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Figure 1. Diversity Distillation: (a) SDXL-Base is very slow (9.22s) but has good sample diversity for the prompt “Cartoon character”,
sampling a wide range of styles, creatures, backgrounds, and poses. (b) SDXL-DMD?2 is fast (0.64s) but sacrifices diversity. With the same
prompt, samples all have the same style, pose, species, and context. (c) We show how the diversity of the base model can be distilled into
the fast model by substituting the first timestep, achieving both speed and diversity (0.64s). Control Distillation: (d) Despite the lack of
sample diversity in distilled models, control mechanisms like Concept Sliders trained on base models transfer perfectly to distilled variants,
demonstrating that the representational structure for diversity exists but is not spontaneously activated during generation.

Abstract

Distilled diffusion models generate images in far fewer
timesteps but suffer from reduced sample diversity when
generating multiple outputs from the same prompt. To un-
derstand this phenomenon, we first investigate whether dis-
tillation damages concept representations by examining if
the required diversity is properly learned. Surprisingly,
distilled models retain the base model’s representational
structure: control mechanisms like Concept Sliders and
LoRAs transfer seamlessly without retraining, and Slider-
Space analysis reveals distilled models possess variational
directions needed for diversity yet fail to activate them. This
redirects our investigation to understanding how the gen-
eration dynamics differ between base and distilled mod-
els. Using Xq trajectory visualization, we discover distilled
models commit to their final image structure almost imme-
diately at the first timestep, while base models distribute
structural decisions across many steps. To test whether this
first-step commitment causes the diversity loss, we intro-
duce diversity distillation, a hybrid approach using the base
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model for only the first critical timestep before switching to
the distilled model. This single intervention restores sam-
ple diversity while maintaining computational efficiency.
We provide both causal validation and theoretical support
showing why the very first timestep concentrates the diver-
sity bottleneck in distilled models. Our code and data are
available at distillation.baulab.info

1. Introduction

Distilled diffusion models generate images in far fewer
timesteps but lack the sample diversity of their original base
model counterparts. In this paper we ask: Why do distilled
diffusion models collapse in sample diversity?

This limitation fundamentally constrains practical appli-
cations. When users generate multiple images from the
same prompt, they expect varied outputs [24] that explore
different creative interpretations. Figure 1 illustrates this
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problem: while base models produce diverse structural
compositions across random seeds, distilled variants con-
verge to visually similar results despite their computational
advantages. This diversity collapse limits the utility of effi-
cient models in creative workflows, design exploration, and
applications requiring multiple candidate generations [24].

The challenge is particularly puzzling given recent ad-
vances in distillation quality. Diffusion models demonstrate
unprecedented generation quality [4, 14, 19, 27, 28], yet
their computational demands create deployment barriers.
Modern distillation techniques [19, 20, 23, 32, 38, 39] have
successfully maintained image quality while reducing infer-
ence steps from 50-100 to just 1-4. Some distilled models
even achieve better distributional diversity than their base
counterparts. However, distributional diversity is different
from sample diversity. Distributional diversity is the abil-
ity to cover the full spectrum of training data across varied
prompts, while sample diversity is the ability to generate
diverse images for a single prompt under different seeds.
SDXL-DMD?2 [38] shows superior distributional diversity
with lower FID [13] scores on COCO [21] datasets but ex-
hibits poor sample diversity, making the collapse even more
mysterious.

To solve this puzzle, we first investigate whether distil-
lation damages the model’s concept representations by ana-
lyzing the top variation directions [10] in base models and
examining if these directions exist in distilled models. Sur-
prisingly, we find that distilled models retain the variational
directions needed for diversity—they simply fail to activate
them during generation. This leads us to hypothesize that
timestep dynamics could be the reason, supported by theo-
retical analysis showing how distillation collapses the out-
put variance at early timesteps. We test this by visualiz-
ing what models predict at intermediate timesteps [14, 36],
revealing that distilled models commit to their final struc-
ture almost immediately at the first step while base mod-
els distribute decisions across many steps. To causally test
our hypothesis, we introduce a hybrid inference technique
and demonstrate that sample diversity can be drastically im-
proved by simply modifying the first timestep of distilled
models.

