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Abstract
Distribution Matching Distillation (DMD) aligns noised distributions across scales to compress dif-
fusion models. While Distribution Matching Distillation (DMD) is theoretically pairing-agnostic,
we identify an emergent copying phenomenon: high-dimensional students spontaneously repro-
duce the teacher’s original noise–data pairings. This behavior, absent in low-dimensional settings,
is not an artifact of auxiliary losses or memorization. Instead, we argue that copying arises from
the constrained geometric freedom of the student model during high-dimensional distillation.
Keywords: Diffusion Models, Distillation, High-dimensional Geometry, Learning Dynamics

1. Introduction

Diffusion models achieve state-of-the-art generation results across multiple modalities [4, 5, 7, 9,
11, 13] but suffer from high inference-time sampling latency. Distribution Matching Distillation
(DMD) [14, 15] addresses this by training single-step generators via distribution-level alignment.
While reproducibility, a phenomenon that multiple diffusion models with different architectures
trained on the same dataset reproduce the same noise–data pairings, is well-documented [16], the
pairings learned during distillation remain underexplored. In high-dimensional distribution match-
ing distillation, we identify a non-trivial copying phenomenon: a student model faithfully reproduc-
ing teacher pairings despite a pairing-indifferent objective. Our key contributions are as follows:

• Theoretical derivations and development of a quantitative metric. We prove the DMD
objective is pairing-indifferent, confirming copying is a non-trivial dynamical behavior. We
define pairing inefficiency ∆E , a scale-invariant measure of copying across datasets of various
scales for fair comparison.

• Geometric Characterization of Copying. We demonstrate a sharp transition in copying
between dimensionality regimes. We provide evidence that copying is not due to teacher
overfitting and memorization or the use of GAN objectives but rather is governed by the data
manifold geometry.

2. Background

2.1. Diffusion Models

Diffusion models map a data distribution pdata to a noise distribution pε ≈ N (0, σ2(T )I) via a
forward stochastic process. In the Variance Exploding (VE) framework [6] with schedule σ(t) = t,
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Figure 1: Significant copying in high-dimensional settings. The distilled student on uncondi-
tional MNIST aligns closely with the teacher. Top: Image quadruples from random
seeds z: teacher 1-step Φ1(z), 8-step Φ8(z), 32-step Φ32(z), and student 1-step G(z).
Bottom: PCA projection of 2000 triplets (Φ8(z),Φ1(z), G(z)) onto 2 leading PCs of
Φ8(z). Matching colors indicate identical noise seed z; G(z) occupies the same manifold
location as the multi-step teacher Φ8(z). Pairing inefficiency is low (∆E ≈ 0.0367).

the forward SDE is defined as dxt =
√
2tdWt over 0 ⩽ t ⩽ T . Sampling reverses this process by

solving the Probability Flow ODE:

dxt = −ts(xt, t)dt, (1)

where s(xt, t) := ∇x log pt(xt) is the Stein score. In practice we usually apply Tweedie’s formula
to reparametrize the intractable s(xt, t) by a neural network, s(xt, t) ≈ (x0,θ(xt, t)−xt)/t

2, where
x0,θ the neural network estimates the posterior expectation E[x0|xt] under the forward path measure.

2.2. Distribution Matching Distillation (DMD)

Distribution Matching Distillation (DMD) [15] distills the teacher score model s(xt, t) into a single-
step generator Gθ(z) by aligning the student’s noisy probability path pθ,t := Law(Gθ(z)+ tε) with
the teacher’s path pt. This is achieved by minimizing the Distribution Matching (DM) loss:

LDM(θ) :=

∫
w(t)KL(pθ,t∥pt)dt. (2)

The DM gradient is given by:

∇θLDM(θ) = Et,z,ε
[
w(t)(sψ(xt, t)− s(xt, t))

∂Gθ(z)

