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Abstract

Diffusion models generate high-quality images through
progressive denoising but are computationally intensive due
to large model sizes and repeated sampling. Knowledge dis-
tillation—transferring knowledge from a complex teacher to
a simpler student model—has been widely studied in recog-
nition tasks, particularly for transferring concepts unseen
during student training. However, its application to diffu-
sion models remains underexplored, especially in enabling
student models to generate concepts not covered by the
training images. In this work, we propose Random Con-
ditioning, a novel approach that pairs noised images with
randomly selected text conditions to enable efficient, image-
free knowledge distillation. By leveraging this technique,
we show that the student can generate concepts unseen in
the training images. When applied to conditional diffu-
sion model distillation, our method allows the student to
explore the condition space without generating condition-
specific images, resulting in notable improvements in both
generation quality and efficiency. This promotes resource-
efficient deployment of generative diffusion models, broad-
ening their accessibility for both research and real-world
applications. Code, models, and datasets are available
at: https://dohyun-as.github.io/Random-
Conditioning

1. Introduction
Diffusion models have emerged as powerful generative
frameworks capable of producing high-quality outputs in
various domains, such as image [17, 51, 54–57, 60],
video [1, 2, 11, 18, 19, 76], and audio [20, 34, 80], by
progressively denoising random noise through a sequence
of learned steps. Particularly, text-to-image diffusion mod-
els trained on large-scale datasets—such as Stable Diffu-
sion [51, 55–57]—excel at generating visually appealing
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(a) Non-Animal Condition (b) Animal Condition

386 -> Dogs on Girder Poster
388 -> Fotorolgordijn Schildpad
turtle swimming in tropical island reef in 
over/underwater picture
693 -> David Shepherd, Stag, oil on canvas

Storm Over The Black Sea Poster by Ivan 

The Fairy Pools On The Isle of Skye, Scotland. Image Source: 
Bored Panda (Photographer Unknown). [1920x1080]

My favorite landscape 
Provincial Park Canada

Camera-Ready

Figure 1. Qualitative Comparison of Baseline and Our Method
Trained Without Animal Image Data. We train models on a
dataset excluding animal-related images, both without and with
random conditioning. Each row represents (from top to bottom)
the teacher model, the model trained without random conditioning,
and the model trained with random conditioning. In (a), samples
are generated conditioned on captions unrelated to animals, and
in (b), samples are generated conditioned on captions related to
animals. The captions used to generate these samples are provided
in Sec. L of the Supp. Mat. for reference.

images that accurately align with text prompts. Despite
their impressive performance, these models come with sig-
nificant computational demands, driven by a large number
of sampling steps and extensive model parameters. Con-
sequently, there has been growing interest in developing
more efficient versions of these models. In this work, we
focus on compressing conditional diffusion models to make
them more efficient, especially in common real-life scenar-
ios where access to large-scale data is limited, due to prac-
tical challenges such as hardware limitations, privacy con-
cerns and licensing restrictions.

Knowledge distillation is a technique that transfers
knowledge from one trained network, often a more complex
model called the teacher, to another, typically a simpler net-
work known as the student. Through the use of soft tar-
gets [15, 81, 86, 88] or intermediate features [6, 31, 58, 85]
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from the teacher model, which captures the relationships
between concepts, distillation techniques are known to
transfer not only seen but also unseen concepts to the stu-
dent model. For instance, [15] demonstrates that the student
model learns to recognize the digit ‘3’ on MNIST [26] al-
though it was never provided an image of ‘3’ during the dis-
tillation. Similarly, [44] provides a detailed analysis show-
ing that a teacher’s knowledge across multiple domains can
be transferred to a student model, even when distillation is
performed using data from a single domain. This capability
to transfer knowledge of unseen concepts enhances the effi-
ciency of training the student model, making it possible to
achieve effective learning even with limited data.

However, unlike in recognition models, this phe-
nomenon is not observed in the context of conditional diffu-
sion models, as we demonstrate in Sec. 3.2 and Fig. 2. The
generative function in conditional diffusion models maps
the semantic conditioning space to a much larger image
space, making it harder for the student model to generalize
to unseen concepts. The output noise is also specific to the
current input, capturing minimal relationships across differ-
ent output images. Additionally, each denoising step relies
not only on the input condition but also on the intermedi-
ate noised images, which further complicates the mapping
function. As a result, it becomes challenging for the student
model to infer unseen concepts effectively through distil-
lation, necessitating exploration of the entire conditioning
space with a large set of condition-image pairs to fully dis-
till the teacher model’s generative capacity. However, ac-
quiring such large-scale text-image pairs is often compli-
cated by issues like copyright, privacy, and the storage con-
straints associated with handling image data. Furthermore,
even when images are generated using the teacher model
from a text-only dataset, synthesizing them for all possible
text prompts can be prohibitively expensive in terms of both
computational resources and time.

