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Abstract

Egocentric visual query localization (EgoVQL) focuses on
localizing the target of interest in space and time from first-
person videos, given a visual query. Despite recent progres-
sive, existing methods often struggle to handle severe object
appearance changes and cluttering background in the video
due to lacking sufficient target cues, leading to degradation.
Addressing this, we introduce PRVQL, a novel Progressive
knowledge-guided Refinement framework for EQoVQL. The
core is to continuously exploit target-relevant knowledge di-
rectly from videos and utilize it as guidance to refine both
query and video features for improving target localization.
Our PRVQL contains multiple processing stages. The target
knowledge from one stage, comprising appearance and spa-
tial knowledge extracted via two specially designed knowl-
edge learning modules, are utilized as guidance to refine the
query and videos features for the next stage, which are used
to generate more accurate knowledge for further feature re-
finement. With such a progressive process, target knowledge
in PRVQL can be gradually improved, which, in turn, leads
to better refined query and video features for localization in
the final stage. Compared to previous methods, our PRVQL,
besides the given object cues, enjoys additional crucial tar-
get information from a video as guidance to refine features,
and hence enhances EgoVQL in complicated scenes. In our
experiments on challenging Ego4D, PRVQL achieves state-
of-the-art result and largely surpasses other methods, show-
ing its efficacy. Our code, model and results will be released
at https://github.com/fb—reps/PRVQL.

1. Introduction

The egocentric visual query localization (EgoVQL) task [9]
aims at answering the question “Where was the object X last
seen in the video?”, with “X” being a visual query specified
by a single image crop outside the search video. In specific,
given a first-person video, its goal is to search and locate the
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Figure 1. Comparison between current EgoVQL approaches in (a)
and proposed PRVQL with progressive knowledge-guided refine-
ment in (b). Best viewed in color and by zooming in for all figures.

visual query, spatially and temporally, by returning the most
recent spatio-temporal tube. Owing to its important roles in
numerous downstream object-centric applications including
augmented and virtual reality, robotics, human-machine in-
teraction, and so on, EgoVQL has drawn extensive attention
from researchers in recent years.

Current approaches (e.g., [9, 14, 28, 29]) simply leverage
the provided visual query as the sole cue to locate the target
in the video (see Fig. 1 (a)). However, since the given visual
query is cropped outside the search video, there often exists
a significant gap between the query and the target of inter-
est, due to rapid appearance variations in first-person videos
caused by many factors, such as object pose change, motion
blur, occlusion, and so forth. As a result, relying only on the
given object query, as in existing methods, is insufficient to
describe and distinguish the target from background in com-
plicated scenarios with heavy appearance changes, resulting
in performance degeneration. In addition, to achieve precise



localization, it is essential for an EgoVQL model to enhance
target and meanwhile suppressing background regions from
videos. Yet, this is often overlooked by existing approaches,
making them easily suffer from cluttering background and
therefore leading to suboptimal target localization.

The aforementioned issues faced by current methods nat-
urally raise a question: In addition to the given visual query,
is there any other information that could be leveraged for
enhancing EgoVQL? We answer yes, and show the informa-
tion directly explored from the video itself, as a supplement
to the given target cue, is effective in improving EgoVQL.

Specifically, we propose a novel Progressive knowledge-
guided Refinement framework for EgoVQL (PRVQL). The
core idea of our algorithm is to continuously exploit target-
relevant knowledge from the video and leverage it to guide
refinements of both query and video features, which are cru-
cial for localization, for improving EgoVQL (see Fig. 1 (b)).
Concretely, PRVQL consists of multiple processing stages.
Each stage comprises two simple yet effective modules, in-
cluding appearance knowledge generation (AKG) and spa-
tial knowledge generation (SKG). In specific, AKG works
to mine visual information of the target from videos as the
appearance knowledge. It first estimates potential target re-
gions from a video using the query, and then selects top few
highly confident regions to extract appearance knowledge
from video features. Different from AKG, SKG focuses on
exploring target position cues from videos as spatial knowl-
edge by exploiting the readily available target-aware atten-
tion maps. In PRVQL, the appearance knowledge is used to
guide the update of query feature, making it more discrimi-
native, while the spatial knowledge is employed to enhance
target and meanwhile suppressing unconcerned background
in video features, enabling more focus on the target. The ex-
tracted appearance and spatial knowledge in one stage are
used as guidance to respectively refine query and video fea-
tures for next stage, which are adopted to learn more accu-
rate knowledge for further feature refinement. Through this
progressive process in PRVQL, the target knowledge can be
gradually improved, which, in turn, results in better refined
query and video features for target object localization in the
final stage. Fig. 2 illustrates the framework of PRVQL.

