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Abstract

Beyond general recognition tasks, specialized domains and
fine-grained settings often encounter data scarcity, espe-
cially for tail classes. To obtain less biased and more re-
liable models under such scarcity, practitioners leverage
diffusion models to supplement underrepresented regions of
real data. Specifically, recent studies fine-tune pretrained
diffusion models with LoRA on few-shot real sets to synthe-
size additional images. While an image-wise LoRA trained
on a single image captures fine-grained details yet offers
limited diversity, a class-wise LoRA trained over all shots
produces diverse images as it encodes class priors yet tends
to overlook fine details. To combine both benefits, we sepa-
rate the adapter into a class-shared LoRA A for class priors
and per-image LoRAs B for image-specific characteristics.
To expose coherent class semantics in the shared LoRA A,
we propose a semantic boosting by preserving class bound-
ing boxes during training. For generation, we compose A
with a mixture of B using coefficients drawn from a Dirich-
let distribution. Across diverse datasets, our synthesized
images are both diverse and detail-rich while closely align-
ing with the few-shot real distribution, yielding robust gains
in downstream classification accuracy.

1. Introduction
While general recognition tasks enjoy abundant and
class-balanced data, specialized domains often face data
scarcity [3, 25, 46] and long-tailed class distributions [5,
27]. For example, class rarity in fine-grained tasks can
limit data collection, leaving only a few labeled images
per class [12, 35]. Training under such data scarcity often
causes models to overfit and learn decision boundaries bi-
ased toward majority classes, degrading generalization per-
formance [2]. To supplement limited data, recent work
leverages generative priors in pretrained text-to-image dif-
fusion models [38] to synthesize additional training images
by conditioning class names with text prompts [15]. How-
ever, without guidance from real images, synthetic data eas-

ily drifts from the target distribution and lower downstream
accuracy [15, 44].

To narrow the real-to-synthetic gap, recent work ex-
ploits few-shot real images [6, 15, 20, 21]. Specifically,
a training-free image-wise baseline initializes the diffusion
process from features of a single reference image to synthe-
size samples close to that reference [15]. Beyond this, an
image-wise variant embeds the reference into a diffusion
model by fine-tuning lightweight low-rank adapters (Lo-
RAs) [17], enabling the model to capture fine-grained de-
tails [21]. However, these image-wise approaches make it
difficult to generate diverse images, as they rely on a single
image. To leverage the remaining images of the same class,
a class-wise LoRA is fine-tuned on all shots to encode class-
level priors and promote diversity, yet the resulting samples
often overlook instance-specific details [20]. This trade-off
stems from adapting the diffusion model with LoRA at a
single granularity, either an image or a class, motivating a
unified image- and class-level adaptation.

To generate synthetic images that are both diverse and
fine-grained, we adopt a multi-head LoRA architecture [11,
45]. Specifically, LoRA [17] approximates updates to a
large weight matrix as the product of two low-rank matri-
ces, LoRA A and LoRA B. We give these two LoRAs
distinct roles by sharing a single LoRA A across all few-
shot images and assigning each image its own LoRA B.
In this way, the shared LoRA A captures class-level pri-
ors that drive diverse generation, while the per-image LoRA
heads B encode instance-specific details. For training, we
freeze the base diffusion model and jointly fine-tune the
LoRA A and B. To promote coherent class semantics in
the shared A, we propose a semantic boosting technique
that utilizes bounding boxes localized by Grounded Seg-
ment Anything Model [22, 26].

