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Abstract

Data augmentation is expected to bring about unseen features
of training set, enhancing the model’s ability to generalize
in situations where data is limited. Generative image mod-
els trained on large web-crawled datasets such as LAION
are known to produce images with stereotypes and imper-
ceptible bias when used to augment training data, owing to
dataset misalignment and the generator’s ignorance of the
downstream model. We improve downstream task awareness
in generated images by proposing a task-aware fine-tuning
strategy that actively detects failures of downstream task in
the target model to fine-tune the generation process between
epochs. The dynamic fine-tuning strategy is achieved by (1)
inspecting misalignment between generated data and original
data via VLM captioners and (2) adjusts both prompts and
diffusion model so that the strategy dynamically guides the
generator by focusing on the detected bias of VLM. This is
done via re-captioning the overfitted data as well as finetun-
ing the diffusion trajectory in a contrastive manner. To co-
operate with the VLM captioner, the contrastive fine-tuning
process dynamically adjusts different parts of the diffusion
trajectory based on detected misalignment, thus shifting the
the generated distribution away from making the downstream
model overfit. Our experiments on few-shot class incremental
learning show that our instruction-guided finetuning strategy
consistently assists the downstream model with higher classi-
fication accuracy compared to generative data augmentation
baselines such as Stable Diffusion and GPT-40, and state-of-
the-art non-generative strategies.

Introduction

The selection of practice content is a central issue in the
educational process and a subject of ongoing scientific re-
search (QIN et al. 2023; Council 2002; Meijers and Verbeek
2020). For training neural networks when data is not suffi-
cient, data augmentation is a commonly-used technique. In
this case, human use rules or generative models to generate
more content, which introduces variations to training data
while remaining meaningful and invariant features (LeCun
et al. 1998). These methods now serve as a critical tech-
nique in machine learning, particularly when training data
is scarce or hard to obtain. The aim of data augmentation is
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Figure 1: Method outline. Our proposed data augmentation
strategy dynamically adjusts augmented images between
epochs. The strategy consists of a VLM captioner and a
diffusion-based image generator, which is guided by the fail-
ures of the validation set. The generative augmenter adjusts
image augmentations from general semantics to inexpress-
ible details.

to tell the data intrinsics from unnecessary contents, prevent-
ing the model from overfitting on unrelated characteristics of
training set (Baird 1995; Shorten and Khoshgoftaar 2022).

Traditionally, data augmentation applies handwritten
rules to transform the input data by introducing diverse vari-
ations such as rotations, translations, or noise to generate
new data (LeCun et al. 1998). Such techniques force the
model to focus on the consistent underlying patterns across
different versions of the same data. This to some extent
aligns with the principle of learning robust features, but the
variation still lies in superficial stages such as colors and tex-
tures. For augmentations under different semantics, such as a
cat with different poses or a person in different backgrounds,
such augmentation methods still suffer.

The recent advances of generative models (Ho, Jain, and
Abbeel 2020) have profoundly changed the data creation
process. Generative models are now being leveraged to cre-
ate synthetic data, which is particularly valuable in sce-
narios where labeled data is scarce. Text-to-image models,
such as Stable Diffusion (Rombach et al. 2022), enables the
generation of high-quality images that retain essential fea-
tures of the original data while introducing controlled vari-
ations. However, the bias of diffusion models remains fixed