To our best knowledge, PRVQL is the first method to ex-
ploit target-relevant appearance and spatial knowledge from
the video to improve EgoVQL. Compared with existing so-
lutions, PRVQL can leverage target information from both
the given visual query and mined knowledge from the video
for more robust localization. To verify its effectiveness, we
conduct experiments on the challenging Ego4D [9], and our
proposed PRVQL achieves state-of-the-art performance and
largely outperforms other approaches, evidencing effective-
ness of target knowledge for enhancing EgoVQL.

In summary, our main contributions are as follows: & We
propose a progressive knowledge-guided refinement frame-
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work, dubbed PRVQL, that exploits knowledge from videos
for improving EgoVQL; ¥ We introduce AKG for explor-
ing visual information of target as appearance knowledge;
% We introduce SKG for learning spatial knowledge using
target-aware attention maps; 4 In extensive experiments on
Ego4D, PRVQL achieves state-of-the-art performance.

2. Related Work

Egocentric Visual Query Localization. Egocentric visual
query localization (EgoVQL) is an emerging and important
computer vision task. Since its introduction in [9], EgoVQL
has received extensive attention in recent years owing to its
importance in numerous applications. Early methods [9, 28,
29] often utilize a bottom-up multi-stage framework, which
sequentially and independently performs frame-level object
detection, nearest peak temporal detection across the video,
and bidirectional object tracking around the peak, to achieve
EgoVQL. Despite the straightforwardness, this bottom-up
design easily causes compounding errors across stages, thus
degrading performance. Besides, the involvement of multi-
ple detection and tracking components in this design leads
to high complexities as well as inefficiency of the entire sys-
tem, limiting its practicability. To deal with these issues, the
recent method of [14] introduces a single-stage end-to-end
framework for EgoVQL with Transformer [25], eliminat-
ing the need for multiple components and meanwhile show-
ing promising performance. The method of [15] presents a
training-free EgoVQL framework using foundational mod-
els ans shows excellent results. Unlike existing models, the
work of [20] introduces an online setting for EgoVQL.

In this work, we exploit target knowledge directly from
the video to refine features for better localization. Differ-
ent from previous works, PRVQL leverages cues from both
the given query and mined target information for EgoVQL,
significantly improving robustness, especially in presence
of severe appearance variations and cluttering background.

Query-based Visual Localization. Query-based visual lo-
calization, broadly referring to localizing the target of in-
terest from images or videos given a specific query (image
or text), is a crucial problem in computer vision, and con-
sists of a wide range of related tasks, including one-shot ob-
ject detection [12, 32, 38], visual object tracking [1, 4, 17],
visual grounding [6, 18, 39], spatio-temporal video ground-
ing [10, 31], pedestrian search [16, 35], efc. Despite sharing
some similarity with the above tasks in localizing the target,
this work is distinctive by focusing on spatially and tempo-
rally searching for the target from egocentric videos, which
is challenging due to frequent and heavy object appearance
variations under the first-person views.

Progressive Learning Approach. Multi-stage progressive
learning is a popular strategy to improve performance, and
has been successfully applied for various tasks. For exam-
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Figure 2. Overview of PRVQL, which aims to explore target knowledge directly from videos via AKG and SKG and applies it as guidance
to refine query and video features with QFR and VFR for improving localization in EgoVQL through a multi-stage progressive architecture.

ple, the works of [2, 27, 34] introduce the cascade architec-
ture to progressively refine the bounding boxes or features
for improving object detection. The work in [33] presents a
sptio-temporal progressive network for video action detec-
tion. The methods in [13, 37] introduce progressive refine-
ment network for multi-scale semantic segmentation. The
methods of [3, 36] apply progressive learning to improve
features for saliency detection. The method in [8] proposes
to progressively learn more accurate anchors for enhancing
tracking. The work from [40] progressively transfers person
pose for image generation. Different than these works, we
focus on progressive refinement for improving EgoVQL.