At generation time, we fix A and mix multiple heads
from B with nonnegative coefficients sampled from a
Dirichlet distribution. Thanks to the shared A and a dif-
ferent Dirichlet-weighted head for each generated image,
the synthesized images exhibit both fine-grained details and
diversity. In addition, our semantic boosting drives cover-
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Figure 1. An overview of the proposed method. (left) We synthesize images with a multi-head LoRA that integrates the strengths of
image-wise LoRA (LoFT [21]) and class-wise LoRA (DataDream [20]). The blue and red regions indicate where LoRA is applied during
generation. (center) Given few-shot images, we fine-tune the multi-head LoRA while preserving bounding boxes obtained from Grounded-
SAM [22, 26]. (right) We merge LoRA heads using weights sampled from a Dirichlet distribution to obtain diverse synthetic images.

age of the full visible extent of a target class, rather than
a partial visibility. Across diverse classification tasks, in-
cluding realistic medical domains and long-tailed scenarios,
our synthetic images are not only distribution-aligned to the
few-shot references, yielding robust gains over baselines,
but also qualitatively diverse and detailed. Figure 1 com-
pares our method with prior work and outlines the overall
pipeline.

Our main contributions are summarized as follows:
• We present a multi-head LoRA framework in which

LoRA A encodes class-level priors and LoRA heads B
capture instance-specific details, producing diverse and
fine-grained synthetic images (Section 4.1).

• Our synthetic datasets generally improve downstream ac-
curacy across various benchmarks, including specialized
domains and long-tailed settings (Section 5.2).

• We generate synthetic images aligned with the real few-
shot distribution and analyze the synthetic-to-real gap
both qualitatively and quantitatively (Section 5.3).

2. Related Work
Few-shot guided synthetic datasets. Recent methods for
synthetic dataset generation leverage real images as guid-
ance rather than relying solely on text prompts. For exam-
ple, IsSynth [14] conditions on the latent space of real im-
ages to improve performance, and DISEF [6] perturbs real-
image latents for generation. Recently, LoFT [21] trains
image-wise LoRA adapters and mixes their contributions
at sampling. While these single-image approaches capture
fine-grained details, they overlook the broader class distri-
bution. To improve class-level coverage, DataDream [20]
trains class-wise LoRA adapters on all shots of a class, em-
phasizing generality over image-level fidelity. To combine
both strengths, we introduce a shared LoRA A for class-

level priors and LoRA heads B for instance-specific details,
unifying class-level generality with image-level fidelity.

Multi-head LoRA architectures. Even in a single-head
LoRA [17], recent analysis identifies an asymmetric role:
LoRA A acts as a simple projection agnostic to the input
distribution, whereas LoRA B tends to capture the input
data distribution [49]. Building on this observation, multi-
head designs explicitly allocate task or instance specific ca-
pacity to multiple LoRA B heads while sharing LoRA A.
Specifically, HydraLoRA [45] employs expert routing over
LoRA B heads, FedSA-LoRA [11] keeps local LoRA B per
client to address heterogeneity in federated learning, and
AsymLoRA [47] applies this paradigm to multimodal in-
struction tuning. Following these developments, we adopt
an asymmetric multi-head LoRA architecture to fine tune
diffusion models on few shot images.

Semantic preservation in data augmentation. To ad-
dress the challenge of semantic preservation during data
augmentation, several methods propose alternatives be-
yond standard transformations. For instance, KeepAug-
ment [10] utilizes saliency maps to preserve informative
regions, while ObjectCrop [31] and ContrastiveCrop [34]
aim to obtain reliable positive samples in contrastive learn-
ing by leveraging object proposals and semantic-aware lo-
calization, respectively. With the emergence of Segment
Anything Model (SAM) [22], SAMAug [48] simply com-
bines raw images with SAM-generated masks for medical
image segmentation. However, these approaches do not
explicitly ensure object integrity under cropping. In con-
trast, we focus on generating images with complete objects
for synthetic datasets by leveraging bounding boxes from
Grounded-SAM [22, 26].
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Figure 2. Qualitative results of synthetic images. (top) Four real images per class. (bottom) Synthetic images generated with LoRA
based methods. For the camera class, LoFT (image-wise LoRA) shows low diversity with near duplicate single viewpoint shots, while
DataDream (class-wise LoRA) increases diversity but lowers fidelity, often failing to render a camera. Our multi-head LoRA produces
accurate cameras across varied viewpoints. Here, Avg merges heads with uniform weights and Dir uses Dirichlet sampled weights.

