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Abstract

Understanding the visual world from human perspec-
tives has been a long-standing challenge in computer vi-
sion. Egocentric videos exhibit high scene complexity
and irregular motion flows compared to typical video un-
derstanding tasks. With the egocentric domain in mind,
we address the problem of self-supervised, class-agnostic
object detection, aiming to locate all objects in a given
view, without any annotations or pre-trained weights. Our
method, self-supervised object detection from egocentric
videos (DEVI), generalizes appearance-based methods to
learn features end-to-end that are category-specific and in-
variant to viewing angle and illumination. Our approach
leverages natural human behavior in egocentric percep-
tion to sample diverse views of objects for our multi-view
and scale-regression losses, and our cluster residual mod-
ule learns multi-category patches for complex scene under-
standing. DEVI results in gains up to 4.11% AP50, 0.11%
AR1, 1.32% AR10, and 5.03% AR100 on recent egocen-
tric datasets, while significantly reducing model complexity.
We also demonstrate competitive performance on out-of-
domain datasets without additional training or fine-tuning.

1. Introduction
The ability to detect objects in complex scenes is essen-

tial in smart applications and systems, such as autonomous
vehicles [31], precision agriculture [3], 3D reconstruction
and mapping [58], episodic memory [36], and remote sens-
ing [4]. Broadly stated, the best performing object detec-
tion methods require large amounts of densely annotated
data, providing bounding boxes for all or most objects in
the scene [27, 54, 88]. Such annotations are costly, time
consuming to produce, and difficult to scale over large or
complex datasets [8]. Recent methods address the costly
procedure by using either weak annotations [2, 44, 70, 71],
or general self-supervision pre-training [12, 41]. However,
such methods lack generalizability to complex scenes, of-
ten depending on image-wise features which lack feature
granularity, leading to poor object localization and atten-
tion coverage. In this work, we aim to both maximize ap-

Figure 1. Image-cluster map pairs. DEVI learns category-
specific, dense features end-to-end from egocentric videos with-
out using any annotations. Our method is able to distinguish
different-category objects, while also remaining consistent for
same-category objects. Best viewed in color; colors are random.

plicable scene complexity and minimize annotation costs by
learning a class-agnostic object detector from highly diverse
videos without using any annotations.

We take particular interest in egocentric settings, for sev-
eral reasons. The first is its complexity: the way humans
perceive the world is markedly different from that of many
popular datasets (also referred to as “internet images” or
exocentric views), resulting in notable new challenges. In-
ternet images [22, 27, 54]–until recently the primary fo-
cus of most computer vision methods–capture highly cu-
rated, object-centric, specific instances in time removed
from global context and filtered from noise and undesired
frames; many involve professional and/or manual framing
with clear composite objectives. In contrast, egocentric
videos typically capture unscripted, “in-the-wild” scenes,
replete with dense environments filled with many, diverse
objects in varying scales. These significant domain differ-
ences result in a weak inductive bias between the internet
images domain (e.g. COCO [54], ImageNet [22]) and the
egocentric domain (e.g. Ego4D [36], EpicKitchens [18]),
making transfer learning highly difficult [52, 72]; methods
designed for and trained on non-egocentric datasets struggle
when directly applied to egocentric settings, motivating the
development of egocentric-specific methods [9, 19, 51, 67].
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Figure 4. Patch matching network training framework. Image
xτ is fed to a random affine transformation, T, to produce x̃τ .
Both xτ and x̃τ are fed to a transformer-based network to produce
patch-wise representations zτs and z̃τs for all scales s ∈ S. We then
apply T on zτs to produce spatially aligned anchor and positive
samples, with all other, non-aligned patches considered negative
examples. E represents the feature extractor. Best viewed in color.

other examples within its own or any other category, we can
use residuals. The residual of a given feature vector is the
distance or similarity metric from/of that feature vector to
a specific cluster center. Recent methods have used resid-
ual representation as confidence measurements for classifi-
cation predictions [33, 42], intermediate soft representation
for data quantization [26, 34], and mixed-surface represen-
tation learning [5]. Here, we expand upon the work pro-
posed by [5, 42] to learn effective patch representation in
highly ambiguous and/or complex environments.

