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Abstract

Representation Learning for Efficient Localized Image Retrieval

by

Lucas Jaffe

Doctor of Philosophy in Engineering — Electrical Engineering and Computer Sciences

University of California, Berkeley

Professor Avideh Zakhor, Chair

Locating and labeling objects in images remains a central problem in computer vision, and
the challenge of doing so efficiently has taken on increasing importance with the deployment
of autonomous vehicles, edge recognition applications, and ever-growing foundation models.
We consider a variation of object localization called localized image retrieval, which combines
the problems of image retrieval and query localization, by ranking the precise sub-regions
in a set of scenes which match the user query. In this work, we will examine the topic
of representation learning for localized image retrieval, specifically through the lens of the
person search problem. We will show novel work in categorizing and improving efficiency of
person search models during training and inference by introducing new modular approaches,
comparing query-centric and object-centric methods, and developing methods for weakly-
supervised and self-supervised pre-training. Finally, we will discuss how identity search,
prompt localization, object detection, and tracking can be unified under the single problem
of localized image retrieval, and consider connections to generalist models.
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Chapter 1

Introduction

We begin by reviewing the definitions of two visual recognition problems: image retrieval
and localization. In image retrieval, the goal is to retrieve relevant images to a query from a
database, and in localization, the goal is to determine the precise location of some object or
query in an image. Localized image retrieval (LIR) is the visual recognition problem which
combines image retrieval and localization, by retrieving the sub-regions in a set of images
which match a query. The query can be any arbitrary representation, but is commonly
derived from either imagery or text. For example, we could form a query using the phrase,
“A tall man with dark hair wearing a suit.”, or we could form a query with an image of the
specific man we are trying to find. In either case, we would expect to return a list of images
showing the most similar person in the scene database to our query, if there are any good
candidates.

To set the stage, we walk through an example of LIR for the person search problem,
depicted in Fig. 1.1. In person search, the goal is to localize and rank matches to a query
person image in a set of gallery scene images. In the example shown in Fig. 1.1, the aim
is localize Person A in Scenes 1 and 2. This example demonstrates the two-step approach,
which will be described in more detail, and compared with a one-step approach, in Chapters 2
and 3.

In two-step person search, the first step is to detect all persons in the gallery scenes, shown
in Fig. 1.2. Once all persons have been detected, the second step is to input all detected person
image crops though a separate neural network to produce embeddings x ∈ Rd, shown in
Fig. 1.3a. Then, we compare query and gallery embeddings, typically using cosine similarity,
shown in Fig. 1.3b. We note that any similarity measure or distance metric can be optimized
for and used, but cosine similarity is a standard choice. In this case, the goal is for the cosine
similarity between positive matches to be greater than that for negative matches.

If this relationship holds in every case, then we will achieve the correct ranking, an
example of which is shown in Fig. 1.4. Ideally, the ranking will reflect visual similarity of each
detected person with the query, indicating that we have learned a meaningful embedding
space. We may also desire the property that embeddings of same person/identity form
separable clusters in the embedding space. When embedding cluster sizes and inter-cluster
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GalleryQuery

Scene 1 Scene 2
Person A

Figure 1.1: In person search, the goal is to localize and rank matches to the query person
outlined in blue (Person A), in the gallery scenes (Scene 1,2). Matches to the query person
in the gallery scenes are denoted by green boxes. Image example is from the CUHK-SYSU
dataset [1], originally from the movie The Imitation Game.

distances are normalized, we can use a fixed similarity/distance threshold to retrieve all
matches for a given embedding, without false positives.

In the remainder of this chapter, we will discuss a formal problem formulation of LIR in
Sec. 1.1, the common visual recognition problem types which can be framed through LIR in
Sec. 1.2, technical motivation for exploring the topic of LIR in Sec. 1.3, and organization of
this dissertation in Sec. 1.4.

1.1 Problem Formulation

Having explained the definition of LIR at a high level, we will now propose a formalization
that is sufficiently broad to capture multiple problem types, but still opinionated enough to
be useful: given a query q with embedding xq ∈ Rd and a database of images D = {I1, ..., In},
where image I has height h, width w, and c channels, i.e. I ∈ Rh×w×c, the LIR function fLIR
maps xq,D to localizations lc and embeddings xc. Localizations lc denote the position and
extent of candidate matches c to query q in images in D, and embeddings xc encode similarity
of c to q. A localization could be a point or arbitrary polygon, but is typically a rectangular
bounding box bc. Similarity of q and c is typically encoded as cosine similarity between xq

and xc, but can be encoded via a distance metric as well. Outputs of LIR may be used for
retrieval, by ranking with similarity scores, or filtered altogether via a score threshold.