3. Preliminaries
To supplement few shot examples, we leverage the genera-
tive power of large-scale diffusion models combined with
parameter-efficient LoRA adaptation. Therefore, as pre-
liminary background, we first introduce the fundamentals
of latent diffusion models in Section 3.1, and then review
previous approaches that employ LoRA for synthetic image
generation in Section 3.2.

3.1. Latent Diffusion Models
Latent diffusion models (LDMs), such as Stable Diffu-
sion [38], are probabilistic generative models designed
to generate high-resolution images conditioned on text
prompts y. Let D be a dataset of image-text pairs. For
(x, y) ∈ D, let an encoder F map the image x into a latent
representation z = F(x). The forward diffusion process
progressively adds Gaussian noise ϵ sampled from a stan-
dard normal distribution N (0, 1) to the latent z over t steps,
resulting in increasingly noisy latent variables zt. The re-
verse process learns to iteratively remove this noise, condi-
tioned on the text prompt y. Specifically, an intermediate
representation τ(y) obtained from a pretrained text encoder
τ is provided to the cross-attention layers of the UNet [39]
to guide the denoising process. To achieve this, the condi-
tional LDM parameterized by θ is trained with the objective
as follows:

min
θ

E(x,y)∼D,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, τ(y))∥22

]
, (1)

where t is uniformly sampled from {1, . . . , T} with T the
number of diffusion timesteps. To generate a synthetic im-
age, an initial latent noise zT is iteratively denoised con-
ditioned on the text prompt y, and the resulting latent z0
is decoded by a decoder G to produce the final image
x′ = G(z0). While previous works [37, 41] primarily fo-
cus on the visual quality of individual generated images, we
investigate whether the collection of synthetic images pro-
duced by LDMs can serve as effective training datasets for
downstream tasks.

3.2. Single-head LoRA-Guided Synthetic Datasets
Generating synthetic datasets solely from a pretrained LDM
conditioned on text class prompts c ∈ C, where C denotes
the set of target classes, often results in significant distribu-
tion shifts relative to the downstream target task [8, 15]. Re-
cent work mitigates this issue by few-shot guidance, assum-
ing access to a small labeled dataset Dfs = {(xi, yi)}K|C|

i=1 ,
containing K examples per class [6]. In this setting,
LoRA [17] has been employed to efficiently adapt a pre-
trained LDM θ to the few-shot dataset Dfs. Specifically,
given a pretrained weight matrix W0 ∈ Rd1×d2 , LoRA in-
troduces two trainable low-rank matrices B ∈ Rd1×r and
A ∈ Rr×d2 , with rank r ≪ min(d1, d2). Keeping the LDM
parameters θ fixed, A and B are jointly optimized on a sub-
set D′ ⊆ Dfs as follows:

min
A,B

E(x,y)∼D′,ϵ∼N (0,1),t

[
∥ϵ− ϵθ,A,B(zt, t, τ(y))∥22

]
. (2)
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Figure 3. Robust generation using semantic boosting (SB). With-
out SB, a LoRA trained on a one-shot image often fails to render
a car even when prompted with “a photo of a car”. With SB, re-
peated exposure to the car region during training robustly gener-
ates complete cars.

Depending on the choice of the subset D′, the resulting
LoRA adapters capture visual variability at different granu-
larities. An image-wise LoRA is trained on a single-image
subset D′ = {(x, y)}, capturing instance-specific features
and often yielding high fidelity, yet offering limited cover-
age of the class distribution. In contrast, a class-wise LoRA
is optimized per class c using D′ = {(x, y) ∈ Dfs | y = c},
encoding class priors and promoting broader diversity, but
it overlooks instance-level details. Figure 2 shows that sin-
gle granularity methods degrade quality: LoFT [21] (image-
wise) yields low diversity, whereas DataDream [20] (class-
wise) shows low fidelity.

4. ChimeraLoRA
To generate diverse and fine-grained synthetic images, we
propose ChimeraLoRA. We first describe a multi-head
LoRA design trained with semantic boosting (Section 4.1).
We then introduce a merging strategy that composes multi-
ple heads for image generation (Section 4.2).

