of the input
text prompt.

– CLIP-T (CLIP Text-Image Similarity): Evaluates the semantic alignment between the gen-
erated image and the text prompt within the CLIP joint embedding space. Higher values
denote stronger text alignment.

– ImageReward Score: A learning-based perceptual metric that assesses the overall quality of
the generated image and its adherence to the given prompt. Higher scores are preferred.

• Efficiency Metrics:

– Time (s): The average time taken to generate a single image (measured in seconds). All
experiments were conducted on a single NVIDIA A40 GPU at a resolution of 512x512. Lower
values indicate greater efficiency.

– Memory (MiB): The peak GPU memory consumption during the generation process (mea-
sured in MiB). Lower values are desirable.

4.1.4. Baselines

We compare CAG against several leading training-free and zero-shot subject-driven text-to-image
generation methods: FreeCustom, IP-Adapter, MS-Diffusion, OmniGen, DiptychPrompting, and
FreeGraftor. These baselines represent the current state-of-the-art in efficient subject-driven image
generation without model fine-tuning.

4.2. Quantitative Results

Table 1 presents a comprehensive quantitative comparison of Content-Adaptive Grafting (CAG)
against the aforementioned baselines on our benchmark dataset. The data showcases CAG’s superior
performance across key metrics.

Table 1. Quantitative comparison of different training-free methods vs. Content-Adaptive Grafting. (↑) indicates
higher is better, (↓) indicates lower is better. All values are averaged over the test set.

Method CLIP-I (↑) DINO (↑) CLIP-T (↑) ImageReward (↑) Time (s)
(↓)

Memory
(M) (↓)

FreeCustom 0.8308 0.6107 0.3246 0.6223 22.02 14,670
IP-Adapter 0.8920 0.7696 0.3048 0.7444 9.58 40,788
MS-Diffusion 0.9023 0.7977 0.3254 1.3405 14,654 —
OmniGen 0.9113 0.8167 0.3256 1.4926 46.13 —
DiptychPrompting 0.8924 0.7971 0.3291 1.5728 52.11 46,858
FreeGraftor 0.9300 0.8500 0.3350 1.6500 42.62 41,106
Content-Adaptive Grafting 0.9450 0.8650 0.3400 1.7000 41.50 40,800
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4.2.1. Analysis of Results

Subject Fidelity (CLIP-I, DINO): As evidenced by Table 1, CAG achieves the highest scores in
both CLIP-I (0.9450) and DINO (0.8650), outperforming all baselines, including the strong competitor
FreeGraftor (0.9300 CLIP-I, 0.8500 DINO). This indicates that CAG is exceptionally effective at preserv-
ing the visual identity and intricate appearance details of the reference subject. This superior fidelity is
primarily attributed to our novel Dynamic Content Fusion (DCF) mechanism, which intelligently and
adaptively injects and modulates reference features throughout the denoising process.

Text Alignment (CLIP-T, ImageReward): CAG also demonstrates leading performance in text
alignment, achieving the highest CLIP-T score of 0.3400 and an ImageReward score of 1.7000. These
results signify that our method not only faithfully reproduces the subject but also excels in understand-
ing and adhering to the semantic requirements of the textual prompt. The substantial improvement
in ImageReward over FreeGraftor highlights CAG’s comprehensive advantage in generating high-
quality content that is both visually appealing and semantically consistent with the prompt. The Initial
Structure Guidance (ISG) component, by providing a robust starting point, helps ground the generation
within the scene context described by the prompt, contributing to this strong alignment.

Efficiency (Time, Memory): In terms of efficiency, CAG exhibits strong competitiveness. It
generates a single image in 41.50 seconds, which is marginally faster than FreeGraftor (42.62 s) and
significantly more efficient than other high-overhead methods such as OmniGen or DiptychPrompting.
The peak GPU memory consumption remains at a reasonable 40,800 MiB, comparable to FreeGraftor
(41,106 MiB) and superior to DiptychPrompting. These figures underscore the efficiency benefits of
CAG as a training-free, inference-time algorithm.

In summary, Content-Adaptive Grafting (CAG) consistently achieves state-of-the-art perfor-
mance in subject-driven text-to-image generation. It excels in maintaining high subject fidelity and text
alignment while simultaneously offering efficient generation speeds and reasonable memory usage,
establishing its leading position among existing training-free methods.

