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Supplementary Material

The appendix is organized into the following sections: In
Sec. A we provide additional justification from the literature
as far as the utility of using LLM-based concept informed
learning. In Sec. B we introduce the implementation details
of our method. In Sec. C we present more experiment re-
sults and analysis on the proposed CONCORD method. In
Sec. D we show example generated images to better illus-
trate the effect of the proposed concept informing method.

A. Further Analytical Grounding

Perspective from XAI Explainable Artificial Intelligence
(XAI) is an emerging area within machine learning that
aims to provide users with greater insight into the function-
ing and mechanisms of black-box models, such as neural
networks. Standard practice often involves knowledge ex-
traction techniques, where broader, less precise, but simpler
and thus more intuitive models are presented to explain the
behavior of complex machine learning models. However, it
has been noticed that this paradigm can be amended with
the success and proliferation of LLMs [13]. In particular,
LLMs enable a more iterative and active learning proce-
dure, where user prompts can directly inform the learning
process to accommodate user needs. Simultaneously, LLMs
can periodically generate language-based explanations, of-
fering updates on model progress and adjustments.

One of the key advantages of LLMs is their potential for
personalization [6]. Given the rich variety of concepts in the
extensive training data and the depth of the developed mod-
els, LLMs can foster a detailed and more human-centric un-
derstanding. This allows the models to tune the learning
process towards specific application-driven concerns. The
effectiveness of LLMs as explainers [25] provides the clear
potential to address important use case concerns that are
difficult to represent through standard analytical loss func-
tions. This adaptability allows LLMs to bridge gaps be-
tween the learning objectives and real-world applications.

Perspective from Instrumental DD In the recent
work [26], it has been argued that an important analytical
consideration often overlooked in most DD optimization
formulations is its instrumentality. Specifically, synthetic
data is typically not just used to solve the same learning
problem in the same setting, but rather the dataset is ex-
pected to be used in some broader applications of interest
to the user. These applications may have information needs
that are not inherently condensed by standard off-the-shelf
DD algorithms. By including additional custom criteria into
the DD optimization formulation, while still incorporating

existing powerful tools, DD can be more effectively steered
towards performance on desired use cases. In this work,
concepts are employed to facilitate natural human taxon-
omy with respect to object identification and recognition.
This consideration substantially improves the desired prop-
erty in an explainable way by aligning the synthetic dataset
with the textual concept attributes.

B. More Implementation Details

Baselines We adopt Minimax [15] and Stable Diffusion
unCLIP Img2Img [41] as the baselines to illustrate the ef-
ficacy of our proposed concept informing method. These
two baselines represent two different application scenarios,
as outlined below.

For Minimax, a fine-tuning process is conducted on DiT
with the ImageNet-1K data. While it is expected that fine-
tuning on target datasets yields superior performance, it also
demands more resource consumption. Additionally, class
labels are utilized for conditioning the denoising process,
which might be inconvenient when extending the model to
broader datasets. We adopt the default parameter setting
in the original paper. The entire ImageNet-1K is partitioned
into 50 subsets, each containing data of 20 classes. For each
subset, a DiT model [39] is fine-tuned for 8 epochs. The
mini-batch size, representative weight, and diversity weight
are set as 8, 0.002, and 0.008, respectively. During infer-
ence, the corresponding fine-tuned model is loaded to gen-
erate data for specific classes.

For unCLIP Img2Img, we utilize the pre-trained model
without any fine-tuning adjustments1. Random real images
are fed into the model simultaneously with text prompts to
generate high-quality samples without losing the informa-
tion of the original data distribution. We adopt 28 prompt
templates for generating images, e.g., “a photo of a nice
{$class name}” [40]. The utilization of text prompts for
conditioning provides significant flexibility, enabling data
generation for custom datasets without extra training ef-
forts. While the absence of fine-tuning may lead to a slight
reduction in generation quality, it allows for direct applica-
tion of the proposed CONCORD method to any custom data
given relevant text descriptions. During inference, the same
pre-trained model is adopted for generating images for all
target categories.