Our investigation reveals that the problem lies not in
what distilled models learn, but in how they generate.
Through careful analysis of model representations and gen-
eration dynamics, we identify the root cause and demon-
strate a simple solution that restores sample diversity with-
out sacrificing efficiency. Our findings challenge conven-
tional assumptions about the diversity-efficiency tradeoff
and provide actionable insights for both researchers devel-
oping distillation methods and practitioners deploying effi-
cient diffusion models.
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2. Related Works

Diffusion Distillation: While diffusion models [14, 33,
34] excel at high-quality image synthesis, their require-
ment for 20-100 sampling steps creates significant compu-
tational bottlenecks. Diffusion distillation techniques ad-
dress this limitation by finetuning base models that main-
tain quality with fewer steps. Progressive distillation [30]
established the foundation by iteratively training student
models to match teacher outputs with half the sampling
steps. Recent approaches have further improved effi-
ciency through distinct methodologies: Adversarial Diffu-
sion Distillation [32], implemented in SDXL-Turbo, inte-
grates score distillation with adversarial training to enable
high-fidelity generation in just 1-4 steps, effectively com-
bining diffusion guidance with GAN-like discriminators.
Distribution Matching Distillation [38], featured in SDXL-
DMD2, takes a different approach by focusing on matching
output distributions rather than specific trajectories, elim-
inating regression loss and implementing a two time-scale
update rule that significantly improves training stability. For
balancing quality and mode coverage, Progressive Adver-
sarial Diffusion Distillation [20] in SDXL-Lightning em-
ploys staged training with specialized latent-space discrim-
inators, offering flexibility through checkpoints optimized
for 1-8 step inference. Latent Consistency Models [23],
applied in SDXL-LCM, ensure consistency in latent repre-
sentations across noise levels for distillation, reducing steps
to 4-8 while preserving generation quality. Despite these
advances in efficiency, the relationship between model dis-
tillation and sample diversity has remained largely unex-
plored.

Concept Representation: Research in concept repre-
sentation for diffusion models has evolved from basic per-
sonalization to sophisticated control mechanisms [2, 3, §,
25, 37, 40]. Textual Inversion [6] captures the seman-
tics of a concept with learnable embeddings in text space
without modifying model weights, allowing personaliza-
tion with just a few images. DreamBooth [29] advanced
this approach by fine-tuning models with unique identifiers
and a specialized prior preservation loss. Custom Diffu-
sion [17] streamlined this process by optimizing only cross-
attention layers, reducing storage requirements to just 3%
of model weights while enabling multi-concept customiza-
tion simultaneously. For precise attribute manipulation,
Concept Sliders [8] introduced low-rank adaptors that cre-
ate interpretable controls over specific visual attributes like
age or weather conditions. This technique was expanded
in SliderSpace [10], which decomposes a model’s visual
variation capabilities, i.e. sample diversity, into multiple
controls from a single prompt, enhancing creative explo-
ration. Recent works have addressed the issue of suboptimal
mode following in finetuned models by implementing an
inference-time guidance annealing [15]. Complementary to
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Figure 2. Control directions (Sliders [17]), customization adapters (Custom Diffusion [8]), and variational directions (Sliderspace [10])
trained on SDXL-Base transfer to all distilled models without additional finetuning. SliderSpace results suggest that top variation directions
that capture sample diversity in the base model exist in distilled models but are not spontaneously activated during generation.

these control mechanisms, hierarchical concept trees [1, 35]
were developed to enable intuitive exploration of related
visual concepts. Recent work has also addressed ethical
concerns through targeted concept removal techniques by
editing selective weights [7, 9, 22], redirecting concept rep-
resentations [16, 26]. Since distillation modifies the UNet
model of diffusion, in this work, we mainly focus on cus-
tom concept and control representations that are captured in
UNet modules. Our work uniquely explores whether such
control mechanisms can be distilled from base to efficient
models without additional training.

3. Control Distillation

Having established that distilled models suffer from re-
duced sample diversity (Figure 1), we investigate the under-
lying cause. Our first hypothesis is that distillation erodes
the model’s concept space: that the distilled model fails to
learn or retain the representations necessary for diverse gen-
eration. If this were true, the model would naturally produce
less varied outputs because the required conceptual building
blocks would be missing or damaged.

To test this hypothesis, we examine whether the rep-
resentational structure needed for diversity is preserved in
distilled models. We pose this as representational compat-
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ibility: do the variation directions and control mechanisms
present in base models transfer to distilled models without
retraining?