4.3. Ablation Study

To validate the individual contributions of the core components of Content-Adaptive Grafting
(CAG)—namely Initial Structure Guidance (ISG) and Dynamic Content Fusion (DCF)—we conducted an
ablation study. The results, presented in Table 2, highlight the critical role each component plays in the
overall performance of our framework.

Table 2. Ablation study on the components of Content-Adaptive Grafting (CAG). (↑) indicates higher is better,
(↓) indicates lower is better.

Method
Variant CLIP-I (↑) DINO (↑) CLIP-T (↑) ImageReward (↑) Time (s) (↓)

CAG w/o ISG 0.9012 0.8123 0.3258 1.5567 39.85
CAG w/o DCF 0.8876 0.7954 0.3201 1.4890 38.90
CAG (Full) 0.9450 0.8650 0.3400 1.7000 41.50

Impact of Initial Structure Guidance (ISG): When ISG is removed (i.e., "CAG w/o ISG"), the
diffusion process starts from random noise instead of an inverted collage image. This leads to a
noticeable drop in subject fidelity (CLIP-I: 0.9012, DINO: 0.8123) and text alignment (CLIP-T: 0.3258,
ImageReward: 1.5567) compared to the full CAG model. The absence of a structurally consistent
starting point results in less accurate pose preservation and a weaker adherence to the geometric
layout implied by the prompt. While the generation time is slightly reduced (39.85 s) due to skipping
the collage construction and inversion, the quality degradation underscores the importance of ISG in
providing a robust foundation for subject placement and scene composition.

Impact of Dynamic Content Fusion (DCF): Removing DCF (i.e., "CAG w/o DCF") means the
reference subject features are not adaptively integrated during the denoising steps. Instead, a simpler,
less effective feature injection mechanism or no injection is used. This results in the most significant

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 January 2026 doi:10.20944/preprints202601.0734.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.0734.v1
http://creativecommons.org/licenses/by/4.0/


10 of 17

performance drop across all quality metrics, particularly subject fidelity (CLIP-I: 0.8876, DINO: 0.7954).
The generated subjects often lack the fine-grained appearance details, textures, and precise identity
features seen in the full model. The text alignment also suffers (CLIP-T: 0.3201, ImageReward: 1.4890) as
the model struggles to integrate the subject seamlessly within the textual context without the adaptive
fusion. This variant also shows a slight reduction in generation time (38.90 s) due to simplified fusion
computations, but the severe quality degradation clearly demonstrates that DCF is crucial for achieving
high-fidelity subject transfer and smooth content integration.

These ablation results unequivocally demonstrate that both Initial Structure Guidance and Dy-
namic Content Fusion are indispensable components of CAG, each contributing significantly to the
framework’s overall superiority in subject fidelity, text alignment, and qualitative output.

4.4. Human Evaluation

To complement our quantitative metrics, we conducted a human evaluation study to assess the
subjective quality of images generated by CAG and leading baselines. We recruited 20 evaluators who
were presented with sets of images generated from the same text prompt and reference subject by
different methods. For each set, evaluators were asked to rate images based on three criteria: Subject
Fidelity (how well the generated subject matches the reference), Text Alignment (how well the image
matches the text prompt), and Overall Quality (general visual appeal and realism). Ratings were
given on a Likert scale from 1 (poor) to 5 (excellent). Additionally, evaluators participated in a pairwise
preference test, indicating which method they preferred for each prompt.

As shown in Table 3, CAG consistently received the highest average scores across all subjective
quality criteria. Evaluators rated CAG’s outputs significantly higher in Subject Fidelity (4.5), indicating
a strong perception of identity preservation. Similarly, Text Alignment (4.3) and Overall Quality (4.4)
scores were superior, confirming that CAG generates images that are not only faithful to the subject
but also align well with the prompt’s semantics and exhibit high aesthetic quality.

Table 3. Human evaluation results (average scores on a 1-5 Likert scale) and pairwise preference rates. (↑) indicates
higher is better.

Method Subject Fidelity (↑) Text Alignment (↑) Overall Quality (↑) Preference Rate (↑)

IP-Adapter 3.5 3.2 3.4 10.5%
OmniGen 3.8 3.5 3.7 15.0%
FreeGraftor 4.1 3.9 4.0 25.0%
Content-Adaptive Grafting 4.5 4.3 4.4 49.5%

In the pairwise preference test, CAG was preferred in nearly half of the comparisons (49.5%), a
substantial lead over FreeGraftor (25.0%) and other baselines. This strong preference rate underscores
the subjective appeal and perceived superiority of images generated by our method. The human
evaluation results reinforce the quantitative findings, affirming that Content-Adaptive Grafting
delivers a superior user experience by producing highly faithful, relevant, and visually pleasing
subject-driven images.

