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Figure 1. We perform unsupervised segmentation by applying Normalised Cuts [42] to self-attention features from Stable Diffusion [41]
in a hyperparameter-free setting, and achieve superior performance on Coco-Stuff-27 [5] compared to trained and zero-shot methods.

Abstract

We propose a zero-shot unsupervised image segmentation
method by utilising self-attention activations extracted from
Stable Diffusion. We demonstrate that self-attention can di-
rectly be interpreted as transition probabilities in a Markov
random walk between image patches. This property en-
ables us to modulate multi-hop relationships through matrix
exponentiation, which captures k-step transitions between
patches. We then construct a graph representation based on
self-attention feature similarity and apply Normalised Cuts
to cluster them. We quantitatively analyse the effects of in-
corporating multi-node paths when constructing the NCuts
adjacency matrix, showing that higher-order transitions en-
hance hierarchical relationships in the proposed segmenta-
tions. Finally, we describe an approach to automatically de-
termine the NCut threshold criterion, avoiding the need to
manually tune it. Our approach surpasses all existing meth-
ods for zero-shot unsupervised segmentation based on pre-
trained diffusion models features, achieving state-of-the-art
results on COCO-Stuff-27, Cityscapes and ADE20K.
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1. Introduction

Segmentation of images into semantically-meaningful re-
gions is of key interest in computer vision. Unsupervised
semantic segmentation aims to label images without ex-
plicit training to identify specific object types [22, 25, 42].
Zero-shot segmentation eschews training altogether, repur-
posing models which have not been trained for a segmen-
tation task at all, with the goal of improved generaliza-
tion [12, 27, 45, 46]. We focus on unsupervised zero-shot
multi-class semantic segmentation, where an image is la-
belled with many distinct and interpretable labels (“horse,
sand, human, sky”’) rather than e.g. binary partitioning into
foreground/background as in [27, 35, 51].

Modern approaches to unsupervised segmentation lever-
age the information inherently captured in the latent fea-
tures of models trained for other tasks. While some meth-
ods require access to the target data for downstream un-
supervised segmentation training [6, 21, 22, 28, 39, 43],
and hence, cannot segment outside of their target domain,
zero-shot approaches solve this by directly utilizing the fea-
tures of generative text-to-image models like Stable Dif-
fusion [41] for semantic [12, 45, 46] or even interactive
open-vocabulary segmentation [27]. Stable Diffusion’s



self-attention features richly encode how much each (la-
tent) pixel attends to every other pixel, and form a natu-
ral basis for partitioning an image [46]. Because the self-
supervised training process needs to parsimoniously ac-
count for e.g. spatial equivariance of rigid objects or de-
formation of flexible objects like human bodies, the latent
features would be expected to give rise to similar embed-
dings for pixels across objects that are consistent under
these types of transformations.

Leveraging the effectiveness of self-attention features
from Stable Diffusion 1.4, as in DiffSeg [46], we propose a
novel unsupervised zero-shot segmentation approach. De-
parting from DiffSeg’s bottom-up, iterative merging strat-
egy, we employ the classic Normalised Cuts algorithm [42]
to iteratively partition image regions based on self-attention
similarity. To address the challenge of manual tuning in
Normalised Cuts, we propose a method that automatically
determines the stopping criterion. This yields a tuning-
free method that automatically estimates optimal thresh-
olds for halting the iterative partitioning, surpassing the per-
formance of existing zero-shot unsupervised segmentation
techniques.

Furthermore, we interpret the self-attention maps as tran-
sition kernels for a random walk across the image space, ef-
fectively grouping latent pixels with high connectivity prob-
ability. By exponentiating these kernels, we enable random
walks to take larger steps, providing a natural and control-
lable mechanism for selecting the desired semantic granu-
larity of the segmentation. This mathematical interpretation
not only provides theoretical grounding for our approach
but also enables intuitive control over segmentation detail.

Our contributions are:

e A zero-shot unsupervised semantic segmentation algo-
rithm that outperforms the state-of-the-art, including
DiffSeg [46], EmerDiff [37], and DiffCut [12];

A random walk interpretation of self-attention features
used to build the Normalised Cuts adjacency matrix,
which can modulate semantic granularity by simple ma-
trix exponentiation;

A novel approach to automatically selecting the critical
threshold for Normalised Cuts on a per-image basis that
eliminates the main “fiddle factor” in unsupervised seg-
mentation.

