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Figure 1. Generated Portrait Collection Generation (PCG) Examples. Each group shows a reference image (left) and three generated
results by our method with corresponding modification texts (below the photos). PCG introduces two key challenges: (1) Complex
modifications requiring simultaneous changes in pose, camera viewpoint, and spatial layout; (2) Detail preservation maintaining fine-
grained appearance characteristics, such as makeup, clothingand accessories.

Abstract

As social media platforms proliferate, users increasingly
demand intuitive ways to create diverse, high-quality por-
trait collections. In this work, we introduce Portrait Col-
lection Generation (PCG), a novel task that generates co-
herent portrait collections by editing a reference portrait
image through natural language instructions. This task
poses two unique challenges to existing methods: (1) com-
plex multi-attribute modifications such as pose, spatial
layout, and camera viewpoint; and (2) high-fidelity de-
tail preservation including identity, clothing, and acces-
sories. To address these challenges, we propose CHEESE,

the first large-scale PCG dataset containing 24K portrait
collections and 573K samples with high-quality modifica-
tion text annotations, constructed through an Large Vision-
Language Model-based pipeline with inversion-based ver-
ification. We further propose SCheese, a framework that
combines text-guided generation with hierarchical identity
and detail preservation. SCheese employs adaptive fea-
ture fusion mechanism to maintain identity consistency, and
ConsistencyNet to inject fine-grained features for detail
consistency. Comprehensive experiments validate the ef-
fectiveness of CHEESE in advancing PCG, with SCheese
achieving state-of-the-art performance.



1. Introduction

In the digital era, portrait collections has become an essen-
tial way for people to document personal moments and ex-
press their identities, as shown in Figure 1. With the ad-
vancement of generative Al [8, 25, 26, 29], users increas-
ingly demand intuitive ways to create diverse and high-
quality portrait collections. To address this demand, we
propose Portrait Collection Generation (PCG), a novel task
that enables users to create portrait collections using a high-
quality reference image and natural language instructions.
Compared to existing image editing tasks, PCG introduces
two key challenges, as illustrated in Figure 2: (1) complex
modification intents spanning camera distance, pose, and
viewpoint; and (2) high-fidelity detail preservation from
the reference, including makeup, clothing, accessories, and
fine identity cues, consistently across the collection.

Regarding the first challenge, ControlNet [37] and Con-
trolNet++ [16] achieve fine-grained structure control by in-
corporating conditioning signals such as depth maps and
Canny edges. However, these conditions often constrain
spatial layout diversity, limiting the flexibility required
for portrait photography. Other methods [3, 36], per-
form editing through text instructions by fine-tuning models
on instruction-following datasets. However, their single-
dimensional instructions often fail to meet users’ increas-
ingly complex editing requirements. As shown in Figure |
and 2, PCG frequently involve modifications in spatial lay-
out, model pose, and viewpoint that are increasingly neces-
sary to create diverse, expressive portrait collections.

Regarding the second challenge, existing fine-tuning
methods such as DreamBooth [28] and LoRA [9] can im-
prove consistency with reference images using a few ref-
erence samples. However, these methods require per-
subject training, limiting their scalability in practical appli-
cations. Zero-shot alternatives like IP-Adapter [35] and In-
stantID [34] offer faster solutions but fall short in maintain-
ing fine-grained details under complex modifications. Their
fundamental limitation lies in their reliance on high-level
semantic embeddings, which fail to preserve pixel-level
details. PCG presents a more demanding challenge: si-
multaneously preserving both identity consistency and fine-
grained detail consistency, illustrated in Figure | and 2.

To address these challenges, we first propose CHEESE,
the first large-scale dataset specifically designed for PCG,
emphasizing both complex multi-attribute modifications
and high-fidelity detail preservation. We collect 24K high-
resolution portrait collections from the web, encompassing
diverse scenarios (e.g., indoor and outdoor), styles (e.g.,
ancient, ethnic, and modern), and variations (e.g., pose
changes, camera angles/distance, and spatial layouts). We
then pair images from the same portrait collection and em-
ploy a Large Vision-Language Model (LVLM) to obtain
detailed, compositionally rich modification texts, resulting
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Figure 2. Generated Examples of Several Editing Challenges
in PCG: camera distance, pose variation, and viewpoint transfor-
mation while preserving fine-grained details.

in 575K triplets. Note that modification texts can range
from single-dimensional changes to complex combinations
of multiple transformations. To ensure annotation qual-
ity, we introduce an inversion-based verification mecha-
nism that provides quantitative scores for annotations and
regenerates low-scoring ones. By sampling real-world, pro-
fessional portrait collections, CHEESE ensures the high-
quality, diversity, creativity, content richness, and high-
fidelity detail consistency required for PCG.