To address these challenges, we propose a novel tech-
nique called random conditioning, where a noised image is
paired with a randomly selected, potentially unrelated text
condition during training. This method allows the model
to learn generalizable patterns without the need to generate
images for every text prompt in the dataset, enabling effi-
cient image-free distillation. By reducing the computational
and storage demands associated with full image-text map-
pings, random conditioning preserves strong performance
while significantly lowering resource requirements. Our
preliminary experiments offer insights into the effectiveness
of random conditioning, while extensive main experiments
demonstrate that it enables student models to explore an
extended condition space. Consequently, as illustrated in
Fig. 1, the student learns to generate images containing un-
seen concepts (e.g., animals in Fig. 1) even when images
of these concepts are never provided during the distillation

process.
Our main contributions are threefold:

• We provide a novel insight that conditional diffusion
models fail to learn teacher knowledge for conditions that
are not explicitly explored during the distillation process.

• We propose a novel technique, random conditioning,
which allows the student model to explore conditions
without requiring paired images.

• Leveraging this technique, we achieve efficient, image-
free distillation of conditional diffusion models, produc-
ing compact models with competitive generative quality.

2. Related Work
Knowledge Distillation for Model Compression Knowl-
edge distillation is a common approach for model compres-
sion, where a smaller model learns to mimic the soft out-
puts [15, 81, 86, 88] or intermediate features [6, 31, 58, 85]
of a larger model, achieving significant compression with
minimal performance loss. This technique has been ef-
fectively applied across various domains [28, 48, 77], in-
cluding large language models (LLMs) [22, 63, 73] and
vision transformers (ViTs) [12, 74], enabling the creation
of models suitable for resource-constrained environments.
In these applications, student models successfully learn to
generalize to inputs not explicitly exposed during distilla-
tion [15, 44]. However, in the context of conditional dif-
fusion models, transferring knowledge for uncovered con-
cepts through distillation remains underexplored. Thus,
we investigate this aspect within the scope of data-efficient
model compression for diffusion models.
Size-Reduced Diffusion Models While diffusion-based
generative models [3–5, 51, 55–57] have shown strong per-
formances, their large parameter counts and model sizes
make them difficult to deploy in resource-constrained set-
tings. To address these challenges, various studies [7, 9, 79]
have focused on reducing model size through techniques
such as quantization [67, 68], architecture evolution [30],
and knowledge distillation [24, 27]. Notably, BK-SDM [24]
compresses stable diffusion [55, 56] into smaller versions
by applying block pruning and feature distillation while
KOALA [27] compresses SDXL [32, 51, 64] by employ-
ing layer-wise removal and self-attention-based knowledge
distillation. We build on previous studies by analyzing the
effectiveness of knowledge distillation in conditional diffu-
sion models and propose a general approach for more effi-
cient distillation of diffusion models.
Diffusion Acceleration Recent studies on accelerating
diffusion models have focused on reducing the number of
sampling steps, rooted in the iterative refinement process
of diffusion models. A line of studies aims at accelerat-
ing denoising process in diffusion models without train-
ing [23, 38, 87], resulting in dramatically reduced sam-
pling steps from a thousand to 10–25. However, fur-
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Figure 2. Generated MNIST Images of Distilled and Excluded
Digits by Teacher and Student. When the student is distilled us-
ing a dataset containing only a subset of digits, it fails to generate
the excluded digit (‘3’). Images from both the teacher and student
models are generated with the same random seed for comparison.

ther reductions often cause a steep decline in performance.
Distillation-based accelerating methods [10, 25, 35, 36, 39,
40, 61, 71, 83, 84] approach this challenge through knowl-
edge distillation, enabling student models to consolidate
multi-step outputs into single-step predictions. For exam-
ple, Consistency Distillation [25, 39, 71] trains models to
produce self-consistent outputs across timesteps, facilitat-
ing accurate single-step predictions. These works do not
focus on compressing model size; instead, they aim to cre-
ate few- or one-step models based on a base model. Our
research, on the other hand, aims to develop a compressed
base model, which could serve as a complementary foun-
dation for step-acceleration methods, enhancing their effec-
tiveness.