and is hard to control, thus introducing imperceptible and
persistent noises, hindering downstream model performance
trained on such augmented data (Sariyildiz et al. 2023).
Thinking about the human education process, the content
of the practice is delicately conceived by experienced teach-
ers familiar with student behavior. It is also dynamically ad-
justed and regenerated according to the learning progress
of different students. But in the case of creating augmenta-
tion contents, both generative augmentation and handwritten
rules remain static, and are even detached from the down-
stream model to be trained. Thus, the fixed augmentation
strategy is actually unaware of what downstream model does
not know. For example, generating too many butterflies in-
stead of dogs for the category papillon, or rotating a curled
cat for many times while makes the stretched cat unseen
(Sartyildiz et al. 2023). Hence an efficient data augmentation
strategy needs to receive the feedback of downstream model
and instruct where the model fails. This calls for our pro-
posed dynamic data augmentation strategy, where the aug-
mentation varies from general concepts to imperceptible de-
tails. The augmentation strategy also varies between differ-
ent epochs, dynamically controlled by a VLM captioner.
Specifically, as is shown in Figure 1 and Figure 2, our aug-
mentation strategy works as follows. In each epoch, data in
each category are divided by correct or faulty classification.
All correctly classified augmentation data and falsely clas-
sified data in the original set of each category are compared
by a VLM-controlled coordinator. The coordinator then de-
tects the deviation between the two pictures and adjusts the
diffusion-based generator via a contrastive finetuning pro-
cess for both diffusion trajectory and language prompts be-
tween different epochs. If the deviation lies in semantic
level, such as butterflies and dogs with the same name, dif-
fusion prompts are generated again and the first several steps
of the diffusion strategies are pushed away from the falsely
generated pictures. If deviation lies in imperceptible details,
the latter steps of diffusion trajectory will be drawn near to
correctly classified figure. The diffusion trajectory is fine-
tuned between epochs until downstream model convergence.
Our experimental results on few-shot class incremental
learning (FSCIL) demonstrate that our instruction-guided
finetuning approach consistently enhances the downstream
model’s classification accuracy throughout the continual
learning process. This improvement surpasses the perfor-
mance achieved by generative data augmentation methods,
including Stable Diffusion and GPT-40, as well as state-of-
the-art FSCIL strategies.
Our contribution can be summarized as follows.

* We are the first to take advantage of the performance of
the downstream model as feedback during the training
process, and design a dynamic data enhancement strategy
that adjusts the generation process between epochs.

* VLMs are used as a coordinator of the generative aug-
mentation process, dynamically adjusting the generation
process for both text prompts and the diffusion trajectory.

* A contrastive finetuning strategy is utilized for different
levels of augmentation, from semantics to details.

e The results of the experiment show that our fine-
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tuning strategy improves the classification performance
of downstream models in data-scarce scenarios.