3. The Proposed Method

Overview. In this paper, we propose PRVQL by exploiting
crucial target knowledge directly from videos for improving
target localization in EgoVQL. Our PRVQL is implemented
as a progressive architecture. After feature extraction of the
visual query and video frames, PRVQL performs iterative
feature refinement guided by the target knowledge for lo-
calization through multiple stages (Sec. 3.1). As displayed
in Fig. 2, each stage, expect for the final stage for prediction,
consists of two crucial modules, comprising AKG (Sec. 3.2)
and SKG (Sec. 3.3), for generating target appearance and
spatial knowledge. The knowledge is leveraged as the guid-
ance to refine query and video features (Sec. 3.4), which are
applied in the next stage to generate more accurate target
knowledge for further feature refinement. Through such a
progressive process, the target knowledge can be gradually
enhanced, which finally benefits learning more discrimina-
tive query and video features for improving EgoVQL.

3.1. Our PRVQL Framework

Visual Feature Extraction. In our PRVQL, we first extract
features for the visual query and video frames. Specifically,
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given the query ¢ and a sequence of L frames Z = {I;}1,
from the video, we utilize a shared backbone ®(-) [21] for
extracting their features ¢ = ®(q) € RE*XWXC and F =
{£;}E_| witheach f; = ®(I(i)) € RF*WXC where the H
and W represent the spatial resolution of the features and C
denotes the channel dimension. For subsequent processing,
we flatten q and F to obtain Q = flatten(q) € REWXC
and V = {v;}L | with each v; € REW*C,

Progressive Knowledge-guided Feature Refinement for
EgoVQL. As mentioned earlier, the core idea of PRVQL is
to exploit target knowledge directly from videos and apply
it as guidance to enhance query and video features for target
localization. For this purpose, PRVQL is implemented as a
progressive architecture with multiple stages in a sequence.
Each but the last stage involves target knowledge learning
and knowledge-guided feature refinement, as in Fig. 2.
More specifically, for the k" (1 < k < K) stage of our
PRVQL, let Q;, and Vy, denote the query and video features.
For the first stage (k = 1), Q; and V) are initialized using
query and video features extracted from the backbone, and
Q; = Qand V; = V. Otherwise, Q) and Vi, = {vF}E
are refined features in the last stage (K — 1). To mine target-
specific knowledge from the video, we perform feature fu-
sion between 9y and Vj, aiming to inject target informa-
tion into video feature for improving its target awareness.
In specific, we leverage cross-attention from [25] for fea-
ture fusion owing to its powerfulness in feature modeling.
Mathematically, this process can be expressed as follows,

Xy, = {2f|2f = caB(vf, Qp)} i=1,2,---,L (D)

where X is the fused feature in stage k, and vf the feature
in frame 4. CAB(z, u) is the cross-attention (CA) block with
z generating query and u key/value. Due to space limita-
tion, please see supplementary material for detailed archi-
tecture. Besides fused feature, we also obtain target-aware



spatial attention maps Sy, = {s¥}L | € REXHWXHW for [,
frames in Eq. (1), with each s¥ € REW>XHW the attention
map from the cross-attention operation in CAB(v¥, Q).

To further capture spatio-temporal relations from videos
for enhancing features, we apply self-attention [25] on X,
by propagating the query information spatially and tempo-
rally. Considering that targets in nearby frames are highly
correlated, we restrict the attention operation in a temporal
window using a masking strategy, similar to [14]. To reduce
the computation, we downsample X, to decrease the spatial
dimension of each frame feature to & x w. Then, we add a
position embedding £™* to the video feature. This process
can be written as follows,

X, = Downsample(&y) + &P (2)

where Downsample(-) represents the downsampling opera-
tion implemented with convolution operation. Afterwards,
masked self-attention is applied on as X as follows,

Hj, = MaskedSA(Xy) 3)

where Hy, represents enhanced video feature. MaskedSA(z)
denotes the masked self-attention block with z generating
query/key/value. In this block, each feature element from
frame ¢ only attends to feature elements from frames in the
temporal range [(¢ — u), (¢ + w)], which can be easily im-
plemented using masking strategy [5, 25]. From Eq. (3),
besides the Hj, we also gain the temporal-aware spatial at-
tention maps, denoted as Ty € RLxhwxLhw fop the target
in the video, which will be used for knowledge generation.