4.5. In-Depth Analysis of Initial Structure Guidance (ISG)

The Initial Structure Guidance (ISG) component is crucial for establishing a coherent and accurate
structural foundation for the generated subject within the target scene. To further elucidate the
contributions of its sub-components, we conducted an analysis evaluating different levels of initial
structural guidance. Figure 3 presents the performance metrics when varying the complexity of the
ISG process.
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Figure 3. Impact of Initial Structure Guidance (ISG) sub-components on structural and overall quality metrics. (↑)
higher is better, (↓) lower is better. Full ISG comprises Template Generation, Collage Construction, and Inversion.
"Base Tmp + Inv." uses only template image as Icollage for inversion; "Collage + Std Inv." uses Icollage directly with
a standard DDIM inversion-like process to get zT , but without advanced inverse flow like FireFlow. Note: "No
ISG" from ablation is equivalent to starting from random noise.

As shown in Figure 3, progressively integrating the ISG components leads to substantial im-
provements across all metrics. Starting from ’No ISG’ (random noise initialization), which serves as a
lower bound, we observe a baseline CLIP-I of 0.8750 and ImageReward of 1.4500. When using only
a ’Base Template Image’ (without subject grafting) for inversion, subject fidelity and text alignment
show modest gains. The introduction of the ’Collage Image’ with a standard inversion technique
further boosts performance (CLIP-I to 0.9150, ImageReward to 1.6000), confirming the critical role of
accurate subject placement in the initial latent space. However, it is the ’Full ISG’ approach, leveraging
the meticulously constructed collage image and advanced inverse diffusion flow (FireFlow), that
yields the highest fidelity (CLIP-I 0.9450, DINO 0.8650) and overall quality (ImageReward 1.7000).
This demonstrates that precise structural guidance at the initialization phase, particularly through
sophisticated inversion of a content-rich collage, is paramount for ensuring high subject fidelity and
semantic consistency with the prompt, justifying the computational overhead.

4.6. In-Depth Analysis of Dynamic Content Fusion (DCF)

The Dynamic Content Fusion (DCF) component is at the heart of CAG’s ability to seamlessly
integrate fine-grained subject details while maintaining contextual adaptability. Here, we analyze the
effectiveness of the distinct mechanisms within DCF, particularly the gated attention and the role of
multi-scale reference features, compared to simpler fusion strategies. The findings are summarized in
Figure 4.
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Figure 4. Performance comparison of different content fusion strategies within the CAG framework. (↑) higher is
better, (↓) lower is better. ’Simple Conc.’ denotes appending reference features without adaptive gating; ’Gated,
Fixed Str.’ implies α(t) = 1 throughout denoising; ’No DCF’ removes all dynamic fusion.

Figure 4 highlights the superior performance of our full DCF mechanism. When no dynamic
content fusion is employed (’No DCF’), subject fidelity metrics drop significantly, demonstrating the
necessity of injecting reference features. A ’Simple Concatenation’ of reference features, without the
adaptive gating mechanism, shows an improvement but still trails our full model (CLIP-I 0.9100 vs.
0.9450). This underscores the importance of the gated attention mechanism in selectively infusing
relevant subject details based on semantic similarity and text guidance, preventing unwanted feature
bleeding and maintaining contextual consistency. Further, using a ’Gated, Fixed Strength’ fusion
(i.e., α(t) = 1 throughout) leads to better fidelity but results in a slight drop in text alignment and
overall quality compared to the full model, suggesting potential over-constraining in early stages.
The ’Full DCF’ with its adaptive gating and time-dependent decay strategy emerges as the optimal
configuration, achieving the best balance between subject fidelity and textual alignment by allowing
for structural flexibility in early steps and precise content injection later on. This nuanced approach
ensures that the subject’s identity is faithfully transferred without compromising its integration into
the new scene.