Concept Acquirement We use GPT-4o to retrieve de-
scriptive concepts for different categories. The full adopted
prompt is as follows:

1https://huggingface.co/radames/stable-diffusion-2-1-unclip-img2img

https://huggingface.co/radames/stable-diffusion-2-1-unclip-img2img


You are an expert in computer vision and image
analysis. Here is the task: <task>I want to use
some visual descriptions to identify different
categories in ImageNet dataset. Please first con-
sider whether there exist categories with similar
appearance to {$class name}. Then please give
10 short descriptions describing the appearance
features that the {$class name} has and can be used
to distinguish it from other classes. The phrases
should only focus on visual appearance of body
parts or components instead of functioning. Each
phrase should be detailed but also shorter than 128
characters. Each phrase starts with non-capitalized
characters.</task> Give the answer in the form of
<answer>[“$class name”, [“phrase1”, “phrase2”,
“phrase3”, “phrase4”, “phrase5”, “phrase6”,
“phrase7”, “phrase8”, “phrase9”, “phase10”]]</
answer>.

After retrieving the original concepts, we perform a sim-
ilarity calculation between the textual concepts and real im-
ages of the corresponding category. The top 5 most similar
concepts are selected for the subsequent informed diffusion
process, as described in Sec. 3.2. This approach helps en-
sure that the selected concepts align closely with the real
images, thereby enhancing the validity of the concepts used
in the diffusion process to a certain extent.

Informing The informing process involves similarity cal-
culation between embeddings of images and textual con-
cepts. We use a CLIP model with ViT-L as the visual en-
coder, pre-trained on LAION-2B data [45] to encode these
embeddings. The model weights can be downloaded from
Hugging Face2. The generation process involves 50 denois-
ing steps for each sample. Prior to denoising, 5 descriptive
concepts from the same class as well as 10 negative con-
cepts each from a different class are retrieved for the sam-
ple. Before extracting text embeddings, the concepts are
grouped with the corresponding class name using the fol-
lowing format:

{$class name} with {$concept}.

During each denoising step, the similarity between the
generated sample and corresponding concepts is calculated
for the informing objective in Eq. 11. The informing weight
ω is set as 1 for optimal performance. The concept inform-
ing guides the denoising process to obtain completeness on
essential details, and thereby enhances the instance-level
quality of the generated images.

2https://huggingface.co/laion/CLIP-ViT-L-14-laion2B-s32B-b82K

Table 7. Comparison with different optimization objectives and
their combination on ImageWoof.

Method IPC
1 10 50

None 16.7±0.7 37.9±1.1 63.6±0.6

Classifier 16.9±0.7 38.5±1.0 65.2±0.8

Contrastive 17.4±1.1 40.7±0.4 66.1±1.1

Combination 16.7±0.3 38.8±1.9 65.7±0.7

Validation We adopt the validation protocol in
RDED [50] to evaluate the performance of distilled
data. We mainly employ a ResNet-18 [17] architecture for
experiments, with additional ones run on ResNet-101 and
ConvNets as shown in Tab. 1. Specifically, for ImageWoof,
ImageNet-100, ImageNet-1K, we adopt 5-layer, 6-layer,
and 4-layer ConvNets, respectively, consistent with the
settings in RDED. For ImageWoof, the images are resized
to 128→128 on ConvNet-5, while for all other cases, the
images are resized to 224→224 for evaluation.

For ImageNet and its subsets, we employ pre-trained
models3 to generate soft labels and apply Fast Knowledge
Distillation [47]. The models are trained for 300 epochs
using the AdamW optimizer, with an initial learning rate
of 0.001 and a weight decay of 0.01. A cosine annealing
scheduler is used to adjust the learning rate. The mini-batch
size for evaluation is set the same as IPC, e.g., a mini-batch
size of 10 is adopted for evaluating 10-IPC sets. The applied
data augmentation techniques include patch shuffling [50],
random crop resize [58], random flipping and CutMix [63].
After training on the distilled dataset, the model is then eval-
uated with the original validation set, and Top-1 accuracy is
used as the validation performance. Each experiment is per-
formed for three times, and the mean accuracy and standard
variance are reported in the results.

For the Food-101 dataset, since no pre-trained models
are provided by RDED, we train a ResNet-18 model on
the original training set for 300 epochs, and use it for soft-
labeling. It is important to note that the utilization of pre-
trained models is independent from the sample generation
process, and is only for fair comparison with state-of-the-art
methods, which can be omitted in actual applications.

