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Abstract

Part-level features are crucial for image understanding, but
few studies focus on them because of the lack of fine-grained
labels. Although unsupervised part discovery can elimi-
nate the reliance on labels, most of them cannot maintain
robustness across various categories and scenarios, which
restricts their application range. To overcome this limita-
tion, we present a more effective paradigm for unsupervised
part discovery, named Masked Part Autoencoder (MPAE).
It first learns part descriptors as well as a feature map from
the inputs and produces patch features from a masked ver-
sion of the original images. Then, the masked regions are
filled with the learned part descriptors based on the simi-
larity between the local features and descriptors. By restor-
ing these masked patches using the part descriptors, they
become better aligned with their part shapes, guided by ap-
pearance features from unmasked patches. Finally, MPAE
robustly discovers meaningful parts that closely match the
actual object shapes, even in complex scenarios. More-
over, several looser yet more effective constraints are pro-
posed to enable MPAE to identify the presence of parts
across various scenarios and categories in an unsupervised
manner. This provides the foundation for addressing chal-
lenges posed by occlusion and for exploring part similarity
across multiple categories. Extensive experiments demon-
strate that our method robustly discovers meaningful parts
across various categories and scenarios. The code is avail-
able at the project website".

1. Introduction

Decomposing objects into meaningful parts drives mod-
els to gain better image understanding and further im-
proves the performance of downstream tasks, such as per-
son search [27], fine-grained classifcation [2, 35] and be-
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Figure 1. MPAE uses similarity maps between local image fea-
tures and part descriptors to assign these descriptors to fill masked
regions in a randomly masked version of the inputs. The restora-
tion implicitly clusters the features of the restored patches that
share similar appearance, further aligning low-level appearance
in unmasked patches and high-level semantics of part descriptors.
This drives similarity maps to closely match the actual part shapes.

havior analysis [25]. But the high cost of part-level label
results in a scarcity of training samples. Consequently, part-
level feature learning has received much less attention com-
pared to instance-level feature learning.

To eliminate the reliance on part-level labels, existing
methods achieve part discovery mainly through two strate-
gies: reconstruction [12, 19, 21,23,32,40, 41, 43] and clus-
tering [4, 6]. By directly reconstructing the input images us-
ing learned part descriptors, the descriptors are expected to
align with the part shapes, allowing these part descriptors to
further predict part masks. However, to discover meaning-
ful parts, these descriptors are designed to learn high-level
semantics rather than low-level appearance [1], which pre-
vents such reconstruction and alignment, especially in com-
plex scenarios. Clustering-based methods use foreground
masks to remove irrelevant regions and directly cluster fore-
ground features, regardless of their actual appearance simi-
larity. Some near-outlier features are identified as separate
parts, leading to the discovery of unreasonable parts.

To address these limitations and extend unsupervised



part discovery to more complex scenarios, we propose a
novel paradigm, named Mask Part Autoencoder (MPAE).
As shown in Fig. 1, instead of directly using part descrip-
tors for image reconstruction, we first calculate the similar-
ities between these descriptors and a feature map learned
from the inpus. Based on the similarity maps, we assign
these descriptors to fill the masked regions in a randomly
masked version of inputs. By utilizing both filled part de-
scriptors and unmasked patch features within the same part
regions to generate image patches with similar appearances,
these features are implicitly clustered together [42]. The
appearance features of unmasked patches (e.g., boundaries
and textures) further align the high-level semantics of the
part descriptors with the part shapes. Guided by part ap-
pearance, the similarity maps closely match the shapes of
corresponding parts even in complex scenarios. Thus, they
can be viewed as pixel-level masks of the discovered parts.

Moreover, without using category labels, it is difficult for
unsupervised methods to determine which object parts are
present or absent in an image, because different categories
consist of different types of parts. As a result, most existing
methods [12, 19, 23, 41] are restricted to a single category
and do not consider the absence of individual parts. How-
ever, it is still impossible for all parts to appear in every
image, even within a single category, because objects can
be occluded. Although [40] achieves part discovery on a
dataset with multiple categories, it still relies on category
labels to determine which parts appear before part discov-
ery. Therefore, we propose a looser constraints to enable
MPAE to identify the presence of parts across various sce-
narios and categories in an unsupervised manner. Addition-
ally, a more effective constraint is proposed to ensure that
the MPAE discovers part-level masks, as the model can eas-
ily degrade to predicting only a single instance-level mask
when part absence is allowed. This provides a foundation
for tackling challenges posed by occlusion. As a result,
these optimized constraints allow MPAE to leverage sim-
ilar parts across different categories to achieve more robust
part discovery without relying on any labels.