2. Related Work

2.1. Unsupervised Segmentation via Generative
Models

Internal features of GANSs [19], VAEs [29] and other self-
supervised models such as DINO [1, 6], have long been
used for diverse downstream image tasks, achieving impres-
sive results [7, 10, 22, 31, 32, 47, 48]. Recently, large-
scale generative text-to-image models (e.g. Stable Diffu-
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sion [41]), have provided even richer internal features to be
used for downstream tasks including depth estimation [8],
semantic correspondence [23, 33, 45, 53], and segmenta-
tion [3, 52]. Unsupervised zero-shot segmentation is one
example where methods leveraging diffusion model fea-
tures have achieved state-of-the-art results [12, 37, 46].
EmerDiff [37] demonstrates that cross-attention query vec-
tors encode semantic information at each spatial location.
They first perform k-means clustering on these vectors at
low resolution to obtain initial segments. To achieve high-
resolution segmentation, they perturb the cross-attention ac-
tivations corresponding to each segment, re-generate, and
observe which pixels in the output are most affected. Al-
though this method produces accurate segmentation bound-
aries, it requires two denoising passes through the diffusion
model per segment. Additionally, the approach requires
prior knowledge of the number of segments, meaning it is
not truly unsupervised.

DiffSeg [46] instead uses self-attention maps from Sta-
ble Diffusion [41]. For an input image yielding N latent
patches, they extract an NxN self-attention matrix where
each row represents the attention distribution from one
patch over all other patches. Inspired by SAM [30], they
sample “anchor” points on a grid and iteratively merge re-
gions based on the Kullback-Leibler divergence between
their averaged attention distributions. This bottom-up ap-
proach does not require the number of segments to be pro-
vided a priori. However, it is computationally expensive
due to both the grid sampling process and KL divergence
calculations between large matrices; the latter must be cal-
culated twice between each pair of patches/segments as it
is not symmetric. Furthermore, the grid sampling strategy
may miss small but significant image features if the anchors
aren’t sampled densely enough, and the iterative merging
requires pre-setting a threshold over KLD as well the num-
ber of iterative merging passes.

DiffCut [12], inspired by DiffSeg, extracts features
(rather than raw self-attentions) from a Stable Diffusion XL
model, and employs Normalised Cuts [42] iteratively with
a manually tuned stopping criterion, and an exponentiation
factor to increase the contrast of the adjacency matrix for
easier partitioning. This follows from a line of recent works
which has revitalized the use of spectral clustering meth-
ods by leveraging graphs constructed from neural network
features. Deep Spectral Methods [35], for instance, utilize
features extracted from a pre-trained self-supervised vision
transformer (DINO) for salient object localization. Simi-
larly, TokenCut [51] and MaskCut [50] employ Normalised
Cuts on DINO features, with MaskCut iteratively partition-
ing the image into a pre-defined number of segments. More
recently, Panoptic Cut [26] extends this approach by ap-
plying Normalised Cuts for a fixed number of iterations
on DINO features, generating segment proposals for open



vocabulary segmentation. Concurrent works interpret vi-
sion transformer attention activations as transition proba-
bilities [15, 17, 27]. Notably, [54] first explored the effec-
tiveness of spectral clustering over features from generative
diffusion models, demonstrating they encode rich semantic
and spatial information.

A common limitation across all the aforementioned seg-
mentation methods is their reliance on either a single bipar-
tition for salient object detection (Deep Spectral Methods,
TokenCut) or iterative partitioning with manually specified
parameters like the number of clusters (MaskCut), parti-
tioning iterations (PanopticCut) or stopping criteria (Diff-
Cut). Instead, our approach extracts and aggregates self-
attention activations from Stable Diffusion 1.4 as in Diff-
Seg, to which we apply Normalised Cuts, concurrently to
DiffCut. In addition, we propose a way to automatically
halt the partitioning of each image, eliminating the need for
manual tuning of NCut parameters, such as number of iter-
ations or stopping threshold. Finally, we observe a special
property of self-attention activations in particular, which al-
lows us to control the partitioning for semantic granularity.
Next, we review the theory behind the classic Normalised
Cuts algorithm which informed our approach.

2.2. Normalised cuts

Spectral graph theory traces its roots to the 1970s [14, 18],
but was first famously applied to computer vision by Shi
and Malik [42] with the advent of Normalised Cuts.

