Supplementary Material for DGD: Density Gradient-guided

Diffusion for Long-Tailed Clustering

A. Detailed Derivation of Density-Guided Dif-
fusion

This section provides a compact derivation of the proposed
density-gradient guidance mechanism within the reverse
diffusion process. The formulation is fully aligned with the
main paper and clarifies how the standard DDPM reverse
process evolves into the density-guided mean update.

A.1. Standard Reverse Process

In a standard DDPM, the reverse transition at timestep ¢
follows:
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and Xg(z,t) is the time-dependent variance. This reverse
process approximates the data distribution in an unbiased
manner, but under long-tailed data, it tends to reconstruct
high-density (head) regions.

A.2. Latent Density Estimation and Potential Func-
tion
Real samples are encoded by the feature extractor E into

latent features Zey = {z;}1Y,. The latent density is esti-
mated using Gaussian KDE:
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where K, (-) is an isotropic Gaussian kernel. We define a
potential function:

U(z) = —In(p(2) + p), (A4)

where p > 0 ensures numerical stability. U(z) attains larger
values in low-density (tail) regions. Its gradient field

_ V.i(2) (A.5)

VU(2) = p(z)+p’

points from dense head regions toward sparse tails and
serves as the guidance direction.

A.3. Density-Guided Reverse Posterior
To bias sampling toward tail regions, we reweight the re-
verse posterior:

Peuidea(Ze—1]2¢) < pg(ze—1| 2¢) exp (U (21-1)), (A.6)

where 7, is a time-dependent coefficient—strong early for
exploration, weaker later for detail recovery.

A 4. Deriving the Guided Gaussian Form
Since pg(z¢—1 | 2¢) is sharply peaked near pig(z¢,t), we lin-
earize U(z;—1) around pg:
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Substituting yields:
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Completing the square gives:
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Thus, the guided posterior remains Gaussian:

Pouided (2t—1 | 2¢) = N(ze—1; po(2e,t) + 1 Xo (24, )

V.U (po(2t,t), Lo (2, 1)).
(A.10)
The guidance acts as a mean shift 7,39V U, leaving the
covariance unchanged—an exponential reweighting of the
reverse Gaussian.

A.5. Practical Guided Mean

For stability, we evaluate the gradient at the current latent
Zt.

,uguided(zta t) = NJQ(Zt, t) + ntze (Zt; t)sz(Zf) (Al 1)

Here, ¢ reconstructs data, while the second term directs
the process toward sparse tail regions—key to enhancing
long-tailed representation.

B. Efficiency and Complexity of Density Esti-
mation

To scale DGD to large datasets, we adopt an efficient trun-
cated kKNN-KDE approximation.



Algorithm 1: Training Procedure of DGD

Input: Training data X, encoder Ey, diffusion
model €y, threshold 7, guidance strength 7
Output: Optimized parameters ¢, 0
1. Pre-train encoder: Train F for 50 epochs to
obtain a stable latent space.

2. Outer loop: for o = 1 to T, do

Encode samples x; € X as z; = E¢(:ci);

Estimate KDE p(z) and gradient V.U (z); cache
them;

Inner loop: for i = 1 to T},,,., do
Sample latent z;;
Compute

Hguided = ﬂG(Zta t) + T)tze(zta t)sz(Zt);
Generate zg via reverse diffusion;
Cluster Zeat U Zgen to obtain pseudo labels;
Select high-confidence samples (Pax > 7);
Update ¢y, E¢, using Lpom + ALnfoNCE;

B.1. Naive KDE Complexity

A Gaussian KDE for N latent features {z;} in d dimensions

requires:
N

ZKU(Z —zi),

i=1
yielding O(Nd) per query and O(N?d) overall, which is
prohibitive for periodic refreshes on long-tailed datasets.
B.2. Efficient KNN-KDE Approximation

We approximate KDE using k-nearest neighbors:
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where NV (z) is the k-NN set (k = 64 by default). The
density gradient shares the same neighbor set:

V.pinn(2) = ¢ Z V.Ko(z — zi).
1ENL(2)

(A.14)

Since local KDE is evaluated only over the k-nearest neigh-
bors of each sample, the estimation of density and its gradi-
ent relies only on local neighborhood information, avoiding
the full computation over all N samples required by naive
KDE.

B.3. Practical Implementation

We refresh the density field periodically (every 20 epochs):
1. Use a GPU-accelerated kNN search to compute Ny (2)
for all latent points.

Table 5. Efficiency comparison on CIFAR-10-LT (IR=10).

Method Time (h) Memory (GB)] ACC (%)t

SCAN 1.2 4.2 294
CcC 1.5 4.8 39.6
CLUDI 35 6.0 46.1
Ours 2.8 5.5 54.5

2. Compute and cache pynn(z) and VP (2) for all z;.

During training, VU (z;) for each batch sample is re-
trieved from cache, amortizing the computational overhead
across many iterations. Table 5 further reports the practi-
cal training time and GPU memory usage on CIFAR-10-
LT (IR=10), showing that DGD remains efficient in practice
while achieving the best clustering accuracy.

C. Additional Experimental Settings

All experiments follow the same backbone, input resolu-
tion, diffusion steps, and optimization settings as Sec. 4.1.
Training proceeds in two stages: pre-training for feature sta-
bilization and joint optimization for synergy.

Pre-training. The encoder E is trained for 50 epochs
to form a stable latent space. It is then frozen while the
diffusion model ¢y is trained for 100 epochs using only the
denoising objective.

Joint optimization. Both networks are jointly trained
for 200 epochs under the combined loss. The density field
is refreshed every 20 epochs (outer loop), and model pa-
rameters are updated at each iteration (inner loop). Unless
otherwise stated, all results are averaged over five runs.
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