Related Work

Data Augmentation. Data Augmentation is designed to pre-
vent the model from overfitting to unrelated characteristics
of training data. It is a long-standing technique that can be
traced back to (Baird 1995). Foundational techniques of data
augmentation, such as rotation, scaling, translation, blur-
ring, and noise addition, take roots in early computer vision
(LeCun et al. 1998) and deep learning research and gains
widespread popularity in AlexNet (Krizhevsky, Sutskever,
and Hinton 2012; Shorten, Khoshgoftaar, and Furht 2019;
Shorten and Khoshgoftaar 2023, 2022). Other data aug-
mentation techniques include random erasing (Zhong et al.
2020) and histogram equalization (Pizer et al. 1987). Simi-
larly, data augmentation in NLP domains includes synonym
replacement, random insertion or deletion, random swap-
ping, and sentence shuffling (Feng et al. 2021). However, all
of these methods remain fixed during the training process.
They also hardly bring variations at the semantic level.
Generative Models. Diffusion models (Ho, Jain, and
Abbeel 2020; Sohl-Dickstein et al. 2015) have opened up
a new era of image generation after GAN series (Goodfel-
low et al. 2014; Arjovsky, Chintala, and Bottou 2017). They
have introduced unprecedented levels of granularity in user
control, allowing for highly customized image generation
and editing. Stable Diffusion (Rombach et al. 2022) operates
by iteratively refining an image through a series of denois-
ing steps, enabling users to specify details at multiple lev-
els of granularity. Recent techniques like Latent Diffusion
(Rombach et al. 2022) and Iterative Multi-Granular Editing
(Joseph et al. 2024) have enhanced this control further, al-
lowing for precise, localized edits and iterative adjustments.
These methods are grounded in energy-based models, which
enable fine-tuning of specific regions in an image based on
user-defined constraints. It is worth mentioning that works
about user control focus on aligning the generation results
with user intents (Liang et al. 2024) or given prompts (Kon-
dapaneni et al. 2024). Few work ever tried to align the gen-
eration result with training effect of downstream models.
Training on Synthetic Data. Training on synthetic data has
a long history where the first attempts can be traced back
to (Perez and Wang 2017). It is becoming increasingly im-
portant for overcoming the challenges of inadequate real-
world datasets, since it can generate labeled data economi-
cally. This technique has been widely applied to industrial
anomaly detection (Wang et al. 2024) and autonomous driv-
ing (Wen et al. 2024) where labeled data is scarce. How-
ever, training on synthetic data has its drawbacks. Recent at-
tempts (Sariyildiz et al. 2023) tried to train ImageNet (Deng
et al. 2009) classification on fully synthetic data via mini-
mal prompt engineering. However, the downstream model
fails to catch up with the performance on models trained on
ImageNet itself even when far more generated data is used.
This is because all these training methods use a static data
generation strategy which is predefined by humans, thus ne-
glecting the inherent domain gap between images generated
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Figure 2: Method Illustration. We examine the images correctly classified in the generated augmentation set and those falsely
classified in the original dataset. For an augmented image and an original image, they are first compared at semantic level
to judge whether there exists describable semantic differences between the two. If so, the prompt of Stable Diffusion will
be rewritten, and the gradient of the first several steps in the diffusion trajectory will be tuned. If no describable semantic
differences exist, the prompt will remain the same, and the gradient of the last several steps will be tuned in the hope of
adjusting the inexpressible details. Note that the prompts are for illustrative purposes. Detailed prompts are shown in Figure 3.

by Stable Diffusion and the original dataset, not to mention The VLM Coordinator

dynamically adjusting the training data to help the down- Data generated via Stable Diffusion is known to be biased
stream model grasp the underlying knowledge conveyed in owing to the imbalance of web dataset like LAION (Schuh-
the training set. mann et al. 2022). Therefore, a checking strategy is required

when diffusion generated data is used in training down-

stream models to avoid semantic bias. We adopt prevailing

Method large VLMs as the coordinator of the diffusion generator,

which checks the potential semantic misalignment between

Method Overview generated data, modifies the prompt for semantic misalign-

ment, and selects the generation stage of the diffuser to be
finetuned via choosing a specific timestep.

To avoid the cost of comparing X, and X, one by one,

correctly classified augmentation data is sampled via far-

thest point sampling and clustering (Qi et al. 2017) method,

Our augmentation strategy learns from the feedback of the
downstream model, and pays special attention to the classi-
fication failures on the original dataset.

In particular, at the end of an epoch k, the wrongly clas- with similarity measurement as negative SSIM (Wang et al.
sified data in the validation split of the original dataset X, 2004). A typical checking strategy for misalignment is
is examined, along with the generatgd augmentatf'on which shown in Figure 3. In epoch k, for each selected image pair
are correctly classified, denoted as X,. X, and X, are the (&, 2¥), their detailed captions (c% , ¢k ) are generated via
targets for contrastive finetuning of the genergtive model G VLM captioner and are semanticalfy compared. If the two
which is controlled by a VLM coordinator ®(X,, X, ) which captions are not semantically similar, the VLM is asked to
detects semantic misalignment. For Z, with semantic mis- generate the new prompt cgﬂ. Formally, the checking strat-
alignment, the prompt c;, will be rewritten and G will be egy is defined as ‘
ﬁne tuned §emantlcally. G will b.e ﬁ{le tuned focusing on the . {7)(02@, C’;o) ifzzoexo B(Fg,20) > 0
image details for other samples in X,. =9k . (1)

