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CRATE architecture automatically learns to perform object segmentation without a complex self-supervised
training recipe or any fine-tuning with segmentation-related annotations. For each image pair, we visualize the
original image on the left and the self-attention map of the image on the right.

Abstract

Transformer-like models for vision tasks have recently proven effective for a wide
range of downstream applications such as segmentation and detection. Previ-
ous works have shown that segmentation properties emerge in vision transformers
(ViTs) trained using self-supervised methods such as DINO, but not in those trained
on supervised classification tasks. In this study, we probe whether segmentation
emerges in transformer-based models solely as a result of intricate self-supervised
learning mechanisms, or if the same emergence can be achieved under much
broader conditions through proper design of the model architecture. Through
extensive experimental results, we demonstrate that when employing a white-box
transformer-like architecture known as CRATE, whose design explicitly mod-
els and pursues low-dimensional structures in the data distribution, segmentation
properties, at both the whole and parts levels, already emerge with a minimalis-
tic supervised training recipe. Layer-wise finer-grained analysis reveals that the
emergent properties strongly corroborate the designed mathematical functions of
the white-box network. Our results suggest a path to design white-box founda-
tion models that are simultaneously highly performant and mathematically fully
interpretable.

1 Introduction
Representation learning in an intelligent system aims to transform high-dimensional, multi-modal
sensory data of the world—images, language, speech—into a compact form that preserves its es-

sential low-dimensional structure, enabling efficient recognition (say, classification), grouping (say,
segmentation), and tracking [26, 31]. Classical representation learning frameworks, hand-designed
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Figure 2: (Left) Visualizing the self-attention map for an input image using theCRATE model. The input

tokens forCRATE consist ofN non-overlapping image patches anfCaS] token. We use th€ RATE

model to transform these tokens to their representations, and de-rasterize the self-attention map associated to the
[CLS] token and the image patch tokens at the penultimate layer to generate a heatmap visualization. Details
are provided in Section 2.1R{gh?) Overview of one layer of CRATE architecture. The CRATE model is a
white-box transformer-like architecture derived via unrolled optimization on the sparse rate reduction objective
(Appendix B). Each layer compresses the distribution of the input tokens against a local signal model, and
sparsi es it in a learnable dictionary. This makes the model mathematically interpretable and highly performant
[51].

for distinct data modalities and tasks using mathematical models for data [12, 38, 39, 48, 49], have
largely been replaced by deep learning-based approaches, which train black-box deep networks with
massive amounts of heterogeneous data on simple tasks, then adapt the learned representations on
downstream tasks [3, 4, 35]. This data-driven approach has led to tremendous empirical successes—in
particular,foundation modelg3] have demonstrated state-of-the-art results in fundamental vision
tasks such as segmentation [22] and tracking [45]. Among vision foundation models, DINO [6,
35] showcases a surprisiegnergent propertiegshenomenon in self-supervised vision transformers
(ViTs [11])—ViTs contain explicit semantic segmentation information even without trained with
segmentation supervision. Follow-up works have investigated how to leverage such segmentation in-
formation in DINO models and achieved state-of-the-art performance on downstream tasks, including
segmentation, co-segmentation, and detection [2, 46].

As demonstrated in Caron et al. [6], the penultimate-layer features in ViTs trained with DINO
correlate strongly with saliency information in the visual input—for example, foreground-background
distinctions and object boundaries (similar to the visualizations shown in Figure 1)—which allows
these features to be used for image segmentation and other tasks. However, to bring about the
emergence of these segmentation properties, DINO requires a delicate blend of self-supervised
learning, knowledge distillation, and weight averaging during training. It remains unclear if every
component introduced in DINO is essential for the emergence of segmentation masks. In particular,
there is no such segmentation behavior observed in the vanilla supervised ViT models that are trained
on classi cation tasks [6], although DINO employs the same VIT architecture as its backbone.

In this paper, we question the prevailing wisdom, stemming from the successes of DINO, that a
complex self-supervised learning pipeline is necessary to obtain emergent properties in transformer-
like vision models. We contend that an equally-promising approach to promote segmentation
properties in transformer is wesign the transformer architecture with the structure of the input data

in mind, representing a marrying of the classical approach to representation learning with the modern,
data-driven deep learning framework. We call such an approach to transformer architecture design
white-box transformerin contrast to the black-box transformer architectures (e.g., ViTs [11]) that
currently prevail as the backbones of vision foundation models. We experiment with the white-box
transformer architectur€ RATE proposed by Yu et al. [51], an alternative to ViTs in which each
layer is mathematically interpretable, and demonstrate through extensive experiments that:

The white-box design ofCRATE leads to the emergence of segmentation properties in the
network's self-attention maps, solely througm@imalistic supervised training recipethe
supervised classi cation training used in vanilla supervised ViTs [11].

We visualize the self-attention maps ©RATE trained with this recipe in Figure 1, which share
similar qualitative (object segmentation) behaviors to the ones shown in DINO [6]. Furthermore, as
to be shown in Figure 7, each attention head in the learned whit&GBaXT E seems to capture a
different semantic part of the objects of interest. This representsstteupervised vision model with
emergent segmentation propertiasd establishes white-box transformers as a promising direction
for interpretable data-driven representation learning in foundation models.



Figure 3: Visualization of PCA components.We compute the PCA of the patch-wise representations of each
column and visualize the rst 3 components for the foreground object. The representatiCisAT E are

better aligned, and with less spurious correlations, to texture and shape components of the input than those of
ViT. See the pipeline in Appendix D.2 for more details.

