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ABSTRACT

Personalized animal image generation is challenging due to rich appearance cues
and large morphological variability. Existing approaches often exhibit feature mis-
alignment across domains, which leads to identity drift. We present AnimalBooth,
an inference-time tuning-free framework that strengthens identity preservation
with an Animal-Net and an adaptive attention module, mitigating cross-domain
alignment errors. We further introduce a frequency-controlled feature integration
module that applies Discrete Cosine Transform filtering in the latent space to guide
the diffusion process, enabling a coarse-to-fine progression from global structure
to detailed texture. To advance research in this area, we curate AnimalBench, a
high-resolution dataset for animal personalization. Extensive experiments show
that AnimalBooth consistently outperforms strong baselines on multiple bench-
marks with superior efficiency, improving both identity fidelity and perceptual
quality. The code and dataset will be made publicly available in the future.

1 INTRODUCTION

Personalized multimodal generation is a prominent yet challenging subfield that aims to synthesize
images conforming to both textual descriptions (text—image consistency) and the intrinsic charac-
teristics of custom concepts (identity consistency) (Deng et al., 2025} Dai et al.| 2025} Zhang et al.,
2024b; [Shen et al., 2025a)). This paradigm shows strong potential across diverse applications rang-
ing from creative artistry to product design (Shen et al.,[2025djc). However, accurately capturing the
identity of animal subjects, which exhibit complex visual features such as fine-grained fur textures
and non-rigid morphologies, remains a significant hurdle (Xu et al.l 2025} [Shen & Tang} [2024).

Animal personalization is uniquely challenging compared to human subject personalization due to
several factors: (1) Non-rigid deformations: animals exhibit diverse poses and body configura-
tions that vary dramatically across species; (2) Anatomical variations: skeletal structures and body
proportions differ significantly between species (e.g., felines vs. bovines); (3) Intricate texture re-
quirements: fur patterns, scales, and feathers require fine-grained preservation that general-purpose
models often fail to maintain. As demonstrated in recent work (Xu et al., [2025), general-purpose
models like DiT-based architectures frequently suffer from identity drift in these challenging sce-
narios.

Existing personalization methodologies can be broadly categorized by their feature extraction and
optimization strategies. The first category comprises optimization-based methods that achieve high
fidelity by fine-tuning model components. A representative example is DreamBooth (Ruiz et al.,
2022), which fine-tunes the UNet backbone, while Textual Inversion (Gal et al.| [2022)) instead op-
timizes word embeddings. This paradigm has been extended to support multiple customized con-
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Figure 1: Qualitative comparison with SOTA methods.

cepts (Kumari et al., 2023} [Ma et al., 2024} [Wang et al.,2025)), including applications such as virtual
dressing and editing (Shen et al.,[2025b)). Despite their fidelity, such approaches demand substantial
computational resources and often exhibit an inherent trade-off between fidelity and diversity due
to overfitting. The second category, encoder-based and tuning-free methods, offers a more efficient
alternative. For instance, IP-Adapter 2023) and its successors (Zhang et al.| 2024a) utilize
frozen external encoders (e.g., CLIP) to inject identity features. While efficient, their performance
is fundamentally limited by the representational capacity of the encoder, particularly when mod-
eling animals with unique identity cues such as body structures and fur patterns. Consequently,
identity distortion and detail loss are frequent. Other directions include retrieval-augmented gen-

eration (Chen et all,[2022) or LLM-enhanced frameworks (Zeng et al, 2024} [Pan et al, 2023}
2024), yet the challenge of inadequate domain-specific representation remains.

Motivated by bridging this domain gap, we propose AnimalBooth, a feature-enhanced, inference-
time tuning-free personalized generation framework specifically tailored for animals. To
systematically address these identified challenges, our framework incorporates several targeted
mechanisms: (1) To handle non-rigid deformations, we introduce a frequency-controlled feature
integration module that leverages low-frequency signals to guide coarse structural consistency; (2)
To overcome encoder capacity limits and identity drift, we design a dedicated Animal-Net with a
Q-Former bottleneck to filter noise and capture subject-specific semantic features; (3) To maintain
text-control while injecting identity, we employ a dual-path adaptive attention mechanism.