4.1. Multi-head LoRA Training
Inspired by asymmetric LoRA architectures such as Hy-
draLoRA [45], we separate the roles of LoRA into two
parts: (i) a shared LoRA A that aggregates class-level
knowledge and (ii) a set of image-wise LoRA heads B =
{Bi}Ki=1 that capture per-image details, as illustrated in Fig-
ure 1. For simplicity, consider K images {x1, ..., xK} of a
single label y. We define a per-image reconstruction loss on
image xi as follows:

L(A,Bi) :=Eϵ∼N (0,1),t

[
∥ϵ− ϵθ,A,Bi

(zi,t, t, τ(y))∥22
]
, (3)

where zi,t is the noisy latent from an augmented view
faug(xi) at time step t and τ(y) denotes the class embed-
ding from the pretrained text encoder τ . To capture the class

prior, the shared LoRA A is optimized over total K images
by aggregating per-image objectives as follows:

L(A,B) := 1

K

K∑
i=1

L(A,Bi) . (4)

Following previous work [17], we initialize the LoRA A
with random Gaussian weights and set each image-wise
adapter Bi to zero. We then jointly optimize A and all
{Bi}Ki=1 by minimizing (4). For stable training of the
shared LoRA A, we use distinct learning rates, setting
LoRA A’s rate lower than the LoRA B’s ones [13].

Additionally, we focus on the noisy latent zi,t in (3).
For robust training, practitioners typically employ data aug-
mentation, and zi,t is therefore obtained from an augmented
view faug(xi). However, common augmentations may not
fully preserve the target class, which can be misaligned with
the text prompt and can even hinder generating the target
class, as illustrated in Figure 3.

Semantic Boosting with Grounded-SAM. To empha-
size class-level semantics shared across few-shot im-
ages, we propose a semantic boosting technique based on
Grounded-SAM [22, 26]. Specifically, given an image x
with label y, we run a text-conditioned object detector us-
ing the text prompt for y to produce candidate boxes and
define b⋆ as the minimal enclosing box of the retained high-
confidence targets. We then sample a crop region R ⊂ R2

on x with mild scaling and translation jitter, while enforc-
ing b⋆ ⊆ R. To prevent the condition from being violated,
we apply zero-padding to the original image, so that b⋆ re-
mains fully visible and the crop meets the target size. This
semantic cropping enables robust generation of the target
class, as shown in Figure 3. Furthermore, since our seman-
tic cropping repeatedly exposes the target class region dur-
ing training, the model better preserves the target’s aspect
ratio and fine-grained details under the same training setup,
as demonstrated in Figure 4.

4.2. LoRA Merging for Image Generation
While each image-wise LoRA Bi captures instance-specific
details, generating synthetic images with a single adapter
often fails to cover the full within-class distribution. In-
stead, we synthesize each image by combining the K
image-wise adapters with nonnegative weights sampled
from a Dirichlet distribution as follows:

B′ =

K∑
i=1

wiBi, (w1, . . . , wK) ∼ Dirichlet(α) , (5)

where α = α1K = (α, . . . , α). After forming B′, we gen-
erate synthetic images by applying the class-adapter LoRA
A together with B′ to the base diffusion model.
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Figure 4. Effect of semantic boosting. (a) The input image is used to train a LoRA under varying cropping methods. (b) Without cropping,
the generated images exhibit a distorted aspect ratio of the primary object. (c, d) Conventional random and center cropping methods result
in outputs where the object is consistently truncated. (e) In contrast, our semantic boosting preserves the object’s structural integrity and
details, leading to a robust generation.

