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Abstract
Foundation models that generate photorealistic
video with text or image guidance promise com-
pelling augmented-reality (AR) experiences, yet
their prohibitive test-time compute prevents true
real-time deployment. We focus on the domi-
nant diffusion family and show that Multi-Student
Distillation (MSD) increases effective model ca-
pacity without increasing — or even reducing —
latency, memory footprint, or energy per sam-
ple. MSD partitions the conditioning space and
trains a lightweight one-step generator per parti-
tion, allowing (i) higher sample quality at fixed
latency and (ii) smaller per-student backbones
for edge/low-latency budgets. MSD advances the
agenda of efficient systems for foundation-model
training and inference. By attacking the test-time
compute bottleneck for diffusion, it is a concrete
step toward always-on, on-device AR, which is
an emerging and important modality.

1. Introduction
Real-time, high-fidelity video generation is missing for im-
mersive augmented-reality (AR) applications such as live
scene re-texturing, telepresence, and interactive storytelling.
Diffusion-based foundation models currently set the quality
bar for image and video synthesis. Still, they are notori-
ously slow: hundreds of large network evaluations per clip
frame translate into multi-second latencies. This calls for
research that reduces large models’ compute, time, memory,
bandwidth, and energy requirements – especially in new
modalities like real-time video.

Knowledge-distillation approaches have made impressive
progress, collapsing diffusion sampling to one network
evaluation. Unfortunately, performance is tethered to the
teacher’s heavy backbone: shrinking the student for mobile
budgets is impossible or sharply degrades quality, creating
a quality–speed dilemma blocking AR deployment.
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We tackle this dilemma with Multi-Student Distillation
(MSD). Inspired by mixture-of-experts routing, MSD di-
vides the conditioning space (e.g., class labels or CLIP
embeddings) into K semantically coherent shards and trains
an independent one-step student on each shard. At infer-
ence, a lightweight router selects exactly one student, so
total latency equals a single forward pass while aggregate
capacity scales with K. Crucially, MSD is orthogonal to
recent solver, scheduler, and quantization advances: it can
be layered on top of any single-step distillation recipe.

We make three contributions aligning with our interest in
test-time compute and emerging real-time modalities:
• Capacity without latency: With four same-sized stu-

dents MSD pushes ImageNet-64 FID to 1.20, surpassing
the teacher while preserving latency.

• Lightweight students: Adding a lightweight
score-matching pre-stage lets MSD distill smaller
backbones that cut latency with only minor quality
loss—illustrating a compute–quality trade-off tunable to
device constraints.

• Plug-and-play adoption: MSD is a drop-in wrapper
around any conditional single-step distillation pipeline;
no architecture changes or extra inference passes required.

Together, these results demonstrate a practical path toward
always-on, high-quality AR video—an application that epit-
omizes our vision of efficient foundation-model systems.

2. Related Work and Background
Due to space constraints, related work on (a) Diffusion
sampling acceleration, (b) Mixture of experts training and
distillation, and (c) Efficient architectures for diffusion mod-
els, are discussed in App. Sec H. Further, background is
discussed in App. Sec. I, starting with the background
on diffusion models in Sec. I.1 and distribution matching
distillation (DMD) in Sec. I.2 followed by how applying
adversarial losses to improve distillation in Sec. I.3.

3. Method
In Sec. 3.1, we introduce the general Multi-Student Distil-
lation (MSD) framework that is conceptually applicable to
any distillation method. In Sec. 3.2, we show how MSD
is applied to distribution matching and adversarial distilla-
tion. In Sec. 3.3, we introduce an additional training stage
enabling distilling into smaller students.
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Figure 1: We visualize distilling into multiple students, where each student handles a subset of the input condition. Students
are trained separately with filtered data. At inference, 1 student is retrieved for generation given the input condition.
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Figure 2: 3-stage training scheme in Eq. 4. Acronym mean-
ings: TSM: teacher score matching (Eq. 3 & Eq. 4); DM:
distribution matching (Eq. 4 & Sec. I.2); ADM: adversarial
distribution matching (Eq. 4 and Sec. I.3). Stage 1 and Stage
2 are techniques from prior works with same-sized students;
Stage 0 is our contribution, which is required for smaller
students who cannot initialize with teacher weights.