With video feature H, and attention maps Sk and 7y, the
target knowledge can be extracted with the AKG and SKG
modules (as explained later in Sec. 3.2 and 3.3), as follows,

¢ = AKG(Hg, Vi) p=SKG(Sk, Te) D

where ICf! represents the appearance knowledge and KCj] the
spatial knowledge. Guided by Kt and K in stage £, we can
refine query and video features using two update modules
QFR and VFR (as described later in Sec. 3.4) as follows,

Qk+1 = QFR(Ky, Qk) ®)

where Q1 and Vi1 are refined features guided by target
knowledge, which are fed to the next stage (k+ 1) to gener-
ate more accurate knowledge for further feature refinement.
Fig. 3 compares the attention maps from the masked self-
attention with and without using our approach. We can see
that, our method with refined features guided by knowledge
can better focus on the target in the video and thus improves
target localization, showing its efficacy.

For the final K" stage in PRVQL, since no knowledge is
extracted, the AKG and SKG modules are removed. Given
the visual query and video features Qx and Vg from the
(K — 1) stage, we can then obtain the final enhanced video
feature H c through Eqs. (1)-(3) in the K™ stage. With H,

Vk+1 = VFR(’CZ, Vl)
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(a) Attention maps in frames without progressive refinement
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(b) Attention maps in frames with progressive refinement

Figure 3. Comparison of attention maps for video frames from the
masked self-attention block without (a) and with (b) our progres-
sive refinement. As shown, our method can better focus on the tar-
get regions, and hence can improve target localization in EgoVQL.
The red boxes indicate the foreground object to localize.

we use the prediction heads as in [14] for target localization
via regression and classification. For details of the adopted
prediction heads, please kindly refer to [14].

3.2. Appearance Knowledge Generation (AKG)

In order to extract discriminative visual information of tar-
get directly from the video, we introduce a simple yet highly
effective module, named appearance knowledge generation
(AKG), for appearance knowledge learning. Specifically, it
first estimates the potential target regions from the video us-
ing target-aware video features. Then, based on confidence
scores of these regions, we select the top few ones to extract
target features from the video as the appearance knowledge.

Specifically, given the target-aware video feature Hy, we
first reshape it to the 2D feature map, and then increase its
spatial resolution back to H x W as follows,

H;, = Upsample(Reshape(H},)) (6)

where Upsample(-) denotes the upsampling operation. Af-
ter this, we apply H, to produce temporal confidence scores
and spatial box regions for target in each frame. More con-
cretely, we first split Hy, along the channel dimension into
two equal halves ! and Hj via Hi, Hi = Split(Hx).
Inspired by [14], we perform classification and regression
to predict temporal confidence scores and spatial boxes us-
ing multi-scale anchors [23]. Specifically, two Conv blocks

are applied on A (i) and (i) for prediction as follows,

C = ConvBlock(#}) AB = ConvBlock(H;) (7)

where Cj, € REXHXWxm denotes the temporal confidence
scores for target in L frames with m the number of anchors
at each position. AB, € REXHXWxdm jq the offsets to the
anchor boxes B, and target boxes B, = ABj, + B. With
C. the confidence score in each frame is determined by the
highest classification score of anchors, and the target region
is the box corresponding to the box with the highest classifi-
cation score. This way, we can obtain the confidence scores
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Figure 4. Illustration of appearance knowledge generation (AKG).