To evaluate the effectiveness of MPAE and our opti-
mized constraints, extensive experiments are conducted on
four widely used benchmarks, including two with multiple
categories and two with a single category. The experimen-
tal results clearly demonstrate that MPAE robustly discov-
ers meaningful object parts across diverse categories and
achieves more competitive performance on all datasets than
other state-of-the-art methods.

The main contributions of this paper can be summarized
as followings:

* We present a novel paradigm named Masked Part Autoen-
coder (MPAE), which utilizes low-level appearance fea-
tures of the unmasked patches to align the part descriptors
with actual part shapes. Consequently, MPAE discovers
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meaningful parts that closely match the object shapes.
Several looser yet effective constraints are proposed to en-
able MPAE to identify the presence of parts across vari-
ous scenarios and categories in an unsupervised manner.
As a result, MPAE can leverage similar parts across vari-
ous categories to achieve more robust part discovery.
Extensive experiments are carried out on four widely-
used benchmarks. The results show that our method can
robustly discover reasonable object parts in complex sce-
narios and achieve highly competitive performance.

2. Related works

2.1. Unsupervised / Self-supervised Learning

Many works in natural language processing (NLP) [10, 28]
show unsupervised / self-supervised learning learns more
effective features for downstream tasks than supervised
learning. Inspired by their success, recent works [4, 5, 8,
13, 14, 17, 18, 26, 30, 45] also adopt unsupervised / self-
supervised learning to improve the effectiveness of visual
features. In addition to performance improvements, some
new properties also emerge in Vision Transformer (ViT)
[11] with the use of unsupervised / self-supervised learn-
ing. Caron et al. [4] found using momentum encoder [16]
and multi-crop augmentation [3] drives the ViT features
from the same category to have high similarity. Based on
this properties, Wang et al. [39] and Wang et al. [37, 38]
achieve foreground segmentation, instance segmentation,
and video instance segmentation, respectively, in an unsu-
pervised manner by using normalized cut [31] to directly
group self-similar regions. Although learned ViT features
within the same part exhibit higher similarity [30, 45], dis-
covering object parts from images is still much more chal-
lenging than discovering instances. The main reason is that
features from different parts also have very high similar-
ity, resulting in less consistent semantics and boundaries in
the discovered parts. Unfortunately, there are relatively few
works that focus on using unsupervised / self-supervised
features to discover meaningful and consistent object parts.

2.2, Part Discovery

Part discovery aims to identify meaningful object parts with
consistent semantics and predict their pixel-level masks.
Existing works mainly achieve part discovery through
weakly-supervised or unsupervised learning. Weakly-
supervised part discovery utilizes instance-level labels, such
as category [2, 20, 35] and identity [27, 44], to discover rel-
evant parts with pixel-level masks during training. Then,
part-level features are extracted using these masks and fur-
ther boost the performance of downstream tasks. Neverthe-
less, without aligning their the semantics from part embed-
dings with actual object appearances through reconstruc-
tion, their part masks do not follow the actual object bound-



aries well, making them insufficiently fine-grained.
Unsupervised part discovery is more challenging than
weakly-supervised part discovery because no labels are pro-
vided during training. Early works discover meaningful ob-
ject parts with rough part masks by factorizing deep fea-
tures [7] or spatial embeddings [34]. Other methods [1, 6]
directly cluster the foreground features across all images to
discover meaningful parts. Nevertheless, the semantics and
boundaries of the predicted part masks are not sufficiently
stable due to appearance biases in each image. Most state-
of-the-art methods [12, 21, 23, 32, 40, 41, 43] employ im-
age reconstruction as a learning objective to align the part
descriptors with the actual part shapes. Therefore, these
part descriptors can further predict the part masks with con-
sistent semantics. However, these descriptors are designed
to capture high-level semantics rather than low-level ap-
pearance, which hinders reconstruction and alignment, ulti-
mately degrading part discovery, especially in complex sce-
narios. Amir et al. [1] demonstrate that directly clustering
self-supervised features in foreground regions can also dis-
cover meaningful parts. Nevertheless, they only consider
feature similarity, disregarding actual appearance similarity.
As a result, some near-outlier features are identified as in-
dependent parts, leading to unreasonably segmented parts.
Therefore, robustly discovering meaningful parts in an un-
supervised manner remains a significant challenge.