3.1. Experimental Setup

We test three complementary families of controls that probe
different aspects of model representations:

Concept Sliders [8, 10] provide fine-grained control
over visual attributes (e.g., age, weather, eye size) through
low-rank adaptations. These test whether distilled models
preserve the semantic understanding needed to manipulate
specific visual properties.

Customization mechanisms including Custom Diffu-
sion [17] and DreamBooth [29] capture nuanced, user-
defined concepts through specialized training procedures.
These mechanisms test whether distilled models retain the
capacity to encode and recall complex, personalized con-
cepts.

SliderSpace [10] decomposes the seed-induced varia-
tions of a base diffusion model into interpretable, continu-
ous directions—each corresponding to a controllable visual
factor (e.g., texture, lighting, layout). This directly analyzes
whether the variational components responsible for sample
diversity are present in distilled models.



Method Concept Base— Base ; Base—DMD Base—LCM Base—Turbo Base—Lightning
Age 20.4 [ 17.8 27.1 19.0 24.8
Concept Sliders [8] Smile 19.7 ! 21.4 19.5 33.5 14.0
Muscular 34.6 : 26.7 33.8 39.0 332
S Lego 322, 268 260 303 297
Customization [17,29]  Watercolor style 34.3 ‘ 31.4 29.6 27.5 39.2
Crayon style 32.7 : 27.8 24.7 29.5 32.5
i gli:k:rs;a;ef[ [(); o 715%&3&?6{1 777777 293, 281 241 277 24
(Top n™ Variation) D}rect%on 16 329 [ 32.0 334 28.1 29.9
Direction 32 30.7 ! 28.9 29.3 30.5 314

Table 1. We show the percentage change in CLIP score from the original image and the edited image. Higher values indicate stronger
attribute change or style transfer. Control effectiveness is largely preserved when transferring from base to different distilled models, with
only minor variations across distillation techniques. Importantly, SliderSpace directions for the concept “car” which capture the base’s
natural variational structure transfer. This demonstrates that the representational components needed for diversity exist in distilled models.

For each mechanism, we perform bidirectional transfer
experiments: training on base models and applying to dis-
tilled models, and vice versa. We study four SDXL dis-
tilled families—SDXL-Turbo [32], SDXL-Lightning [20],
SDXL-LCM [23], and SDXL-DMD?2 [38]—which span di-
verse distillation procedures. Additional training details and
experiments on additional base models (SD 2.1 [28] and
DiT-backboned PixArt [4]) are provided in the Appendix D.

3.2. Results

Our experiments reveal surprising evidence that contra-
dicts our initial hypothesis. Figure 2 demonstrates seam-
less transfer of control mechanisms across model vari-
ants. For example, a “comical big eyes” slider trained on
SDXL effectively controls SDXL-Turbo’s generations, de-
spite Turbo requiring only 1-4 steps compared to SDXL’s
20-100 steps.

Table 1 quantifies this compatibility through CLIP
scores [12]. Transfer effectiveness remains consistently
high across all tested combinations, with positive score
changes indicating successful attribute manipulation. While
absolute scores vary due to different guidance scales across
models, the consistent positive changes confirm that con-
cept representations are preserved during distillation. We
show more experiments for the Distillation—Base evidence
in Appendix B.

Most tellingly, SliderSpace [10] analysis reveals that
variation directions learned on base models transfer per-
fectly to distilled variants without retraining (Tab 1 and
Fig. 2). This indicates that the factors needed for di-
verse generation are present and accessible in distilled mod-
els. However, during free generation with different random
seeds, distilled models rarely activate these factors.

These results directly contradict our initial hypothesis
that distillation destroys concept representations. The con-
cepts remain encoded and controllable in distilled mod-
els; what fails is their spontaneous activation during few-
step sampling. This finding redirects our investigation from

’A‘O visualization for Debugging SDXL Artifacts

“Image of dog and cat sitting on sofa”

Figure 3. X visualization reveals generation inconsistencies.
When prompted with “Image of dog and cat sitting on sofa,” the
SDXL model produces an image with only a dog. However, Xg
visualization at 7' = 10 shows the model initially conceptualizing
a cat face (red box) before abandoning this element in the final
generation. This demonstrates how diffusion models can discard
semantic elements during the denoising process.

what is missing to why existing diversity mechanisms fail to
activate. If the required variational directions exist but are
not used, the problem must lie in the generation dynamics
rather than the representational capacity.