Here, an image is represented as a weighted, undirected
graph G = (V, E, w) where pixels correspond to vertices
V', and edge F weights w represent some similarity measure
between each pair of pixels. The graph can be partitioned,
or cut, into two disjoint sets A and B, where the cost of
cutting it is the sum of all edge weights that are removed:

cut(A4,B) = Z w(u, v).

u€AveB

)]
The normalised cut (NCut) instead normalizes this cost rel-

ative to the total connections in each part of the graph:

cut(A, B)
assoc(A,V)

cut(4, B)

N A, B)=
Cut(4, B) assoc(B,V)

2)

Here assoc(A, V') measures the total connection (weighted
sum of all edges) from nodes in A to all nodes. This nor-
malization prevents the algorithm from isolating individual
vertices, since cutting off a small set would result in a high
NCut value. Instead the minimum-cost cut tends to split the
image into two large but dissimilar regions.

The authors show that the normalised cut formulation
can be solved through a generalized eigenvalue problem.
Given a adjacency matrix A (representing the weighted
graph GG) containing edge weights between nodes and its
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corresponding degree matrix D (where each diagonal en-
try is the sum of that row in A), the NCut optimisation is
equivalent to solving:

Lx = \Dx, 3

where L is the Laplacian L = D — A. The solution is
found in the eigenvector x5 corresponding to the second-
smallest eigenvalue Ay, also known as the Fiedler vector,
which is used to describe a graph’s algebraic connectiv-
ity [18]. This eigenvector assigns a value to each pixel;
the algorithm finds a threshold in these values that mini-
mizes the Normalised Cut, bipartitioning the image. Since
the Fiedler vector takes on continuous values, the authors
recommend testing several thresholds, and selecting the one
with the smallest NCut cost. They also extend the algorithm
to give more than two regions, by iteratively partitioning
each resulting subgraphs until some condition, such as a tar-
get number of clusters, or a threshold NCut cost, is met.

Dynamic NCut threshold. A further extension to the
NCuts algorithm is the Minimum Average Node Cut
(MAN-C) [49], which aims to overcome the need for man-
ually setting the number of clusters, iterations, or threshold
NCut cost. It defines a “good” cluster based on the condi-
tion min-cut(G) > %, where n is the number of vertices,
T is the total edge weight, and m is the number of edges.
In MAN-C, the minimum cut for a partition is the smallest
sum of edge weights needed to separate the graph into two
parts. For each proposed Normalised Cuts partition, MAN-
C checks if this minimum cut is lower than the threshold

% to determine when to halt the recursive partitioning.

Random walk interpretation. Meila and Shi [34] later
gave a probabilistic interpretation of NCut by showing that
spectral clustering can be viewed through the lens of ran-
dom walks on graphs. They demonstrated that the degree-
normalised adjacency matrix P = D~!A represents tran-
sition probabilities of a random walk, where F; ; repre-
sents the probability of moving from node 7 to node j. The
eigenvectors of this transition matrix correspond exactly to
the NCut solution, with the second largest eigenvector pro-
viding the optimal binary partition. This interpretation re-
veals that spectral clustering effectively groups nodes that
have high probability of being connected by random walks
and suggests that any matrix with random walk properties
(row-stochastic, capturing similarity relationships) can be
directly used in the NCut framework.

3. Methods

The success of DiffSeg [46] and EmerDiff [45] demon-
strates that pre-trained text-to-image diffusion models en-
code rich semantic relationships in their internal representa-
tions. Our approach recognizes and exploits a fundamental
mathematical property of these models’ self-attention ma-
trices. In this section, we present our method in five parts:



first, we describe how we extract self-attention features
from Stable Diffusion (Section 3.1); next, we explore two
complementary approaches to leveraging these features—
directly interpreting self-attention as random walks (Sec-
tion 3.2) and constructing adjacency matrices from atten-
tion feature similarity (Section 3.3); we then detail our ap-
plication of Normalized Cuts to these representations (Sec-
tion 3.4); propose an automatic threshold determination
method (Section 3.5); and finally describe our upsampling
process (Section 3.6).

3.1. Extracting diffusion features

Given the pre-trained diffusion model, we use DDIM In-
version [13, 44] to invert real images for a small number
of steps (we use 10 out of 50 in our experiments, and ab-
late this in the Supplementary), then extract self-attention
from the denoising U-Net decoder from a single genera-
tion step. For Stable Diffusion, transformer activations ex-
ist in four resolutions across the decoder: 82, 162, 322
and 642. We extract self-attention maps S(") e RN*N
where r € {0, 1,2,3} is the resolution level and N cor-
responds to the spatially flattened latent feature resolution
82,162, 322 and 642. We sum across attention heads fol-
lowing [46, 54]. We aggregate over resolutions by upsam-
pling to 642 x 642 followed by a proportional weighted sum,
empirically defined in DiffSeg [46], producing an aggre-
gated self-attention matrix P = > w, - S ("), Each ma-
trix S(") is row-normalized through softmax, and since the
weights w,- sum to one, the aggregated matrix P maintains
row-normalization.