@ c; otherwise

The procedure of our method is shown in Figure 2. The ° o . L
illustration of the VLM coordinator is in the next section D(i, 1) = {0 if Z, and x, are semantically similar.
and the fine-tuning strategy of the diffusion generator will ’ 1 otherwise
be introduced afterwards. 2)
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Please describe the following image with special
attention to category, style, and pose and

background.
@  The image depicts a green butterfly, which appears to be a painted or
digitally rendered illustration rather than a photograph.
Category:
Overall, the image has a serene and elegant quality, likely intended to
highlight the beauty and delicate nature of the butterfly.
Please describe the following image with special
attention to category, style, and pose and
background.
@  The image shows a small dog sitting on a grassy lawn.
Category:
Overall, the image captures a warm and lively moment, with the dog
appearing both relaxed and attentive in a natural environment.
Are the two images semantically similar? Please
answer YES or NO. Do not output extra contents.
® No
You are a prompt engineer of Stable Diffusion, the
corresponding prompt of the first image is "A papillion”.
Please modify the prompt of the first image so that Stable
Diffusion can generate the second image. Add necessary
contents if needed.
@ A Papillon dog sitting on a grassy lawn, facing the camera with its long, flowing

fur and distinctive black-tipped ears. The dog has a reddish-brown and white
coat, with a friendly expression, captured in a realistic outdoor setting with a

soft, natural background.”

Figure 3: Illustration of the proposed VLM Coordinator
checking semantic misalignment of the augmented image
based on the promopt '[A papillon]’. Details of the process
are listed in Supplementary Materials for space limit.
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where P is the prompt modifier. and ® is achieved via the
prompting process in Figure 3.

Guided by the newly generated prompt, generation result
of G will semantically approach the failures in the original
dataset, namely where the model fails in. For coordinating
the finetuning process of the downstream diffusion model
G, each image with modified prompt will be labelled as se-
mantic fine-tuning, and detail fine-tuning will be labelled for
the remaining images, as illustrated below.

The Contrastive Finetuning Strategy

With the label of semantic finetuning or detail finetun-
ing generated by the VLM coordinator, the objective is to
tune Stable Diffusion for generating images that is wrongly
classified by downstream model. The finetuning strategy is
based on Low-Rank Adaptation (LoRA) (Hu et al. 2021)
to prevent overfitting on small training data and lower the
memory demands since only parameter of new low-rank
weight matrices are trained.

Below we will first briefly introduce latent diffusion mod-

els, and how to measure the perceptual misalignment be-
tween the generated augmentation and the target image,
namely the wrongly-classified ones. And finally the self-
contrastive loss of the fine-tuning strategy will be intro-
duced.
Latent Diffusion Model. Diffusion models iteratively re-
verses a forward noising process and fits the outcome into a
desired data distribution. Latent diffusion models conducts
the generation process in the latent space of data. For each
timestep ¢, the latent noise is defined as z; = /ayzo +
v/1 — a€, where zg is the latent variable encoded from real
image and o controls the strength of gaussian noise €. We
make use of the pretrained denoising network €e(z;, c,t),
which predicts the partially denoised latent to obtain z;_s;
under text prompt c. The training objective of the denoising
network €y is to minimize the predicted noise:

3)

‘CLDM(Zv C) = Ee’z,c,t [thE - EG(Ztv c, t)”]

where w; controls the noise schedule.

For conditional generation based on text prompts, we
adopt classifier-free guidance (Ho and Salimans 2022),
which iteratively denoises the latent code as follows

zi—1 = (1 +w(t)) e(z, ek, t) — w(t)e(xt, 0, ),  (4)

where w(t) is the guidance scale, ¢, is the prompt of the
augmented image at epoch k and () is a null text embedding.
Preceptural Misalignment Measurement. £ py; operates
on the latent codes of diffusion models. Such manipulation
is desirable for adding expressible concepts such as adding
an object, or changing the general style of the image. This
can be applied to semantic finetuning of training data. How-
ever, such general control does not apply to intricate con-
cepts that is not expressible by captions. In this sense, we
decode the latent variable z, to image space and propose to
use an image perceptual loss £ p which focuses on the lumi-
nance, contrast, and structure of the generated augmentation
% and the target image x, which is defined as

Lp(2,z) = E; » [SSIM(2, z))] (5)



where SSIM refers to the Structural Similarity Index.