3. Method
In this section, we present our novel approach for distilling
conditional diffusion models into smaller student models.
Sec. 3.1 outlines the problem we aim to address and the as-
sociated challenges encountered in this process. Sec. 3.2
describes a naı̈ve baseline approach to tackle this problem,
while Sec. 3.3 introduces our proposed method called ran-
dom conditioning, including its motivation and key obser-
vations.

3.1. Distilling Diffusion Models for Compression
Our task is to compress a conditional diffusion model,
and in this work we showcase this with Stable Diffusion
model for text-to-image generation [51, 55–57], as it is
one of the most widely used conditional diffusion models.
In other words, we distill the knowledge within a teacher
diffusion model T trained at scale to an arbitrary student
model S that can have a different architecture with a sig-
nificantly smaller number of parameters. Notably, this task
differs from diffusion acceleration via knowledge distilla-
tion [10, 25, 35, 36, 39, 40, 61, 71, 83, 84], where the pri-
mary aim is to distill a model to decrease the number of dif-
fusion steps required for inference. We approach this task
in an image-free setting, where only text prompts are avail-
able, without access to any images. This configuration is
especially useful, as collecting large-scale image-text pairs
is challenging. The process is costly, requires intensive la-

bor for accurate annotation, and is further complicated by
privacy concerns and licensing restrictions, which limit ac-
cess to diverse, high-quality datasets. In certain domains,
these issues are even more pronounced, where data scarcity
or heightened privacy concerns make it especially difficult
to obtain well-annotated image-text pairs.

Applying knowledge distillation to diffusion models
without images introduces additional challenges due to the
iterative nature of the denoising process. In diffusion mod-
els, the forward and reverse processes are defined on some
time interval [0, T ], and the teacher model predicts the
noise ϵT (xt, t, c) to be removed from xt at each timestep
t ∈ [0, T ] given a text condition c. Therefore, knowl-
edge transfer from the teacher model to the student model
must occur at each timestep t. However, without access to
images, generating the intermediate noisy input xt, which
is typically created by adding noise to the original image
x0 [17, 69], becomes challenging. This limitation prevents
us from performing knowledge distillation for t ̸= T where
T is the total number of denoising steps, as we lack the nec-
essary input image at intermediate timesteps.

3.2. Naı̈ve Baseline Approach
A naı̈ve approach for image-free distillation would involve
generating images for all available text prompts to construct
a paired dataset D = {(xn, cn)}Nn=1 where xn is the gen-
erated image that serves as original image x0 for the text
condition cn allowing us to construct noisy input image xt

for any timestep t and condition cn. Since diffusion models
are time-intensive for image generation, we need to gener-
ate and cache these images in advance to build the dataset.
The teacher model can then be distilled into a student model
with the following loss function:

Lout = E(xt,c)∈D,t

[
∥ϵT (xt, c, t)− ϵS(xt, c, t)∥22

]
, (1)

where ϵT and ϵS are the predicted noises by the teacher and
student models, respectively. Here, (xt, c) is a pair sam-
pled from the dataset D with noise injected into the image
based on t, which is uniformly distributed between 0 and T .
In addition, we may incorporate a feature-level knowledge
distillation loss function, which is given by

Lfeat = E(xt,c)∈D,t

[∑
l

∥f lT (xt, c, t)− f lS(xt, c, t)∥22

]
,

(2)

where f lT is the feature maps from layer l of the teacher
model and f lS denotes the feature maps from the correspond-
ing layer of the student models. Note that T and S do not
need to have the same architecture; we can incorporate ad-
ditional temporary modules for distillation to project arbi-
trary intermediate features of S to f lS with the same dimen-
sionality as the corresponding features f lT . These additional
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Figure 3. Effects of Altered Conditioning on Generated Results from an Input Image across Timesteps. Generated results conditioned
on the rightmost column using the input image from the leftmost column at each timestep for both MNIST [26] and MSCOCO [33]. First,
xt is derived from the initial image x0, associated with the image label, at the timestep t shown above each image using the forward process
and then, x0 is regenerated through the reverse process, conditioned on the displayed rightmost column.

projection modules are then discarded after the distillation
process. This feature-level loss, combined with the noise
prediction loss, encourages the student model to replicate
both the external outputs and the internal processing of the
teacher model. It allows the student to learn and replicate
the teacher model’s denoising behavior for the text condi-
tions c encountered during the distillation process.