3.2. Self-attention defines a random walk

While traditional NCut requires constructing an adjacency
matrix A, from which the random-walk interpretation de-
rives a degree-normalized (i.e. row-stochastic) transition
matrix P = D~ A, we observe that the aggregated self-
attention P already satisfies the mathematical properties of
a random walk transition matrix, albeit without being de-
rived explicitly from some adjacency matrix A.

As described in the previous section, our aggregated self-
attention matrix maintains row-normalization through the
softmax operation in the attention mechanism and weighted
aggregation. Consequently, each row in P represents a
probability distribution, with elements F; ; giving the prob-
ability of transitioning from patch ¢ to patch j in a random
walk across the image.

It is therefore possible to directly apply Normalized Cuts
theory in the Random Walk reframing. We use the transi-
tion matrix as the input to recursive NCut as proposed by
Shi and Malik [42], as described in Section 3.4, by adapt-
ing the algorithm to use the eigenvectors of the transition
probabilities P (c.f. [34]) instead of an adjacency matrix A.
Since P is not necessarily symmetric, to estimate the second
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eigenvector, we apply power iteration with one deflation.

This formulation provides a principled approach to lever-
aging self-attention directly for segmentation, without re-
quiring the construction of an intermediate adjacency ma-
trix or similarity metric, while still benefiting from the the-
oretical guarantees of spectral clustering.

3.3. Adjacency matrices from feature similarity

Beyond directly using self-attention as transition probabil-
ities, we can construct traditional adjacency matrices by
treating each patch’s attention pattern as a feature embed-
ding. While DiffSeg uses Kullback-Leibler divergence be-
tween attention distributions, we employ either dot product
or cosine similarity (empirically contrasted in Section 4.2),
which can be computed more efficiently.

These constructions yield a positive-valued, symmetric
adjacency matrix A suitable for the conventional NCut for-
mulation. This allows for efficient direct eigendecomposi-
tion rather than power iteration.

At the same time, we can exploit the random-walk prop-
erty of the self-attention matrix established in Section 3.2
prior to constructing the adjacency matrix. By computing
P* through matrix exponentiation, each entry (Pk)ij repre-
sents the probability of transitioning from patch 7 to j in ex-
actly k steps [38]. This k-step transition probability aggre-
gates all possible walks of length k between patches ¢ and
7, capturing information flow through intermediate patches.

The exponent k serves as a scale parameter: smaller
values preserve local attention patterns, while larger val-
ues enable broader information diffusion across the image,
connecting semantically related but spatially distant patches
(see first row of Figure 6). We evaluate several values of k
in Section 4.4, showing how this parameter effectively con-
trols the hierarchical level of segmentation.

NCut=0.3 NCut=04 NCut=0.5 KL=1.1

Input

Figure 2. Qualitative comparison on COCO-Stuff-27 between our
simple Random Walk approach for different NCut cost thresholds
(columns 2-4) and DiffSeg for different Kullback-Leibler Diver-
gence thresholds (columns 5-7).

3.4. Applying normalised cuts (NCut)

So far, we have introduced two approaches to quantify se-
mantic correlations across the image by (1) modeling the
aggregated self-attention matrix as a k-step random walk



among patches via matrix exponentiation, and (2) construct-
ing an adjacency matrix from patch-level feature similari-
ties. As discussed in Section 2.2, both introduced formu-
lations allow us to apply Shi and Malik’s recursive Nor-
malised Cuts (NCut) criterion [42] to partition the image.
Regardless of whether a random walk or adjacency matrix
is used, the algorithm proceeds as follows. (1) Solve the
generalised eigenvalue problem (equation 3). (2) Threshold
the Fiedler vector across test values, selecting the bipartition
with lowest NCut value. (3) If the NCut cost exceeds a pre-
defined threshold, return the current partitions. (4) Other-
wise, recursively apply the algorithm to each newly formed
partition.