4. x(: Visualizing Intermediate Latents

Having established that distilled models possess the repre-
sentational components needed for diversity, we must un-
derstand why these components fail to activate during gen-
eration. Our investigation shifts from what distilled models
learn to how they generate. To analyze the generation dy-
namics, we employ X trajectory visualization as a diagnos-
tic tool.

In the standard diffusion formulation [14, 33], xq repre-
sents the clean image that is progressively corrupted with
noise over 7' timesteps. During reverse generation, at each
timestep ¢, the model predicts noise eg (X, ¢) to compute the
next denoising step:

Let x¢ be an initial image and xp be pure Gaussian
noise. The forward diffusion process gradually adds noise
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according to a variance schedule [3;, with corresponding
noise level parameters a; = 1 — 8; and cumulative parame-
ters oy = szl as. The generative process aims to reverse
this diffusion, starting from x7 and progressively denoising
to reconstruct xg. At timestep t, the model predicts noise
€g(x¢, t) to compute the next step:

x; — /1 — azeg(xs, t)
Vo
Using this predicted noise €y, we can estimate what the
model believes the final clean image will be at any interme-
diate timestep ¢, by extrapolating the same noise prediction
all the way to x:

e)

Xt—1 =

Xt — 1-— thQ(Xt,t)
Var
Visualizing these X|; trajectories across timesteps reveals
when structural decisions are made and how they evolve
during generation [36]. This technique allows us to peer
into the model’s ”thought process” and understand the tem-

poral dynamics of image formation.

2

Xot =

4.1. %, for Investigating Generation Artifacts

Before applying this technique to our diversity investiga-
tion, we demonstrate its utility for understanding genera-
tion artifacts. In Figure 3, when prompted with “Image of
dog and cat sitting on sofa,” the SDXL model produces a
final image containing only a dog’s face. However, Xg;
visualization at early timesteps (I' = 10) reveals that the
model initially conceptualized a cat face (highlighted in red
box) before abandoning this element in later steps. This
insight exposes how diffusion models can “change their
mind” during generation, sometimes discarding semantic
elements present in the prompt.

4.2. %, for Investigating Sample Diversity

We now apply X, visualization to compare base and dis-
tilled models under identical conditions: same seed and
prompt (“image of a dog”). Standard visualizations of in-
termediate latents x; (Fig 4.a) show only subtle differences
across base and distilled models. In stark contrast, the X
trajectories (Fig 4.b) expose a dramatic pattern that could
potentially explain the diversity collapse.

Distilled models commit to their final image structure
almost immediately after the first timestep. Their Xq; pre-
dictions quickly converge to the final output. Base mod-
els, conversely, distribute structural decision-making across
many timesteps, with their Xq; predictions gradually refin-
ing and evolving toward the final image.

Figure 5 quantifies this phenomenon by measuring
DreamSim distances [5] between intermediate Xo; predic-
tions and final outputs across COCO-10k [21] prompts. The
data reveals that distilled models achieve a large fraction of
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their final structure after a single timestep, while base mod-
els require approximately 30% of their total inference steps
to reach comparable structural definition. We provide more
qualitative evidence in Appendix F.

Our discovery suggests a testable hypothesis: the first
timestep is the primary culprit behind diversity loss in dis-
tilled models. We provide theoretical analysis (detailed
in Appendix A) showing why the first timestep concen-
trates the diversity bottleneck. The analysis demonstrates
how timestep compression in distillation amplifies decision-
making pressure early in the process, with the amplification
factor being largest at initial timesteps.

5. Diversity Distillation

Our X( analysis identified a clear hypothesis: the first
timestep is the primary bottleneck causing diversity col-
lapse in distilled models. To test this causally, we design
experiments that directly manipulate the first timestep and
measure the impact on sample diversity. If our hypothesis
is valid, targeted interventions at this critical step should re-
store diversity without affecting efficiency.

We develop two approaches to test this hypothesis. First,
we replace the first timestep of distilled model inference
with the corresponding step from the base model. Sec-
ond, we examine whether simply skipping the problematic
first timestep can improve diversity. Both approaches target
the identified bottleneck while preserving the computational
advantages of distilled models.

Algorithm 1 implements our hybrid inference strategy.
The approach uses the base model for the critical first
timestep(s) to establish diverse structural foundations, then
transitions to the distilled model for efficient completion.
This design directly tests whether the first timestep controls
diversity while maintaining computational efficiency.