In the symmetric Dirichlet case with α ∈ RK , the ex-
pectation and variance are computed as:

E[wi] =
1

K
, Var[wi] =

K − 1

K2 (Kα+ 1)
. (6)

Here, the concentration α controls how the mixture spreads
over the simplex ∆K−1. When α = 1, w is uniformly
distributed over the simplex. For α < 1, the distribution
becomes sparse and typically concentrates most of its mass
on a single Bi, which behaves like an image-wise regime.
When α > 1, the weights cluster near the uniform vec-
tor and approximate a class-wise regime. We refer to this
framework as ChimeraLoRA, which establishes a class-
level backbone from the few-shot references and attaches
instance-specific details to produce coherent semantics, yet
diverse images.1

Remark. When α = 1, w is uniform on the simplex
∆K−1, and we observe that this setting typically yields de-
cent downstream performance. However, sampling a fresh
w for every image can hinder batch-wise generation, as
B′ must be rebuilt per sample. We consider two practi-
cal variants to mitigate this overhead: (i) set wi = 1/K
in (5), which still maintains high fidelity with reasonable
coverage, as shown in Figure 2; and (ii) reuse a single
w ∼ Dirichlet(1) to synthesize multiple images, with dif-
fusion stochasticity providing additional variation. How-
ever, we note that per-image mixtures with Dirichlet(1) still
provide the broadest coverage. In Appendix B.2, we an-
alyze the trade-off between wall-time and accuracy across
the three methods.

5. Experiment
5.1. Experimental Setup
Datasets. We evaluate on 11 publicly available im-
age classification datasets: FGVCAircraft (AIR) [30],

1In the Appendix A, we expand our discussion to the setting with two
concentration parameters, α and β, rather than a single α.

Caltech101 (CAL) [9], StanfordCars (CAR) [23],
DTD [4], EuroSAT (EUR) [16], Flowers102 (FLO) [32],
Food101 (FOD) [1], OxfordPets (PET) [33], Skin Lesions
(ISIC) [19], CIFAR-10 [24], and ImageNet100 [40]. Our
benchmarks cover diverse fine-grained tasks including cars
and pets, and also specialized domains such as satellite
imagery, textures, and medical dermatology, reflecting
practical few-shot constraints in real applications.

Implementation Details. We adopt CLIP ViT-B/16 [7,
36] as the downstream encoder. During fine-tuning, we
attach rank-16 LoRA adapters to both the image and text
encoders and train the model on synthetic training datasets
derived from the given 4-shot references. Unless other-
wise noted, all methods are trained for 60 epochs with
AdamW [28] at a learning rate of 1 × 10−4 using a cosine
annealing scheduler. All experiments are run with three ran-
dom seeds per setting, and we report the mean and variance.

Baselines. We compare our method against three meth-
ods: IsSynth [14], LoFT [21], and DataDream [20]. IsSynth
is train-free and synthesizes data using features extracted
from the given 4-shot references. LoFT and DataDream
fine-tune diffusion models with LoRA in image-wise and
class-wise configurations, respectively. To match trainable-
parameter budgets in the 4-shot setting, DataDream uses
LoRA rank 16, since it trains a single class-wise LoRA over
all four images, whereas LoFT and our method use rank 4,
as the adaption is split across the four images. We note that
thanks to the shared adapter A, our approach uses 37.5%
fewer trainable parameters than both baselines. We employ
a multi-head LoRA with distinct learning rates: 1 × 10−4

for LoRA A and 1 × 10−3 for LoRA B. All LoRA-based
methods use Stable Diffusion 2.1 [38] as the base diffusion
model. For generation, the trained adapters are attached
to Stable Diffusion with guidance scale 2, and when com-
posing the per-image adapters we draw mixture coefficients
from Dirichlet(1). Unless otherwise noted, we reproduce
the results for all baselines.
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Table 1. Downstream performance with synthetic datasets under 4-shot scenarios. Starting with 4-shot labels, we generate 500 additional
images per class to train on 504 per class in total, improving accuracy by 2.1 percentage points on average over state-of-the-art baselines
across nine datasets. We mark the best in bold and the second best with underlines.