3.5. Adapting MAN-C

A key challenge in Normalized Cuts is determining when
to stop recursive partitioning. Manual threshold selection
is burdensome and image-dependent. To address this, we
adapt the Minimum Average Node Cut (MAN-C) algorithm
[49], detailed in Section 2. MAN-C works well for sparse
graphs, where there are few edges. However, our graphs
derived from self-attention similarities have very high edge
density, and in this case the MAN-C threshold reduces to
% i.e. it is scaled by the number of nodes—therefore,
a minimum cut will almost always be larger, since it’s not
appropriately scaled w.r.t. the threshold anymore.
Hence, we propose and evaluate (Section 3.5) two alter-
native adjustments:
1. Directly compare NCut cost to the MAN-C threshold;
2. Compare to a scaled minimum cut, mi"%‘“((;), which
scales the minimum cut relative to the graph’s total edge
weight 7', to place it in the same scale as the MAN-C
threshold.
Both approaches are designed to keep the adaptive nature of
MAN-C while handling the dense nature of our similarity
graphs.

3.6. Segmentation aggregation and upsampling

After recursive partitioning, we aggregate the NCut parti-
tions into unique segments and calculate the average feature
vector for each region, resulting in K averaged PDFs for K
segments of shape N x N, where N is the latent size (num-
ber of latent patches). We upsample these segmentations to
the original image resolution by first applying bilinear in-
terpolation to the original features—512 x 512 x N2, then
computing cosine similarity between each upsampled pixel
feature and each segment’s average distribution. Each pixel
is assigned to its closest segment, producing the final seg-
mentation map.

4. Experiments

Datasets. For our main experiments, we follow [9,
25, 37, 46] and use a subset [25] of COCO-Stuff-27 [5]
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validation data. It consists of 2174 images, combining
80 thing and 91 stuff categories from COCO-Stuff-171
into 27 classes. Our final approach is also evaluated on
Cityscapes [11], following DiffSeg [46]. We additionally
evaluate on ADE20K [55], and use it for our comparison
with DiffCut [12].

Metrics. To quantitatively evaluate unsupervised segmen-
tation, we report Mean Pixel Accuracy, Mean Intersection
over Union (mloU), as done in previous works [22, 37, 46],
in addition to F1 score. Since class labels are not predicted,
we use Hungarian matching to assign predicted segments
to their closest Ground Truth segments, following standard
practice [37, 43, 46]. This penalizes oversegmentation,
since when there are more predicted segments than Ground
Truth ones, the remaining predicted segments are consid-
ered false positives. We note that due to the varying gran-
ularity of human annotated segmentation labels, this stan-
dard evaluation strategy is far from perfect. For example, in
Figure 2, row 1, the Ground Truth merges the human fig-
ures, along with attributes such as gloves and helmets into
a single annotation. Our method can match this annotation
granularity with a lower NCut threshold (row 1, column 2),
or separate the baseball glove, along with the hats, shoes,
trousers, shirts, legs and arms into their own segments when
the threshold is increased. We dicuss how this affects quan-
titative evaluation in the Supplementary, Section A.

4.1. Random Walk Baseline

As outlined in Section 3.2, our simple baseline approach
uses the aggregated self-attention matrices directly as a
random walk transition matrix and applies recursive Nor-
malized Cuts over it. We show examples from several
thresholds over the NCut cost as a stopping criterion in
Figure 2, where we also compare it to results from Diff-
Seg for their best-perfoming KLD threshold (1.1, column
5) along with two lower values. Since Normalised Cuts
is inherently a top-down segmentation approach, we note
how a higher NCut threshold increases granularity in the
predicted segments, which generally follow a hierarchical
structure; for DiffSeg, lower KLD threshold has a simi-
lar effect, as the approach merges segments in a bottom-up
fashion. Overall, our approach’s predictions are more pre-
cise, and demonstrate a clear hierarchical semantic relation-
ship between segments across thresholds, even in the case
of extreme oversegmention—for instance, the horses legs,
hooves, backs and faces are all grouped together in row 2,
column 4. DiffSeg predictions, on the other hand, suffer
from pronounced horizontal banding artefacts (row 2, 5).
Quantitative results for NCut threshold set to 0.3 in Table 4
show that this simple approach already performs almost as
well as the state-of-the-art DiffSeg, particularly with respect
to mloU and accuracy.
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Figure 3. Self-attention PDF (aggregated) (a) and corresponding
dot product (b) and cosine similarity (c) adjacency values for a
single patch.