3. Methodology

Unsupervised part discovery aims to learn a model that can
parse all objects into a total of K parts without any labels.
Given an input image I € RH>*Wix3  the learned model
predicts pixel-level mask M, € {0, 1}xWix(K+1) g ag-
sign each pixel into one of K parts or background, where
(Hy, W) is the size of the input image.

To achieve this goal, we present a novel paradigm,
named Masked Part Autoencoder (MPAE), and further in-
corporate it with several optimized constraints. In what fol-
lows, we first detail the training and inference pipeline of
MPAE, followed by an introduction to our optimized con-
straints and their corresponding functions.

3.1. Masked Part Autoencoder

3.1.1. Training pipeline

The overall training pipeline of MPAE is shown in Fig. 2.
It consists of four blocks: (a) random masking block, (b)
descriptor extraction block, (c) matching block, (d) image
restoration block.
Random masking block first divides the input image I
into patches of size p. The patchified image I® is denoted
H W 2 H W1
as IP € R * 77 *%" A binary mask M = {0,1} 7 * 7
is then generated to randomly mask out a specified propor-
tion 7 of the image patches. As MAE [18], these masked
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patches will not be used in the following training. Only vis-
ible patches are finally fed into the MPAE encoder to learn

HyxWy o
unmasked patch features FU € R vx» (A-m)xc

is the dimension of the unmasked patch feature.

Descriptor extraction block is designed to learn part-
level descriptors from input images. Specifically, as [40],
we replace the class embedding of a classical ViT with K +
1 embeddings to extract K 41 descriptors. By incorporating
MPAE with appropriate constraints, each embedding learns
to specialize in one potential part, adaptively aggregating
image features to produce the corresponding part descriptor.
The K + 1 part descriptors D € RE+DXC include K
descriptors for foreground parts and 1 for the background,
where the descriptor dimension C' is the same as that of F'U.

To determine how to assign the sparse part descriptors D
to fill the masked regions, we employ a frozen pre-trained
ViT, followed by a trainable 1 x 1 convolutional layer,
to extract a dense feature map F' € RHFXWrxC where
(Hp, Wg) is the size of the feature map. By matching F
with D, we can obtain a similarity map for each part (as de-
tailed in the following paragraphs). Based on the similarity
maps, we can fill the masked patches using ID. Moreover,
it enables PartFormer to leverage knowledge from the ViT,
pre-trained through unsupervised or self-supervised learn-
ing, to discover more reasonable object parts.

Matching block calculates similarity maps P between
D and F', which can be defined as:

exp (Dy - F; ;)
Seiiexp(Dy - Fiy)

where F; ; indicates the pixel-level feature at (4, j) of F,
and Dy, is the part descriptor for the k-th part, with i €
{1,--- ,Wr},je€{l,--- ,Hr},and k € {1,--- ,K + 1}
P; ; . represents the normalized similarity between the Dy,
and F; ;. Based on the similarity map, the part descriptors
are assigned to fill the masked regions and reform a dense
feature map R, which can be formulated as:

, where C

Pk = ey

Fi% aMi,j = Oa
R, —{ K+ )
’ > (PijkDy) Mij =1,
k=1

where R; ; is the feature vector of the filled feature map R
at position (¢, j). M; ; is the value of the binary mask M,
indicating that the position (i, j) is masked or not in random
masking block.