∂θ

]
, (3)

where a learnable student score sψ approximates ∇x log(pθ,t(x)), the intractable score of the current
student’s noised probability path. During distillation, sψ is updated each iteration via denoising
score matching, while Gθ is updated every 5 iterations using the gradient in Equation 3. Before
distillation, we initialize both Gθ and sψ from the learned teacher score model s(xt, t) to ensure a
stable starting point. In particular, we set Gθ(z) := z + T 2s(z, T ) and sψ(xt, t) = s(xt, t).
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3. The Copying Behavior

We identify a non-trivial copying phenomenon in high-dimensional DMD: the student faithfully
reproduces the teacher’s noise–data pairings, despite it is distilled using an objective (Equation 2)
that only requires matching the teacher’s distribution. As shown in Figure 1 for unconditional
MNIST, the student single-step result Gθ(z) aligns closely with the teacher K-step result Φ8(z),
where ΦK(z) is obtained by following K deterministic Euler steps of Equation 1 from t = T
back to t = 0 (with optional second-order corrections). The reason such behavior is unexpected is
described in subsection 3.2.

3.1. Measuring Copying by Pairing Inefficiency

To formally quantify the strength of copying and compare it across different scales and dimensions,
we introduce a scale-invariant metric ∆E(ΦK , Gθ) called pairing inefficiency, which quantifies the
“cost of sub-optimality” in the student’s learned noise–data mapping. It measures the percentage of
L2 energy wasted by following the teacher’s specific seeds (Gθ(z) → ΦK(z)) instead of adopting
the most efficient path (the Optimal Transport plan) to achieve the same output distribution.

Definition 1 (Pairing Inefficiency) Let the initial noise be z ∼ pε = N (0, T 2I). Let pΦ =
(ΦK)#pε and pG = Gθ#pε be the distributions learned by the teacher and student, respectively.
The optimal transport (OT) energy and the distillation transport (DT) energy are defined as:

EOT(ΦK , Gθ) := min
π∈Γ(pΦ,pG)

∫
∥x− y∥22 dπ(x, y), (4)

EDT(ΦK , Gθ) :=

∫
∥ΦK(z)−G(z)∥22 dpε(z), (5)

where Γ(pΦ, pG) is the set of all couplings with marginals pΦ and pG. We define the pairing ineffi-
ciency as:

∆E(ΦK , G) :=
EDT(ΦK , G)

EOT(ΦK , G)
− 1. (6)

A small inefficiency ∆E ≈ 0 implies strong copying, while a large ∆E implies the teacher pairings
are remapped. In practice, we use a Monte Carlo estimator ∆(N)

E with N = 1000 samples. Formal
justifications for the non-negativity and scale-invariance of ∆E are provided in Appendix D.

3.2. Copying is Not Required for Successful Distillation

Crucially, copying is not a theoretical necessity of the DMD objective. The distribution matching
loss LDM is pairing-indifferent: it penalizes only the discrepancy between student and teacher
distributions, and does not enforce pointwise alignment Gθ(z) ≈ ΦK(z) for all z ∼ N (0, T 2I).

Lemma 2 Let Gθ and Gθ′ be two student generators. Whenever Gθ(z)
d
= Gθ′(z), their DM losses

are equal LDM(θ) = LDM(θ
′), even though generally ∇θLDM(θ) ̸= ∇θLDM(θ

′). Consequently,
stochastic optimization can lead to Gθ and Gθ′ toward pairings with vastly different inefficiencies
∆E(G,ΦK) despite achieving identical distributional fidelity Gθ(z)

d
= Gθ′(z)

d
= ΦK(z).
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Figure 2: Copying rarely occurs in low-dimensional settings. The distilled student on a 2D
chessboard dataset (embedded in R4) exhibits strong remapping rather than copying. Pan-
els (left to right): initial noise z, teacher 8-step Φ8(z), teacher 1-step Φ1(z), and student
1-step G(z). Matching colors represent identical noise seeds. Points are projected onto
the first two coordinates. Pairing inefficiency (∆E ≈ 8.55) is high in this setting.