In addition, we provide the following clarifications:

• The query q can be any piece of information we want to localize in the images, including
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GalleryQuery

Scene 1 Scene 2
Person A

Figure 1.2: The first step in (two-step) person search is to detect all people in the gallery
scenes (outlined in yellow), then crop the images corresponding to each detected person.
Image crops matching the query person are outlined in green.

𝑥 ∈ ℝ𝑑

𝐼 ∈ ℝ!×#×$

Image EmbeddingNeural Network

(a) Cropped persons are fed through a re-id per-
son crop embedding network to produce person
embeddings x ∈ Rd.

sim 𝑥, 𝑦 	= 𝑠!

𝑦 ∈ ℝ𝑑

𝑥 ∈ ℝ𝑑

𝑧 ∈ ℝ𝑑
sim 𝑥, 𝑧 	= 𝑠"

Query

Gallery
Match

Gallery
Nonmatch

𝑠! > 𝑠"

(b) Person embeddings can then be compared
using cosine similarity: the cosine similarity of
matching pairs should be greater than the cosine
similarity of non-matching pairs.

Figure 1.3: Person embedding extraction (left) and comparison (right) processes.
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GalleryQuery

Figure 1.4: All detected person embeddings are compared to the query, which is outlined in
blue, and ranked by cosine similarity, left to right in the graphic. Matches to the query are
outlined in green.

an image, text, audio, video, or a point / line / squiggle in the image itself. We use
the query by embedding it in Rd with an encoder specific to the corresponding data
modality.

• Detected localizations may also have corresponding “objectness” scores or per-class
object scores sc.

• Detected localizations may have corresponding object masksmc, which give finer-grained
information about object extent.

• The database of images D could consist of only one image. Since there are multiple
candidates within each image by design, the concept of retrieval still applies in this
context.

1.2 Problem Types

Many existing models for various LIR problems have similar structure, but the concepts are
often developed independently. Therefore a core motivation of this work is to understand links
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a) Identity Search
(Person Search)

Prompt
(query)

Images
(gallery)

0 or 1 
matches

(per image)

⋯

Rank
1 2 3

Image 
Crop

c) Object Detection

Prompt
(object class)

Image

0+ 
matches

“Tree.”Text

Image 
Crop

b) Prompt Localization

Image

0 or 1 
matches

“The man in 
the park.”

Prompt

Image 
Crop

Text

Image
Annotation

d) Object Tracking

Prompt
(initial position)

Images
(video)

0 or 1 
matches

(per image)

𝑡!
𝑡"
𝑡#

𝑡! 𝑡" 𝑡#

⋯

𝑡$

Image 
Crop

Track

Figure 1.5: Depiction of the four basic problem categories in LIR: identity search, prompt
localization, object detection, and object tracking. All problem types localize a prompt in one
or more images, but the type of prompt, number of matches per image, and post-processing
may differ between the problem types.

between these different instantiations of the same fundamental problem. Below, we give a
brief overview of four major problem types which can be framed through LIR. These problem
types are identity search in Sec. 1.2.1, prompt localization in Sec. 1.2.2, object detection in
Sec. 1.2.3, and object tracking in Sec. 1.2.4. We visualize these problem types in Fig. 1.5.

The goal of unifying the problem types is to enable:

• Shared model architecture and inductive biases.

• Unified pre-training, fine-tuning, and inference.

• Cross-task transfer, improving performance for all tasks.

1.2.1 Identity Search

The main subject of our work in LIR is the problem of identity search, in which we aim to
localize a query identity image in a set of gallery scenes, and rank results by similarity to the
query, shown in Fig. 1.5a. An identity in this case typically refers to some fixed object in the
physical world, typically a person or vehicle, but can refer to any object which can be defined
as a fixed instance in some context. Identity search is the generalization of person search
[2]–[4] to any object type, with the constraint being that we are still performing retrieval at
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the instance level. We consider identity search the core problem of LIR, because all other
problems can be defined in terms of it. However, we will show that many of the distinctions
between LIR problem types are essentially arbitrary.