C. Extended Experiments and Analysis

Ablation on Denoising Steps In the main experiments,
we adopt 50 denoising steps for sample generation. The ef-
fect of varying the number of denoising steps is evaluated
and presented in Fig. 5, with the unCLIP Img2Img model
as the baseline. As the number of denoising steps increases,
the accuracy of the baseline distilled data shows an up-
ward trend under the IPC setting of 10, while it is relatively

3https://github.com/LINs-lab/RDED
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https://github.com/LINs-lab/RDED


Figure 5. Parameter analysis on the denoising step number.

Table 8. Validation performance on ImageNet-1K with ResNet-
101. MinimaxC indicates the application of CONCORD.

IPC 10 50

RDED 48.3±1.0 61.2±0.4

MinimaxC
50.1±0.9 66.0±0.7

Table 9. Comparison with adding concepts to text inputs.
MinimaxC indicates the application of CONCORD.

IPC 10 50

unCLIP 37.9±1.1 63.6±0.6

prompt 37.1±0.7 63.6±0.9

MinimaxC
40.7±0.4 66.1±1.1

consistent for the 50-IPC setting. For concept informing,
fewer denoising steps result in insufficient informing, lead-
ing to performance similar to that of the original images.
Conversely, when too many denoising steps are used, the
informing starts to disrupt the standard denoising process,
leading to a drop in performance. While more fine-grained
tuning of the informing weight could potentially mitigate
the negative effect, more denoising steps also lead to ex-
tra computational costs. Therefore, we adopt 50 denoising
steps as the standard setting in our experiments.

Combining Concept Informing and Classifier Guidance

The proposed CONCORD method informs the diffusion pro-
cess to contain more discriminative details for enhancing
instance-level image quality. While concept informing shar-
ing similarity to classifier guidance, the key difference is
that CONCORD utilizes the similarity between generated
samples and concepts as optimization targets, without re-
lying on pre-trained classifiers. We also experiment with
combining these two kinds of constraints to simulate scenar-

Table 10. Inference time cost comparison of generating one sam-
ple under the mini-batch size of 1 between the baselines and the
proposed CONCORD method.

Method Minimax MinimaxC unCLIP unCLIPC

Time (s) 2.1 4.3 9.7 20.8

ios where pre-trained classifiers are available. As shown in
Tab. 7, when functioning independently, our proposed con-
trastive concept informing outperforms classifier guidance.
It supports our hypothesis that detailed descriptions provide
richer information compared with the category-level labels,
and are more helpful in refining the instance-level sample
quality. However, when both types of guidance are com-
bined, classifier guidance does not provide additional infor-
mation and disrupts the concept informing process. As a
result, the combined approach shows less effective perfor-
mance improvement on the generated images. Therefore,
in the main experiments, we exclusively use the proposed
concept informing, as it delivers better overall results and
saves extra computational consumption.

Results with ResNet-101 We additionally evaluate the
validation performance on ImageNet-1K with ResNet-101
on the generated images and present the results in Tab. 8.
Consistent with Tab. 1, the advantage of CONCORD is more
significant with ResNet-101 than ResNet-18.

Adding Concepts to the Prompt We test directly adding
the retrieved concepts to the prompt as conditioning. As
shown in Tab. 9, the enriched prompt (denoted as “prompt”
in the table) cannot achieve better performance compared
with the baseline. This might partly be attributed to limited
diversity of fixed prompts. Comparatively, the proposed
CONCORD method is also informed by negative concepts,
which enhance the stability and diversity of the sample
generation process. Moreover, for DiT-based approaches,
where the conditioning comes from class labels, the con-
cept informing provides better flexibility.

Extra Computational Cost We report the inference time
cost for generating an image on both Minimax and un-
CLIP Img2Img in Tab. 10. Comparatively, introducing
CONCORD increases the original inference cost by approx-
imately 1-1.5 times. unCLIP Img2Img involves Stable Dif-
fusion v2-1 model [43], which demands more computa-
tional resources compared with Minimax, which uses a DiT
model [39] as the denoising backbone. During inference,
Minimax with CONCORD only requires about half the time
of the unCLIP baseline. Although Minimax performs bet-
ter as a baseline, the advantage is based on extra fine-tuning
processes on the target dataset. Therefore, the model choice



Table 11. Performance comparison with state-of-the-art methods on ImageWoof. The superscript C indicates the application of our
proposed CONCORD method. Bold entries indicate best results, and underlined ones illustrate improvement over baseline.