Methods AIR CAL CAR DTD EUR FLO FOD PET ISIC AVG

CLIP (0-shot) 24.7 93.0 65.2 44.4 47.6 71.4 86.1 89.2 21.1 60.3
CLIP (4-shots) 41.3±0.3 95.5±0.1 74.3±0.2 62.0±0.7 83.5±0.6 89.9±0.4 86.5±0.1 93.3±0.4 19.6±1.5 71.8±0.4

IsSynth [14] 39.9±0.1 95.5±0.1 71.5±0.6 60.1±0.3 73.4±0.6 89.0±1.0 85.6±0.1 91.6±0.2 23.8±1.4 70.1±0.4

DataDream [20] 44.3±0.4 96.1±0.1 81.7±0.3 56.0±0.6 72.2±0.7 92.9±0.5 86.0±0.1 92.2±0.1 20.7±1.1 71.3±0.3

LoFT [21] 41.7±0.6 95.7±0.1 78.0±0.3 58.0±1.5 85.0±0.7 91.3±0.2 85.1±0.1 92.4±0.3 25.6±0.3 72.5±0.4

ChimeraLoRA 46.0±0.7 96.1±0.1 79.6±0.5 61.6±0.5 86.3±0.5 93.4±0.4 85.7±0.1 93.4±0.1 29.2±0.6 74.6±0.2

Table 2. Downstream performance with synthetic datasets under long-tail scenarios. When training with only 4 samples per tail class,
the classifier’s decision boundary skews toward the long classes, yielding poor tail performance. After adding 500 synthetic images per
tail class with ChimeraLoRA, accuracy improves by 7.62 percentage points on average relative to the real-only baseline, with a 14.74
percentage-point gain on the tail classes specifically.

Methods
CIFAR10 ImageNet100 DTD EuroSAT Flowers102

Head Tail Avg. Head Tail Avg. Head Tail Avg. Head Tail Avg. Head Tail Avg.

Real 98.8 70.1 84.5 78.8 79.1 79.0 86.5 46.7 66.6 99.2 13.6 56.4 92.8 94.2 93.5
DataDream [20] 98.1 76.3 87.2 88.7 91.3 90.0 78.8 55.5 67.2 98.8 48.7 73.9 93.3 95.5 94.4
LoFT [21] 98.4 76.5 87.4 88.9 91.2 90.0 84.3 51.6 67.9 98.7 47.2 73.0 91.5 96.0 93.7
ChimeraLoRA 98.3 81.0 89.6 88.8 91.6 90.2 80.2 56.6 68.4 98.0 51.3 74.5 93.9 96.9 95.4

5.2. Synthetic Datasets for Downstream Tasks
Few-shot scenarios. We investigate whether synthetic
datasets can surpass 4-shot real datasets. Table 1 shows that
fine-tuning CLIP with 4-shots per class attains an average
accuracy of 71.8% across nine datasets. We then generate
500 synthetic images per class and fine-tune CLIP on 504
images per class. In this setting, our ChimeraLoRA sur-
passes prior state-of-the-art methods. Notably, many base-
lines remain below the 4-shot real model even after adding
synthetic data, underscoring a synthetic-to-real gap that lim-
its practical utility. Although our method also fails to sur-
pass the 4-shot real model on DTD and FOD, its drop is
smaller than competing approaches, with DataDream de-
creasing by 11.3 percentage points (pp) on EUR. Overall,
thanks to our synthetic images, ChimeraLoRA can build
synthetic datasets that outperform real 4-shot datasets.

Long-tail scenarios. In practice, class frequencies are
long-tailed rather than uniform with 4-shots per class. We
therefore study augmenting only the tail classes with syn-
thetic images. To simulate an extreme long-tailed regime,
we split each dataset so that half of the classes are head
classes with up to 500 real images and the other half are
tail classes with 4-shots each. In this regime, training only
on real images produces a model biased toward the long
classes, as shown for EuroSAT in Table 2 where the ac-
curacy gap between long and tail classes is 85.6 pp. Ta-

ble 2 shows that adding synthetic images to tail classes leads
to average accuracy gains, and our ChimeraLoRA outper-
forms baselines across five datasets. Especially, we observe
that on ImageNet-100, adding synthetic images to the tail
classes not only improves tail accuracy but also increases
the accuracy of the long classes.