3.1. Distilling into multiple students

We present Multi-Student Distillation (MSD), a general
drop-in framework to with any conditional single-step diffu-
sion distillation method, enabling a cheap upgrade of model
capacity without impairing inference speed. We first iden-
tify key components of a single-step diffusion distillation
framework and then present the modification of MSD. In the
vanilla one-student distillation, we have a pretrained teacher
denoising diffusion model �teacher, a training dataset D, and
a distillation method. The distillation yields a single-step
generator G(z; y 2 Y) via G = Distill(�teacher;D). The
obtained generator G maps a random latent z and an in-
put condition y into an image. In comparison, in an MSD
scheme, we instead distill the teacher into K different one-
step generators fGk(z; y 2 Yk)gKk=1 via

Gk = Distill(µteacher,Dk = F (D,Yk)) (1)
with k = 1, ...,K. Specifically, each distilled student Gk is
specialized in handling a partitioned subset Yk of the whole
input condition set Y . So, it is trained on a subset of the
training dataDk � D, determined by Yk via a filtering func-
tion F . Fig. 1 illustrates this idea. The partition of Y into
fYkgKk=1 determines the input condition groups for which
each student is responsible. As a starting point, we make

the following three simplifications for choosing a partition:
Disjointness: This prevents potential redundant training and
redundant usage of model capacity. Equal size: Since stu-
dents have the same architecture, the partitions fYkgKk=1

should be of equal size that require similar model capacity.
Clustering: Conditions within each partition should be more
similar than those in other partitions, so networks require
less capacity to achieve a set quality on their partition.

The first two conditions can be easily satisfied in practice,
while the third is not straightforward. For a class-conditional
generation, partitioning by semantically similar and equal-
sized classes serves a straightforward strategy, though ex-
tending it to text-conditional generation is nontrivial. An-
other promising strategy uses pretrained embedding layers
such as the CLIP (Radford et al., 2021) embedding layer or
the teacher embedding layer. One could find embeddings of
the input conditions and then perform clustering on those
embeddings, which are fixed-length numerical vectors con-
taining implicit semantic information. We ablate partition
strategies in Sec. B.1. The data filtering function F deter-
mines the training subset data Dk from Yk. For example, a
vanilla filtering strategy could set F (D,Yk) = Dk := DYk

,
where DYk

denotes the subset of the training dataset D that
contains the desired condition Yk. Empirically, we found
that this filtering works in most cases, although sometimes a
different approach is justified, as demonstrated in Sec. 3.2.

3.2. MSD with distribution matching

As a concrete example, we demonstrate the MSD framework
using distribution matching (DM) and adversarial distilla-
tion techniques. Inspired by the two-stage framework in
(Yin et al., 2024a), each of our students is trained with a
distribution matching scheme at the first stage and finetuned
with an additional adversarial loss at the second stage (ad-
versarial distribution matching, or ADM):

G
(1)
k = DistillDM (�teacher, FDM(DDM,Yk)) ,

G
(2)
k = DistillADM(�teacher, FADM(DADM,Yk);G(1)

k ),
(2)

where we recall that �teacher is the teacher diffusion model,
G

(i)
k , k = 1, ...,K is the k-th student generator at the i-th

stage, F is the data filtering function, D is the training data,
and Yk is the set of labels that student k is responsible of.
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The �rst stageDistillDM uses distribution matching with a
complemented regression loss or the TTUR, with details in
Sec. I.2. These methods achieve optimal training ef�ciency
among other best-performing single-step distillation meth-
ods (Xie et al., 2024a; Zhou et al., 2024; Kim et al., 2024)
without an adversarial loss, with a detailed comparison in
App. B.5. The second stageDistillADM adds an adversarial
loss (details in Sec. I.3), introducing minimal additional
computational overhead and allows resuming from the �rst
stage checkpoint, making it a natural choice.