Furthermore, existing datasets such as AFHQ [2020) or MS-COCO are primarily de-
signed for classification, translation, or general captioning, and lack the high-resolution subject
masks and fine-grained captions necessary for precise animal personalization. To address this, we
construct AnimalBench, a curated high-definition dataset for animal personalization. Our contri-
butions are threefold: (1) We propose a dedicated branch architecture comprising a lightweight
Animal-Net and a novel dual-path adaptive attention mechanism, effectively mitigating identity dis-
tortion while preserving generative capacity. (2) We design a frequency-controlled feature integra-
tion module leveraging DCT filtering in latent space to enhance attribute manipulation and texture
fidelity. (3) We establish and release AnimalBench, a high-definition dataset for animal personal-
ization, on which our method achieves state-of-the-art performance while being significantly more
efficient than large-scale DiT-based models.
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Figure 2: AnimalBooth primarily consists of a trainable Animal-Net and a frozen Photography-Net.
The Animal-Net incorporates an Adaptive Attention module for efficient identity feature injection
and a Frequency-Controlled module (based on ControlNet (Zhang et al.}[2023))) for enhanced control
over visual attributes like structure and texture, while the Photography-Net integrates these features
with text prompts within the latent space.

A playful Arctic fox pouncing in a snowy landscape A cow strolling a bustling city street with neon reflections
under golden sunlight. on its coat.

A cat lounging on a stack of vintage books in a dimly A zebra grazing peacefully under the rain, with sparkling
lit library aisle. beads on its coat.

Figure 3: Examples of AnimalBench dataset. Each instance provides five components: (a) a high-
quality source image, (b) a detailed caption describing the scene and subject, (c) a precise pixel-
level semantic segmentation mask of the primary subject, (d) the resulting masked subject for visual
verification, and (e) the corresponding paired image.

2 METHODOLOGY

2.1 OVERALL ARCHITECTURE

As depicted in Fig. [2] AnimalBooth effectively integrates a trainable Animal-Net with a frozen
Photography-Net. The Animal-Net directly refines the complex features and flexible morphologies
of animals within the feature space, effectively bypassing the complexities of cross-domain align-
ment. Through adaptive attention, identity features are efficiently injected. The incorporation of a
frequency-controlled module based on ControlNet (Zhang et al}[2023)) further enhances fine-grained
control over visual attributes such as the structure and textural details of the generated images. The
frozen Photography-Net then merges these extracted fine-grained features with text prompts in the
latent space.

2.2 ANIMAL-NET

In the task of personalized animal image generation, precise extraction of fine-grained animal iden-
tity features is paramount for maintaining consistency between generated images and reference an-
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imals. To achieve this, we propose a specialized Animal-Net capable of simultaneously capturing
both semantic information and high-frequency textural features of animals. Specifically, given an
animal reference image X, € R**#*W we first transform it into a latent space representation
L, € R** X using a frozen VAE encoder (Rombach et al.,2022). We then extract token embed-
dings from X, using a frozen CLIP image encoder (Radford et al.l 2021)) and a trainable projection
layer.

Why Q-Former? We employ Q-Former (Li et al., |2023b)) as the projection layer due to its supe-
rior ability to act as a semantic bottleneck that effectively filters background noise while capturing
intricate animal textures via dynamic attention. Unlike static mapping approaches (e.g., feature
concatenation or MLP adapters), Q-Former’s learnable query tokens dynamically attend to relevant
identity features. As shown in Table I} Q-Former significantly outperforms simpler alternatives in
identity fidelity metrics.

Subsequently, animal features within the Animal-Net interact extensively through a cross-attention
mechanism, similar to the interaction between text and image features in the original Text-to-Image
(T2I) model (Rombach et al.,[2022). This interaction ensures a deep fusion of semantic and textural
features. Finally, the output of the Animal-Net is aligned in parallel with the Photography-Net, in-
jecting these fine-grained animal identity features into the Photography-Net via an adaptive attention
module. Notably, the Animal-Net is solely used for encoding reference images; therefore, during the
diffusion process, no noise is added to the reference image, and it undergoes only a single forward
pass.

2.3 ADAPTIVE ATTENTION MODULE

To enable personalized animal image generation, the Photography-Net must possess both its original
generative capabilities and the ability to fuse animal identity features. We freeze the core modules
of the Photography-Net to preserve the former, and achieve the latter through an adaptive attention
module. The architecture of the Photography-Net in AnimalBooth builds upon SD v1.5 (Rombach
et al.| 2022)), with all self-attention modules replaced by adaptive attention modules.