C;, and target regions Bj; in each frames as follows,
Ci = {c}lcl. dj, = Max(Cu(i))} ©
By, = {bi|b: = Index(By(i), d%)}
where i € [1, L] is the frame index. ¢}, is the highest value
selected from the classification scores C(i) € RH*Wxm
of anchors in frame ¢, and dj, is its index. b}, is the target box
corresponding to ¢}, in frame, and extracted from By, (i) €
RHEXW>xAm Max(-) is to select the maximum and its index,
and Index(-) to extract the box from By (i) given its index.
With C;, € REX! and By, € RL*4, we first sample target
regions with high confidence scores as follows,

B, = Sample(Bk(i),ék(i), T) = {Bk(l)‘ék(l) > 7'} )

Then, we extract n regions from B;, with the top confidence
scores via B,? = Top,, (By). If the number of regions in By,
is less then n, we keep all regions. After this, RolAlign [11]

is used to extract the appearance knowledge from V), via

¢ = RoIAlign(Vg, B.") (10)

where Kf represents the appearance knowledge from AKG
in the k™ stage. Please notice that, in Eq. (10), we only per-
form RolAlign in frames corresponding to B;:p. Since K
is generated from the video itself, when using it as guidance
to refine the query feature, we can reduce the discrepancy
between the query and the foreground target. By deploying
AKG in each but the last stage, ! could be gradually im-
proved with better refined query feature in each stage. Fig. 4
illustrates AKG for appearance knowledge generation.

3.3. Spatial Knowledge Generation (SKG)

In addition to appearance knowledge, we explore target spa-
tial knowledge from the video for improving video features.
Specifically, inspired by the observation that intermediate
attention maps from previous attention operations reflect the
spatial cues of target in each frame to some extent, similar to
the concept of “saliency” but for the target, we propose the
spatial knowledge generation (SKG) module, which works
to leverage readily available attention maps as guidance for
enhancing target while suppressing background in the video
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Figure 5. Ilustration of spatial knowledge generation (SKG).

features, enabling more focus on the target in PRVQL.

Concretely in our SKG, we exploit the target-aware spa-
tial attention maps Sy, from cross-attention block in Eq. (1)
and temporal-aware spatial attention maps 7; from masked
self-attention block in Eq. (3) for spatial knowledge learn-
ing. Specifically, given Sy, and Ty, we first extract the inter-
frame spatial attention maps 7,% by extracting diagonal ele-
ments from 7, as follows,

T = baig(Te) = {t§ ey (11)

where ¢gise denotes the operation to extract diagonal elects,
and tF € Rh*h represents the attention maps for frame
i. To match the spatial dimension of 7,9 and Sy, we first
perform bilinear interpolation on 77:' to increase its spatial
resolution to HW x HW , and then combines these two at-
tention maps to obtain spatial knowledge. Mathematically,
this process can be expressed as follows,

Ki = o on(Td) + (1 - a) - Sk

where @iy denotes the bilinear interpolation operation, K7
is the target spatial knowledge, and « is a parameter to bal-
ance different attention maps. Since K} indicates the target
position cues in each frame in some degree, we can use it to
highlight target while restraining background in videos for
improving localization. Similar to AKG, SKG is deployed
in each but the last stage of PRVQL. Fig. 5 illustrates SKG.

(12)

3.4. Feature Refinement with Knowledge

With target appearance knowledge K} and spatial knowl-
edge KC; obtained from AKG and SKG in stage k (1 < k <
K), we then apply them as guidance to refine the query and
video features through query feature refinement (QFR) and
video feature refinement (VFR) modules.

Query Feature Refinement (QFR). QFR aims to refine the
query feature with guidance from learned target appearance
knowledge. Specifically, it adopts a cross-attention block to
fuse appearance knowledge XCj into the query. Given the
query feature Qj, and appearance knowledge Kf in stage &,
we first apply a Conv block on Kt and then perform refine-



ment via QFR as follows,
Qk-‘,—l = QFR(Qk, ’CZ) = CAB(Qk, CNB(/CZ)) (13)

where Qj1 is refined query feature and fed to next stage
for learning more accurate knowledge, which in turn leads
to better query feature for localization in the final stage. It
is worth noting that, besides cross-attention, we explore dif-
ferent strategies to combine Qj and K¢, including addition
and concatenation operations. We observe that using cross-
attention achieves the best performance, as exhibited in our
experiments provided in the supplementary material.

Video Feature Refinement (VFR). VFR uses the target
spatial knowledge to refine initial video feature by enhanc-
ing target while suppressing the background. Given the
initial video feature V; and learn spatial knowledge KC; in
stage k, we use residual connection to refine V; as follows,

Vi1 =6 (KpoV) +(1-08)- N (14)

where V1 denotes the refined video feature that is used for
the next stage, 3 is a balancing parameter, and ® represents
the pixel-wise multiplication.