IPC (Ratio) Test Model Random K-Center Herding IDM Minimax MinimaxC Full

1 (0.08%)
ConvNet 16.3±0.5 15.8±0.6 16.8±1.1 17.1±0.2 16.7±0.2 17.8±0.8 69.0±0.2

ResNet-18 15.1±0.2 15.7±0.8 16.1±0.4 16.7±0.5 15.3±1.1 16.9±1.0 76.9±0.1

ResNet-101 14.0±0.6 13.7±1.2 14.1±0.6 16.3±0.6 14.2±1.1 14.9±1.3 77.6±0.2

10 (0.8%)
ConvNet 40.5±1.5 37.1±0.9 41.2±0.4 38.5±0.6 41.2±0.8 43.1±0.5 69.0±0.2

ResNet-18 34.3±1.6 33.1±0.5 36.8±0.6 36.5±1.2 42.8±1.1 44.4±0.9 76.9±0.1

ResNet-101 32.1±1.0 31.6±0.3 33.8±0.4 30.8±1.2 35.7±0.9 36.5±0.9 77.6±0.2

50 (3.8%)
ConvNet 60.9±0.9 57.7±1.2 60.4±0.8 61.0±0.6 61.1±0.8 62.5±0.9 69.0±0.2

ResNet-18 67.1±1.0 64.3±0.9 67.6±0.5 64.9±0.6 67.8±0.5 69.2±1.0 76.9±0.1

ResNet-101 61.4±0.7 58.8±0.4 60.8±0.3 57.2±0.6 62.2±0.6 63.6±0.2 77.6±0.2

should consider multiple factors, including the balance be-
tween training and inference consumption.

Comparison to More Baselines In addition to the re-
sults in Tab. 1, we also conduct experimental comparison
with random sampling, K-Center [46], Herding [57] and
IDM [66] in Tab. 11. For the methods based on original
samples, we first resize the images to 128→128 for Con-
vNet and 224→224 for ResNet before running validation.

K-Center and Herding are two methods for selecting
coresets from the original data, with unstable performance
improvement compared with random sampling. IDM is a
dataset distillation method based on distribution matching,
which is effective under small IPC settings. However, as the
required sample number increases, the generated images of-
ten perform worse than randomly selected original samples.
The baseline Minimax comparatively provides more sta-
ble information condensation across different IPC settings.
When combined with the proposed CONCORD method, the
overall dataset quality is significantly enhanced, surpass-
ing all other methods in terms of accuracy. Especially for
ConvNet and ResNet-18 architectures, training with 50 im-
ages per class achieves less than 10% performance gap from
training with the entire original set. As larger models (e.g.,
ResNet-101) require more data and training iterations to get
good performance, there still remains a certain performance
margin between distilled data and the original full set.

Validation Results on ImageNet-Sketch In addition to
standard test sets, we also validate the performance of dis-
tilled data on ImageNet-Sketch, which is out of the stan-
dard image distribution. The experiment is conducted on
the ImageWoof subset. The results are presented in Tab. 12.
CONCORD helps both Minimax and unCLIP generate more
robust images, except for the IPC-50 setting of unCLIP. It
validates that more complete and correct visual details are
also helpful for OOD test sets.

Table 12. Validation results on the Out-Of-Distribution ImageNet-
Sketch testing set. The training set is ImageWoof. C indicates the
application of CONCORD.

IPC 10 50

Minimax 11.8±1.6 21.2±1.6

MinimaxC 13.0±0.8 23.0±1.2

unCLIP 16.8±0.7 20.1±0.9

unCLIPC 17.4±0.4 19.1±1.1

Table 13. Validation results on ImageNet-Nette. C indicates the
application of CONCORD.

IPC 10 50

Minimax 53.0±1.4 71.2±0.8

MinimaxC 54.2±0.7 73.3±0.8

unCLIP 46.9±1.9 67.3±0.8

unCLIPC 49.1±1.5 68.4±0.7

Validation Results on ImageNette We further distill im-
ages for ImageNette, where the difference between classes
is larger, indicating that it is an easier subset for classifiers.
Compared with both the Minimax and unCLIP baselines,
CONCORD brings a stable performance boost across all IPC
settings. The results suggest that CONCORD is also useful
for circumstances where the classes are not so fine-grained.
The supplemented visual details still help distilled images
obtain better validation performances.