Designing the training data From Sec. I, the data re-
quired for DM and ADM are DDM = ( Dpaired; C) and
DADM = ( Dreal; C), whereDpaired; Dreal; Crepresents gener-
ated paired data, real data and conditional input, respec-
tively. We now discuss choices for the �ltering func-
tion. For the �rst stage data �lteringFDM , we propose
FDM(DDM ; Yk ) = ( Dpaired; CYk ), whereCYk denotes the
subset of condition inputsC that containsYk . That it, we
sample all input conditions only on the desired partition for
the KL loss but use the whole paired dataset for the regres-
sion loss. This special �ltering is based on the observation
that the size ofDpairedcritically affects the terminal perfor-
mance of DMD distillation: using fewer pairs causes mode
collapse, whereas using more pairs challenge the model
capacity. Nä�vely �ltering paired datasets by partition re-
duces the data size for each student and leads to worse
performance, as in our ablation in App. B.4. Instead of
generating more paired data to mitigate this imbalance, we
simply reuse the original paired dataset for the regression
loss. This is remarkably effective, which we hypothesize
is because paired data from other input conditions provides
effective gradient updates to the shared weights in the net-
work. For the second stage, we stick to the simple data
�ltering FADM (DADM ; Yk ) = ( Dreal;Yk ; CYk ), so both ad-
versarial and KL losses focus on the speci�c partition, given
each student has enough mode coverage from the �rst stage.

3.3. Distilling smaller students from scratch

Via the frameworks presented in the last two sections, MSD
enables a performance upgrade over alternatives for one
student with the same model architecture. In this section,
we investigate training multiple students with smaller archi-
tectures – and thus faster inference time – without impairing
performance much. However, this requires distilling into a
student with a different architecture, preventing initializa-
tion from pretrained teacher weights. Distilling a single-step
student from scratch has been dif�cult (Xie et al., 2024a),
and we could not obtain competitive results with the simple
pipeline in Eq. 2. So, we propose an additional pretraining
phaseDistillTSM, with TSM denoting Teacher Score Match-
ing, to �nd a good initialization for single-step distillation.
TSM employs the following score-matching loss:

L TSM = Et [� t k� '
TSM(x t ; t) � � teacher(x t ; t)k2

2]; (3)

where the smaller student with weights' is trained to match
the teacher's score on real images at different noise levels.
This step provides useful initialization weights for single-
step distillation and is crucial to ensure convergence. With
TSM added, the whole pipeline now becomes:

� (0) = DistillTSM (� teacher; Dreal) ;

G(1)
k = DistillDM(� teacher; FDM(DDM ; Yk ); � (0) );

G(2)
k = DistillADM(� teacher;FADM (DADM ;Yk ); G(1)

k );

(4)

for k = 1 ; :::; K . Although a smaller student may not per-
fectly match the teacher's score, it still provides a good
initialization for stages 1 and 2. The performance gap is
remedied in the latter stages by focusing on a smaller par-
tition for each student. This three-stage training scheme is
illustrated in Fig. 2.

4. Experiments

To evaluate the effectiveness of our approach, we compared
MSD with different design choices against competing meth-
ods, including other single-step distillation methods. In
Sec. 4.1, we investigate class-conditional image generation
on ImageNet-64� 64 (Deng et al., 2009) where we have
naturally de�ned classes to partition. Here we explored
training with theDM stage only, with bothDM andADM
stages, and with all three stages for smaller students. We
then evaluate MSD for a larger model in Sec. 4.2. We ex-
plored text-to-image generation using MS-COCO2014 (Lin
et al., 2014) with varying training stages. We use the stan-
dard Fŕechet Inception Distance (FID) (Heusel et al., 2017)
score and CLIP (Radford et al., 2021) score to measure
generation quality. Comprehensive comparisons con�rm
that MSD outperforms single-student counterparts and sets
new records for respective single-step diffusion distillation
methods. Finally, in Sec. B.1, we summarize our ablation ex-
periments over design choices. To focus on the performance
boost from multi-student distillation, we applied minimal
changes to the hyperparameters used by Yin et al. (2024b;a)
for their distribution matching distillation implementations.
More details on training and evaluation can be found in the
App. D and E. In App. A.2, we additionally compare single
vs multiple students on a 2D toy problem for direct visual
comparison, where we also showcase the applicability of
MSD on consistency distillation (Song et al., 2023).

4.1. Class-conditional Image Generation

Student architecture the same as the teacher:We trained
K = 4 students using the MSD framework and the EDM
(Karras et al., 2022) teacher on class-conditional ImageNet-
64� 64 generation. We applied the simplest strategy for
splitting classes among students: Each student is respon-
sible for 250 consecutive classes in numerical order (i.e.,
1=K of the1000classes). We compare the performance with
previous methods and display the results in Tab. 1. OurDM
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stage, which uses the complementary regression loss, sur-
passes the one-student counterpart DMD (Yin et al., 2024b),
achieving a modest drop of0:25 in FID score, making it
a strong competitor in single-step distillation without an
adversarial loss. We then took the best pretrained check-
points and trained with theADM stage. The resulting model
achieved an FID score of1:20. It surpasses even the EDM
teacher, StyleGAN-XL (Sauer et al., 2022), the multi-step
RIN (Jabri et al., 2023) due to the adversarial loss. Fig. 9(b)
displays our best student sample generation, with compara-
ble quality as the teacher in Fig. 9(a).