While this naı̈ve approach enables effective knowledge
transfer from the teacher to the student model, it presents
several limitations. The method requires generating images
x0 for a diverse set of text prompts to sufficiently cover the
text condition space. Without covering the entire condi-
tion space, the student model may fail to generate images
for those conditions that have never been observed during
distillation. Our preliminary experiment on MNIST [26]
in Fig. 2 illustrates the importance of covering the condi-
tion space. Although the teacher model can generate the
digit ‘3’, the student model fails to produce this digit when
it has not been exposed to this condition during distillation.
Since the text condition space is exceedingly large—unlike
the 10-digit space in MNIST—synthesizing x0 for all possi-
ble prompts becomes prohibitively costly in terms of com-
putation, time, and storage. This challenge is particularly
significant with diffusion models, which rely on multiple
timesteps during inference, further compounding the com-
putational demands for each generated image.

3.3. Random Conditioning
To address the above challenges, we propose random con-
ditioning illustrated in Fig. 4 that allows us to cache images
generated from only a subset of text prompts (blue box).
Formally, given an extensive set of M text prompts C, we
construct a dataset of N image-text pairs D = (xn, cn)
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…
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Conditioning
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Figure 4. Overview of the Random Conditioning Approach.
When distilling knowledge from the teacher model to a smaller
student model, instead of pairing each training image dataset sam-
ple xn

t with its original condition cn, we replace it with a random
condition c̃ from the text dataset based on a predefined probability
p(t) at each timestep t. This approach enables the student model
to learn the teacher’s behavior even for conditions without explicit
image pairs.

where N ≪ M . As discussed above, training a student
model on this paired dataset D would limit the knowledge
transfer in distillation as there are many uncovered parts in
the text condition space that could be covered by those texts
in C. Note that this limitation arises from the absence of
noisy input images xt, which are typically constructed from
the original image x0, with the generated images in D serv-
ing as these originals. In our approach, we leverage not
only D, which contains a limited number of generated im-
ages, but also C, allowing the student model to explore all
text conditions in C. This approach enhances the distilled
knowledge, enabling the model to generalize across the full
condition space.

Precisely, we first sample a paired data xn and cn from
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Figure 5. Distributions of p(xt|cn) and p(xt|c̃). Visualization of
the distributions of toy 2D data samples at timesteps 200, 400, 600,
and 800, along with corresponding xt images at each timestep. As
the timestep increases, the distributions progressively overlap with
each other.

D and construct xt from xn. Then, before performing dis-
tillation, we apply a predefined random conditioning proba-
bility p(t) to sample a random text from C. Specifically, the
text condition ĉ is determined by

ĉ =

{
cn with probability 1− p(t),

c̃ ∈ C with probability p(t),
(3)

where c̃ is randomly sampled from C. Finally, ĉ is paired
with xt to compute both distillation losses defined in Eq. (1)
and (2).
Observations and Motivation While the proposed ran-
dom conditioning technique may initially appear counter-
intuitive, it is grounded in our empirical observation that
diffusion models incorporate conditioning information in
a manner that varies with the timestep t. Fig. 3 shows
the generated outputs during the denoising process, start-
ing from xt at various timesteps t on the MNIST [26] and
MS-COCO [33] datasets. In each row, xt is derived from
the same initial image x0 corresponding to the leftmost col-
umn, and the generated outputs share the same condition-
ing, displayed in the rightmost column. Notably, this condi-
tion differs from the label associated with the original image
x0. The generated images primarily align with either the
original image label or the conditioning value, with only a
narrow range of t producing outputs with noticeable arti-
facts. Specifically, when t is small, the generated images
tend to reflect the original image label (red boxes) due to
the low noise magnitude characteristic of later steps in the
denoising process. Conversely, when t is large, the gen-
erated images predominantly follow the conditioning value
(blue boxes), as the input xt becomes nearly indistinguish-
able from pure noise. These results also indicate that the
condition c does not need to be strongly correlated with
the noised input xt supporting the proposed random con-
ditioning technique. This is due to: (1) the model’s ten-
dency to rely almost entirely on the input condition c at
large t where the original semantics of x0 are nearly lost,