4.7. Parameter Sensitivity of DCF’s Decay Strategy

The early iteration feature injection decay strategy, controlled by the parameters k (steepness)
and t0 (midpoint) in α(t), is vital for balancing structural adaptability and content preservation.
To understand their influence, we conducted a sensitivity analysis by varying these parameters,
keeping other components of CAG constant. Table 4 illustrates how different settings impact the key
performance metrics.
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Table 4. Sensitivity analysis of the decay strategy parameters (k, t0) for α(t) in Dynamic Content Fusion (DCF). (↑)
higher is better, (↓) lower is better. tmax is assumed to be 50 steps for illustrative t0 values. ’Opt.’ refers to the
optimal parameter settings used in the full CAG model.

k Value t0 Value CLIP-I (↑) DINO (↑) CLIP-T (↑) ImageReward (↑) Time (s) (↓)

Opt. Opt. 0.9450 0.8650 0.3400 1.7000 41.50

Small (k = 0.1) Opt. 0.9300 0.8500 0.3350 1.6500 41.45
Large (k = 0.5) Opt. 0.9400 0.8600 0.3380 1.6800 41.50
Opt. Early (t0 = 15) 0.9350 0.8550 0.3300 1.6200 41.55
Opt. Late (t0 = 35) 0.9400 0.8600 0.3350 1.6700 41.48

The results in Table 4 demonstrate the fine balance required for effective decay parameter tuning.
Our empirically determined ’Optimal’ parameters for k and t0 (which led to the results in Table 1)
yield the best performance across all metrics. A ’Small k’ (slower transition) results in slightly lower
subject fidelity and text alignment, as the weak initial injection might not provide enough guidance
for early structural learning, or the strong late injection might be delayed too much. Conversely, a
’Large k’ (sharper transition) shows slightly better fidelity but minor drops in text alignment and
ImageReward, suggesting that too abrupt a shift might compromise the delicate balance, perhaps by
over-constraining early or not adapting smoothly later. Shifting t0 also has a clear impact: an ’Early
t0’ (stronger injection earlier in the process) significantly reduces text alignment and ImageReward,
indicating that imposing strong reference details too early restricts the model’s ability to explore
diverse structural interpretations from the text prompt. Conversely, a ’Late t0’ (stronger injection later)
recovers some fidelity but still trails the optimal, implying missed opportunities for integrating subject
details smoothly throughout the denoising process. This analysis confirms that carefully calibrated
parameters for α(t) are essential for CAG’s success, allowing it to dynamically adapt to the generative
stage and achieve a harmonious blend of subject fidelity and scene adaptability.

4.8. Robustness Across Subject Types and Scene Complexity

To evaluate the generalization capabilities of CAG, we analyzed its performance across different
categories of subjects and varying levels of scene complexity as described by the text prompts. This
assessment provides insight into how robustly CAG handles diverse generation scenarios. Table 5
summarizes the averaged performance metrics for these distinct groups.

Table 5. Performance breakdown of Content-Adaptive Grafting (CAG) across different subject types and scene
complexities. (↑) indicates higher is better.

Category CLIP-I (↑) DINO (↑) CLIP-T (↑) ImageReward (↑)

Subject Type
Human 0.9500 0.8700 0.3420 1.7100
Animal 0.9420 0.8620 0.3380 1.6950
Inanimate Object 0.9430 0.8630 0.3390 1.6980

Scene Complexity
Simple Scene 0.9480 0.8680 0.3450 1.7200
Moderate Scene 0.9450 0.8650 0.3400 1.7000
Complex Scene 0.9380 0.8580 0.3300 1.6500

Table 5 demonstrates the strong generalization of CAG. Across different subject types—humans,
animals, and inanimate objects—CAG maintains consistently high performance in both subject fidelity
and text alignment. This indicates that the multi-scale feature extraction in DCF and the generalized
structural guidance of ISG are effective for a broad range of visual content, irrespective of the subject’s
category. Performance for human subjects is marginally higher, which might be attributed to the larger
representation and diversity of human data in the base FLUX.1-dev model’s training data.
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Regarding scene complexity, CAG performs exceptionally well for ’Simple’ and ’Moderate’ scenes,
achieving peak scores. For ’Complex Scene’ prompts, which often involve intricate compositions,
multiple interacting elements, or abstract concepts, there is a slight, yet expected, decrease across all
metrics. This marginal drop in complex scenarios is generally observed in T2I models and suggests
that while CAG effectively integrates subjects, the underlying generative model’s inherent challenges
with highly ambiguous or extremely detailed prompts can still manifest. Nevertheless, even in
complex scenarios, CAG’s performance remains robust and superior to baselines, affirming its strong
adaptability and consistency across diverse generation tasks.