It is not trivial to backpropagate the perceptual loss in im-
age space to the iterative denoising steps of the latent diffu-
sion model. Using L p to finetune the entire decoder and dif-
fusion model not only requires significant memory and train-
ing time, but also results in network instability when fine-
tuning data is scarce. To address this, we alter the gradients
based on different finetuning schemes decided by the VLM
coordinator. For semantic finetuning, we randomly record
the gradient of one of the first half of the gradient steps.
While for detail finetuning, we record a random gradient
step at the latter half of the gradients. The fine-tuning is con-
ducted on the exacted diffusion step recorded, and the gra-
dients on the other steps remain frozen. Our findings reveal
that gradients from the first several steps influences the se-
mantics of generated images most, while the later steps ma-
nipulates the imperceptible details. This aligns with the ex-
planations of (Namekata et al. 2024) and (Guo et al. 2024).

Self-contrastive finetuning strategy The perceptural loss
illustrates the fine-tuning directions for Diffusion models to
align with the positive examples. To amplify the gradient
adjustment effect of the perceptural loss, we design a con-
trastive finetuning strategy of Stable Diffusion based on the
following insights.

* The correctly classified augmented examples in epoch &
are natural negative examples when augmenting data for
epoch k + 1 since overfitting on augmented data is not
desirable.

* The wrongly classified data in the original dataset in
epoch k are what the downstream model needs to learn
in epoch k 4 1. The augmentation at epoch k + 1 should
approach samples where downstream model stucks at.

One thing needs to consider is that the correctly classified
augmented examples is far more than the wrongly classi-
fied original data. In this sense, we utilize a straightforward
sampling strategy for hard negatives, thereby emphasizing
that the primary distinctions lie in the diffusion model’s mis-
alignment between generated data and downstream train-
ing data. We achieve this by using a simple selection rule
based on SSIM. In particular, the augmented images with the
largest SSIM between the wrongly classified original data is
selected as the negative examples. In practice, 8 negative ex-
amples are selected for each positive example.

To enhance the error-based fine-tuning process, our ob-
jective is to ensure that images generated by model at epoch
k + 1, denoted as i‘gkﬂ have closer perceptual distances to
positive examples and farther distances from negative ex-
amples. This reinforces the model’s alignment with wrongly
classified examples in the original dataset, distancing itself
from the overfitted features in the downstream models. This
can be formally expressed as

SSIM(#y, ,,2") > SSIM(&q, ,,,z7). (6)

In this sense, the training objective is formulated based
on triplet loss, which we name Self-Contrastive Perceptual
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Loss, is formally written as follows,

+ = Eg o+ o- [max(SSIM(&5, ,,27)—

ASSIM(2 ™) +m,0)]

Ok+17

Ec(i‘wr ax_)

)

where A\ denotes the weights on negative examples, m is the
constant margin between positive and negative examples,

In all, the final loss of finetuning Stable Diffusion is the
weighted sum of £y py, Lp and L

Lo = Lipm + P1Llp + foLc

where 31 and (35 are hyperparameters.

®)

Experiment

To justify the design choice of our augmentation strategy
with diffusion models and VLM combined, we conduct ex-
periments on few-shot class incremental learning (FSCIL)
(Tao et al. 2020). This setting greatly simulates our dis-
cussed scenario where the training data is scarce and the
finetuning strategy is dynamic.