Image restoration block feeds R into the MPAE de-
coder to restore the masked patches, which can be written
as:

3)

where I’ is the restored image and @ is a frozen VGG-
19 [33]. Directly using the L1 loss constraint for image

1 1
L= SIT =Tl +519(T) - ()],
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Figure 2. Training and inference pipelines of MPAE. The training pipeline consists of four blocks: (a) random masking block, (b)
descriptor extraction block, (¢) matching block, and (d) image restoration block. (a) randomly masks out a large proportion of patches and
extracts patch features F'U from the unmasked patches using MPAE encoder. The input image I is also fed into (b), after being patchified,
to extract part descriptors D and a feature map F'. By matching D with F' using Hadamard product and a Softmax function, we generate a
similarity map for each descriptor in (¢). Based on these similarity maps P, we use D to fill the masked regionss and reconstruct a feature
map R. In (d), R is further utilizes for image restoration, aligning the high-level semantics of the D with the corresponding part shapes.
The inference pipeline directly employs D as mask prototypes to predict part-level masks from the Interpolated feature map F”.

restoration, as in [18], can lead to structure deviations be-
tween the raw and restored images [18], which in turn
causes the features in different parts to be poorly clustered,
regardless of their actual appearance similarity. Therefore,
in addition to using the L1 loss, we employ VGG-19 to en-
courage greater structural similarity between the restored
image and the input image as the perceptual loss [22].

The functions of this image restoration are threefold: 1)
It retains low-level appearance features in MPAE through
the unmasked patch features F'Y, thereby compensating for
the lack of low-level appearance features in the part descrip-
tors D. 2) It implicitly clusters F'Y and D within the same
part region together in latent space by utilizing them to pro-
duce the image patches with similar appearance. Guided by
low-level appearance features from FU, the high-level se-
mantics from D are aligned more accurately with the actual
part shapes compared to directly using D from image re-
construction. 3) This alignment further constrains the simi-
larity maps P, encouraging them to more closely match the
actual shapes of their corresponding parts, even in highly
complex scenarios. Consequently, P can serve as pixel-
level masks for the discovered parts.

3.2. Learning Constraints

To ensure robust part discovery, we incorporate MPAE with
three types of optimized constraints: the presence constraint
Ly, the semantic consistency constraint Lg, and the distri-
bution constraint Lg.

Presence constraint £, = L; + Ly, where L¢ and Ly,
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represent the foreground and background presence losses
respectively. L, is directly applied to P to ensure the pres-
ence of K foreground parts across the entire data and the
presence of background in every image.

Ly divides each mini-batch into [V, mini-groups with G
samples. Then, L¢ can be calculated as:

pIns gng
Ly = E 2—— E maX —— g max P,
N —~ 0,5,k 4.3.9 ,Jk’
o=
“)

where P/"# is the similarity P; j 5 of g-th sample in ng-th
mini-group. Instead of requiring all parts to appear in each
image as previous unsupervised methods, £¢ only encour-
ages them to appear at least once in each mini-group and
each image to contain at least one part. This looser con-
straint provides the basis for MPAE to identify the presence
of parts across various scenarios and categories. The influ-
ence of the mini-group will be discussed in the Appendix.

Ly, encourages the background to appear near the bound-
aries of each image. Inspired by [2], we define Ly, as:

Zlog maxd i

ng—l g=1

Pg,ng

‘cb: 1,5, K+1/

),

where d; ; is the distance from position (4, j) to the image
center. d; ; can be calculated as:
2
) (O]

i—1 2
dii=2(—"" 2
=2 (1) 2

1

2

1

2

j—1
He — 1



Incorporated with £¢ and Ly, our model also learns to dis-
tinguish the K foreground parts and the background region.

Semantic constraint L: because £, only requires each
image to contain at least one part, the model tends to simply
segment out the entire foreground object, thereby degrading
into an instance-discovery model. By encouraging each part
descriptor to align only with the local features that exhibit
very high similarity, L4 ensures that the model decomposes
the target into multiple object parts with consistent seman-
tics. L can be formulated as:

1 K Mk;es(cos(e(k’kﬂrm))
Eg:f—ZIOg ,
K K
k=1 Mkes(cos(e(k’k)er))-i-Z Mte“ose(tv’ﬂ
t=1,t#k

@)
where M, € {O 1} represents the presence of the k-th
part. When Z Z 1 Pijr <= 0.001, M} = 0, else,
M =1. m and s are two hyperparameters. 0 ;) is the
angle between the k-the part descriptor Dy and the mean
feature vector of ¢-th part region F} in latent space. F; and
cos(0y,¢)) are defined as:

POHE E VPl

F, = , ®)
PO Z 1 Pigie
Dy - F,
0 _— 9
os(ben) = 1o TET &

As [9], m enables L to still have a certain gradient value for
further maximizing cos(6(,x)) when 6y 1) is very small,
and s controls the smoothness of £;. By minimizing 6y 1)
and maximizing 60, ), the discovered parts across different
objects have more consistent semantics. Moreover, the use
of M* enables £, to only consider the semantic consistency
of those appeared parts, providing the basis to constrain the
semantic consistency across multiple categories.

Distribution constraint £4 = £, + L., where £, and
L, are total variation loss [29] and entropy loss respectively.
L4 encourages the predicted probability map P to better
follow the shapes of object parts.

L, minimizes the spatial gradient of the predicted P,
which can be formulated as:

K+1 Wg Hp

DD D VPl

k=1 i=1 j=1

(10)

V

HFWF

where VP, ;. represents the spatial image gradient at po-
sition (¢, 7) on the probability map for the k-th part. The
function of L, is the same as that of the concentration loss
[21], encouraging pixels with high confidence for the same
part to form a connected region. However, the concentration
loss penalizes pixels that are far from the part center much
more heavily than those that are close. This imbalance fur-
ther causes the discovered parts to take on an approximately
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square shape. L, successfully eliminates this imbalance by
calculating the gradient of P, enabling the discovered parts
to more accurately follow the shapes of objects, even when
they are very complex.

L, ensures that the distribution at any position on P has
high similarity in only one part descriptor by penalizing its
entropy:

K+1 Wy Hp

K+1ZZZP,],kIOg 1jk)

k=1 i=1 j=1

(1)

e

This drives the similarity map P to exhibit clear and stable
boundaries, resulting in more precise part discovery.

Overall training target: by minimizing £L = L, +
ApLp 4+ AsLs+ AqaLq, MPAE learns to discover meaningful
parts in complex scenarios, where A, A, and Aq are the
weights of L, L, Lq respectively.

3.3. Inference pipeline

The overall inference pipeline is shown on the right in Fig.
2. In this phase, we retain only PartFormer and the pre-
trained ViT. However, the low-resolution of F' is insuffi-
cient to produce high-resolution part masks. Therefore, we
resize F' to match the size of the input images using bilin-
ear interpolation. By accurately aligning with part shapes
with the guide of low-level appearance features, D can still
accurately respond to the corresponding part regions in the
F’ with much higher resolution. Thus, the similarity maps
calculated from D and F” can serve as high-resolution part
masks for the parts discovered in an unsupervised manner.

4. Experimental Setup
4.1. Datasets

To comprehensively validate the effectiveness of MPAE, we
evaluate it on four widely-used benchmarks: two with mul-
tiple categories (PartimageNet OOD dataset [15] and Par-
tImageNet Segmentation dataset [15]) and two with a single
category (CUB dataset [36] and CelebA dataset [24]). More
details about these four datasests and the implementation of
our method are provided in Appendix A.1 and Appendix
A.2 respectively.

4.2. Evaluation Metrics

Normalized Mutual information (NMI) and Adjusted
Rand Index (ARI) are primarily used to measure the simi-
larity between two clusters. In this task, the NMI and ARI
scores between the annotated and discovered parts directly
reflect how closely the semantics of the discovered parts
align with human conception.

Normalized Mean Error (NME): NME is calculated us-
ing the centroids of the predicted parts and the annotated
keypoints, representing the semantic consistency of the dis-
covered parts across the entire test set.