3.3. Copying Rarely Occurs in Low Dimensions

We empirically observe that copying is weak in low-dimensional settings. For the 2D 4 × 4 chess-
board distribution embedded in R4, the distilled student successfully recovers pdata but exhibits
significant remapping (Figures 2, 3), resulting in high pairing inefficiency (∆E ≈ 8.55). Similar
remapping is observed across other low-dimensional synthetic datasets (Appendix B).

3.4. Copying Frequently Occurs in High Dimensions

In stark contrast, copying consistently emerges in high-dimensional tasks. We distill a single-step
student from an EDM teacher [6] trained for 8192 iterations on unconditional MNIST. The student
is highly prone to copying (Figures 1, 3), achieving an extremely low pairing inefficiency ∆E ≈
0.0367. Similar strong copying is observed across other high dimensional datasets, and equally
profound in conditional generation settings (Appendix B). Such selection of copying solutions over
other valid remappings suggests an emergent property of high-dimensional distillation dynamics.

4. Analyzing the Mechanisms Behind Copying

In this section, we analyze the mechanisms driving the copying behavior. For clarity, we focus on
the unconditional MNIST distillation setting.

4.1. Removal of Intuitive Explanations

We confirm that copying occurs without adversarial training or regression. The student model in Yin
et al. [14] incorporates an auxiliary diffusion GAN loss, LGAN(γ) := Ex,ε,z,t [− logDγ(x

′
t) + logDγ(xt)] ,

where x′t = Gθ(z) + tε and xt = x + tε. While a GAN objective (or regression objective in [15])
could implicitly enforce copying, our experiments show copying persists even when these objectives
are absent. This confirms that adversarial training is not a prerequisite for copying.

We also demonstrate that student copying is not triggered by the teacher trivially memorizing the
training dataset. We define the memorization distance ratio for a generated point y as r(y) := ∥y−
x1(y)∥/∥y−x2(y)∥, where x1(y) and x2(y) are its nearest and second-nearest training neighbors. A

4



WHY ARE DMD STUDENTS LAZY?UNDERSTANDING THE COPYING BEHAVIOR IN FEW-STEP DISTILLATION

point is considered memorized by the teacher if its memorization distance ratio is smaller than some
threshold r(y) < rthres. As shown in Figure 5, teacher models exhibit no signs of memorization on
random samples.

4.2. Copying and Geometric Complexity

We view the DM distillation dynamics as a two-stage process (Figure 4). In the first stage, the DM
loss increases as the surrogate student score sψ deviates from the teacher to track the true student
score ∇x log pθ,t. In the second stage, sψ provides accurate signals for the generator Gθ to minimize
the discrepancy with the teacher. We conjecture that copying occurs in the second stage when the
student has limited degrees of freedom to deform while preserving the teacher’s target distribution
(see Appendix D).

4.2.1. MICRO-LEVEL: BOUNDARY POINTS ARE MORE LIKELY COPIED

We observe that teacher samples distant from the training data bulk are more susceptible to copying.
We define the relative displacement δ(z) = ∥G(z)−ΦK(z)∥ − ∥Φ1(z)−ΦK(z)∥ and the average
distance to the training set D(z) := Avgx∈train(∥ΦK(z) − x∥). As shown in Figure 6, δ(z) nega-
tively correlates with D(z). Samples with high D(z) reside near sparse or extremal regions of the
manifold where remapping while maintaining distributional fidelity is geometrically constrained.

4.2.2. MACRO-LEVEL: TEACHER CONVERGENCE INCREASES COPYING

Copying behavior scales with teacher training iterations. We distilled students from snapshots of
an unconditional MNIST teacher at various stages. Later-stage teachers yield students with signif-
icantly lower pairing inefficiency (Figures 7). As the teacher resolves finer geometric structures, it
imposes stronger constraints that reduce the student’s flexibility for remapping.