Experiment Settings

Dataset and Evaluation Metrics. We conduct our experi-
ment under the setting of (Tao et al. 2020) and (Park, Song,
and Park 2024) for fair comparison. The method is evaluated
with state-of-the-art method on following datasets: minilm-
ageNet (Ravi and Larochelle 2017), CUB200 (Wah et al.
2011) and CIFAR-100 (Krizhevsky 2009). The split config-
urations in all datasets are shown in Table 2 which remains
the same as the prevailing settings in (Tao et al. 2020) and
(Park, Song, and Park 2024). 5 simulations are conducted for
each experiment and the averages are reported. The perfor-
mance of different methods is evaluated by measuring base
session accuracy Apgse, last session accuracy Ap,qs, and
the average accuracy across all the sessions A 44,4.

Implementation Details. We use Stable Diffusion v1.5
as our diffusion augmentor with the CFG guidance scale as
2, following the configuration of (Sartyildiz et al. 2023). The
total diffusion steps is set to 20. The VLM we utilize is GPT-
40 in the main experiment. The initial prompt for SD 1.5
remains fixed as A picture of a [category].

For downstream models, we used a VIT-B/16 (Dosovit-
skiy et al. 2021) pretrained on ImageNet-21K (Deng et al.
2009) for ours and other comparative methods. The learn-
ing rate of the downstream model is set as 2e — 4, using the
Adam optimizer and cosine annealing learning rate sched-
uler. For each image in the training set, we augment the num-
ber of images to the original size in each epoch for augmen-
tation. For both base session and incremental sessions, we
train our network until convergence. The method is trained
on 8 H100-80G GPUs.

Comparative methods. We set finetuning the backbone
with a new classification head as a baseline method. We
also include some following recent SOTA FSCIL methods
for comparison, including CEC (Zhang et al. 2021), WaRP
(Kim et al. 2023), NC-FSCIL (Yang et al. 2022), L2P (Wang
et al. 2022b), DualPrompt (Wang et al. 2022a), and PriV-
iLege (Park, Song, and Park 2024). L2P, DualPrompt and



Dataset CUB200

CIFAR-100

minilmageNet

Method ABase ALast AAvg

ABase ALast AAvg

ABase ALast AAvg

Fine-Tuning + Proto ¢  84.21+0.13 3.79+1.47 21.60+1.32

91.36+0.15 5.19+0.13 37.04+1.06

93.67+0.02 9.87+5.42 44.60+0.92

CEC [CVPR’21]
L2P [CVPR’22]
DualPrompt [ECCV’22]
NC-FSCIL [ICLR’23]
WaRP [ICLR’23]
PriViLege [CVPR’24]

75.4048.01 65.70+8.03 72.41+1.18
44.97+2.32 15.41£3.45 24.99+4.30
53.37+1.83 23.25+2.02 36.30+2.39
78.49+2.32 38.80£1.14 57.92+1.71
67.74+5.57 49.36+6.56 55.85+6.06
82.21+0.35 75.08+0.52 77.50+0.33

74.20+2.03 61.48+3.33 67.10+2.92
83.29+0.50 49.87+0.31 64.08+0.39
85.11£0.29 50.93+0.21 65.45+0.27
89.51+0.23 53.70+0.14 68.96+0.17
86.20£1.46 65.48+1.87 74.55+1.67
90.88+0.20 86.06+0.32 88.08+0.20

87.43£5.90 80.74+7.51 83.06+7.14
94.59+0.21 56.84+0.32 72.97+0.36
95.05+0.20 57.14+0.11 73.31+0.15
77.25+0.42 46.35+£0.25 59.52+0.33
83.30+1.06 67.97+1.28 74.13+1.08
96.68+0.06 94.10£0.13 95.27+0.11

86.73+0.67 73.82+0.74 79.63+0.68

95.5740.23 87.86+0.45 90.01+1.01 97.35+0.24 95.23+0.33 96.54+0.41

Table 1: Comparison of the performance on CUB200, CIFAR-100, and minilmageNet. CUB200 has a 10-way 5-shot incre-
mental setup, and CIFAR-100 and minilmageNet have a 5-way 5-shot incremental setup. We report the best as bold and the

second-best as underlined.