PartImage_O (%) PartImage_S (%)
Method Label | K | —xurr £ ARTT | TMIT & ARTT
Weakly-supervised part discovery
Huang et Category 8 5.88 153 - -
al. [20] label | 2> | 756 125 - -
S0 | 1019 105 - -
A 8§ | 27.13 876 | 1068 3243
IEI;‘S[‘%‘;} C‘;“’gory 25 | 3241 1069 | 1844 4070
35 abel
S0 | 4149 1417 | 2198 3940
. 8 | 1928 3472 | 1668  32.01
PIscoet | Cueeonl o5 | 2823 2503 | 4681 4070
50 | 2948 2868 | 34.13  39.40
PDiscoFormer 8 28.84 55.66 - -
[21+ frozen CT?TY 25 | 4336 6282 . .
ViT-B/14* W1 50 | 4448 5701 . .
. 8 | 29.00 5240 | 2029  38.90
Pfl\if;};‘jrﬂfr C‘;:;g;ry 25 | 471 5927 | 4318  64.61
S0 | 4629 6221 | 4406  60.10
Unsupervised part discovery
8§ | 19.07 759 - -
DINO* [1] N/A | 25 | 3146 1416 - .
50 | 37.81 1650 - -
Xiaetal” [40] | N/A | AN,| 27.85 4077 | 2517  37.50
8 | 3290 6617 | 3351 6505
MPAE* (ours) | N/A | 25 | 3928  68.87 | 3722  68.04
S0 | 5365 7422 | 5510 7352

Table 1. Quantitative comparisons with state-of-the-art methods
on PartImageNet OOD and Segmentation datasets. N, represents
the number of categories, which is 109 and 158 for the OOD and
Segmentation datasets respectively. {= using a partially fine-tuned
pretrained backbone, *=using a frozen pretrained backbone.

4.3. Comparisons with State-of-the-art Methods

PartImageNet OOD: the quantitative results of MPAE
and other state-of-the-art methods on PartlmageNet OOD
dataset are reported in Table 1, and some randomly cho-
sen qualitative results are shown in Fig. 3. MPAE achieves
highly competitive performance among both unsupervised
and weakly-supervised methods. In the second row of Fig.
3, we observe that some small, round areas are identified
as separate parts by DINO. These unreasonable parts result
from directly clustering foreground features, which iden-
tifies certain near-outlier features as separate parts. By
considering part appearance into clustering through our
paradigm, we observe significant improvements in NMI
of 71.62%, 24.86% and 41.89% compared to DINO when
K = 8,25, 50 respectively. Due to the complex scenarios,
it is difficult to align high-level semantics from part descrip-
tors with object shapes through reconstruction. As a result,
the parts discovered by Xia et al. are often incomplete. Al-
though PDiscoFormer and PDiscoNet employ classification
loss for part discovery in a weakly supervised manner, they
do not further align high-level semantics with object shapes.
Consequently, their predicted masks do not match objects as
closely as those predicted by MPAE. With the same back-
bone (frozen ViT-B/14), MPAE still outperforms them.

PartImageNet Segmentation increases category number
N¢ from 109 to 158, which means larger variance in ob-
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Figure 3. Some qualitative results of MPAE (ours) and other state-
of-the-art unsupervised and weakly-supervised methods on Par-
tImageNet OOD dataset (K = 50).

ject appearance and shape. Therefore, as shown in Table 1,
the metrics in both NMI and ARI of PDiscoFormer and Xia
et al. degrade slightly. However, by using image restoration
to constrain the learning and by exploring part similarities
across different categories, MPAE successfully maintains
strong robustness on this more challenging dataset. Com-
pared to PDiscoFormer, MPAE still achieves an impressive
improvement of 65.16% and 25.06% respectively in NMI
when K=8 and 50, even though PDiscoFormers employ
both partially fine-tuned backbone and category labels.

CUB: MPAE also achieves highly competitive performance
on CUB (Table 2 and Fig. 4), demonstrating its effective-
ness in part discovery within a single category. By im-
plicitly clustering patch features with similar appearances
and allowing for the absence of specific parts, MPAE can
robustly discover meaningful bird parts in cases involving
shadows, self-occlusion, and reflections (see first, second
and fourth columns in Fig. 4). With the same frozen pre-
trained ViT-B/14, MPAE outperforms PDiscoFormer in all
metrics, despite not using any labels for training. Com-
pared to PDiscoFormer with a partially fine-tuned ViT-
B/14, MPAE still outperforms it by 10.45%, 7.66% and
19.22% in NME, NMI and ARI respectively when K = 16.
CelebA: as shown in Fig. 4, the masks predicted by MPAE
accurately follow the entire facial region, resulting in sig-
nificantly better qualitative results. Despite less challenging
scenarios, the masks predicted by Xia et al. remain incom-
plete and fail to cover the entire face region. Other methods
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Figure 4. Some visualized part discovery results of MPAE (ours) and state-of-the-art methods on CUB dataset (K = 16) and CelebA
dataset (K = 8). We use red boxes to highlight the regions with poor part discovery results.