3.5. Optimization and Inference

Optimization. Given a video and a visual query, we predict
confidence scores C~k and target boxes l’;’k (Bk = Agk + B)
in each stage k (1 < k < K). During training, given the
groundtruth boxes 5* and temporal occurrence scores S*,
we design the following loss function £y, for stage k,

Ly = Lp, By, B*) + M Laiou (B, B*) + A2 Lpce(Sk, S™)

(15)
where L1, Lgiou, and Lpcg represent the L; loss, general-
ized IoU (GIoU) [24] loss, and binary cross-entropy (BCE)
loss, respectively. A; and Ay are two balancing parameters.
With Eq. (15), the total training loss L, can be obtained
via Lol = Zszl L. Following [9, 14, 29], we perform
hard negative mining during training to decrease false posi-
tive prediction. For details, please refer to [9, 14, 29].

Inference. We employ the same strategy as in [14] to obtain
the prediction result. Specifically, during inference, we first
obtain the target region in each frame by selecting target
box with the highest confidence score. Please note that, the
target regions with confidences scores smaller than a thresh-
old, set to 0.79, will be discarded. After this, we select the
most recent peak and generate a response track via bidirec-
tional search from the peak. Details can be seen in [14].

4. Experiments

Implementation. Our PRVQL is implemented using Py-
Torch [22]. Similar to [14], we apply the ViT [7] pretrained
with DINOv2 [21] as the backbone. PRVQL is end-to-end
trained for 50 epoches (60K iterations in total) with a batch
size of 12, utilizing the AdamW optimizer [19] with a peak
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Table 1. Comparison on the Ego4D validation set.

Methods tAPss stAPss  rec%  Succ
STARK [iccv2ip - 0.10 0.04 1241 18.70
SiamRCNN [cvrr22]  0.22 0.15 3292 43.24
NFM [VQ2D Challenge'22] 0.26 0.19 37.88 47.90
CocoFormer [cvrr23]  0.26 0.19 37.67 47.68
VQLOoC [Neurlps 23] 0.31 0.22  47.05 55.89
PRVQL (ours) 0.35 0.27 47.87 57.93
Table 2. Comparison on the Ego4D test set.
Methods tAP55 stAPys  rec%  Succ
SiamRCNN [cver22)  0.21 0.13 340 41.60
NFM [vQ2D Challenge’22]  0.24 0.17 36.38 45.07
CocoFormer [cvpr23]  0.26 0.18 43.20 48.10
VQLoC [NeurPs23]  0.32 0.24 45.11 55.88
PRVQL (ours)  0.37 0.28 45.70 59.43
Table 3. Comparison of speed on Ego4D.
STARK SiamRCNN NFM CocoFormer VQLoC PRVQL
FPS 33 3 3 3 36 30

learning rate of 10~ and a weight decay of 5 x 1072, The
query image and video frames are resized to 480 x 480. The
number of stages K in PRVQL is empirically set to 3, and
the pooling size for RolAlign is 5. The number of selected
boxes n for appearance knowledge is 3, and the threshold
7 is set to 0.7. The parameters o and (§ are empirically
set to 0.5 and 0.1. A\; and A5 are 0.3 and 100. The video
frame length L, similar to [14], is set to 30 with frames ran-
domly selected to ensure coverage of at least a portion of
the response track. For the anchor boxes in localization, we
employ four scales (162, 322, 642, 482) with three different
aspect ratios (0.5, 1, 2) for each anchor box, similar to [14].

4.1. Dataset and Evaluation Metrics

Dataset. Following [14, 29], we conduct the experiments
on Ego4D [9], a recently proposed large-scale dataset ded-
icated to first-person video understanding. Similar to [14],
we use videos from the VQ2D task, with 13.6K, 4.5K, 4.4K
pairs of queries and videos for training, validation, and test.

Evaluation Metrics. Following [14, 29], we adopt the met-
rics provided by Ego4D [9] for evaluation, including tempo-
ral average precision (tAPs5), spatio-temporal average pre-
cision (stAPs5), recovery (rec%), and success (Succ). For
more details of these metrics, please refer to [9].