We further propose SCheese, a framework that combines
text-guided generation capabilities with identity- and detail-
preserving mechanisms. For complex modification intents,
we adopt a text-conditioned generation backbone that pro-
cesses modification text to guide compositional transfor-
mations. For identity consistency, unlike IP-Adapter that
only encodes the reference image, we fuse modification text
and reference image features to directly obtain features that
approximate the target image, supervised by an additional
alignment loss. Such fused features provide more precise
conditioning signals that align with the desired target char-
acteristics, reducing ambiguity and improving instruction-
following capability. During training, we apply teacher
forcing by probabilistically replacing the fused features
with target image features to provide direct supervision. For
detail preservation, we propose ConsistencyNet, which ex-
tracts multi-scale fine-grained features from the reference
image and injects them throughout the generation process
via a Decoupled-Attention mechanism. Together, as shown
in Figure 2, SCheese can balance complex modifications
with fine-grained detail preservation.

Our main contributions are threefold: (1) We propose
CHEESE, the first large-scale dataset for PCG featuring
complex modification annotations and detail consistency;



(2) We design SCheese, a novel framework to balance com-
plex modifications with fine-grained detail preservation; (3)
Comprehensive experiments validate the effectiveness of
CHEESE in advancing PCG, with SCheese achieving state-
of-the-art performance in handling complex edits with iden-
tity and fine-grained details consistency.

2. Related Work

Text-Guided and Conditioned Image Editing. Text-
guided image editing enables semantic modifications via
natural language. Early diffusion-based approaches [14, 29]
demonstrated text conditioning for generation. Recent
works [3, 36] fine-tuned diffusion models on instruction-
following datasets. However, these methods primarily han-
dle simple edits and struggle with complex, multi-faceted
instructions requiring simultaneous changes across pose,
layout, and camera parameters [8, 26]. Beyond text-only
control, methods like ControlNet [37] and T2I-Adapter [20]
introduce spatial conditioning via sketches, depth maps,
and segmentation masks. ControlNet++ [16] and Uni-
ControlNet [39] further enhance spatial control integration.
While these methods offer flexibility, they focus on struc-
tural conditioning or high-level semantics and lack capabil-
ities for fine-grained identity preservation, which is critical
for PCG task. Moreover, they typically operate on single-
image edits without addressing consistency requirements
for portrait collection generation.

Personalization in Diffusion Models. Image person-
alization approaches can be categorized into tuning-free
methods [7, 12, 17, 24, 33, 33, 34, 38] and tuning-based
methods [6, 9, 28]. DreamBooth [28] fine-tunes diffu-
sion models on reference images to learn subject-specific
representations, while LoRA [9] offers parameter-efficient
fine-tuning via low-rank matrices. However, both require
per-subject training and multiple references, making them
computationally intensive. IP-Adapter [35] enables zero-
shot image-conditioned generation via lightweight adapters,
and InstantID [34] improves facial identity preservation us-
ing face recognition features. IPAdapter-Instruct [27] com-
bines image prompts with instructions but relies on care-
fully crafted prompts. Alternative approaches [5, 10, 19]
depend on manually curated datasets or are limited to sim-
ple attribute copying. These limitations become evident
in PCG, where methods must simultaneously accommo-
date multi-attribute modifications while maintaining fine-
grained detail preservation across collections.

3. CHEESE

In this section, we propose a large-scale dataset tailored for
PCG, CHEESE D = {(I{™, T\, 1{™)}IV_, , where I, and
I; denotes the high-resolution reference and target image
respectively, T;,, denotes the complex modification text, and
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Figure 3. The Dataset Construction Pipeline of CHEESE. (1)
We first use the LVLM filters out near-duplicate pairs and pairs
with excessive background changes. (2) For each filtered pair,
an LVLM generates a natural-language modification text describ-
ing the transformation. (3) We then use the LVLM to inversion
the target caption and compute CLIP score with the target image.
We then iteratively refine the annotation if the score falls below a
threshold. 7 F/, T'E denote the image and text encoder of CLIP.