4.2. Self-Attention adjacency

The previous experiment motivates a natural follow-up:
how can we best construct a traditional NCuts adjacency
matrix based on the similarity between self-attention activa-
tions? Here, we validate the two variants proposed in Sec-
tion 3.3: constructing A as the dot-product between the self-
attention PDFs, or as their cosine similarity (normalised dot
product). Both variants result in a positive-valued sym-
metric adjacency matrix A, since self-attention is already
probability-normalised. We compare the results of apply-
ing Normalised Cuts over each variant across three different
NCut Thresholds in Table 1, where the Dot Product variant
is the clear leader—note that when the NCut threshold is
set to 0.4, it already outperforms state-of-the-art DiffSeg in
terms of both mIoU and Accuracy.

Examining the spatial distribution plots of self-attention
compared to the two adjacency variants for a given patch
marked by red dot in Figure 3, we can see the intuition be-
hind why dot product performs better. For a given query
position ¢, the self-attention produces a PDF p, that is
sharply peaked at ¢ and its immediate neighborhood N (g),
with near-zero values elsewhere, as shown in (a). The
dot product qupr between two such distributions preserves
this sparsity structure, showing high similarity only when
neighborhoods overlap in (b). In contrast, cosine similar-

T

ity mj“"% normalizes away this locality-preserving prop-
erty, artificially inflating similarities between distributions
with disjoint support, as evidenced by more distributed sim-
ilarities in (c), which form a halo around the object of in-
terest. Hence, more uniformly distributed adjacency val-
ues would have a negative effect on Normalised Cuts, as
it relies on having strong intra-segment connections and
weak inter-segment connections; cosine similarity would
therefore make the distinction between segments less pro-
nounced and lead to arbitrary cuts, as seen in Figure 4.

4.3. Hyperparameter-free NCut

In Section 3.5 we proposed a way to perform Normalised
cuts without setting an NCut cost as a stopping criterion,
making the approach completely hyperparameter-free.

5115

X

-
p Y

GT

o T

Input NCut=0.4 NCut=0.5 NCut=0.6 NCut=0.4 NCut=0.5 NCut=0.6

Figure 4. Qualitative comparison on COCO-Stuff-27 between
NCut over a dot-product Adjacency matrix (columns 2-4) and over
a cosine similarity Adjacency matrix (columns 5-7) across a range
of NCut thresholds.

Model Variant NCut Threshold Acc?T F11 mloUt
0.4 740 584 44.0

Dot Product 0.5 71.6  56.7 43.1
0.6 60.0 452 32.1
0.4 724  56.0 41.7

Cosine Similarity 0.5 71.5 56.0 42.2
0.6 629 477 344

Table 1. Quantitative results on COCO-Stuff-27 between Nor-
malised Cuts performed on adjacency matrices build as dot prod-
uct vs cosine distance between patch self-attention across three
different NCut thresholds.

Specifically, we suggested two versions of the MAN-
C algorithm with thresholds adapted to the specific graph
structure that arises from our adjacency matrices. We com-
pare these two automatic thresholding approaches to as-
sess their effectiveness in partitioning the self-attention ad-
jacency graphs, using the dot product construction from the
previous experiments. While the quantitative results in Ta-
ble 3 demonstrate that comparing the MAN-C criterion with
NCuts is much more effective, we can see in the qualita-
tive examples in Figure 5 that the segmentations proposed
by thresholding with the scaled MinCut are not necessar-
ily bad, as semantically meaningful groupings are clearly
emerging; rather, they are too granular, and punished by the
Hungarian matching due to the coarse annotations, as dis-
cussed earlier. Additionally, since the approach is now free
of hyperparameters, we follow up with an ablation study
on the self-attention resolution levels 8,16, 32,64 by pro-
gressively removing each, starting from the lowest resolu-
tion. This allows us to evaluate how different self-attention
scales contribute to segmentation quality. Removing lower
resolutions increases the granularity of predictions for both
methods, as seen in Figure 5, and decreases the metrics
they achieve; yet the qualitative examples demonstrate pre-
served semantic coherence even for the most granular pre-
dictions, such as those made with the Scaled MinCut thresh-
old. Overall, our quantitative results show that we out-
perform DiffSeg, which optimises several dataset-specific
hyperparameters (merging level, number of anchors, and
KLD merging threshold) in a completely hyperparameter-
free setting.
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Figure 5. Qualitative comparison of segmentation results for our two automatic thresholding approaches: Scaled MinCut (columns 2-5)
and NCut (columns 6-9) across different self-attention resolution levels.

steps k 1 2 3 4 5
Acc T 459 67.0 71.2 70.7 70.0
F11 36.1 54.4 56.9 55.8 54.2

mloU 1 23.8 40.7 424 41.1 39.6

Table 2. Comparison for a range exponents (random walk steps k)
applied to the self-attention transition matrix P before construct-
ing the adjacency matrix A. We employ Scaled MinCut for auto-
matic threshold selection, considering all available resolutions.