4.2. State-of-the-art Comparison

To verify the effectiveness of PRVQL, we compare it with
other methods on Ego4D, including STARK [30], SiamR-
CNN [26], NFM [28], CocoFormer [29], and VQLoC [14].
Tab. | displays results on the Ego4D validate test. As in
Tab. 1, we can clearly see that PRVQL achieves the best per-
formance on all four metrics. In particular, it achieves 0.35
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Figure 6. Visualization of refinement in different stages. The red
bounding boxes indicate the groundtruth.

Table 4. Ablation studies of AKG and SKG.

AKG SKG tAPy; stAPy5 rec%  Succ
(1} - - 0.32 0.23 4524 5537
(2] v - 0.34 0.26 4734 57.27
(3] - v 0.33 0.24 4633 56.46
(4] v v 0.35 0.27 47.87 5793

Table 5. Ablation studies on the number of stages.

# Stages  tAPg5 StAPys rec% Succ
(1] K=1 0.32 0.23 4524  55.37
(2] K=2 0.34 0.27 4725 5643
(3] K=3 0.35 0.27 47.87 57.93
(4] K=14 0.33 0.26 4591 5529

tAPs5 and 0.27 stAPsy5 scores, which outperforms the sec-
ond best VQLoC with 0.31 tAP25 and 0.22 stAPy5 scores by
4% and 5%. Besides, the rec and Succ scores of PRVQL are
47.87% and 57.93 respectively, which surpasses the 47.05%
rec and 55.89 Succ scores of VQLoC, evidencing its effec-
tiveness. Besides, in Tab. 2, we further report the exper-
imental results on Ego4D test set. As in Tab. 2, PRVQL
again achieves the best results on all four metrics. Specif-
ically, PRVQL obtains 0.37 tAPs5 and 0.28 stAP»5 scores.
Compared to VQLoC, our approach shows gains of 5% and
and 4%, respectively, on tAPy5 and stAPy5. All these show
the efficacy of target knowledge in improving EgoVQL.
Moreover, we show the speed, measured by frames per
second (FPS), for different methods in Tab. 3. PRVQL runs
fast at 30 FPS. Despite being slightly slower than VQLoC
running at 36 FPS, PRVQL is more robust in localization,
showing a better balance between accuracy and speed.

4.3. Analysis of Refinement by Multiple Stages

Our PRVQL improves the localization performance through
multiple stages of refinement guided with target knowledge.
In Fig. 6, we show the attention maps of the visual query
from different stages of PRVQL in the video frame. From
Fig. 6, we can clearly see that, the attention maps are grad-
ually focused on the target regions via refinement in multi-
ple stages and benefit better target localization, which evi-
dences the effectiveness of our PRVQL.
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Table 6. Ablation studies on the threshold 7.

Threshold tAPy;  stAPys rec% Succ
(1] 7=0.6 0.32 0.24 44.82 5597
(2] T=0.7 0.35 0.27 4787 57.93
(3] 7=0.8 0.34 0.26 46.53 57.33

Table 7. Ablation studies on the number of target boxes in AKG.

tAPsys StAPo5 rec% Succ
(1) n=2 0.34 0.26 47.27 56.03
(2] n=3 0.35 0.27 47.87 57.93
(3] n==4 0.36 0.26 46.59 57.62
(4] n=>5 0.35 0.24 46.84 56.95

Table 8. Ablation studies on RolAlign feature size.

Size tAPo5 StAPo5 rec% Succ
(1} 3 0.33 0.26 46.94  56.06
(2] 5 0.35 0.27 47.87 57.93
(3] 7 0.34 0.27 47.58 57.38
(4] 9 0.32 0.25 46.37 55.27
4.4. Ablation Study

For better understanding of PRVQL, we conduct extensive
ablation studies on Ego4D validation set as follows.