Session CUB200 CIFAR-100 minilmageNet
Base 100 60 60
Incremental 10-way 5-shot 5-way 5-shot 5-way 5-shot
#ofsessions  1+10 1+ 1+8

Table 2: Configuration settings for FSCIL benchmarks on
CUB-200, CIFAR-100, and minilmageNet.

PriViLege use ViT for classification while the other three use
some methods else. The comparisons against previous SO-
TAs are included in the main experiment. We also provide
some baselines where only finetuning SD, or using GPT-40
for zero-shot classification. These comparisons will be put
forward in ablation study.

Main Results

The best, the last, and the average accuracy of CUB200,
CIFAR-100, and minilmageNet are reported in Table 1 re-
spectively. From Table 1 we can observe that, our method, as
a method based on finetuning, not only overwhelmed most
of the baselines by a visible margin on all the benchmarks
compared with previous SOTA methods in the field of FS-
CIL. Our proposed method, assisted by the strong perception
ability of large VLMs as well as the fine-grained fientuning
strategy of diffusion models, has reported a ~ 3% perfor-
mance gain on all benchmarks despite the well-performing
baseline achieving a high base performance of at most 94%.
This showcases that a fine-grained curriculum based on
training data selection can reveal the obtained knowledge
of the pretrained model to the fullest, also making it grasp
new knowledge of the unseen features on new images in eas-
ier ways. This also showcases that knowledge conveyed in
these datasets can be grasped by VLM and conveyed in lan-
guage which can be understood by the diffusion generator.

It is also worth mentioning that the terrible finetuning per-
formance of the last, and the average accuracy have been
saved by our finetuning strategy. This is because of the fol-
lowing reasons.
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* First, the FSCIL testing scheme is a challenging scheme
for finetuning, especially when the incremental training
data is too scarce to feed the classification head, leading
to the divergence of downstream model. This illustrates
the importance of using data augmentation properly in
real-world scenarios when training data is scarce.

¢ On the other hand, what we should do is introduce real
semantics to training set instead of merely cropping or
jittering the image in a human-defined manner and fill up
the entire training set with low-quality duplicates.

However, our proposed augmentation strategy still suffers
a little at CUB200 dataset. This is because the semantics of
birds lies rather at the detail level, and the caption of VLM
has perturbed the performance of diffusion generator a little
bit. Our generator tries to perceive the high-level semantic
difference between different birds, instead of merely digging
the statistical differences in the dataset.

Visualization of the Augmentation Process

In this part we put forward an example visualization of the
augmented training process. We exhibit the augmentation
process from the viewpoint of how the generated image
of a certain category, as well as its corresponding prompt,
changes between epochs. The dynamic of the augmentation
is shown in Figure 4. From the dynamics we obtain the fol-
lowing observations.

* The prompts remain fixed after the first several epochs,
which showcases that the semantic misalignment be-
tween the diffusion model and the training dataset can be
merged quickly thanks to the VLM captioner. This also
avoids the problem posted by (Sarryildiz et al. 2023).

 There are still visible differences between the generated
images at different epochs when the prompt remains
fixed. This showcases that our diffusion model brings
about substantial diversity to the training set, thus bring-
ing more diversity to downstream models.

In all, the dynamics in Figure 4 shows that our generative
augmentation strategy can add diversity from semantics to



Prompt Animage of a Animage of a
pirate. pirate ship, in
full view, bright
background.
Image
Prompt Animage of a Animage of a dog,
papillon. reddish brown white
coat, friendly expression,
soft background.
Image SR —
Epoch

A photorealistic

image of a pirate

ship, in full view,
bright background.