and (2) the model’s primary focus on denoising the input xt

while disregarding the condition c when t is small. Fur-
thermore, Fig. 5 demonstrates that, as the noise level or
timestep t increases during the forward process, the distri-
butions p(xt|cn) and p(xt|c̃) become closer to each other,
eventually merging into the same Gaussian distribution as t
approaches T . This observation implies that the input im-
age and condition do not need to be directly aligned at every
timestep. It supports both the effectiveness and validity of
our random conditioning method, highlighting its flexibil-
ity in associating conditions with diverse inputs. Based on
these observations and the motivation, we empirically ex-
plored p(t). When p(t) was set as a constant value, such
as p(t) = 1, the results were suboptimal. In particular, re-
ducing p(t) for intermediate time steps, where the pairing
between the image and condition becomes relatively more
important, led to improved performance. Among these, we
used an exponential function for p(t) in our experiments.
Further experiments regarding p(t) are provided in Sec. D
of the Supp. Mat.
Extended Exploration of Condition Space As explored
in Fig. 2, the student model effectively learns to gener-
ate images for conditions explicitly covered by the paired
dataset D during distillation, but generating images for ev-
ery text prompt in C poses a significant bottleneck. Ran-
dom conditioning alleviates this by allowing the use of con-
ditions not included in D to be applied without requiring
paired images. Consequently, the student can explore text
prompts beyond those paired with images, even when the
number of conditions far exceeds the available images. This
setup helps the student replicate the teacher’s behavior un-
der novel conditions, thereby broadening its generative ca-
pabilities.

4. Experiments

4.1. Datasets

LAION We use LAION [65, 66] consisting of 400M
image-text pairs. Following [24], we use 212K samples
from the LAION-Aesthetics V2 (L-Aes) 6.5+ [65], which
is a subset of LAION. To simulate image-free training, we
extract text prompts only from those 212K samples and
generate their images. For random conditioning, we use
20M extra text prompts randomly sampled from 400M pairs
of LAION. It is worth noting that original images from
LAION are still used in baseline methods, as these meth-
ods are developed for setups requiring image access.
MS-COCO The MS-COCO [33] dataset is a large-scale
text-image paired dataset with diverse and detailed anno-
tations, including 80 object classes. Following previous
practices [53, 57, 60], we use 30K image-text pairs sam-
pled from the MS-COCO validation split, which consists of
41K images, each with five human-annotated captions. For
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each image, we use a single caption preselected from [24]
for evaluation.

4.2. Experimental Settings
Models For our experiments, we use the Stable Diffu-
sion (SD) v1.4 model [55] as the teacher model. BK-
SDM [24] serves as our baseline method, representing the
current SOTA in diffusion model compression using knowl-
edge distillation. Unlike our approach, which operates in
an image-free setup, BK-SDM utilizes both the original im-
ages and text. BK-SDM proposes three compressed archi-
tectures—Base, Small, and Tiny—by selectively removing
blocks from the teacher network to achieve compression.
For a fair comparison, we evaluate our method using the
same compressed architectures. Additionally, we evaluate
four further compressed architectures that reduce the num-
ber of channels while preserving all layers, offering an alter-
native compression approach. Three of these architectures
are sized to match the Base, Small, and Tiny configurations
from BK-SDM, while the fourth is even smaller than the
Tiny architecture (C-Micro), pushing compression further.
Evaluation Metrics We evaluate the models using stan-
dard metrics commonly applied in text-to-image gener-
ation: Fréchet Inception Distance (FID) [14], Inception
Score (IS) [62], and the CLIP score [13, 52]. FID and IS
focus on measuring the visual fidelity and diversity of gen-
erated images. The CLIP score evaluates the alignment be-
tween the generated image and the text prompt. We use the
Inception-v3 model for computing FID and IS, while the
ViT-g/14 model is used for calculating the CLIP score.
Implementation Details We adopt all hyperparameters
from [24] except for null condition proportion [16], which
is set to 10%. We utilize four 40GB NVIDIA A100 GPUs
with a batch size of 256 for distillation. We train the models
using the AdamW [37] optimizer with a learning rate of 5e-
5. We use the two losses of Eq. (1) and Eq. (2), with equal
weights of 1. For Eq. (2), feature distance is reduced after
each block in the U-Net [8, 59].