Consider the large-scale patch in xτ
′

s=2 illustrated in
Fig. 5 (in magenta), where multiple objects of different cat-
egories are in view (2 bowls and a fruit box). Given our
anchor, a small scale patch sampled from xτ

′

s=1, only de-
picts one of the bowls, it would be inaccurate to enforce
strict equivalence (e.g. hard assignment where both patches
are labeled 1 and used as ground truth to a cross entropy
loss). By utilizing soft representation and residuals, we can
represent a patch by its similarity to multiple categories (i.e.
clusters), which allows us to enforce multi-category similar-
ity and learn from category ambiguous patches.

Given output feature map zts ∈ RLs×D, and learned
cluster centers Φ ∈ RK×D with K clusters, each repre-
sented by a 1 × D vector. Ideally, clusters centers learn
association with specific categories in the dataset, allowing
to directly distinguish between objects. The residual of the
feature vector z and cluster center ϕ is defined by the dis-
tance between them, using r = z−ϕ. We build a patch-wise
residual table, rt ∈ RL×K×D, measuring the similarity of

t0 t1

Maximize multi-view 
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Maximize scale-regression 
feature similarity

Figure 5. Multi-view and scale-regression losses. We leverage
the natural egocentric perception of human agents to sample di-
verse perspectives of the same objects. Our multi-view loss max-
imizes similarity of patch features viewing the same object from
different viewing angles, and our scale-regression loss maximizes
similarity of multi-scale features of overlapping patches.

all patches in zts with learned cluster centers using

rt = σ(θ||zts − ϕ||2) ∗ (zts − ϕ) ∀ ϕ ∈ Φ, (1)

with learnable parameters θ ∈ R1×K and Φ correspond-
ing to residual scales and cluster centers respectively, and
softmax function σ applied on the normalized residual. We
perform this operation on patches in the anchor, positive,
and negative patch features sets, zτ+, zτ

′+, and zτ
′−, to ob-

tain rτ+, rτ
′+, and rτ

′−, where {(rτ+i , rτ
′+

i ) ∈ R1×K×D}
and rτ

′−
i ∈ R1×N×K×D for patch at location i, number

of negative patches N , and N < L. By enforcing similar
residual representations of anchor and positive patches, we
ensure similar mixture of surfaces and objects within them,
increasing robustness to ambiguous scenes.

3.4. Learning similarity across time and scale

Our loss functions aim to leverage the natural egocen-
tric perception of human agents to sample diverse views
of the same objects. As humans operate in a given envi-
ronment, they often either advance towards or circumnavi-
gate objects and elements in their surroundings. The action
of circumnavigation allows us to samples multi-temporal
patch matches, as described in Sec. 3.2, viewing the same
objects from different view points and illumination condi-
tions. These multi-temporal samples are then used for the
multi-view loss function, Lmulti−view, maximizing similar-
ity of features of corresponding patches. Ideally, this means
that objects viewed from different viewing angles, even if
visually different (as in Fig. 2), expect to generate highly
similar features. We illustrate our loss functions in Fig. 5.

We also address the direct advancement action by
proposing the scale-regression loss, Lscale−regress. This
loss maximizes feature similarity of a given patch and its
overlapping higher-scale patch, increasing model robust-
ness to local viewing scale. How we define positive ex-
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amples varies between our proposed loss functions. For the
multi-view loss, we utilize the multi-temporal patch match-
ing predictions, while for the scale-regression loss, we use
the higher-scale patch. Anchor and negative patches remain
the same for both losses. Once the sets of anchor, posi-
tive, and negative patches are defined, both loss functions
(MV=multi-view, SR=scale-regression) are formulated as

LMV/SR = −E
0≤i≤|P |

[
log

exp(rτ+i · rτ
′+

i )
|P |−1∑
j=0

exp(rτ+i · rτ ′−
j )

]
.