4.3. Related Work

Prior works show that independently trained diffusion models often reproduce similar noise–data
pairings [1, 16]. Our work differs by studying copying that emerges during distillation under a
distribution-matching objective. DMD and VSD [13, 15] match distributions, theoretically allowing
latent remapping. In contrast, flow-based distillation [3, 10, 12] provides trajectory-level supervi-
sion. We show that even without such trajectories, high-dimensional geometry enforces alignment.
The manifold hypothesis suggests images concentrate near low-dimensional structures [8]. These
geometric constraints influence copying behavior during distillation.

5. Conclusion

We investigated the unexpected copying phenomenon in distribution matching distillation, wherein
student models spontaneously reproduce teacher noise–data pairings despite receiving only distribution-
level supervision. Our experiments demonstrate that copying is not an artifact of auxiliary GAN
objectives or teacher memorization. Instead, our empirical evidence suggests that copying is an
emergent property that arises when high-dimensional geometric constraints limit the student’s de-
grees of freedom to deform its distribution while remaining aligned with the teacher’s score.
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Appendix A. Additional Figures

(a) 2D Chessboard (b) Unconditional MNIST

Figure 3: Dimensionality and Copying. Heatmaps showing pairwise L2
2 distances between

teacher {ΦK(zi)} and student {G(zj)} samples. Red boxes indicate OT pairings; the
diagonal indicates DT pairings. The chessboard student remaps pairings (∆E ≈ 8.55),
whereas the MNIST student copies them (∆E ≈ 0.0367).

Figure 4: Two Stages of Distribution Matching Distillation. DM loss evolution for unconditional
MNIST students initialized from various teacher snapshots (1024–8192 iterations). All
cases exhibit a characteristic increase-decrease evolution. The right panel zooms into the
first 900 iterations, highlighting the rapid initial dynamics.
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Figure 5: The teacher model has not memorized any of the training datapoints. Distribution of
memorization distance ratios r(Φ8(z)) := ∥x2(Φ8(z))− Φ8(z)∥/∥x1(Φ8(z))− Φ8(z)∥
for the teacher model trained for 8192 iterations on unconditional MNIST.

Figure 6: Boundary points are more likely copied. Student relative displacement δ(z) versus
average distance to training set D(z). Points below the dashed line indicate alignment;
larger negative values signify stronger copying in sparse manifold regions.
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(a) Partially trained teacher results (1k iterations)

(b) Converged teacher results (8k iterations)

(c) Heatmap: 1k Iterations (∆E ≈ 1.05) (d) Heatmap: 8k Iterations (∆E ≈ 0.0367)

Figure 7: Longer trained teachers are more likely copied. Top panels (a, b): Comparison of
generation triplets across different teacher training stages. The converged teacher (8k)
shows much tighter alignment between the student and the multi-step teacher. Bottom
panels (c, d): Distance heatmaps (described in Figure 3) reveal a sharp transition from
remapping (off-diagonal noise) to copying (clean diagonal) as the teacher resolves the
data manifold geometry.
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Appendix B. Copying and Remapping Behaviors Across Diverse Datasets

Consistent with the 2D chessboard experiments, we observe that DMD students distilled on low-
dimensional synthetic manifolds exhibit substantial remapping. In these regimes, the student fre-
quently identifies noise–data pairings that deviate significantly from the teacher’s trajectories, often
resulting in ∥G(z)− Φ8(z)∥ ≫ ∥Φ1(z)− Φ8(z)∥ for a given seed z.

Figure 8: Remapping behavior on low-dimensional synthetic datasets. Each row depicts initial
noise z, teacher 8-step samples Φ8(z), teacher 1-step samples Φ1(z), and student sam-
ples G(z). Matching colors denote identical seeds. Top: 2D double-moons manifold
embedded in R4. Bottom: Gaussian mixture with 32 components in R4. In both cases,
the student recovers the distribution but fails to align with teacher trajectories, indicating
significant remapping freedom.