N denotes the triple number in D. The overview of our data
construction pipeline in shown in Figure 3.

Image Pair Selection. We first collect portrait collections
A = {Ag}E | from the web, ensuring that each collection
Ay, contains multiple high-resolution images of a consistent
subject and style. For each collection Ay, we enumerate
all within-collection pairs (I;, I;) with ¢ # j, and apply a
LVLM to filter out near-duplicate pairs and those with ex-
cessive background or scene drift. This step removes triv-
ial correspondences that would not support meaningful ed-
its, while also discarding pairs where scene mismatch could
confound identity preservation or detail fidelity. The result
is a set of candidate pairs that balance visual diversity with
subject and context coherence.

Modification Text Annotation. As shown in Figure 3,
given a filtered pair (7™, I(™), the annotation stage
prompts an LVLM to generate a modification text Tr(n") de-
scribing the transformation from I, to I;. The prompt P,
design explicitly encourages the model to capture changes
in camera parameters (such as depth of field and viewpoint),
spatial/layout adjustments, and subject-level variations in-
cluding pose, expression, and orientation. This design pro-
motes compositional coverage and helps disentangle multi-
faceted edits that often co-occur in PCG. Notably, given
varying degrees of differences between image pair, 7,,, can
range from single-dimensional changes to combinations of
multiple transformations, aligning the diverse editing re-
quirements in real-world.

Inversion-based Validation. To improve annotation ac-
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Figure 4. Overview Architecture of SCheese: (Left) Our model consists of (1) DenoisingNet which is a main UNet that processes target
image, (2) Fusion IP-Adapter that fuses high-level semantics of reference image /- and modification text 7', , and (3) ConsistencyNet that
encodes low-level features of I,.. (Right) We propose a Decoupled-Attention mechanism, which consists of a self-attention module and a
cross-attention module. The outputs of these two modules are averaged together and further fused with features from the text encoder and

Fusion IP-Adapter through a decoupled cross-attention layer.

curacy, we design an inversion-based validation process,
inspired by [13, 31]. Concretely, as shown in Figure 3,
given (I™,T{™), we ask the LVLM to generate a in-
version target caption ¢ that predicts the expected content
of It(n). We then compute a CLIP-based similarity score
s = cos(f1(I'™), f(¢)), where f; and fr denote the im-
age and text encoders. We set the threshold 7 a priori; if
s>, T,(n") is accepted. Otherwise, we use the failed at-
tempt’s (Tﬁf)7 s) as feedback to re-prompt the LVLM, re-
generating a refined T,QE"’. The process terminates either
upon reaching the threshold or after M attempts. This iter-
ative mechanism increases both the specificity and correct-
ness, especially for complex, multi-attribute edits.

4. SCheese

4.1. Backgrounds on Diffusion Models

Denoising Diffusion Probabilistic Models [8] (DDPMs) are
trained by maximizing the log-likelihood of the training
data, given a data distribution g(x¢). The training process
involves a forward diffusion process that gradually adds
Gaussian noise to the data over 7' timesteps:

T

Q($1:T|$o) = HQ($t|93t—1) (D

t=1
q(xi|i—1) = N(ze; Jogai—1, (1 — ap)) (2)

Here, x; represents the noisy data at timestep ¢ and o
is a schedule parameter controlling the noise level at each

timestep. The core of DDPM training lies in learning a pa-
rameterized model py to approximate the reverse diffusion
process:

=

po(zo.r) = plar) | | polxi—1l|z:) 3)

t
po(zi1|ze) = N(wo—1; po(ae, t), o1) 4)

This model learns to progressively remove noise from a
given noisy sample x;, recovering the original data x.

1

4.2. Network Architecture

Overview. In this section, we present our method for de-
signing diffusion models for PCG. Figure 4 provides the
overview of our method. Given a triple (.., T,,,I;), our
primary goal is to generate the target image I; that satis-
fies the requirement of the modification text 7, and pre-
serve the detail from the reference image I,. To achieve
that, we first adopt Stable Diffusion, a text-to-image gener-
ative model, as our backbone, and use T, as the condition.
We then propose two module to ensure the ip consistency
and detail preserve: Fusion IP-Adapter and ConsistencyNet
with decoupled attention.