(2)

3.5. Inference from learned clusters

During inference, we first perform per-batch cluster
smoothing (batch can be 1 or more frames) on our learned
clusters, Φ, using output features zt at time t to ob-
tain smooth cluster centers Φ̃. We use the Expectation-
Maximization algorithm [21, 59] initialized with Φ to iter-
atively find maximum likelihood cluster assignments for all
features in zt. We optimize this for η iterations (not neces-
sarily until convergence) to produce per-batch smooth clus-
ter centers Φ̃ (qualitative examples in supplementary mate-
rial). This operation allows us to reduce overall noise when
assigning features in zt to cluster centers Φ̃ to obtain clus-
ter map mt. We separate mt into a set of blobs using the
connected components algorithm [23] and generate bound-
ing boxes around blobs and their confidence scores. The
inference pipeline is illustrated in Fig. 6.

Bounding box scoring. Object detection methods tradi-
tionally use confidence scores to rank predictions [35]. As
we do not use any supervision, usual confidence scores
are unavailable: we don’t define what the method should
be confident in. Instead, we define confidence scores of
boxes by the convexity of their corresponding blobs, follow-
ing a common assumption that objects tend to have convex
shapes [74]. Given cluster mapmt of frame at time instance
t, we use the connected component algorithm [23] on mt to
obtain a set of blobs, b, and their bounding boxes. We de-
fine the confidence score of a bounding box, S(bi) by the
harmonic mean of the convexity measurement and average
objectness prior of their corresponding blob bi, using

S(bi) = (1 + β2)

Area(bi)
ConvexHull(bi)

O(bi)

(β2 Area(bi)
ConvexHull(bi)

) +O(bi)
, (3)

where β is a scaling factor and O(bi) represents the mean
objectness prior of blob bi obtained from an off-the-shelf,
self-supervised model [12].

Filtering bounding boxes. We employ classical and unsu-
pervised methods to filter probable false positive predicted

Connected 
Components

Blob-wise Convexity 
Measurement

Cluster Map

(box, score)Assign to 
Clusters

Figure 6. Inference pipeline. We assign features to learned clus-
ter centers from all scales to generate cluster map mt. We then
feed mt to the connected component algorithms to obtain a set of
blobs b. We use the convexity measurement function as a scoring
mechanism for all bi ∈ b and their corresponding bounding boxes.

boxes, including cluster pruning [16], an objectness prior
[49], and convexity thresholding. Cluster pruning is used
during the cluster smoothing operation to prune clusters
with less than γ mapped pixels. The objectness prior is ob-
tained from an off-the-shelf self-supervised model estimat-
ing coarse foreground regions, from which predicted boxes
are filtered. Lastly, we employ a convexity threshold ψ, un-
der which bounding boxes are not considered.

4. Experiments
4.1. Datasets

We report performance on in-domain (egocentric) and
out-of-domain (internet images) datasets of varying com-
plexity. For the egocentric domain, DEVI is trained and
evaluated on Ego4D [36] and EgoObjects [65]. Ego4D
provides ∼3,600 hours of egocentric videos and is highly
complex. For training, we temporally down-sample un-
annotated Ego4D videos to produce ∼27M frames over-
all, out of which we use ∼1M. For evaluation, we use
the episodic memory validation set, which provides ∼9.9k
sparsely annotated frames. EgoObjects [65] provides ∼110
hours of egocentric videos, resulting in ∼66k training
frames, and ∼7.7k sparsely annotated validation frames,
and is largely object-centric, lower complexity dataset. We
emphasize that while we train on video, inference is per-
formed on an image level, making comparisons with other
frame-based methods fair. For our out-of-domain (internet
images) study (Sec. 5.2), we show our performance on the
COCO [54] validation set which provides ∼5k annotated
images. Note that we do not train on COCO at any stage.