4.4. Power Walks

While our previous experiment demonstrates a fully auto-
mated approach for zero-shot unsupervised segmentation,
removing the need for pre-setting the NCut threshold means
we do not have a way to control the granularity of segmen-
tations. As established in Section 3.3, self-attention matri-
ces can be interpreted as random walk transition probabil-
ities. This allows us to modulate multi-hop relationships
through matrix exponentiation prior to constructing our ad-
jacency matrix. Our quantitative results in Table 2 show that
considering higher order walks (k = 2, 3,4) substantially
improves the performance of the Scaled MinCut threshold
approach against the annotations of COCO-Stuff-27. Qual-
itatively (Figure 6), we see that higher exponents have the
effect of hierarchically merging the more granular segments
produced at k = 1: the heads, wings, feet and bodies of the
parrots are merged into a larger “’parrot” segment, which is
closer to the human-annotated ground truth labels.

4.5. Comparison with state-of-the-art

In Table 4 we summarise the results of our method
alongside several recent approaches to unsuper-
vised segmentation—DiffSeg [46], DiffCut [12] and
EmerDiff [37], which are the closest to it conceptually, be-
ing zero-shot unsupervised segmentation models which rely
on Stable Diffusion features and represent state-of-the-art.
We also report results from trained unsupervised state-
of-the-art methods PiCIE [9], STEGO [22], DepthG [43],
U2Seg [39], CUPS [21] and EAGLE [28].

For DiffSeg, we use their suggested best hyperparame-
ters, i.e. 1.1 and 0.9 KLD threshold for COCO-Stuff and
Cityscapes respectively, and report additional ADE20K re-
sults from [12]. For EmerDiff, we evaluate with Hungar-
ian matching (dubbed “traditional evaluation strategy” by
the authors) for a fair comparison against the other meth-
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Resolution Levels

Approach Acc T F117 mloU7T
8§ 16 32 64

RandomWalkk v v v V 72.2 56.9 433
v v v Vv 74.7 60.6 46.1
MAN-C v v Y 74.1 60.8 46.6
w/ NCut v v 701 56.4 42.7
v 63.9 49.6 36.4
MAN-C v v v Y 459 36.1 23.8
W/ Scaied v v Vv 42.0 32.0 20.6
MinCut v v 37.2 27.6 17.0
v 36.1 25.0 15.3
DiftSeg v v v Vv 72.5 58.5 43.6
DiffCut v 59.6 44.5 31.3

Table 3. Comparison of our automatic threshold methods across
different attention resolution combinations on Coco-Stuff-27.
MAN-C NCut consistently outperforms both Scaled MinCut and
state-of-the-art DiffSeg. Random Walk baseline has NCut thresh-
old set to 0.3.

E‘

«HE
.5

o~
1}

k=2 k=3

Figure 6. Power Walks: Self-attention extracted from Stable Dif-
fusion for an arbitrary patch marked by red dot (row 1) framed
as a random walk transition probability matrix and raised to
the k™ power, allows us to build adjacency matrices which in-
creasingly capture higher-order patch-similarities (row 2). The
resulting unsupervised segmentations (row 3) produced by our
hyperparameter-free NCut method demonstrate that as long-range
relationships are enhanced, the granularity of segmentation de-
creases, while still extracting semantically-meaningful segments.



Trained Zero-shot
PiCIE [9] STEGO [22] DepthG [43] U2Seg[39] CUPS[2]1] EAGLE [28] EmerDiff[37] DiffSeg[46] DiffCut [12] Ours
COCO-Stuff 13.8 28.2 29.0 30.2 - 27.2 26.6 43.6 31.3 46.6
Cityscapes 12.3 21.0 23.1 21.6 26.8 22.1 12.0 21.2 18.1 22.0
ADE20K - - - - - - - 37.7 40.1 41.2

Table 4. Quantitative comparison of mloU between our approach and current unsupervised zero-shot state-of-the-art on COCO-Stuff-27,
Cityscapes and ADE20K, along with non-zero-shot unsupervised state-of-the-art for completeness. Best in bold, second best underscored.