Algorithm 1 Hybrid Inference for Diversity Distillation

Require: Base model fi,, distilled model fgii, total
timesteps 7', transition point k
Ensure: Generated image x
1: Initialize x7 ~ N(0,1)
2 fort=T,T—1,...,1do

3: if t > T' — k then > Critical timesteps for diversity
4: Xt—1 < foase(Xt, t, prompt)

5: else > Efficient refinement timesteps
6 X¢—1 ¢ faisit (%, t, prompt)

7 end if

8: end for

9: return xg

5.1. Experimental Results

We evaluate our approach across two complementary di-
versity metrics that capture different aspects of model per-
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Figure 4. Comparison of standard diffusion visualization vs. X¢ visualization. (a) Standard visualization of intermediate latents shows
subtle differences between base and distilled models. (b) X visualization reveals dramatic differences in how models predict the final
output. Distilled models commit to final image structure in the first timestep, while base models gradually refine structure across multiple

steps, explaining the observed mode collapse in distilled models.
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Figure 5. Measuring the dreamsim distance between intermediate
X0 visualization and final generated image reveals that distilled
models establish structural image composition within the initial
diffusion step, whereas base models require approximately 30%
of steps to achieve comparable structural definition.
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formance. Distributional diversity measures how well
generated samples match the real training data distribution
across varied prompts, assessed through FID [13] (lower is
better). Sample diversity measures variation among out-
puts generated from the same prompt with different ran-
dom seeds, quantified by average pairwise DreamSim dis-
tance [5] (higher is better).

Distributional Diversity. Table 3 demonstrates that our
hybrid approach achieves superior distributional diversity
compared to both base and distilled models. Measuring FID
against the COCO-30k dataset, our method achieves better
scores than the base model while maintaining the compu-
tational efficiency of distilled inference. This confirms that
our intervention does not compromise the model’s ability to
handle diverse prompts. We hypothesize the improvement
in FID compared to the base model is due to the usage of
the distilled model in final timesteps. Prior work suggests
that varied guidance levels in final timesteps can affect FID
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Figure 6. Visual comparison of generation diversity. Each row shows three different generations (different random seeds) for the same
prompt using: (left) base model, (middle) distilled model, and (right) our diversity distillation approach. Note how the distilled model
produces similar car types, poses, and astronaut orientations across seeds, while our approach restores diversity in colors, contexts, and
compositions comparable to the base model while maintaining similar inference speed.

Prompt Base Distilled Hybrid (Ours)
Sunset beach  0.396 0.271 0.373
Cute puppy 0.233 0.199 0.265
Futuristic city ~ 0.237 0.198 0.283
Person 0.484 0.347 0.461
Van Gogh art  0.337 0.305 0.366

“ Average 0337 0264 0350

Table 2. Sample diversity measured by average pairwise Dream-
Sim distance (higher is more diverse). Our hybrid approach re-
stores the lost diversity in distillation with a simple intervention.

metrics [18].

Sample Diversity. Table 2 reveals that our approach dra-
matically restores sample-level diversity. For each prompt,
we generate 100 images with different random seeds and
calculate average pairwise DreamSim distances. The hy-
brid approach restores the diversity lost during distillation.

Figure 6 provides visual confirmation of these quantita-
tive results. The distilled model clearly exhibits reduced
structural variety across random seeds, producing similar
compositions and layouts. Our hybrid approach success-
fully restores this diversity, generating varied structural ar-
rangements comparable to the base model while maintain-
ing fast inference speeds.
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Method Steps FID(]) IS(f) CLIP(1) Time (s)({)
Base 50 1274 2474 31.83 9.22
Distilled 4 1552 27.20 31.69 0.64
Hybrid (Ours) 4 10.79  26.13 32.12 0.64
Skip First Timestep 3 10.12 24.69 31.71 0.53

Table 3. Measuring distributional diversity using FID shows our
approach achieves comparable or better diversity than SDXL-Base
while maintaining SDXL-DMD [38] efficiency. While our focus is
sample diversity (Table 2), this confirms our intervention preserves
dataset coverage. Skipping first timestep achieves superior FID but
lower generative quality (CLIP [12], IS [31]).

Causal Evidence. To causally close the loop, we also
provide an experiment in the Appendix E where keeping
the first timestep with the distilled model and replacing the
later timesteps with the base model does not help with im-
provement in sample diversity. This demonstrates that the
first timestep is indeed the critical bottleneck, validating our
mechanistic understanding derived from X visualization.