4.2. Evaluation protocol

We evaluate our method for the task of class agnos-
tic object detection using average precision (AP) and av-
erage recall (AR), though we tend to prefer AR (particu-
larly with more proposals) due to the non-exhaustive na-
ture of most object detection datasets [87] making preci-
sion measurements less reliable. We use non-maximum
suppression with Intersection-over-Union (IoU) threshold
of 0.5. Since we use static validation datasets, we run the
entire training and evaluation pipeline 5 times and report
the mean performance. We note that the difference between
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Table 1. Quantitative results on the egocentric domain. Average precision (AP) and average recall (AR) on EgoObjects [65] and Ego4D
[36] validation sets. DEVI outperforms other self-supervised methods for the task of class agnostic object detection, despite the baselines’
increased model complexity and multi-stage procedure. We note the number of stages methods require before final inference.

Dataset EgoObjects [65] Ego4D [36]

Method # stages AP50 AR1 AR10 AR100 AP50 AR1 AR10 AR100

Selective Search [79] IJCV13 1 0.12 0.00 0.86 4.15 0.09 0.00 0.88 3.98
LOST † [73] BMVC21 4 2.13 0.89 6.99 9.41 0.82 0.43 1.42 6.67
FreeSOLO† [84] CVPR22 5 15.70 8.30 20.70 32.90 2.40 2.80 12.80 17.00
TimeCycle [83] CVPR19 1 6.94 4.24 11.86 12.32 2.95 1.52 6.29 6.97
VideoMAE [76] NeurIPS22 1 9.25 5.16 16.08 16.47 4.05 2.19 8.42 8.96
MoCo V3 [15] ICCV21 1 11.66 7.62 16.83 16.94 4.57 2.59 8.33 8.48
DEVI (Ours) 1 14.96 6.47 29.61 39.43 6.51 2.91 14.12 22.03

multi-object discovery and class-agnostic object detection
depends on the evaluated dataset. Multi-object discovery
generally refers to when the task is performed on the train
set, while class-agnostic object detection refers to when the
task is performed on the validation or test set. In this work
we only consider the task of class agnostic object detection.

5. Results

Tab. 1 reports the average precision at 0.5 IoU and aver-
age recall at 1, 10, and 100 boxes per image for the class ag-
nostic object detection task (additional discussion on met-
ric interpretation is found in the supplemental). We com-
pare with state-of-the-art self-supervised detection meth-
ods, LOST [73] and FreeSOLO [84], on the egocentric do-
main. We train and evaluate these baselines according to re-
ported procedures on Ego4D and EgoObjects, showing the
best results. We also compare with recent generic image and
video representation learning methods MoCo V3 [15] and
VideoMAE [76]. These self-supervised works require fine-
tuning on bounding box labels for detection, which we do
not assume in our setting; instead, we compare by dropping
these pre-trained models in as a replacement to our self-
supervised learned patch feature extractor. Our approach
outperforms our baselines by up to 4.11% AP50, 0.11%
AR1, 1.32% AR10, and 5.03% AR100, despite their exten-
sive multi-stage and complex pipeline. FreeSOLO requires
3 separate training stages: self-supervised pre-training for
object discovery generation (FreeMasks), training on the
generated FreeMasks for pseudo-label generation, and then
training on the generated pseudo labels for final predictions.
This lengthy training process takes ∼72 hours of training
with substantial computing resources (we use 8 Tesla V100-
32GB GPUs), not including any intermediate inference or
evaluation steps. In contrast, our method trains end-to-
end in ∼36 hours with the same computational resources,
without any pre-training or multi-training stages, achieving
state-of-the-art performance in a single-stage.