Dual-Path Architecture. Unlike standard single-path cross-attention strategies commonly used in
subject-driven generation, our adaptive attention module employs a novel dual-path architecture:
a frozen self-attention path (to preserve the original generative capacity of Stable Diffusion) and
a trainable cross-attention path (to inject identity features), both sharing a single Query matrix Q.
This shared-query design enables seamless feature fusion while maintaining the pre-trained model’s
semantic understanding. As shown in Fig. 2] an adaptive attention module consists of a frozen self-
attention module and a learnable cross-attention module. Its self-attention weights are initialized
from SD v1.5 to retain generative capacity. Given the query features Z,, from the Photography-Net
and the animal identity features F', from the Animal-Net, the output O of the adaptive attention
module is defined as:

T T
O}, = Softmax (Qj{& ) V + ) Softmax (Q(K\/?> Vip, (1)

Frozen Self-attention Trainable Cross-attention

where A € [0,1] is a dynamic coefficient that controls the strength of the animal identity feature
condition, enabling flexible balance between identity preservation and creative generation. Q, K,
V are derived from Z,,, while K;p = F, Wy, , and V;p = F, W, are derived from F,. The
self-attention part is frozen, while the cross-attention part (i.e., Wy, , and W,,, ) is trainable. This
design effectively injects animal identity features while preserving the original T2I model’s (Rom-
bach et al., 2022) generative capabilities.

2.4 FREQUENCY-CONTROLLED FEATURE INTEGRATION MODULE

This module guides the diffusion process in the latent space through Discrete Cosine Transform
(DCT) filtering, implemented via ControlNet (Zhang et al.,2023)) (Fig. E]) First, a channel-wise 2D
DCT is applied to the source domain latent features L (obtained from the VAE encoder) to acquire
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the frequency domain representation F por:
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where m(0) = % and m(y) = 1 for (v > 0).

2

Different frequency bands of the DCT spectrum encode distinct visual attributes: low-frequency
components capture global structure and identity-related morphology, while high-frequency com-
ponents encode fine textures and edges. We design four types of DCT filters (masks) for mini-pass,
low-pass, mid-pass, and high-pass filtering to manipulate visual properties from coarse structures to
fine textures.

Maskpini(u,v) =1 if u+v <10 else 0,
Maskjow(u,v) =1 if u+v <20 else 0,
Maskpia(u,v) =1 if 20 <u+v <40 else 0,
Maskpigh(u,v) =1 if u+v>50 else 0.

3)

These filters are multiplied by F por to extract features in specific frequency bands, denoted as
Friterea = Fpor X Mask,. Finally, a 2D Inverse DCT (IDCT) is applied to convert F f;;;ereq
back to the spatial domain, yielding the control signal C ¢,.q:

h—1w-1
Cgreq nj Z Z Fgllt)ered)
u 0 v=0 4)
« cos (2 4+ Dum cos (2§ + Dorm .
2h 2w

The Cj,¢q signals obtained from mini-pass, low-pass, mid-pass, and high-pass filtering, respec-
tively, control the texture, texture and structure, layout, and contour consistency between the gener-
ated and reference images. As our experiments demonstrate (Table [, low-pass filtering achieves
optimal identity preservation by retaining the structure and morphology information critical for ani-
mal recognition.

2.5 TRAINING AND OBJECTIVES

AnimalBooth training is bifurcated into two complementary stages that follow a coarse-to-fine pro-
gression:

Stage 1: Identity Learning. The Animal-Net and Projection modules are trained to capture global
subject identity. The objective function aims to minimize the Mean Squared Error between the
predicted noise and the ground truth noise, while incorporating both text conditions C; and animal
identity features C,:

Lstagel = Ezt,ewN(O,I),Ct,Ca,t ||€9 (Zt7 Ct7 Ca7 t) - EtHQ . (5)

Stage 2: Texture Enhancement. The frequency-controlled ControlNet module is trained to en-
hance fine textures and structural details. This decoupled training strategy avoids convergence diffi-
culties that arise from jointly optimizing identity and texture objectives:

2

LstageQ = Ezo,t,Ct,Cfreq,sNN(O,I) ||€ — €9 (Zt7 ta Ctv Cfreq) ”2 ) (6)
where z; represents the noisy latent features at time step t, C; is the text condition, and C .,
is computed by the frequency-controlled feature integration module based on the source domain

latent features Ly. The parameters of ControlNet are trained using four distinct DCT filters
(MaSk’mini, MaSkloun MaSk’mida MaSkhigfL)'

During inference, classifier-free guidance (Ho & Salimans) is employed to balance conditional and
unconditional generation:

€9(x¢,Cy, Cuy Crreq, t) = weg(x¢, Cp, Co, Crreg, t) + (1 — w)eg(xe, t), 7
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Table 2: Ablation on guidance scale w.