K =4 (%) K =8 (%) K =16 (%)
Method Label NME] NMIT ARIT | NME| NMIT ARIT | NME| NMIT ARIT
Weakly-supervised part discovery
Huang et al. [20] Species label 11.51 29.74 14.04 | 11.60 3572 1590 | 12.60 43.92 21.01
PDiscoNet [35] Species label 9.12 37.82 1526 | 852 50.08 2696 | 7.64 56.87 38.05
Choudhury et al. [6] Foreground mask | 9.20 43.50 19.60 - 51.50 28.30 - - -
PDiscoNet + ViT-B/14 Species label 770 5259 26.66 | 6.34 6501 3790 | 595 68.63 4341
PDiscoFormer + ViT-B/14* [2] Species label 8.19 5288 2322 | 623 6759 4135 | 644 69.54 49.99
PDiscoFormer + ViT-B/14 Species label 741 5813 25.11 | 654 69.87 42.76 | 574 73.38 55.83
Unsupervised part discovery
DINO™ [1] N/A - 31.18 11.21 - 4721 19.76 - 50.57 26.14
Xia et al.* [40] N/A 992 4522 1940 | 858 5242 2642 | 827 5352 3395
MPAE* (ours) N/A 775 5893 33.73 | 553 6824 4585 | 514 79.00 66.56

Table 2. Quantitative comparisons with state-of-the-art methods on CUB. {= using partially fine-tuned backbone, *=using a frozen pre-

trained backbone.

K =4 (%) K =8(%) K =16 (%)
Method Label NME] NMIT ARIT | NME] NMIT ARIT | NME] NMIT ARIT
Weakly-supervised part discovery
Huang et al. [20] Attribute label | 8.75  56.69 34.74 | 7.96 5480 34.74 | 7.62 6222 41.01
PDiscoNet [35] Identity label | 11.11 7597 69.53 | 9.82 62.61 51.89 | 9.46 77.43 70.58
Unsupervised part discovery
DINO* [1] N/A 1136 138 001 | 1074 112 001 T 329 006
GANSeg! [19] N/A 1226 4171 2806 | 618 6728 5623 | - . ;
Xia et al.* [40] N/A 1228 50.69 34.57 | 1024 5835 4678 | - - -
MPAE* (ours) N/A 1144 5613 3720 | 755 5964 4172 | 7.10 7021 60.33

Table 3. Quantitative comparisons with state-of-the-art methods on CelebA. *=using a frozen pretrained backbone, =using a multi-stage

self-training strategy.

also misidentify some background regions as foreground
parts. However, CelebA provides only five keypoints near
the eyes, nose, and mouth for metric calculation, which is
insufficient to reflect the improvements achieved by MPAE,
as presented in Table 3.

4.4. Ablation Studies

Influence of loss functions: to study the effectiveness of
the loss functions used in MPAE, we conduct ablation stud-
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ies on PartimageNet Segmentation dataset. The quantita-
tive and qualitative results are shown in Table 4 and Fig.
5 respectively. Foreground loss £¢ and background loss
Ly, are crucial for preventing the model from identifying all
pixels as background or foreground. Otherwise, the learned
model converges to a trivial solution. Without the prior
knowledge provided by Total variation loss L., the pix-
els identified as foreground regions cannot form connected
and concentrated parts. Entropy loss £, leads to more sta-



Raw Image Without L;

Without £, Without L, Without £, Without £ Without £, Full Model

Figure 5. Qualitative results from the ablation studies of the loss
functions on PartImageNet Segmentation dataset (KX = 50). From
left to right: (1) raw images, models trained without (2) L¢, (3)
Ly, 4) Ly, (5) Le, (6) Ly, (7)Ls and (8) nothing (full model).