Feature Distribution Visualization We provide the fea-
ture distribution comparison in Fig. 6 to illustrate the effects
of our proposed CONCORD method.

First, the left figure shows the t-SNE features of samples
generated with and without CONCORD. CONCORD works
as a training-free guidance at the inference stage, without
changing the main object in the images. By refining essen-
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Figure 6. Feature distribution visualization of (a) samples generated by unCLIP with and without CONCORD; (b) samples generated by
unCLIP with CONCORD and original samples used for conditioning; (c) samples generated by Minimax with CONCORD and original
samples. Different colors indicate different categories.

tial details in the generated samples, CONCORD enhances
instance-level concept completeness and improves the over-
all quality of the distilled datasets. However, these detail
refinements have a mild effect on the feature distribution,
indicating that with an already well-structured distribution,
CONCORD can further improve performance without dis-
rupting the underlying data distribution.

Second, the middle figure compares the generated im-
ages with the original ones used as conditioning in unCLIP
Img2Img. The generated images closely align with the orig-
inal distribution, validating their efficacy in capturing the
properties of the original dataset. It demonstrates the suit-
ability of using these generated images for training models.

Lastly, the right figure shows the distribution of samples
generated by Minimax with CONCORD and the entire orig-
inal set. The generated samples demonstrate comprehen-
sive coverage over the original distribution, ensuring that
they represent a wide range of instances. While with suffi-
cient diversity brought by samples distributed near decision
boundaries, the generated samples also reduces noise in the
overlapping regions between categories. It makes the gen-
erated dataset stable and effective for training models, when
computational resources are limited.

Analysis on the Retrieved Concepts The effects of dif-
ferent prompts and LLMs have been quantitatively investi-
gated in Tab. 4. We further conduct qualitative comparison
for the retrieved descriptions to explicitly analyze the in-
forming effects of different concepts. As shown in Fig 7,
descriptions of indigo bunting and streetcar are retrieved
based on three settings: prompt for zero-shot classification
on GPT-4o (denoted as “Cls”), our adopted prompt on GPT-
3.5, and our prompt on GPT-4o. The “Cls” prompt retrieves
general descriptions about the object. However, in many

cases the retrieved descriptions are still too coarse for fine-
grained informing. The descriptions retrieved by GPT-3.5
are more detailed, but contain a large number of non-visual
attributes, which cannot provide valid signal during concept
informing. Comparatively, our adopted prompt on GPT-
4 successfully emphasizes the detailed visual features of
corresponding categories. These fine-grained descriptions
enables the proposed CONCORD method to effectively en-
hance instance-level concept completeness and further im-
proves the overall quality of the distilled datasets.

D. Sample Comparison

We further present more example generated images in the
following sections.

Comparison with Baselines Firstly, we show compari-
son on Minimax and unCLIP Img2Img with and without ap-
plying the proposed CONCORD method in Fig. 8 and Fig. 9,
respectively. When baseline methods fail to present essen-
tial features and often lead to image defects, CONCORD sig-
nificantly enhances the concept completeness in samples.

Failure Cases We also present failure cases where the
proposed CONCORD method fails to correct or supplement
essential features in the images in Fig. 10. It can be seen
that the informing tries to modify some defects in the origi-
nal image, but the eventual refinement is limited. There are
also some cases where the informing fails to find the miss-
ing or incorrect details. Especially the informing fails to re-
fine the details when the number of body parts is incorrect
or the body part is completely missing in the original gener-
ation results. There is still much space for further improving
the instance-level sample quality for dataset distillation.