Fusion IP-Adapter. To condition the high-level seman-
tics of the reference image, we leverage an Image Prompt
Adapter (IP-Adapter). Typically, the IP-Adapter consists of
an image encoder fin,, a projection network that maps im-
age features to the latent space of the diffusion model, and
integration via cross-attention to inject image conditions
into the denoising process. To obtain more accurate condi-



tions, inspired by Composed Image Retrieval (CIR), we ad-
ditionally introduce a text encoder to extract semantic infor-
mation from the modification text, and fuse the two modal-
ities via a projection layer. Specifically, we extract image
features f, = fimg([,) and text features f,,, = fixt(Tim),
then fuse them through a learnable projection network:

frused = Proj([fr§ fm])a @)

where [-;-] denotes concatenation and Proj is a query-
based projection module. To optimize the fusion quality, we
introduce a KL divergence loss between the fused features
and target image features:

Ealign - KL(ffusedHfimg (It)) (6)

During training, we apply teacher forcing by proba-
bilistically (with hyperparameter pro) replacing the fused
features with the target image features. Since the fusion
module produces features that approximate target features,
teacher forcing provides two training modes: target features
offer precise supervision signals for better model learning,
while fused features simulate the inference scenario. This
strategy enables the model to benefit from stronger supervi-
sion while maintaining generalization capability for infer-
ence, which further improves model performance.
ConsistencyNet. While we already condition the reference
image using Fusion IP-Adapter, it falls short in preserving
the fine-grained details when the reference image has com-
plicated patterns or graphic prints. To tackle this issue, we
propose to utilize an additional UNet to extract low-level
features of the reference image. As show in Figure 4, we
use another pretrained UNet encoder, ConsistencyNet, to
obtain the intermediate representation of I,., and adopt a
decoupled-attention mechanism to inject these features into
the generation process. Specifically, at each U-Net block,
we add a parallel cross-attention layer alongside the self-
attention module. The cross-attention layer receives queries
from I; and keys/values from I,. We then average the
self-attention and cross-attention outputs, and further fuse it
with features from the text encoder and Fusion IP-Adapter
through a decoupled cross-attention layer.

This decoupled design keeps self-attention focused on
spatial dependencies within the generated image, while
cross-attention handles explicit alignment between the gen-
eration state and the reference features. By maintaining
separate feature spaces and combining them additively, the
model can selectively attend to reference details without
disrupting the generative flow. Notably, we adopt the in-
painting model as ConsistencyNet and remove the mask-
related layers to maximize the preservation of fine-grained
details from the reference image. This mechanism of Con-
sistencyNet preserves intricate patterns that require pixel-
level correspondence, while allowing the generation to
adapt flexibly to modification instructions.

\ VLM-based | LVLM-based
| CLIP-I DINO-I CLIP-T|Qwen-DP Qwen-PF

DreamBooth 0.642 0.636 0.375 0.305 0.443
DB LoRA 0.738 0.677  0.395 0.458 0.579
IP-Adapter 0.764 0.663 0.386 | 0.464 0.511
IP-Adapter+ 0.794 0.699 0.376 | 0.659 0.549

Method

EasyRef 0.783 0.687 0.358 0.647 0.545
BLIP-Diffusion | 0.659 0.627 0.324 | 0.213 0.289
Emu2 0.849 0.821 0.379 | 0.767 0.352
Kolors 0.853 0.824 0.406 | 0.808 0.428
Kontext 0.857 0.791 0.413 0.792 0.679

SCheese (ours)‘ 0.839 0.773 0.436‘ 0.855 0.793

Table 1. Quantitative Comparison Results. SCheese achieves
the highest scores on CLIP-T, DP, and PF, demonstrating superior
capability in following modification instructions while preserving
fine-grained details. While IP-Adapter (Kolors) and FLUX.1 Kon-
text achieve slightly higher CLIP-I and DINO-I scores, this likely
reflects their “copy-pasting” tendency considering their lower PF
score. Bold values indicate the best performance for each metric.