Outline. The remainder of the paper is organized as follows. In Section 2, we outline our experimental
methodologies to study segmentation in transformer-like architectures, and provide a basic analysis
which compares the segmentation in superviS&ATE to the vanilla supervised ViT and DINO. In
Section 3, we present extensive ablations and more detailed analysis of the segmentation property
which utilizes the white-box structure &fRATE, and we obtain strong evidence that the white-box
design of CRATE is the key to the emergent properties we observe. In Appendix A, we discuss
previous ndings in visual attention and white-box models. In Appendix B, we review the design of
CRATE, the white-box transformer model we study in our experiments.

2 Measuring Emerging Properties inCRATE

We now study the emergent segmentation properties in supei@R&d E both qualitatively and
guantitatively. As shown in previous work [6], segmentation within the ViT [11] emerges only when
applying DINO, a very specialized self-supervised learning method [6]. Speci eallgnilla VIT
trained on supervised classi cation does not develop the ability to perform segmentatimmtrast,

as we demonstrate both qualitatively and quantitatively in Section 2 and SecBegr3gntation
properties emerge iICRATE even when using standard supervised classi cation training.

Our empirical results demonstrate that self-supervised learning, as well as the specialized design
options in DINO [6] (e.g., momentum encoder, student and teacher networks, self-distillation, etc.)
are not necessary for the emergence of segmentation. We train all mG&A3 E and ViT) with

the same number of data and iterations, as well as optimizers, to ensure experiments and ablations
provide a fair comparison—precise details are provided in Appendix E.1.

2.1 Qualitative Measurements

Visualizing self-attention maps.To qualitatively measure the emergence phenomenon, we adopt the
attention map approach based onfiieS] token, which has been widely used as a way to interpret
and visualize transformer-like architectures [1, 6]. Indeed, we use the same methodology as [1, 6],
noting that iInCRATE the query-key-value matrices are all the same; a more formal accounting
is deferred to Appendix D.1. The visualization results of self-attention maps are summarized in
Figure 1 and Figure 7. We observe that the self-attention maps @ R#»rl E model correspond

to semantic regions in the input image. Our results suggest th@&R# E model encodes a clear
semantic segmentation of each image in the network's internal representations, which is similar to the
self-supervised method DINO [6]. In contrast, as shown in Figure 14 in the Appendices, the vanilla
ViT trained on supervised classi cation does not exhibit similar segmentation properties.

PCA visualization for patch-wise representation.Following previous work [2, 35] on visualizing

the learned patch-wise deep features of image, we study the principal component analysis (PCA) on
the deep token representationsGRATE and ViT models. Again, we use the same methodology as
the previous studies [2, 35], and a more full accounting of the method is deferred to Appendix D.2. We
summarize the PCA visualization results of superviS€ATE in Figure 3. Without segmentation



Model Train mloU

CRATE-S/8 Supervised 23.9
CRATE-B/8 Supervised 23.6

ViT-S/8 Supervised 14.1

ViT-B/8 Supervised 19.2

VIiT-S/8 DINO 27.0

VIT-B/8 DINO 27.3
(a) Visualization of coarse semantic segmentation. (b) mloU evaluation.

Figure 4: Coarse semantic segmentation via self-attention maga) We visualize the segmentation masks for

both CRATE and the supervised ViT. We select the attention head with the best segmentation performance for
CRATE and VIT separately.l) We quantitatively evaluate the coarse segmentation mask by evaluating the
mloU score on the validation set of PASCAL VOC12 [13].

Figure 5: Visualization of on COCO val2017 [27] with MaskCut. (Top Rovy SupervisedC RAT E architecture
clearly detects the major objects in the imaggotom Row Supervised ViT sometimes fails to detect the major
objects in the image (columns 2, 3, 4).

supervision,CRATE is able to capture the boundary of the object in the image. Moreover, the
principal components demonstrate feature alignment between tokens corresponding to similar parts
of the object; for example, the red channel corresponds to the horse's leg. On the other hand, the PCA
visualization of the supervised ViT model is considerably less structured. We also provide more PCA
visualization results in Figure 9.

2.2 Quantitative Measurements

Besides qualitatively assessing segmentation properties through visualization, we also quantitatively
evaluate the emergent segmentation propertg RATE using existing segmentation and object
detection techniques [6, 46]. Both methods apply the internal deep representations of transformers,
such as the previously discussed self-attention maps, to produce segmentation masks without further
training on special annotations (e.g., object boxes, masks, etc.).

Coarse segmentation via self-attention mapAs shown in Figure 1CRATE explicitly captures the
object-level semantics with clear boundaries. To quantitatively measure the quality of the induced
segmentation, we utilize the raw self-attention maps discussed earlier to generate segmentation masks.
Then, we evaluate the standard mloU (mean intersection over union) score [28] by comparing the
generated segmentation masks against ground truth masks. This approach has been used in previous
work on evaluating the segmentation performance of the self-attention maps [6]. A more detailed
accounting of the methodology is found in Appendix D.3. The results are summarized in Figure 4.
CRATE largely outperforms ViT both visually and in terms of mloU, which suggests that the internal
representations i@RATE are much more effective for producing segmentation masks.

Object detection and ne-grained segmentation.To further validate and evaluate the rich semantic
information captured b RATE, we employ MaskCut [46], a recent effective approach for object
detection and segmentation that does not require human annotations. As usual, we provide a more
detailed methodological description in Appendix D.4. This procedure allows us to extract more
ne-grained segmentation from an image based on the token representations lea@redTik.

We visualize the ne-grained segmentations produced by MaskCut in Figure 5 and compare the
segmentation and detection performance in Table 1. Based on these results, we observe that MaskCut
with supervised ViT features completely fails to produce segmentation masks in certain cases, for