4.3. Results
Effects of Random Conditioning Tab. 1 demonstrates the
effectiveness of random conditioning. The top three rows
show scores without random conditioning, while the bottom
three rows display their corresponding scores with random
conditioning applied. In particular, comparing Rows 1 and
4, random conditioning shows a substantial performance
boost with 14.72% decrease in FID and 8.29% increase in
IS, indicating its significant impact. Previous studies [24]
have demonstrated that initializing the student with teacher
weights can enhance performances. Here, by comparing
Rows 1 and 2, as well as Rows 4 and 5, we observe a sim-
ilar performance increase through initialization. Notably,
even when teacher initialization is applied, random condi-

# Rand Cond T Init Real image FID↓ IS↑ CLIP↑
1 ✗ ✗ ✗ 18.13 31.84 0.2728
2 ✗ ✓ ✗ 18.15 33.81 0.2864
3 ✗ ✓ ✓ 15.76 33.79 0.2878
4 ✓ ✗ ✗ 15.46 34.48 0.2834
5 ✓ ✓ ✗ 15.76 36.03 0.2895
6 ✓ ✓ ✓ 15.00 36.14 0.2933

Table 1. Impact of Random Conditioning. We compare mod-
els trained with and without random conditioning across various
settings, varying teacher initialization and the availability of real
images on MS COCO-30k. All models are based on the B-Base
architecture. “Rand Cond” denotes whether random conditioning
is applied, “T Init” indicates whether the model is initialized from
the teacher model, and “Real image” specifies the use of real im-
ages during training. Notably, Row 3 is the same as BK-SDM [24].

tioning still adds meaningful performance gains. Further-
more, models with random conditioning and random initial-
ization achieve comparable or even superior performance to
those with teacher initialization but without random condi-
tioning, highlighting the powerful impact of random condi-
tioning on model performance.

In Rows 5 and 6, the scores are nearly identical, un-
derscoring that our method maintains strong performance
without real image usage. Random conditioning contributes
more significantly to achieving high scores than the impact
of real image usage, establishing it as the key factor in score
enhancement. By efficiently distilling knowledge from the
teacher model, our approach achieves comparable results
without needing real images, providing a practical and ro-
bust solution for knowledge distillation in conditional dif-
fuion model even without access to actual image data.
Knowledge Transfer of Unseen Concepts To demon-
strate the effect of random conditioning in transferring
knowledge of unseen concepts—specifically, conditions ex-
cluded from the paired training dataset D—we train student
models on a dataset that omits all images containing an-
imals as the unseen concepts. To exclude animal images
from training, we apply a filtering process to the original
212K LAION [65] dataset using GPT [47], BLIP [29], and
keyword elimination. This process yields 188K non-animal
text prompts from the original 212K samples. The models
are trained with generated images from these 188K prompts
and for those with random conditioning, we utilize addi-
tional text prompts without generating images. For eval-
uation, we test models on two subsets—33K non-animal
prompts and 8K animal-related prompts—as well as on
the MS-COCO 30K. Detailed process of filtering animal-
related data from both the training and evaluation sets is
provided respectively in Sec. J of the Supp. Mat.

Tab. 2 illustrates the results in this configuration. With-
out random conditioning (Row 1), this model fails to learn
the unseen concepts of animals showing poor performances
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Seen (Non-animal) Unseen (Animal) Seen+Unseen
# Rand Cond Additional Texts FID↓ IS↑ CLIP↑ FID↓ IS↑ CLIP↑ FID↓ IS↑ CLIP↑

(Teacher) 13.29 32.47 0.2954 22.53 18.63 0.3035 12.67 36.71 0.2971
1 ✗ None 15.24 28.11 0.2801 37.86 17.73 0.2478 15.66 29.62 0.2734
2 ✓ 24K animal-related texts 14.42 27.86 0.2788 23.26 17.18 0.2833 13.50 31.30 0.2797
3 ✓ 24K+20M 15.37 30.27 0.2879 24.71 17.39 0.2913 14.47 34.06 0.2886

Table 2. Knowledge Transfer of Unseen Concepts through Random Conditioning. The row with a gray background shows the
performance of the teacher model [55] for reference. “Rand Cond” indicates the use of random conditioning, and “Additional Texts”
specifies the amount and source of extra text data used for random conditioning. All models are trained on images generated from
approximately 188K non-animal prompts, obtained by excluding 24K animal-related samples from the original 212K LAION dataset. In
addition, Row 2 leverages those 24K animal-related texts excluded from the set used to generate training images, while Row 3 further
utilizes 20M LAION texts. Evaluation is conducted across three setups: “Seen,” which tests generation of non-animal concepts; “Unseen,”
for animal-related concepts; and “Seen+Unseen,” which includes both. All student models use the B-Base architecture.