5. Experiments

5.1. Dataset

The CHEESE dataset comprises a large-scale collection of
portrait albums with high-quality modification annotations.
To avoid identity leakage, we perform collection-level split-
ting between training and testing. For the training set, we
enumerate all valid within-collection pairs to expose the
model to a wide range of modification patterns. The final
training set contains ~24K portrait albums, encompassing
~40K images and ~576K triplets. For the test set, we sam-
ple exactly one triplet per identity collection to maximize
identity diversity and reduce redundancy, thereby providing
a more stringent evaluation of generalization. The final test
set consists of ~2K triplets. All images maintain a min-
imum resolution of (832,1216) pixels and are uniformly
resized to (832, 1216) for consistent settings.

5.2. Evaluation Metrics

Following prior work [5, 28, 35], we first evaluate gen-
erated images using CLIP and DINO feature similarities.
Specifically, we use ViT-G/14 CLIP from OpenCLIP [11]
and DINOv2-Small [21] to calculate similarities between
I, and generated images I, denoted as CLIP-I and DINO-
I, to measure detail preservation. We also report CLIP-T,
the similarity between I, and the inversion target caption
(produced by Process 3 in Figure 3), to evaluate how well
the modification text is followed.

However, these metrics primarily capture global seman-
tic similarity, and since I,. and I; already share high similar-
ity, a model that simply copies I, can achieve high scores,
leading to misleading evaluations [4]. To address this limi-
tation, we propose two LVLM-based evaluation metrics us-
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Figure 5. Qualitative Comparisons. Blue markers highlight successful detail preservation and instruction compliance; red boxes indicate
the “copy-pasting” tendency; orange boxes denote blurriness or detail loss; purple boxes indicate limb abnormalities. SCheese successfully
maintains reference details and image realism while executing complex modifications.

ing Qwen-2.5-VL 72B [1] to separately assess detail preser-
vation (DP) and prompt-following (PF) capabilities. In our
prompts, we also incorporate debiasing mechanisms that
penalize “copy-pasting” behavior as in [4]. This evaluation
protocol emulates human evaluation via LVLMs. The full
set of evaluation prompts are provided in Appendix.

5.3. Implementation Details

For dataset curation, we adopt Qwen2.5-VL 72B [1] as our
LVLM, and ViT-G/14 CLIP from OpenCLIP [11] as the text
and image encoder. The hyperparameter 7 and M is set to
0.45 and 5.

For our method, SCheese, we use SDXL [23] as our De-
noising Net, SDXL inpainting model for ConsistencyNet
and IP-Adapter [35] plus for our Fusion IP-Adapter, and
inited them with Kolors [32] weight. pro is setting to
0.35. We train all models on 8 NVIDIA H800 80GB GPUs
with an effective batch size of 64 for 50k iterations, using
AdamW optimizer [18] with a learning rate of le-5.

5.4. Baselines

Following [4, 22], we compare our model with two classes
of baselines: inference-stage fine-tuning models and zero-
shot models. For inference-stage fine-tuning models, we
compare against DreamBooth [28] and its LoRA [9] version
(denoted as DB LoRA). For zero-shot models, we compare
with BLIP-Diffusion [15], Emu?2 [30], IP-Adapter [35], IP-
Adapter+ [35], IP-Adapter with Kolors initialization (de-
noted as Kolors) [32], EasyRef [40], and FLUX.1 Kon-
text [2].

5.5. Comparison with Baselines

Quantitative Results. Table | presents quantitative eval-
uation results comparing SCheese against existing base-
lines on the CHEESE test set. From the results, we ob-
serve that: (1) Methods requiring per-subject fine-tuning,
including DreamBooth, exhibit limited performance across
evaluation metrics, whereas zero-shot approaches such as
IP-Adapter demonstrate competitive results without requir-



Metric Target Emu2 Kolors Kontext SCheese

Human-DP | 0.936 0.158 0.410 0.653 0.778
Human-PF | 0.930 0.138 0.397 0.670  0.803
Human-CC | 0.915 0.115 0.293 0.467  0.688

Table 2. User Study. “Target” denotes the target image, which
serves as an upper bound. Our user study results mostly align
with our LVLM-based evaluation. Bold values indicate the best
performance of models for each metric.

ing test-time adaptation. (2) Our method SCheese attains
the best performance on Detail Preservation, Prompt Fol-
lowing, and CLIP-T, indicating its effectiveness in execut-
ing complex editing instructions while maintaining high-
fidelity detail preservation. (3) Certain baselines, notably
FLUX.1 Kontext and Emu2, achieve marginally higher ref-
erence similarity scores (CLIP-I and DINO-I) but exhibit
substantially lower prompt following performance. This
performance trade-off suggests these methods prioritize ref-
erence replication over instruction adherence, a finding cor-
roborated by our qualitative analysis (see Figure 5). Col-
lectively, these results demonstrate that SCheese achieves
an optimal trade-off across detail preservation, instruction
compliance, and semantic alignment, validating its suitabil-
ity for PCG task.