Both LOST and FreeSOLO depend on a global, image-

wise self-supervised pre-training procedure followed by
object discovery (expanded seeded patch for LOST and
FreeMask for FreeSOLO). Generic self-supervised methods
like MoCo V3 and VideoMAE also tend to have global ob-
jectives. When considering dense and complex scenes, as
typical in egocentric data, such pre-training strategies result
in coarse features, leading to sub-optimal object discovery
and class-agnostic object detection. This is supported quan-
titatively: As scene complexity increases, with COCO and
EgoObjects on the lower end of complexity and Ego4D on
the higher end, our baselines’ performances suffer signifi-
cantly. In particular, generic self-supervised visual features
are not fine-grained enough for detection when bounding
box annotations for fine-tuning are unavailable. In contrast,
by utilizing patches and residuals, our method has the fea-
ture granularity and scene ambiguity robustness to achieve
state-of-the-art performance.

In Fig. 7 we present the qualitative results of our method
on the EgoObjects and Ego4D datasets. Our method pro-
duces bounding boxes that align well with objects in the
scene, even when scenes are highly complex. We include
implementation details, ablation study, and additional qual-
itative of results and challenging cases in the supplemental.

5.1. Interpreting metrics

The nature of egocentric data presents challenges not
only in network design and increased scene complexity,
but also during pre-processing and evaluation steps such
as annotations and performance analysis. Due to the high
complexity of the data, distinguished by largely varying ob-
ject scales, diversity, and density, annotation of egocentric
videos is often sparse, only considering specific categories
at specific scenes. For example, brooms might be annotated
when videos are captured in a kitchen, but not annotated
when captured in a parking lot. This results in sparsely an-
notated datasets, which may alter the traditional view on
performance metrics. While both recall and precision are
affected by the sparse annotation problem, we note that pre-
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Figure 7. Qualitative results of DEVI on EgoObjects (top three rows) and Ego4D (bottom three rows) validation sets. It can be observed
that our method has a strong notion of objectness and is able to detect most objects in scenes, even when they are highly complex.

cision is more noticeably affected. That is due to the high
number of un-annotated objects in frames, leading to many
false positives. As the number of false positives increases,
the precision decreases (P = TP

TP+FP ). For that reason,
in this work, we place higher importance on recall perfor-
mance.

5.2. Ablation studies

DEVI components. To understand what makes DEVI ef-
fective, we investigate the impact of various model design
choices to overall performance. We study all possible com-
binations of the loss functions, LMV and LSR, and the Ob-
ject Residual Module (ORM), and report performance in
Table 2. Note that when the ORM is not used, we use K-
Means clustering [56] on the raw features instead. Note that
at least one loss function is required for training.

We observe worse overall performance without the
ORM, which implies its increased utility in ambiguous
scenes compared to classical clustering methods such as K-
Means. Then, just by incorporating our multi-view loss,
LMV, with the Object Residual Module, we already outper-
form our baseline by 1.62% AP50. We then further improve
our performance by adding the scale-regression loss, LSR,
component. All combinations were trained for the same
number of iterations, and with the same hyperparameters.

Table 2. Ablation study on Ego4D validation set. We report per-
formance of Object Residual Module (ORM), LMV (multi-view
loss), and LSR (scale-regression loss) model design combinations.

ORM LMV LSR AP50 (%) AR10 (%) AR100 (%)

✓ 1.12 2.46 8.58
✓ 1.96 4.51 11.87
✓ ✓ 2.20 4.05 15.40

✓ ✓ 2.39 3.31 16.08
✓ ✓ 4.02 7.92 21.34
✓ ✓ ✓ 6.51 14.12 22.03

Egocentric vs. exocentric training data. While DEVI is
designed with egocentric properties in mind, we also inves-
tigate the utility of our method on exocentric videos. This
aims at verifying our computational appearance-based ap-
proach which utilizes the varying viewing angles and illu-
mination conditions of objects in egocentric videos, which
may not exist in exocentric videos. Due to the commonly
stationary viewing angles captured in exocentric videos, we
expect reduced efficacy of output features when trained on
exocentric data. For this experiment, we train our model
on ∼1M frames from the YouTubeBB-8M video dataset
[1] and evaluate on Ego4D validation set. We validate our
hypothesis by showing significantly increased performance
when trained on egocentric data than on exocentric data,
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