In contrast, student learning high-dimensional datasets exhibits significantly stronger copying,
which is further intensified in conditional generation settings (Figures 9–11). We conjecture that
class-conditioning allows the teacher to resolve finer geometric structures within each sub-manifold.
This imposes more rigid constraints during distillation, effectively exhausting the student’s capacity
to remap pairings while maintaining distributional fidelity.
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Notably, copying is not restricted to natural images. To isolate the effect of dimensionality
from semantic content, we constructed a synthetic high-dimensional dataset by mapping 16D Gaus-
sian noise through a random two-layer MLP into R32×32, followed by superimposing class-specific
whitened stripes. This creates a distribution supported on a 16D manifold in a 1024D ambient space.
As shown in Figures 10 and 11, the student on this ”MLP-manifold” dataset exhibits copying be-
havior indistinguishable from that observed on MNIST or ImageNet.

Figure 9: Copying behavior in conditional high-dimensional regimes. Panels (top to bottom):
Conditional MNIST, ImageNet-64, and a synthetic MLP-manifold. Within each panel,
rows show Φ1(z), Φ8(z), Φ32(z), and G(z) for identical seeds. The student G(z) visually
aligns with the multi-step teacher Φ32(z) across all modalities.
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Figure 10: Principal Component Visualization of Alignment. Rows (top to bottom): Conditional
MNIST, ImageNet-64, and synthetic MLP-manifold. Matching colors denote identical
seeds, and conditional labels are uniformly randomly assigned to all seeds. We visualize
2000 triplets (Φ8(z),Φ1(z), G(z)) projected onto the top two PCs of Φ8(z). Consistent
student copying is observed by observing color alignment between G(z) and Φ8(z).

Figure 11: Pointwise Displacement Correlation. Comparing ∥G(z) − Φ8(z)∥ (vertical) against
∥Φ1(z) − Φ8(z)∥ (horizontal). Across MNIST (left), ImageNet-64 (middle), and the
MLP-manifold (right), the student’s proximity to the converged teacher (Φ8) is con-
sistently higher than that of the single-step teacher (Φ1), indicating a strong pointwise
copying effect.
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Appendix C. Copying Behavior Across Teacher Training Stages

We analyze the evolution of copying behavior by distilling students from teacher snapshots at 1024,
2048, 4096, and 8192 training iterations on unconditional MNIST. Each student is distilled for
50k iterations to ensure convergence. Our results confirm that students initialized from later-stage
teacher checkpoints exhibit progressively stronger alignment with the teacher’s original noise–data
pairings.

(a) Teacher: 1024 iterations

(b) Teacher: 2048 iterations

(c) Teacher: 4096 iterations

(d) Teacher: 8192 iterations

∆E ≈ 1.05 ∆E ≈ 0.389 ∆E ≈ 0.237 ∆E ≈ 0.0367

Figure 12: Evolution of copying during teacher training. Top (a–d): Qualitative comparison
of distillation results from different teacher snapshots on unconditional MNIST. Each
quintuple shows Φ1(z), Φ8(z), G(z), and nearest neighbors x1, x2 from the training
set. Alignment between G(z) and Φ8(z) improves as training progresses. Bottom:
Quantitative alignment plots showing ∥G(z) − Φ8(z)∥ (vertical) vs. ∥Φ1(z) − Φ8(z)∥
(horizontal). The sharp decrease in pairing inefficiency ∆E from 1.05 to 0.0367 high-
lights that teacher convergence is a primary driver of student copying.

14



WHY ARE DMD STUDENTS LAZY?UNDERSTANDING THE COPYING BEHAVIOR IN FEW-STEP DISTILLATION

Appendix D. Derivations

Proof of Lemma 2: Given Gθ(z)
d
= Gθ′(z) equal in distribution, since ε ∼ N (0, I) is independent

of z ∼ N (0, σ2(T )I), we have that

Gθ(z) + σ(t)ε
d
= Gθ′(z) + σ(t)ε.