5.2. Hyperparameter Analysis and Efficiency

Figure 7 analyzes the key parameters of our approach. Most
importantly, using the base model for just the first timestep
(k=1) provides substantial diversity gains with minimal
computational overhead (Fig 7.b), confirming our hypoth-
esis about first-step criticality. The guidance scale analysis
shows optimal performance around zero guidance from the
base model, suggesting that natural diversity is preserved



""""" Skip First Timestep (Our Ablation) ----= Base Model ----= Distilled Model X Best Hyper Parameter
g 40
2
530
z
2
H
$20
72}
a
=
W P —— s
10 *
0 2 4 6 8 10 0.0 0.5 1.0 1.5 2.0 2.5 3.0 48 20 48 100
Base Guidance Scale Run Distilled From Timestep Base Num Inference Steps
(2) (d) (©)

Figure 7. (a) Impact of guidance scale from the base model on diversity shows optimal performance around 0 guidance. (b) Effect of the
number of distilled model steps (k) being replaced by base model inference. Running distilled model from first timestep (k = 1) provides
diversity gains with minimal computational overhead. (c) Comparing the total timesteps of base model when replacing the first timestep of
distilled model shows that replacing 1-1 timesteps of distilled with base is most ideal.

without additional steering(Fig 7.a). Finally, setting the
base model’s noise schedule similar to distilled (n=4) has
optimal results (Fig 7.c). We find that using exact inference
conditions for distilled models where the model weights are
swapped with base for the first timestep is ideal.

For scenarios where loading both models simultaneously
is not feasible, we explore skipping the first timestep en-
tirely. Table 3 shows this approach provides significant di-
versity improvements, though our hybrid method achieves
superior quality as measured by CLIP and Inception scores.
We provide qualitative examples in the Appendix G.

Our hybrid method demonstrates that the conventional
efficiency-diversity tradeoff in distilled models can be re-
solved through targeted intervention. By identifying and ad-
dressing the specific timestep responsible for diversity col-
lapse, we restore sample variety without sacrificing compu-
tational advantages. Our theoretical support in Appendix A
provides a principled explanation for our empirical observa-
tions and suggests that distributing first-timestep decisions
across multiple steps during training could be a promising
direction for future distillation methods.

6. Limitations

While our approach significantly improves diversity with-
out substantial computational overhead, some limitations
remain. First, our method requires loading both base and
distilled models in memory, increasing resource require-
ments compared to traditional inference. Future distilla-
tion work could explore our insights to design diversity-
preserving mechanisms directly into a distilled model.
Second, our analysis focuses primarily on visual diver-
sity metrics. Further investigation is needed to understand
the impact on semantic diversity: the range of concepts and
compositions a model can generate. Developing more di-
versity metrics that capture both visual and semantic varia-

tions can provide deeper insights into distillation.

Finally, our approach treats all prompts uniformly, but
different concepts may benefit from different base/distilled
step allocations. Adaptive inference strategies that dynami-
cally adjust the transition point based on prompts could fur-
ther optimize the quality-efficiency trade-off.

7. Conclusion

This work addresses a fundamental limitation of distilled
diffusion models: the trade-off between computational effi-
ciency and sample diversity. Our contributions are three-
fold: (1) We demonstrate that distilled models retain all
the variational directions needed for diversity, contradict-
ing the hypothesis that distillation damages concept rep-
resentations—the required diversity mechanisms exist but
fail to activate during generation; (2) We identify the root
cause using X trajectory visualization, revealing that dis-
tilled models concentrate structural decision-making in the
first timestep while base models distribute decisions across
many steps, and provide theoretical support showing why
the first timestep creates a diversity bottleneck; and (3)
We validate this theory by developing diversity distillation,
demonstrating that targeted intervention at a single timestep
restores full base model sample diversity as measured by
DreamSim scores with strong empirical validation.

Our experimental results challenge the conventional
diversity-efficiency trade-off. Diversity distillation restores
the diversity of the original base model while maintaining
the computational efficiency of distilled inference (0. 64s
vs. 9.22s per image). By providing both mechanis-
tic understanding and theoretical grounding for why di-
versity collapse occurs, our approach eliminates this tradi-
tional trade-off without additional training or model modi-
fications, opening new possibilities for deploying efficient
yet diverse generative models in creative applications.
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