Method K =8 (%) K =25 (%) K =50 (%)

NMIT  ARIT | NMIT _ ARIT | NMIT  ARIT
Without Ly 0.00 000 | 0.00 000 | 000 0.0
Without £, 3091 7320 | 33.67 67.85 | 3936 5524
Without £, 1830 2062 | 1352 454 | 1437 408
Without £, 3121 6327 | 2748 5493 | 5251  73.08
Without £, 2560 5739 | 3153 6339 | 2232 49.73
Without £ 5569  76.54 | 5770 7697 | 5642  74.03
Full model 3351 6505 | 3722 6804 | 55.10 73.52

Table 4. Performance comparisons of MPAE without different loss
functions on the PartlmageNet Segmentation dataset in the setting
of K = 8,25, 50.

50% 75% 80% 85% 90% 95% 100%
45.50 50.11 52.20 52.70 55.10 54.63 43.39
70.25 70.89 70.90 71.85 73.52 73.23 41.29

Masking Ratio r
NMI (%)
ARI (%) T

Table 5. Performance comparisons of MPAE with different mask-
ing ratio r on the PartImageNet Segmentation dataset in the setting
of K = 50.

ble and smooth part boundaries by enforcing that each pixel
highly responds to a unique part descriptor. The absence
of reconstruction loss £, results in a failure to align part
descriptors with actual part shapes. Consequently, the pre-
dicted masks contain only rough regions without clear part
boundaries. Without semantic constraint £, the model
identifies the regions with less semantic similarity as the
same part. In some cases, the learned model even degrades
into a foreground segmentation model. Although this degra-
dation may improve the numerical metrics in NMI and ARI,
the learned model cannot achieve the goal of part discovery.
Therefore, all constraints used in MPAE are essential for
learning a robust model for unsupervised part discovery.
Influence of the masking ratio r: the quantitative re-
sults of MPAE with different masking ratios r are reported
in Table 5. When r < 90%, a higher r results in more
features in the filled feature map R comes from part de-
scriptors D. Therefore, by aligning the part descriptors D
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Change from MPAE model: NMI (%) 1  ARI (%)T
L¢ — Arealoss in [40] 1.90 -0.14
L, — Presence loss in [2] 42.45 60.24
Lq — Concentration loss in [21] 17.29 18.74
Part number K — 4N, 47.59 70.71
MPAE (our best model) 55.10 73.52

Table 6. Comparisons of our optimized losses and designs with
previous ones on the PartImageNet Segmentation dataset in the
setting of K = 50.

with object part shapes, a stronger constraint can be applied
to the similarity maps P, requiring them to better match the
actual part shapes. As aresults, we observe an improvement
in performance. When r > 90%, a higher r results in insuf-
ficient unmasked patches containing low-level appearance
information to guide the alignment between descriptors and
part shapes. Therefore, the optimal masking ratio 7 is 90%.

Improvements of our optimized constraints and de-
signs: The area loss in [40] requires all parts to appear in
each image. But, it is impossible for every object to contain
all 50 parts. Consequently, £, leads to a collapse during
training. The image classification loss in [2] ensures that
each image to have at least one discovered part, as the em-
bedding for classification cannot be a zero vector. Without
any labels, presence loss in [2] cannot guarantee that unsu-
pervised methods discover at least one part in each image.
Therefore, some images may not have any discovered parts,
which further leads to a degradation in metrics. The con-
centration loss in [21] penalizes pixels that are farther from
the part center more heavily, which prevents the predicted
parts from accurately following their actual shapes, whereas
L4 addresses this imbalance. As [40], we also implement a
model that simply decomposes each category into four parts
without exploring their semantic similarities (K — 4.N.).
Consequently, the number of training samples for each part
significantly decreases, leading to reduced robustness.

More ablation studies and visualized results are in-
cluded in the Appendix.

5. Conclusion

In this paper, we present a novel paradigm (MPAE) with
looser yet effective constraints for more robust unsuper-
vised part discovery. By restoring masked image patches
using the corresponding part descriptors, MPAE effectively
aligns their high-level semantics with the part shapes un-
der the guidance of low-level appearance features from un-
masked patches. As a result, MPAE predicts masks that
closely match the actual shapes of corresponding parts. The
optimized constraints enable MPAE to identify the presence
of parts across various scenarios and categories in an un-
supervised manner, effectively addressing challenges posed
by occlusion and diverse object categories.
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