5.3. Synthetic-to-Real Gap Analyses

Within-class visualization. In Section 4.2, we merge
multiple LoRA heads with weights sampled from
Dirichlet(1) and use the merged adapter for image
synthesis. Figure 6 shows that such Dirichlet-weighted
mixtures, which lie inside the probability simplex, transfer
to actual generations. Specifically, we visualize the banded
class from DTD by taking four real images and, for each
method, 500 synthetic images, for a total of 1,504 images.
Then, we compute CLIP image embeddings, reduce dimen-
sionality with PCA [42], and apply t-SNE [29]. Here, red
stars mark the real anchors. As intended, ChimeraLoRA
spreads its samples roughly uniformly within the real
region, whereas the baselines place many samples outside
it. In addition, LoFT collapses into a few tight clusters,
producing near-duplicates, while DataDream drifts farther
from the anchors and often yields lower-fidelity samples
with wavy banding and inconsistent colors. For clarity, we
recommend zooming in on Figure 6.
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Figure 5. t-SNE for real and synthetic images. ChimeraLoRA generates mainly inside the region spanned by the real anchors marked with
crosses and attains the highest coverage across methods, with Cov(R;S) = 0.93 and Cov(S;R) = 0.90.

Figure 6. Real-manifold coverage. Our ChimeraLoRA samples
(yellow rectangles) fall within the region spanned by the four
real anchors (red stars), indicating coverage of the real manifold,
whereas the baselines drift outside.

Cross-class visualization. Beyond the single-class analy-
sis, Figure 5 presents a cross-class visualization of ten DTD
classes. We use 4 real images and 50 synthetic images per
class, for 540 images in total. Similarly to the single-class
case, we compute CLIP image embeddings and visualize
them with t-SNE. To evaluate how well the real and syn-
thetic sets cover one another, we report two directional cov-
erages. Let the real set be R and the synthetic set be S.
Let ϕ(·) be the L2-normalized CLIP image embedding and
define the cosine distance δ(u,v) = 1 − ⟨u,v⟩. Define
a class radius ρ from the median real-real nearest-neighbor
distance in CLIP space. With R as the anchor, the coverage
of R by S is defined as follows:

Cov(R;S)= 1

|R|
∑
r∈R

1
[
∃s ∈ S s.t. δ

(
ϕ(r), ϕ(s)

)
≤ ρ

]
. (7)

The symmetric measure Cov(S;R) is defined by swapping
R and S. Figure 5 demonstrates that ChimeraLoRA attains
higher scores on both measures than other methods, indicat-
ing that real and synthetic images intermix more naturally.

Table 3. Synthetic-to-real gap analyses. Across nine datasets,
ChimeraLoRA produces synthetic images that most closely match
the 4-shot real reference on average, with the lowest FID@4 and
the highest CLIP score and centroid similarity.

Methods FID@4 ↓ CLIP score ↑ Centroid Sim. ↑

Real (4-shots) 0.00 29.48 100.0

DataDream [20] 0.23 29.67 87.8
LoFT [21] 0.22 30.04 90.1
ChimeraLoRA 0.20 30.31 90.5

Quantifying the synthetic-to-real gap. We evaluate the
synthetic-to-real gap relative to the 4-shots real reference
using three metrics computed per class and averaged across
classes. First, Fréchet Inception Distance (FID) is com-
puted in CLIP image-embedding space rather than Incep-
tion [43], following recent work [18]. As a closer distri-
butional match yields a smaller FID, the Real 4-shot row
has FID = 0 in Table 3. Second, CLIP score is the cosine
similarity between each image’s CLIP embedding and the
class text embedding, reported after multiplying by 100.
Third, centroid similarity is the cosine similarity in CLIP
space between the centroid of 500 synthetic images and the
centroid of the 4 real images for each class, normalized so
that the Real 4-shots row equals 100.0. Table 3 shows that
ChimeraLoRA attains lower FID and higher CLIP score and
centroid similarity than the baselines, indicating that our
method exhibits the smallest synthetic-to-real gap.

5.4. Further Ablation Studies
We conduct a range of ablation studies on our method, and
additional ablation results are provided in the Appendix C.