Cls Ours-3.5 Ours-4o

"bright blue overall in males",
"brownish females blend with surroundings",
"small size and conical beak",
"visible only in good lighting",
"females and young are streaky brown",
"frequent edges and clearings in habitat",
"feeds on insects and seeds",
"song is a high-pitched warble",
"breeds in North America, migrates to Central America", 
"territorial during breeding season"

"vibrant blue plumage covering the entire body", 
"small, rounded body with a compact build",
"dark, conical beak with a sharp tip",
"bright blue head with slightly darker wing tips", 
"short tail with a slightly notched appearance",
"subtle streaks of darker blue on the back",
"small, round eyes set against a blue face", 
"contrasting blackish wings and tail feathers", 
"plumage with a metallic sheen under sunlight", 
"short, stout legs with a bluish-gray hue"

"vibrant blue color in males", 
"small size",
"silver-gray beak",
"sings from high perches", 
"feeds on insects and seeds", 
"habitats include brushy fields", 
"migratory patterns",
"female brown colored", 
"distinctive sparrow-like shape", 
"often seen alone or in pairs"

indigo
bunting

Input

Cls Ours-3.5 Ours-4o

"rail vehicle that runs on tracks in urban streets",
"powered by overhead electrical wires",
"provides public transportation within cities",
"features multiple doors for passenger boarding",
"can accommodate seated and standing passengers",
"operates on a schedule and stops at designated stations", 
"historical versions known as trams or trolleys",
"modern variants are often part of a light rail system",
"essential in reducing urban traffic congestion",
"eco-friendly alternative to buses and cars"

"elongated, rectangular body with large windows",
"two or more sets of wheels running on tracks",
"overhead electrical pantograph or trolley pole",
"distinct front and rear ends with rounded corners",
"bright exterior colors, often with company branding",
"single or double doors for passenger entry",
"high, narrow roof with visible vents or lights",
"metal frame with smooth, streamlined sides",
"raised platform or steps for boarding",
"connected cars in a flexible, articulated design"

"overhead power lines",
"tracks on the road",
"long narrow shape",
"iconic city feature",
"carries passengers",
"large windows",
"historic charm",
"multiple cars linked",
"stops with platforms or signs",
"connected to overhead cables"

streetcar

Input

Figure 7. The comparison between concepts retrieved by different prompts and LLMs. “Cls” refers to prompts used for zero-shot classifi-
cation attribute retrieval. Example images of corresponding classes are also presented to show their appearance features.

More Sample Visualization Additionally, we present
more example samples across various categories to demon-
strate the overall high quality of the dataset generated by
the proposed CONCORD method. Specifically, in Fig. 11
we present samples generated for the Food-101 dataset.
In Fig. 12 images of animal categories in the ImageNet-
1K dataset are generated by Minimax with CONCORD ap-
plied. In Fig. 13 we show images of other categories in the
ImageNet-1K dataset. The high-quality generated samples
form an effective surrogate dataset, which achieves state-of-
the-art performance.
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Figure 8. Example generated image comparison on Minimax with and without the proposed CONCORD method (denoted as C).

un
CL
IP

un
CL
IP

!
un
CL
IP

un
CL
IP

!

Figure 9. Example generated image comparison on unCLIP Img2Img with and without the proposed CONCORD method (denoted as C).
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Figure 10. Example cases where CONCORD fails to supplement or modify incorrect concepts in the images (C indicates the application of
CONCORD).

takoyaki

apple pie beef tartare beignets bruschetta carrot cake chicken curry crab cakes donuts

eggs benedict french fries fried rice grilled salmon hamburger ice cream macarons onion rings

pancakes pizza scallops steakravioli spegetti bolognesepoutine

Figure 11. Example images generated by the proposed CONCORD method on the Food-101 dataset. The class names are annotated below
the images.



hyena

indigo bunting bald eagle tree frog leatherback turtle agama African crocodile water snake scorpion

ptarmigan macaw wallaby jellyfish rock crab flamingo bustard killer whale

Pekinese West Highland Siamese cat tigerPembroke tabby catmalamute

bee mantis monarch starfish marmot water buffalo polecat macaque

Figure 12. Example animal images generated by the proposed CONCORD method on the ImageNet-1K dataset. The employed diffusion
pipeline is the fine-tuned Minimax model. The class names are annotated below the images.

quilt

station wagon birdhouse bookstore broom car mirror chest cradle dome

fireboat goblet greenhouse home theater jeep lipstick manhole cover mitten

mortar nail printer ponchopark bench pitcheroscilloscope

rotisserie schooner ski sock sports car stone wall sunglasses teapot

totem pole trolleybus vase whistle yurt ice cream broccoli custard apple

Figure 13. Example other images generated by the proposed CONCORD method on the ImageNet-1K dataset. The employed diffusion
pipeline is the fine-tuned Minimax model. The class names are annotated below the images.