Impact of AKG and SKG. AKG and SKG are two key
modules in PRVQL for knowledge generation. To analyze
these two modules, we conduct thorough ablation studies
in Tab. 4. From Tab. 4, we can see that, without AKG and
SKG, the tAPs5 and stAPs5 scores are 0.32 and 0.23, re-
spectively (@). By applying AKG alone for refinement with
appearance knowledge, they are significantly improved to
0.34 and 0.26 with performance gains of 0.02 and 0.03 (®
v.s. @). When using only SKG for refinement with spa-
tial knowledge, tAP25 and stAPy5 are improved to 0.33 and
0.24 (® v.s. @). From this table, we also observe that, us-
ing appearance knowledge for refinement in PRVQL brings
more gains than the spatial knowledge (@ v.s. ). When
using both AKG and SKG in our PRVQL, we achieve the
best performance with 0.35 tAPy5 and 0.27 stAPs5 scores
(® v.s. @), which clearly evidences the efficacy of target
knowledge for improving the robustness of EgoVQL.

Impact of the number of stages. PRVQL is a progres-
sive architecture with K stages to explore the target knowl-
edge for refinement. We conduct an ablation study on K
in PRVQL in Tab. 5. From Tab. 5, we observe that, when
setting ' = 1, which means only one stage is used and
the target knowledge is not used due to one-stage design,
the tAP55 and stAPss5 scores are 0.32 and 0.23 (@). When
adding the second stage, tAPy5 and stAPy5 are largely im-
proved by 2% and 4% to 0.34 and 0.27, respectively ().
With three stages, the tAPs5 and stAPs5 scores are further
boosted to 0.35 and 0.27 (®). When setting K = 4 with
4 stages, the performance is decreased with 0.33 tAP»5 and
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Figure 7. Qualitative analysis and comparison between our PRVQL and state-of-the-art VQLoC in representative videos with different
challenges. We observe that, owing to our target knowledge from videos, PRVQL can more robustly localize the target of interest.

0.26 stAPs5 scores (®). Hence, we set K to 3 in PRVQL.

Impact of threshold 7 in AKG. The threshold 7 is used
to filter out less confident target regions in AKG, aiming to
avoid noisy features in appearance knowledge generation.
In this work, we conduct an ablation to study the impact of
7 on the final performance in Tab. 6. As shown in Tab. 6,
we can see that, when setting 7 to 0.7, PRVQL achieves the
best performance on all four metrics ().

Impact of number of target boxes in AKG. In AKG, we
extract visual features from the top n highly confident target
regions for appearance knowledge generation. We conduct
an ablation on n in Tab. 7. From Tab. 7, we can observe that,
when using the top 3 target regions for knowledge learning
in AKG, we achieve the best overall performance ().

Impact of RoIAlign Feature Size. With the top n selected
target regions, we perform the RolAlign operation [11] to
obtain target appearance knowledge. The RolAlign feature
size may have an impact on the target appearance knowl-
edge. A too small size may result in the coarse spatial infor-
mation of the target, while a too large size may lead to los-
ing discriminative local features for the target, both degrad-
ing performance. In this work, we study different RolAlign
feature sizes in Tab. 8. As shown, when setting the size to 5
in RolAlign, PRVQL shows the best overall performance.

4.5. Qualitative Analysis

To provide further analysis of our PRVQL, we show the vi-
sualization results of its localization and compare it with
VQLoC in Fig. 7. Specifically, we show results on several
representative videos, including video in (a) with pose vari-
ation, video in (b) with cluttering background and out-of-
view, video in (c) with occlusion and low resolution, video
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in (d) with pose variation and cluttering background, and
video in (e) with motion blur and distractor. From Fig. 7,
we can see that, our method can robustly and accurately lo-
calize the target in all these challenges, owing to the help
of target knowledge from videos, while VQLoC is prone to
drift to the background due to lack of discriminative target
information, evidencing the effectiveness of our method.
Due to limited space, we demonstrate more results, anal-
ysis, and ablation studies in the supplementary material.

5. Conclusion

In this paper, we present a multi-stage architecture, dubbed
PRVQL, for improving EgoVQL via exploring the target
knowledge to refine features for robust localization. In each
stage, two key modules, including AKG and SKG, are used
to extract target appearance and spatial knowledge from the
video. The knowledge from one stage is used as guidance
to refine query and video features in the next stage, which
are adopted for learning more accurate knowledge for fur-
ther refinement. Through this progressive process, PRVQL
learns gradually improved knowledge, which in turn leads
to better refined features for localization in the final stage.
Our experiments on Ego4D show that PRVQL achieves
promising results and largely surpasses other methods.
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