Table 1: Ablation on projection layer. w LPIPS| DINO] CLIP-T{ CLIP-I{
Projection  LPIPS| DINO? CLIP-T1 CLIP-I1

Concatenation 57.41 31.05 19.85 70.58 gg 2‘]‘32 gzgi ;g?g ;gg%

MLP Adapter 5681 3168 20.02 71.00 0 : : : :

Q-Former (Ours) ~ 49.08  75.66 20.73 90.00 7.5 (Ours) ~ 49.08 75.66 20.73 90.00
10.0 50.12 72.45 20.58 88.34

Table 3: Efficiency comparison on NVIDIA A100.

Method Time (s) /| VRAM (GB)| Params (B)
Omnigen (Xiao et al.,[2025) 140.0 10.4 3.8
Flux (DiT) (Chang et al., |2024|) 85.0 12.8 12.0
AnimalBooth 5. 0.7 1.2

where w is the guidance scale. We empirically set w = 7.5 in our experiments (see Table [2] for
ablation).

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

We utilize Stable Diffusion v1.5 (Rombach et al.,[2022) as the pre-trained Latent Diffusion Model
(LDM) and train it for personalized animal image generation. To comprehensively evaluate the
model’s capabilities in generating high-definition animal images, we constructed a specialized An-
imalBench dataset, comprising 10,958 training images and 1,000 test images. Each entry in the
dataset consists of a high-definition, single-subject animal image—text pair, with examples depicted
in Fig. 3] Training was conducted on a server equipped with eight NVIDIA A100-SXM4-80GB
GPUs. We employed the AdamW optimizer with an initial learning rate of le-5 and a batch size of
4. The model was trained at a resolution of 512x512 pixels. During the inference phase, we used
the DDIM sampler 2020) for 50 sampling steps with guidance scale w = 7.5.

3.2 QUALITATIVE RESULTS

As shown in Fig.[T] methods like BLIP-Diffusion (Li et al, 2023a), Omnigen (Xiao et all 2025) and
IP-Adapter 2023) struggle with maintaining fidelity to the original animal’s identity. For

instance, in the “cheetah” example, BLIP-Diffusion introduces noticeable distortions in the cheetah’s
facial features and fur patterns. Omnigen, while better, still presents a cheetah that looks somewhat
less dynamic and natural compared to the reference. IP-Adapter’s cheetah appears to have some
color inaccuracies and a less refined texture. Similar issues are observable in the other examples.
For the “reindeer,” these methods often fail to capture the subtle nuances of its fur, antler structure, or
the serene expression seen in the reference, sometimes introducing unnatural postures or color shifts.
The “Highland cow” examples highlight a lack of accurate texture and the distinct shagginess that
characterizes the breed. Finally, the “zebra” images from these comparative methods often fall short
in reproducing the sharp stripe patterns, the reflective quality of its fur under moonlight, or the natu-
ral stance, sometimes resulting in blurry details or less vibrant contrasts. AnimalBooth consistently
demonstrates superior performance in preserving both coarse structures and fine-grained textures.

Figure 4: Example results with different animal image strength A.
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Table 4: Ablation study on frequency configurations.

Method LPIPS| DINOtT CLIP-Tt CLIP-I?T
w/o Freq Cond 69.40 58.52 21.37 78.17
High-Pass 56.72 64.72 21.21 80.02
Mid-Pass 61.66 66.97 20.84 82.79
Mini-Pass 68.21 59.97 21.20 80.89
Low-Pass (Ours) 49.08 75.66 20.73 90.00

Table 5: Quantitative comparison with state-of-the-art methods.

Method LPIPS| DINOt CLIP-T{ CLIP-It
Textual Inv. | 7235 4892 18.76 71.23
BLIP 6821 6296 19.68 82.38
Omnigen ] 71.68  50.05 19.41 72.95
IP-Adapter ] 6291  72.88 19.39 89.75
Flux (DiT) (Chang etal[2024) 6547 5531 19.52 78.64
AnimalBoot 49.08  75.66 20.73 90.00

3.3 QUANTITATIVE RESULTS

As presented in Table 5] AnimalBooth obtained a CLIP-T (Radford et all [2021) score of 20.73,
which is notably higher than the next best method, BLIP-Diffusion (L1 et al.,[2023a)), at 19.68. This
indicates AnimalBooth’s superior ability to comprehend and capture textual semantics, generating
animal images that are highly consistent with their descriptions. Concurrently, AnimalBooth
achieved the highest DINO (Caron et al.} 2021) score of 75.66, compared to IP-Adapter’s
72.88. This highlights AnimalBooth’s exceptional capability in capturing image details and
realism, effectively preserving the intricate textures and fine structures of animals. Furthermore,
AnimalBooth also achieved leading scores of 90.00 and 49.08 for CLIP-I and LPIPS, respectively,
comprehensively outperforming other methods.