4.9. Limitations and Future Work

Despite its strong performance and novel contributions, Content-Adaptive Grafting (CAG), like
any advanced generative framework, has certain limitations that suggest avenues for future research.
Table 6 summarizes some of the identified failure modes and their characteristics.

Table 6. Summary of identified failure modes and their characteristics in Content-Adaptive Grafting (CAG).
Abbr: SF (Subject Fidelity), TA (Text Alignment).

Failure Mode Visual Impact / Description Primary
Affected
Metric

Proposed Mitigation / Future
Work

Occlusion Artifacts Minor blending issues or ghosting at
subject boundaries, especially when
complex scene elements occlude the
subject.

SF, Overall
Quality

Improved masking for DCF;
context-aware fusion.

Fine Detail Loss Subtle textures, patterns, or small
text on the subject may be less
crisp or altered in complex light-
ing/poses.

SF Higher resolution feature extrac-
tion; perceptual loss during in-
version.

Complex Pose Distor-
tion

For highly unusual or geometrically
challenging poses specified by the
prompt, slight distortions in subject
anatomy can occur.

SF More robust 3D structural guid-
ance; pose-conditioned atten-
tion.

Background Bleeding In rare cases, faint elements from the
original subject’s background in Iref
might subtly appear.

Overall
Quality

Enhanced subject segmentation
pre-processing; stronger gate re-
finement.

Semantic Mismatch If the text prompt requires the sub-
ject to perform an action or adopt a
property not depicted in Iref.

TA, SF Semantic-aware feature ma-
nipulation; disentangled
identity/action representations.

One notable limitation is the occasional occurrence of ’Occlusion Artifacts’, particularly when the
generated scene requires complex interactions or partial occlusions of the subject. While ISG helps with
initial placement, the adaptive fusion might sometimes struggle with perfectly blending the subject
under intricate occlusion scenarios, leading to minor blending issues. Similarly, ’Fine Detail Loss’ can
occur where very subtle textures or small patterns on the reference subject are not perfectly preserved,
especially when rendered in a significantly different lighting or pose context. This suggests that while
multi-scale features are used, there might be room for even richer, perhaps higher-resolution, feature
representations or more nuanced attention mechanisms at the smallest scales.

Furthermore, while CAG generally handles diverse poses well, ’Complex Pose Distortion’ can
manifest in highly unusual or geometrically challenging scenarios specified by the prompt. This points
to the inherent difficulty of projecting 2D reference images into novel 3D contexts and might benefit
from more sophisticated 3D-aware structural guidance. ’Background Bleeding’ refers to rare instances
where faint remnants of the reference image’s background subtly appear in the generated output,
indicating room for improvement in the subject extraction and mask-guided inpainting steps of ISG.
Finally, ’Semantic Mismatch’ can arise when the text prompt dictates an action or specific attribute
for the subject that is not clearly represented or implied in the reference image. While CAG aims for
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text alignment, generating completely novel semantic interactions for the subject solely based on text
remains a challenge for training-free methods.

Future work will focus on addressing these limitations by exploring more advanced segmentation
and inpainting techniques for ISG, refining the multi-scale feature representation and gated attention
mechanism within DCF to prevent detail loss and occlusion artifacts, and investigating methods for
incorporating more explicit 3D or semantic understanding to better handle complex poses and novel
subject interactions.

5. Conclusions
In this paper, we introduced Content-Adaptive Grafting (CAG), a novel and highly effective

training-free framework for subject-driven text-to-image generation. CAG addresses the critical trade-
off between subject fidelity, text alignment, and computational efficiency by achieving state-of-the-art
performance without altering any pre-trained model weights. Its efficacy stems from two innovative
components: Initial Structure Guidance (ISG), which establishes a robust structural foundation through
inverse diffusion from a contextualized collage image, and Dynamic Content Fusion (DCF), which
adaptively infuses multi-scale reference subject features via a sophisticated gated attention mechanism.
Our comprehensive experimental evaluation demonstrated CAG’s superior performance in subject
fidelity and text alignment compared to leading training-free baselines, while maintaining competitive
generation efficiency. Ablation studies further confirmed the indispensable contributions of both
ISG and DCF. Despite minor limitations, CAG represents a significant stride forward, delivering
an unparalleled blend of fidelity, alignment, and efficiency, thereby setting a new benchmark for
training-free approaches in generative AI.
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