Student architecture smaller than the teacher: Next,
we trained4 smaller student models with the prepended
teacher score matching (TSM) stage from Sec. 3.3. This
achieved a42%reduction in model size and a7%reduction
in latency, with a slight degradation in FID score, offering
a �exible way to increase generation speed by reducing
student size, and increase generation quality by training
more students. Fig. 9(c) displays samples from these smaller
students, whereas Fig. 9(d) shows samples from an even
smaller set of students, with a71% reduction in model
size and a23%reduction in latency. We observed slightly
degraded but still competitive generation qualities. Using
more and larger students will further boost performance,
as shown by ablations in Sec. B.1 and App. B.6. Smaller
students without theTSM stage fail to reach even proper
convergence. Instead of the TSM stage, we performed post-
output distillation on the best single-step checkpoints and
observed a signi�cant performance drop. Hence, the TSM
stage is both necessary and ef�cient.

4.2. Text-to-Image Generation

Student architecture the same as the teacher:We eval-
uated the performance of text-to-image generation using

(a) Same-sized student (b) 83% smaller student
Figure 3: Samples on high guidance-scale text-to-image
generations from different sized students distilled from the
SD v1.5 teacher (full details in App. D). The same-sized
student has comparable quality to the teacher (see Fig. 10).
The smaller student, trained on a subset of dog-related data,
generates faster with decent quality. The same-sized student
is trained withDM stage only, while the smaller student is
trained with TSM and DM stages (see Fig. 2).

the MS-COCO2014 (Lin et al., 2014) evaluation dataset.
We distilled4 students from Stable Diffusion (SD) v1.5
(Rombach et al., 2022) on a 5M-image subset of the COYO
dataset (Byeon et al., 2022). For splitting prompts among
students, we again employed a minimalist design: pass the
prompts through the pre-trained SD v1.5 text encoder, pool
the embeddings over the temporal dimension, and divide
into 4 disjoint subsets along4 quadrants. We trained with
a classi�er-free guidance (CFG) scale of1:75 for best FID
performance. Tab. 2 compares the evaluation results with
previous methods. Our baseline method with only theDM
stage again achieved a performance boost with a0:48drop
in FID over the single-student counterpart DMD2 without
adversarial loss (Yin et al., 2024a). Continuing theADM
stage from the best checkpoint yielded a terminal FID of
8:20, again surpassing the single-student counterpart and
setting a new record FID score. In addition, for better visual
quality, we also train SD v1.5 and SDXL students with a
larger CFG scale of8, and display corresponding samples
in Fig. 3(a), Fig. 14 (SD v1.5) and Fig. 16, Fig. 15, Fig. 11
(SDXL), respectively.

Student architecture smaller than the teacher:To explore
the prepended teacher score matching (TSM) stage, we
train a83%smaller and5%faster student on a dog-related
prompt subset of COYO (containing� 1 210 000prompts).
We use a CFG scale of8 and display the samples in Fig. 3,
observing fair generation quality despite a signi�cant drop
in model size. Improved training is likely to obtain better
sample quality and generalization power. Due to limited
computational resources and the complete coverage of the
prompt set by the 4-student model, we did not train the full
set of students at this size.

Ablation Studiesare in App. Sec. B.1 on splitting strategies,
number of students, distillation method choice, and more.

5. Discussion

Due to space constraints, limitations are discussed in App.
Sec. J.1. This work presented Multi-Student Distillation, a
simple yet ef�cient method to increase the effective model
capacity for single-step diffusion distillation. We applied
MSD to the distribution matching and adversarial distilla-
tion methods. We demonstrated their superior performance
over single-student counterparts in both class-conditional
generation and text-to-image generation. Particularly, MSD
with DMD2's the two-stage training achieves state-of-the-
art FID scores. Moreover, we successfully distilled smaller
students from scratch, demonstrating MSD's potential in fur-
ther reducing the generation latency with multiple smaller
student distillations. We envision building on MSD to en-
able generation in real-time, enabling many new use cases.
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