Qualitative Results. Figure 5 presents our qualitative com-
parison results, demonstrating that our model outperforms
all baselines in detail consistency while exhibiting excel-
lent prompt alignment in the outputs. (1) As shown in the
figure, DreamBooth [28] frequently fails to preserve con-
sistent visual elements from the reference image, such as
clothing and headwear. This performance gap likely re-
sults from its design assumption of multiple reference sam-
ples. (2) IP-Adapter [35] and IP-Adapter+ [35] has improv-
ing subject-level consistency, but their reliance on high-
level embeddings prevents them from maintaining fine-
grained details, as evidenced by the cake in the third row.
(3) Emu2 [30] demonstrates strong semantic understand-
ing capabilities but lacks dedicated mechanisms for subject-
specific personalization. (4) Additionally, Emu2 shows lim-
ited comprehension of complex editing instructions, fre-
quently generating images that closely mirror the reference
without incorporating the requested modifications. This
“copy-paste” tendency [4] is similarly observed in Kolors
IP-Adapter and FLUX.1 Kontext, as highlighted by the red
boxes in Figure 5. This tendency leads to high reference
similarity, resulting in elevated CLIP-I and DINO-I scores,
while yielding lower CLIP-T and PF scores due to their fail-
ure to follow the modification text requirements. (5) In con-
trast, our approach effectively preserves the subject’s core
identity while enabling diverse and contextually appropriate
transformations. As indicated by the blue boxes in Figure 5,
our method successfully maintains details, such as the “cake
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to show left profile to show the left show the left profile

while maintaining eye  profile while keeping ~ While keeping the gaze
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j camera. toward the camera. camera and changing the
top to a sleeveless design.
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body to lean slightly ~ body to lean slightly  downward, and add a white door
forward, turn the head  forward, turn the head with a gold handle to the right
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handle. handle. the edge of the furniture.

Extend the right leg

Figure 6. Ablation Study for the Inversion-based Validation
process. Comparison of modification text quality across three
annotation strategies. Color annotations (blue/red) highlight im-
provements over the baseline.

and white dress” in the third row, and even the “pearl ear-
rings” in the last row, while also following the modification
text requirements, including changes in model orientation,
hand poses, and camera distance variations.

User Study. To evaluate the fidelity and prompt consistency
of our generated images, we conducted a user study on a
random subset of CHEESE test cases, selecting 50 sam-
ples. Users independently scored each image from O to 4
based on three criteria: DP, PF, and Collection Coherence
(CCO). CC measures users’ willingness to include the gener-
ated image in the same portrait collection as the reference
image. We also include target images in the evaluation to
show the upper bound of each metric. The average scores
are presented in Table 2. We observe the following: (1)
Target images achieve near-perfect PF scores, which val-
idates that our annotation method produces comprehensive
and effective modification texts. (2) SCheese achieves high-
est PF scores among models, demonstrating its capability
to execute complex modification requirements. Meanwhile,
thanks to Fusion IP-Adapter and ConsistencyNet, SCheese
also achieves the highest DP score, indicating its effec-
tiveness in preserving reference details. (3) According to
CC scores, users show strong willingness to use SCheese-
generated images to form portrait collections, demonstrat-
ing the practical potential of our method.