Comparison with Optimization-based and DiT Methods. Table |5| also compares Animal-
Booth with Textual Inversion (a representative optimization-based method) and
Flux (Chang et al.} [2024) (a state-of-the-art DiT-based model). Textual Inversion, despite requiring
per-subject optimization, achieves suboptimal results due to limited embedding capacity for com-
plex animal features. Flux, while generating high-quality images, suffers from identity drift when
personalizing animal subjects without specialized adaptation. AnimalBooth outperforms both meth-
ods across all metrics while requiring no per-subject optimization at inference time.

Low-pass Mid-pass High-pass Mini-pass

Figure 5: Output results of different frequency filter masks.
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3.4 ABLATION STUDY

Frequency Configuration. We evaluate the impact of five distinct frequency configuration modes
on generated image quality: Low-Pass, Mini-Pass, Mid-Pass, High-Pass, and without frequency
conditioning. As presented in Table 4] the Low-Pass frequency configuration significantly outper-
forms other configurations on CLIP-I, DINO and LPIPS metrics, indicating its superior performance
in preserving animal identity details such as fur textures, patterns, and coat colors. This is because
low-frequency components capture the global structure and morphology essential for identity recog-
nition, while high-frequency details can be effectively reconstructed by the diffusion model. In
contrast, while High-Pass shows a slight advantage in semantic structure alignment (CLIP-T), its
DINO and CLIP-I scores are notably lower, which is detrimental to the fine-grained restoration of
individual animal characteristics.

Projection Layer Design. Table |l|compares different projection layer designs. Q-Former signifi-
cantly outperforms alternatives, improving CLIP-I by 19.42 points and DINO by 44.61 points. This
demonstrates Q-Former’s effectiveness as a semantic bottleneck for identity-relevant features.

Guidance Scale. Table |2| presents the ablation on guidance scale w. Low guidance (w = 2.0)
produces poor identity preservation. The optimal w = 7.5 achieves the best balance between identity
fidelity and generation quality.

Hyper-parameter \. Figure 4| demonstrates the effects of the hyper-parameter A on generated
samples with a fixed random seed. As A increases to 1.0, the generated animal gradually loses
structural integrity. A smaller A ensures the generated results adhere more closely to the input
animal’s identity. Consequently, we empirically set A to 0.4 in our experiments.

Visualization. Fig.[5|demonstrates the impact of different frequency filter masks. The “Mini-pass”
filter significantly blurs the image, whereas “Low-pass” preserves general shapes and smooth color
transitions, which is critical for identity preservation. “Mid-pass” and “High-pass” filters accentuate
textural details and sharp edges respectively.

3.5 LIMITATIONS

Despite these advantages, our method has limitations. The reliance on low-frequency structural
guidance can occasionally constrain the diversity of generated poses, particularly for highly dynamic
actions that differ significantly from the reference. Additionally, while the Q-Former effectively
filters background noise, it may occasionally overlook extremely subtle identity cues that are not
semantically salient. Future work will explore extending this framework to animal consistency
generation tasks in video modalities.

4 CONCLUSION

This paper introduces AnimalBooth, an inference-time tuning-free personalized generation frame-
work specifically designed for animal subjects. Experiments were conducted on our self-constructed
AnimalBench dataset, comprising 10,958 training images and 1,000 test images. By integrating
the Animal-Net with Q-Former projection and the novel dual-path adaptive attention module,
AnimalBooth achieves state-of-the-art performance across all metrics. Furthermore, through the
low-pass configuration of the DCT frequency-controlled feature integration module (based on
ControlNet), we have enhanced the LPIPS metric by 20 percentage points over baselines. Notably,
AnimalBooth achieves 25x faster inference than DiT-based alternatives while using only 0.7GB
VRAM, making it highly practical for real-world deployment. Future work will explore extending
this framework to animal consistency generation tasks in video modalities.
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