# Rand Cond Data Source FID↓ IS↑ CLIP↑
(Teacher) 13.05 36.76 0.2958

1 ✗ LAION 18.15 33.81 0.2864
2 ✓ LAION 15.76 36.03 0.2896
3 ✓ GPT 14.98 36.70 0.2952

Table 3. Model Comparisons with Varying Data Constraints.
The row with a gray background shows the performance of the
teacher model [55] for reference. “Rand Cond” indicates whether
random conditioning is used, and “Data Source” specifies the text
data used for both paired image generation and additional condi-
tioning. Row3 represents the fully data-free configuration, where
even text data are unavailable and are generated automatically
using an LLM (e.g., GPT). For fair comparison, all models are
trained with 212K generated images. Row2 uses additional 20M
LAION captions, while Row 3 uses 2.2M GPT-generated prompts.
All student models are based on the B-Base architecture.

whereas it maintains comparable performances in generat-
ing images with seen concepts. When random conditioning
is applied, the model (Row 2) achieves significant improve-
ments especially in FID and the CLIP score by facilitating
the filtered 24K texts but without their images. Finally, ex-
tending the text dataset with prompts from LAION (Row 3)
leads to further improvements in both IS and CLIP scores
for both seen and unseen cases.

Beyond unseen categories, our model also surpasses
those Base models without random conditioning in all met-
rics for seen concepts, achieving scores that closely ap-
proach those of the teacher model. This suggests that ran-
dom conditioning not only enhances knowledge of unseen
concepts but also boosts overall generation quality. Among
our models, those utilizing more text data generally exhibit
better performance overall. Qualitative results in Fig. 1 fur-
ther illustrate that the quality of generated images for un-
seen concepts is distinctly better when random conditioning
is applied, compared to when it is not. Detailed analysis of
the impact of extra text dataset sizes and more qualitative
examples are provided in Secs. C and M of the Supp. Mat.
Data-Free Distillation In Tab. 3, we evaluate the effec-
tiveness of random conditioning in a fully data-free setup,

where even text data are unavailable for distillation. In this
setting (Row 3), text prompts are automatically generated
by an LLM, as described in Sec. A of the Supp. Mat., and a
212K subset is used to synthesize images, forming a paired
dataset. Remarkably, even without real text data, the model
in Row 3 not only outperforms the baseline without random
conditioning (Row 1) but also achieves performance com-
parable to the model trained with real text data and random
conditioning (Row 2). This demonstrates the scalability and
adaptability of our method in resource-constrained settings.
Furthermore, LLM-generated captions in this setup can be
tailored to the target domain, offering the potential to steer
the student model toward specific generation styles or tasks.

Comparisons to Other Text-to-Image Models We
build our models by applying two compression strategies:
block compression, which removes UNet blocks, and chan-
nel compression, which reduces channel widths. Block-
compressed models (B-Base, B-Small, B-Tiny) follow [24],
use pretrained teacher weights, and achieve significant pa-
rameter reduction with minimal performance drops. Chan-
nel compression allows greater flexibility for higher com-
pression rates. We design C-Base, C-Small, C-Tiny with
parameter counts comparable to block-compressed models,
and introduce C-Micro, which has 30% fewer parameters
than B-Tiny. Due to channel size mismatches, channel-
compressed models cannot reuse teacher weights. Details
on multiply-accumulate operations (MACs), UNet parame-
ter counts, and additional comparisons between these mod-
els are provided in Sec. B of the Supp. Mat.

Tab. 4 compares our compressed models with other dif-
fusion models, presenting total parameter counts, number
of real images used for training, and performances. Our
B-Base, B-Small, and B-Tiny models share the same ar-
chitecture as their corresponding BK-SDM models and are
distilled from the same teacher model. However, our en-
hanced distillation approach yields superior performance.
Note that our models with higher compression rates out-
perform BK-SDM’s larger models, despite BK-SDM being
trained with real images and teacher initialization. For ex-
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Models #Params #Images FID↓ IS↑ CLIP↑
SDM-v1.4 [55, 57]† 1.04B >2000M 13.05 36.76 0.2958
Small SD [50]† 0.76B 229M 12.76 32.33 0.2851
BK-SDM-Base † 0.76B 0.22M 15.76 33.79 0.2878
BK-SDM-Small † 0.66B 0.22M 16.98 31.68 0.2677
BK-SDM-Tiny † 0.50B 0.22M 17.12 30.09 0.2653
B-Base [Ours] 0.76B 0 14.47 36.50 0.2932
B-Small [Ours] 0.66B 0 16.22 35.99 0.2804
B-Tiny [Ours] 0.50B 0 16.71 35.46 0.2782
C-Base [Ours] 0.73B 0 14.45 34.92 0.2904
C-Small [Ours] 0.61B 0 14.43 34.58 0.2888
C-Tiny [Ours] 0.49B 0 13.90 33.18 0.2860
C-Micro [Ours] 0.40B 0 13.42 32.64 0.2813
GLIDE [43]† 3.5B 250M 12.24 - -
LDM-KL-8-G [57]† 1.45B 400M 12.63 30.29 -
DALL·E-2 [54]† 5.2B 250M 10.39 - -
SnapFusion [30]† 0.99B >100M ∼13.6 - ∼0.295
Würstchen-v2 [49]† 3.1B 1700M 22.40 32.87 0.2676
Pixart-alpha [3] 5.4B 25M 23.43 34.54 0.3072
SDXL-Base-1.0 [51] 3.5B - 12.15 35.12 0.3199
SD 3.5 Medium [72] 7.9B - 16.23 39.81 0.3246