But by definition of the student probability path, this is just pθ,t = pθ′,t equal in distribution for all
t ∈ T . Noting that KL-divergence is only dependent on the distribution supplied, it follows that

LDM(θ) :=

∫
w(t)KL(pθ,t∥pt) dt.

=

∫
w(t)KL(pθ′,t∥pt) dt.

= LDM(θ′).

Finally, ∇θLDM(θ) ̸= ∇θLDM(θ′) in general because ∂Gθ(z)/∂θ generally takes different values
at different θ and θ′. ■

To illustrate how two student models can achieve similar (identical) distributional fits while
learning pairings with vastly different efficiencies, consider the following geometric construction.
Let the target distribution pdata be a singular measure in R2 supported on a slightly deformed circle
(1 + δ)x2 + y2 = 1, where δ ≪ 1. This distribution is defined by pushing forward the isotropic
Gaussian noise (x, y) ∼ N(0, σ2I) via the mapping T :

T (x, y) =
(x, y)√

(1 + δ)x2 + y2
.

Assume the teacher model has learned the distribution perfectly, such that ΦK(x, y) := T (x, y).
Now, consider a restricted class of student models Gθ which first applies a rotation θ to the noise
space prior N (0, σ2(T )I) then projects it onto the unit circle:

Gθ(x, y) =
(x cos θ − y sin θ, x sin θ + y cos θ)√

x2 + y2
.

Because the Gaussian noise source is rotationally invariant, Gθ generates the same output distri-
bution pdata for any θ. Consequently, both θ = 0 and θ = π are global optimizers of the distribution
matching loss:

LDM(θ = 0) = LDM(θ = π) ≈ 0.
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However, these two solutions exhibit fundamentally different pairing efficiencies:

• At θ = 0, the student’s orientation aligns perfectly with the teacher’s, resulting in ∆E(ΦK , G0) ≈
0, manifesting clear copying behavior.

• At θ = π, while the generated distribution is identical, the student reverses the orientation of
the mapping relative to the teacher, resulting in a significantly larger ∆E(ΦK , Gπ) ≫ 0.

We note this example also works to show that in general ∇θLDM(θ) ̸= ∇θLDM(θ′) for θ′ =
θ + π for θ /∈ {0, π}.

Lemma 3 (Properties of Pairing Inefficiency) The pairing inefficiency ∆E is non-negative (∆E ⩾
0) and invariant under uniform scaling of all measures, i.e., ∆E(cΦK , cG) = ∆E(ΦK , G) for all
c > 0, providing a robust measure for comparing copying behaviors across scales. Furthermore,
the empirical estimator ∆(N)

E is consistent, such that ∆(N)
E → ∆E almost surely as N → ∞.

Proof Let πDT denote the joint distribution of pairs (ΦK(z), G(z)) induced by the shared noise
source z ∼ pz . By construction, πDT is a valid coupling in the set of all couplings Γ(pΦ, pG). Since
the optimal transport cost EOT is defined as the infimum over this set, it follows that:

EDT (ΦK , G) =

∫
∥x− y∥22 dπDT (x, y) ⩾ inf

π∈Γ

∫
∥x− y∥22 dπ(x, y) = EOT (ΦK , G).

Therefore,
∆E = EDT /EOT − 1 ⩾ 0.

To show scale invariance, consider a constant c > 0. For any coupling π ∈ Γ(pΦ, pG), the
scaled coupling πc = (c, c)#π belongs to Γ(pcΦ, pcG). The scaled optimal transport cost is:

EOT (cΦK , cG) = min
πc∈Γ(pcΦ,pcG)

∫
∥x− y∥22 dπc(x, y)

= min
π∈Γ(pΦ,pG)

∫
∥cx− cy∥22 dπ(x, y)

= c2 min
π∈Γ(pΦ,pG)

∫
∥x− y∥22 dπ(x, y)

= c2EOT (ΦK , G)

Similarly, EDT (cΦK , cG) =
∫
∥cx− cy∥22 dπDT (x, y) = c2EDT (ΦK , G). Because ∆E is defined

as a relative ratio, the factor c2 cancels, yielding scale invariance

∆E(cΦK , cG) = ∆E(ΦK , G).