ods, and set the mask proposal parameter K = 30, as the
authors suggest. While both DiffSeg and EmerDiff rely
on Stable Diffusion 1.4 as a feature extractor, DiffCut re-
port their main results on SSD 1B [20], a distilled variant
of Stable Diffusion XL[40], and utilise a post-processing
step to refine segmentation predictions - PAMR [2]. For
fairness, we exclude PAMR, and evaluate the method on
Stable Diffusion 1.4 using hyperparameters 7 = 0.2 and
a = 10, optimised for SD1.4 by the authors in their abla-
tion. We include the best-performing variant of our method,
which uses three self-attention resolutions, and moreover
does not rely on any hyperparameters as it leverages our
dynamic NCut thresholding scheme; this variant improves
on the state-of-the-art DiffSeg by 3.0% mloU on COCO-
Stuff and 0.8% on Cityscapes. In fact, some of the weaker
variants of our approach still outperform DiffSeg, see Ta-
bles | & 3. Furthermore, our dynamic threshold approach
outperforms DiffCut, despite it using NCut hyperparame-
ters specifically optimised for Stable Diffusion 1.4. In terms
of computational cost, all variants take 2-4s per image, with
the highest-scoring one (w.r.t. quantitative metrics) taking
2.5s on an A5000 GPU and using 16GB of VRAM.

Model Method w/o PAMR w/PAMR
DiffCut 46.1 49.1

SSD 1B Ours 41.3 42.6
DiffCut 31.3 452

SD 1.4 Ours 46.6 47.1

Table 5. Comparison with DiffCut (mIoU) on COCO-Stuff-27.

We perform further ablation against DiffCut Table 5. For
fair comparison, we benchmark our approach against Diff-
Cut using both SD 1.4 and SSD 1B. We also ablate the effect
PAMR postprocessing by adding it to our pipeline as well.
We use the best hyperparameters suggested by the authors,
ie. a = 10and 7 = 0.5 for SSD 1B or 7 = 0.2 for SD 1.4.

With SD 1.4, our method achieves 46.6 mloU on
Coco-Stuff-27 without PAMR post-processing outperform-
ing DiffCut’s 45.2 mloU with PAMR and 31.3 without. In
fact, without PAMR, our SD 1.4 results (46.6 mIoU) outper-
form DiffCut even with the newer, larger SSD 1B model.

Unlike SD 1.4, SSD 1B lacks self-attention at 8 x 8 and
16 x 16 resolutions, and has an asymmetric encoder-decoder
structure with additional decoder transformer blocks (34 in
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total), hence the DiffSeg feature aggregation strategy does
not translate to this setting. While our initial results with
this backbone show promise (Table 5), optimization of fea-
ture aggregation strategies for SSD 1B might improve per-
formance.

Qualitatively, both our coarser and finer predictions (Fig-
ure 1) are more precise than those of DiffSeg and DiffCut,
with additional visual comparisons in the Supplementary.

5. Conclusions

Unsupervised image segmentation is a challenging and am-
biguous task where even the definition of “correct” remains
debatable [16]. We demonstrate that we can exploit the nat-
urally emerging patterns in diffusion self-attentions to dis-
cover meaningful segmentations, by exploring the activa-
tions through the lens of random walks. By framing self-
attention as transition probabilities in a Markov process,
we establish a principled approach for clustering image re-
gions based on their semantic relationships, while offer-
ing intuitive control over segmentation granularity through
walk length. Our approach combines the strengths of both
top-down spectral clustering methods (like DiffCut) and
bottom-up merging strategies (like DiffSeg) while address-
ing their limitations: we eliminate the need for manual
threshold tuning in recursive partitioning through our au-
tomatic threshold determination, while avoiding the grid
sampling and iterative merging inefficiencies of bottom-up
approaches through our power walk exponentiation, which
naturally handles the “merging” of semantically related re-
gions. This balanced methodology produces hierarchically
consistent segmentations that align with human perceptual
judgments across diverse image types.

Our approach reveals intrinsic object groupings in
learned representations, specifically self-attention layers,
while achieving superior quantitative results. Though im-
plemented for Stable Diffusion 1.4, our methodology is
model agnostic and applicable to any model with atten-
tion features, as demonstrated with SSD 1B in our ablation
against DiffCut.

Variants that most closely matched human annotation
granularity naturally produced the best quantitative results,
while qualitative analysis reveals that even lower-scoring
variants maintain consistent semantic groupings. Future
work should investigate the discrepancies between human
annotations and features learned by foundation models.
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