Table 4. Comparison with Other Models on MS-COCO 30K.
Despite having significantly fewer parameters than other large
models, our model achieves comparable performance with mini-
mal quality degradation. “#Params” refers to the total number of
parameters. “#Images” refers to the quantity of real images used
in training. †Results reported from [24].

Teacher BK-SDM-Base B-Base (Ours)BK-SDM-Tiny C-Micro (Ours)

Figure 6. Qualitative Comparison between Our Models and
Baseline Models. From left to right: samples generated from the
teacher model, BK-SDM Base, BK-SDM Tiny, B-Base (ours), and
C-Micro (ours) using the same prompts and seeds. The captions
used are provided in Sec. L of the Supp. Mat.

ample, our smallest model, C-Micro, surpasses BK-SDM
Small across all evaluation metrics, even with 50% fewer
parameters in the UNet compared to BK-SDM Small as
discussed with Tab. A. It is important to note that while
BK-SDM Small benefits from teacher weights and real im-
ages, C-Micro is trained from random initialization without
use of any real images. Finally, B-Base shows significant
improvements across all three metrics over BK-SDM Base
with the same architecture, and even approaches the perfor-
mance levels of the teacher model (SDM-v1.4). Fig. 6 com-
pares the generated images of our B-Base and C-Micro with
those of the teacher model, BK-SDM Base and BK-SDM

w/o Random Conditioning w/ Random Conditioning

(a) FID (b) IS (c) CLIP

Figure 7. Impact of Random Conditioning by Cache Size. We
evaluate the models trained with and without random conditioning,
using different cache sizes of 10k, 100k, and 212k. We test with
B-Base architecture with 125K training iterations.

Tiny. Notably, C-Micro demonstrates high-quality images
despite its compact size. Compared to other large diffusion
models that rely on hundreds of millions of training images,
our models achieve comparable performance with far fewer
parameters and without using any real images, by distilling
knowledge from a well-trained teacher model. These re-
sults underscore the effectiveness of our method, providing
an efficient compression solution that maintains high per-
formance.
Impact of the Number of Generated Images In Fig. 7,
we compare B-Base models with and without random con-
ditioning across different numbers of generated images:
10K, 100K, and 212K. Across FID, IS, and CLIP scores,
models trained with random conditioning consistently out-
perform those without it. Notably, the performance gap
widens with fewer generated images (e.g., 10K), show-
ing that random conditioning enables effective distillation
even with limited data. Remarkably, the model trained on
10K images with random conditioning outperforms the one
trained on 212K images without it, highlighting the strength
of the proposed approach.

5. Conclusion
Our work shows that random conditioning enables the stu-
dent model to learn to generate images of concepts beyond
those present in the training image dataset. This capabil-
ity allows the student to explore a wide text condition space
during conditional diffusion model distillation, enhancing
performance. This method effectively compresses large dif-
fusion models into smaller, efficient versions. Additionally,
our development of a compact base diffusion model sup-
ports use in resource-limited settings and encourages fur-
ther research advancements. In this work, the teacher model
employed in our experiments is based on Stable Diffusion
v1.4. We expect that using more advanced versions, such
as SDXL, would lead to improved performance due to their
enhanced capabilities. Although our random conditioning
method is broadly applicable to distilling conditional diffu-
sion models, our experiments were conducted exclusively
on text-to-image models. To generalize our findings, future
works include extending this approach to diffusion models
for other modalities.
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