Finally, by Varadarajan’s Theorem, the empirical measures p
(N)
Φ and p

(N)
G converge weakly to

pΦ and pG almost surely. Given that the images of ΦK and G are bounded within a subset of
compact support (due to the bounded non-linearities of the generators), the L2 Wasserstein dis-
tance is continuous with respect to weak convergence. Consequently, the empirical estimator ∆(N)

E

converges almost surely to the population value ∆E as N → ∞.
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Intuition for the Geometric Conjecture
To illustrate the intuition that higher degree of copying arises from limited geometric freedom,

consider a target uniform distribution U with density ρ = 1/4 supported on the square with vertices
(±1,±1). Within the interior of the square, the student may continuously perturb or remap noise–
data pairings while still approximately preserving the target density. In this regime, there exists
substantial geometric flexibility for transport.

In contrast, near the boundary of the support, remapping becomes significantly more con-
strained. To preserve the uniform distribution while continuously deforming transport pairings near
the edges, the student must satisfy additional geometric and continuity constraints induced by the
boundary structure. Under limited expressiveness of a single-step generator1, such constrained de-
formations may be substantially harder to realize during optimization. Consequently, the optimiza-
tion dynamics may favour preserving the teacher’s original noise–data pairings in these regions,
leading to stronger copying behavior.

1. The student model in the chessboard experiment in contrast, is highly expressive, and could easily learn a remapped
distribution. See Figure 2 and Section 3.3.
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Appendix E. Implementation Details

Network Architectures and Preconditioning. For our primary high-dimensional benchmarks, we
utilize the conditional ImageNet-64 teacher model provided by Yin et al. [14], which employs the
ADM architecture [2] with a base width of Cbase = 192 and label dim = 1000. The student model
is an architectural copy of this teacher, initialized directly from its pre-trained weights to observe the
distillation phenomena. For the unconditional MNIST experiments (32× 32, 1-channel), we adapt
the same ADM architecture but reduce the capacity to Cbase = 64 and set label dim = 0 to ensure
strictly unconditional distillation. Both image-based models share a consistent UNet configuration,
featuring a channel multiplier of [1, 2, 3, 4], three residual blocks per resolution, and self-attention
layers at resolutions of 32, 16, and 8. EDM preconditioning [6] is applied to scale inputs, outputs,
and skip connections by σ-dependent factors, maintaining unit variance throughout the distillation
process. Finally, for the synthetic experiments on the 2D checkerboard manifold embedded in 4D
space, we utilize a MLP architecture with 5 hidden layers of 384 hidden units, with 32-dimensional
Fourier time embedding.

Distillation Dynamics and Optimization. Student models are initialized from their respective
pre-trained teacher weights. A central feature of the distillation is the 1 : 5 update ratio between
the generator (Gθ) and the fake score model (sψ). The fake score model is optimized at every
iteration to provide a high-quality surrogate of the evolving student’s actual score ∇x log((Gθ(z) ∗
N (0, t2I))(x)) while the generator is updated via the distribution matching loss every five iterations.
We utilize the Karras noise schedule [6] with parameters σmin = 0.002, σmax = 80, and ρ = 7. To
ensure numerical stability and avoid training on uninformative noise levels at the extreme ends of
the SDE trajectory, timesteps are sampled from a restricted interval of [2%, 98%]. All models are
trained using the AdamW optimizer with a learning rate of 2 × 10−6, weight decay of 0.01, and a
500-step linear warmup. Distillation for ImageNet-64 is conducted on a single NVIDIA H100 GPU
for 50, 000 iterations using batch size of 32. MNIST and synthetic toy experiments are performed
on the same GPU with batch sizes of 32 and 512 respectively.
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