An image of a dog,

reddish brown white coat, reddish brown white coat,

friendly expression, soft
background.

A photorealistic

image of a pirate

ship, in full view,
bright background.

A photorealistic

image of a pirate

ship, in full view,
bright background.

An image of a dog, An image of a dog,
reddish brown white coat,
friendly expression, soft

background.

friendly expression, soft
background.

Figure 4: Visualization of the dynamics of our proposed augmentation strategy. We sample prompts and the corresponding
images from different classes and illustrate its variation between different epochs. The dynamics show that the change of the
prompt, as well as the general semantics, happen at the first few epochs. The details of the images still vary slightly at the latter
epochs, bringing variations to the downstream training process.

Dataset minilmageNet
Ablation ABuse Al st Advg
Baseline 93.67+0.02 9.87+£5.42 44.60+0.92
“+Fixed SD  94.10£0.87  48.37+3.76  64.26£0.77
+ Random 94.33+1.37 50.17+4.25 64.18+1.48
+ First 94.43+£0.92 50.67£2.83 66.36+0.62
+ VLM 96.98+0.86 94.87+0.71 96.31+£0.60
© Ours  97.35:0.24  9523%0.33  96.54:+0.41

Table 3: Ablation experiment on minilmageNet. The base-
line denotes fine-tuning pre-trained ViT with prototype clas-
sifier . + denotes adding a component from the previous
line. Random refers to finetuning a random gradient in dif-
fusion trajectory. Semantic refers to finetuning first gradients
only. VLM refers to re-captioning via VLM coordinator.

detail, thus bringing diversity to downstream models while
avoiding misalignments.

Ablation Study

We perform two ablation studies on minilmagenet dataset
and CUB200 dataset to justify our design of finetuning on
both semantic level and in details.

We first justify the design of finetuning on semantic level.
We conduct this ablation on the minilmagenet dataset. The
result is shown in 3 From the last accuracy we can observe
that even fixed SD with bias does bring about substantial
improvements to the model since it makes the network con-
verge. However, tuning SD with no language guidance does
not improve much since the semantic gap between a dog and
a butterfly is too big to merge via contrastive learning. The
semantic gap across labels should be merged via directly
changing prompts, as adding the VLM shows.

For the justification of detail finetuning, we can partially
observe the result from using the VLM alone to conduct the
classification task. It can be seen that VLM is not capable
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Dataset CUB 200
Ablation ABase ArLast AAvg
VLM 56.78+0.01 56.73+0.03 56.75+0.02
 Baseline  8421x0.13  3.79+147  21.60£1.32
"+SD+VLM  84.75+0.25  54.86+2.38  60.47+3.02
~ Ours  86.73x0.67  73.82+0.74  79.63+0.68

Table 4: Ablation experiment on CUB 200. The baseline and
+ remain the same as above. SD+VLM refers to adding a
fixed SD with dynamic VLM prompts.

of handling such intricate differences between birds since it
may not give any option. This also makes augmenting with
SD and the VLM prompt vague, illustrating the importance
of detailed finetuning.

Conclusion

This work draws inspiration from the human learning pro-
cess and redesigns the data augmentation strategy where
the feedback of downstream model is taken into account
throughout the generation process. In particular, a VLM-
based coordinator is designed to detect the semantic mis-
alignment between the augmented images and images in
the original dataset. The generation prompt is re-generated
when semantic misalignment exists. A contrastive finetun-
ing strategy is proposed which measures the perceptual mis-
alignment between generated images and wrongly classified
target image, and guides the generation trajectory towards
the target image via a contrastive learning process. The re-
sults show that our augmentation strategy can achieve better
performance in few-shot scenarios while using fewer gener-
ated data. This illustrates the importance of the fine-grained
perception for the feedbacks of downstream models, as well
as the effectiveness of our model design. Future work in-
cludes extending our paradigm into more scenarios such as
detection and segmentation.
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