Ablation on the number of synthetic images. As gen-
erating 500 synthetic images per class is costly, we con-
duct experiments on smaller number of synthetic images.
Figure 7 shows that ChimeraLoRA maintains robust per-
formance, and its accuracy increases with the number of
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Figure 7. Robustness under scaling the synthetic budget. Accu-
racy rises with more synthetic images per class for ChimeraLoRA.
Shaded regions indicate variability across seeds.

Headphone Motorbike Stapler Panda

Figure 8. Synthetic images with sharing LoRA B. For each class,
the left three images are from our ChimeraLoRA with a shared
LoRA A, and the right three are from a variant with a shared
LoRA B. The right images look more diverse but often miss the
target object or fine details such as a motorcycle’s wheel.

synthetic images as the added synthetic images align with
the real distribution induced by the few-shot references.
However, on the EUR and AIR datasets, DataDream and
LoFT exhibit declining accuracy as more synthetic images
are added, revealing a persistent synthetic-to-real gap that
worsens with scale.

Ablation on shared LoRA parts. In Section 4.1 we in-
troduce a shared LoRA A to encode class priors instead of
sharing LoRA B. Figure 8 compares the results of shared
LoRA A on the left and shared LoRA B on the right for
each class. With shared B, images often look more diverse
yet miss the target object or fine details, such as truncated
headphone ends, awkward staplers, and motorbikes lack-
ing inner wheel detail. Conceptually, LoRA A plays an
encoder-like role that projects features into a shared rank-r
subspace, while LoRA B acts as a decoder that lifts this rep-
resentation back to the full model space. When the few shot
references share the same semantics, sharing the encoder A
promotes a class consistent encoding, and instance specific
decoders B can then reconstruct high frequency structure.
This division yields better object integrity and sharper de-
tails than sharing B. Our observation aligns with asymmet-

Table 4. Component ablation. Each proposed components con-
tribute to performance gains.

Multi-Head LoRA Semantic Boosting AIR FLO

✗ ✗ 41.7 91.3
✓ ✗ 43.9 93.1
✗ ✓ 44.4 92.2
✓ ✓ 46.0 93.4

ric roles reported in previous work [11, 49]: LoRA B is
more tightly coupled to the input data distribution, whereas
LoRA A aggregates shared knowledge.

Ablation on proposed components. Table 4 isolates the
effects of multi-head LoRA and semantic boosting. Re-
moving both components reduces our method to LoFT [21],
which uses only per-image LoRAs without a class-shared
adapter or box guidance and yields the lowest accuracy. In-
troducing multi-head LoRA brings a class-shared adapter
that coordinates the per-image adapters and delivers clear
gains. Incorporating semantic boosting preserves class
bounding boxes during fine-tuning and further improves ac-
curacy. Neither component is uniformly superior across
datasets. Combined in ChimeraLoRA, their benefits com-
pound and the model attains the best overall results.

6. Conclusion
In this work, we propose a multi-head LoRA guided method
for synthetic dataset generation, called ChimeraLoRA. By
separating the roles of two low-rank adapters, we use a
class-shared adapter to encode class priors and per-image
adapters to model instance-level details. To help the shared
adapter capture class semantics, we introduce semantic
boosting that leverages class bounding boxes during adapter
fine-tuning. For image synthesis, we fix the class-shared
adapter and merge the per-image adapters to generate im-
ages with high diversity and fidelity, which in turn im-
prove downstream task performance. Extensive experi-
ments across diverse classification tasks and practical do-
mains, including medical applications and long-tailed sce-
narios, show that our method outperforms baselines.

Limitations and future work. We use Grounded-SAM
as a general solution across domains for Semantic Boost-
ing, but in medical settings, domain-specific tools such as
MedSAM may be more appropriate, and our current med-
ical domain validation remains limited. Future work will
strengthen domain-specific evidence by evaluating on ad-
ditional medical datasets, conducting robustness analyses
under clinically relevant perturbations, and expanding the
discussion of related work on generative augmentation for
long-tailed medical image classification rather than assum-
ing that simple tool substitution is sufficient.
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