6. Ablation Study

Effect of Inversion-based Validation. In Figure 6, we in-
vestigate the impact of the Inversion-based Validation pro-
cess during dataset curation. We compare three annotation
strategies: (1) no validation process, (2) validation using
CLIP with ViT-B/32, and (3) validation using CLIP with
ViT-G/14. Our analysis reveals two key findings: (1) Com-



\ VLM-based | LVLM-based
|CLIP-I DINO-I CLIP-T|Qwen-DP Qwen-PF

IP-Adapter (ZS) | 0.853 0.824 0.406 | 0.808 0.428
+ SFT 0.822 0.728 0.421 0.783 0.683
+ ConNet 0.826 0.732 0.418 | 0.832 0.673
+ Fusion IP-A 0.828 0.732 0.416 | 0.828 0.723
+ Align Loss 0.837 0.753 0.426 | 0.836 0.777

+ Teacher (Full)‘ 0.839 0.773 0.436‘ 0.855 0.793

Method

Table 3. Ablation Study Results for Proposed Components.
Bold values indicate the best performance for each metric. Each
component contributes to performance: +SFT improves instruc-
tion following, +ConNet enhances detail preservation, +Fusion
IP-A and +Align Loss further refine capabilities, and +Teacher
achieves optimal performance across all metrics.

pared to the baseline without validation, both CLIP-based
validation approaches guide the LVLM to identify more nu-
anced differences between images, resulting in more com-
prehensive and detailed modification texts, as highlighted
by the blue and red annotations in the figure. This demon-
strates the effectiveness of the inversion-based validation
mechanism in improving annotation quality. (2) When com-
paring the two CLIP variants, ViT-G/14 produces more re-
fined and accurate modification texts than ViT-B/32, as in-
dicated by the red annotations. This performance gap likely
stems from ViT-G/14’s superior image-text understanding
capabilities, which provide more accurate supervision sig-
nals for the validation process, enabling better discrimina-
tion between high-quality and low-quality annotations.
Effects of Components. To validate the contribution of
each component in SCheese, we conduct incremental ab-
lation experiments. Quantitative results are reported in Ta-
ble 3, and qualitative results are shown in Figure 7. From
Table 3, we observe the following: (1) Compared to the
zero-shot baseline, supervised fine-tuning on the CHEESE
dataset (+SFT) substantially improves the model’s ability
to follow modification instructions, as reflected in CLIP-
T and PF scores, while maintaining image quality. (2) In-
corporating ConsistencyNet (+ConNet) leads to significant
improvements in detail preservation (DP). However, we no-
tice PF slightly decreases, likely because the more influence
from the reference image. (3) Adding Fusion IP-Adapter
(+Fusion) further enhances instruction-following capabil-
ity, as the additional modification text input provides more
guidance for the editing process. (4) Introducing the align-
ment loss (Laiign) encourages fused features to align more
closely with target image, improving fusion quality and re-
sulting in overall performance gains. (5) Finally, incorpo-
rating teacher forcing (+Teacher) provides more specific su-
pervision signals for both the fusion module and denoising
network, leading to further improvements.

Figure 7 demonstrates consistent findings. We highlight
different modification intents in the modification texts us-

Tilt the model's chin up, have her look directly Into the lens, and adjust her hand to hold the
rose stem vertically while keeping the same framing and background.

Adjust the body to a sated position facing forward, place hands gently on the lap, and
change the background to a sunllt forest stream with rocks.
S
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A -7 >,
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Raise the hand to touch the wooden post, and adjust the framing for a closer shot while
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Figure 7. Qualitative Ablation Results for Components. Color
annotations link modification intents (in text) to corresponding re-
gions (in images).

ing distinct colors and annotate corresponding regions in
the generated images with matching colored boxes. The
qualitative analysis reveals: (1) +SFT enables the model to
handle complex, multi-faceted instructions that were pre-
viously challenging, such as “seated position” and ‘“hand
on the lap”. (2) +ConNet allows the model to inherit fine-
grained details from the reference image, such as headwear,
and clothing. (3) With Fusion IP-Adapter, the model simul-
taneously satisfies multiple complex modification require-
ments (e.g., striped pillows and books) while maintaining
high detail preservation with the reference.

7. Conclusion

In this work, we focus on the Portrait Collection Generation
(PCG) task, which presents two fundamental challenges:
complex multi-attribute modifications and high-fidelity de-
tail preservation. To tackle these challenges, we propose
CHEESE, the first large-scale dataset for PCG containing
576K triplets with high-quality modification annotations
generated through an LVLM-based pipeline with inversion-
based verification, and SCheese, a framework that combines
text-guided generation with hierarchical identity and de-
tail preservation mechanisms. Experimental results demon-
strate that SCheese outperforms existing methods on detail
preservation and prompt following. We believe that our
work establishes a solid foundation for advancing research
in PCG and personalized image editing.
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