1.2.2 Prompt Localization

Prompt localization is the task of localizing a “prompt” in a single image, shown in Fig. 1.5b.
It is similar to identity search, but we do not consider ranking results in separate gallery
scenes with respect to similarity to the prompt. A prompt is synonymous with a query in the
way we have defined it, but may refer to an image, a text sequence, or any other data which
we can encode as an embedding. Prompt localization models such as SAM [5], SEEM [6],
SegGPT [7], and UNINEXT [8] encode quantities such as images, text, and image sub-region
markings (points, boxes, scribbles), and localize the given prompt within the target image. In
fact, modern models of prompt localization cover most of our requirements for a unified model
of LIR, except that existing works have not considered how to incorporate identity-level
learning, or considered the retrieval aspect with multiple images, as in identity search.

Other tasks in prompt localization include Referring Expression Comprehension (REC)
[9]–[11], Referring Expression Segmentation (RES) [10], [12], [13], and Referring Video
Object Segmentation (R-VOS) [14]–[16]. In REC, the goal is to localize a natural language
description in an image using a bounding box. RES is the extension of REC to include
instance segmentation masks. R-VOS is the extension of RES to video, without an explicit
goal of instance tracking.

1.2.3 Object Detection

In object detection [17]–[23], the goal is to localize all instances of objects belonging to a set of
classes, shown in Fig. 1.5c. While prompt localization is defined at the instance level (locating
a single object matching the prompt), object detection is defined at the class level, meaning
that there may be more than one match for a given object class in a given image. Instance
segmentation [24]–[27] is the extension of object detection to include instance segmentation
masks. Video Object Segmentation (VOS) [28]–[30] is the extension of instance segmentation
to video, without an explicit goal of instance tracking.

There are also variations of object detection that depend on how many training examples
images we have of each class. In one-shot [31] and few-shot [32] detection, we have only one
or a few examples respectively from each class we want to detect. These can both be framed
as a variant of prompt localization by treating the training examples as the prompts, and
allowing multiple matches per image.

Finally, zero-shot detection is the problem of detecting object categories that we have no
image examples of. This problem can be framed as prompt localization, through the use of a
text or joint image-text embedding space, in which the category name is treated as text and
looked up from the embedding space, then used to localize matches. In OWL-ViT [22], CLIP
[33] is used for the image-text embedding space.
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1.2.4 Object Tracking

Object tracking, shown in Fig. 1.5d, can be framed as a variant of identity search, in which
gallery scenes compose video frame sequences. In the näıve approach, tracking can be
achieved by treating each frame as a separate gallery image and using an identity search
model. Methods such as [8] show that this näıve approach is sufficient to achieve SOTA
tracking performance on common benchmarks, though it is possible to add additional modules
which learn explicit temporal features [34], with LIR modules functioning as a “tracking
backbone”.

Variants of tracking include Single Object Tracking (SOT) [35]–[37], Multiple Object
Tracking (MOT) [38]–[41], Multiple Object Tracking and Segmentation (MOTS) [42]–[44],
and Video Instance Segmentation (VIS) [34], [45]–[47].

In SOT, we consider only a single object, and are given the position of the object in the
first frame, and must track it through all video frames. In MOT, we usually have to first
detect all objects (belonging to certain classes), and then track them each independently
through all video frames. MOTS is the extension of MOT to include instance segmentation
masks, and essentially equivalent to VIS, but more focused on the simultaneous tracking and
segmentation of multiple objects.

1.2.5 Summary

Having delineated each problem type, it should be clear that the distinctions are somewhat
arbitrary. Some questions that might occur are: How exactly is a prompt different from an
object class? Are VOS and VIS really separate problems? Or, what is the difference between
identity search and tracking, if tracking can be solved with identity search? The fact is that
these are all essentially the same problem, and can be solved with a single model based on
identity search and prompt localization, if the prompts are carefully designed. We will show
one approach to doing so in Chapter 6.

1.3 Technical Motivation

Before approaching the main technical content in detail, we aim to clearly motivate the
technical purpose of this work. In particular, we describe below the motivation for each
part of the subject, Representation Learning for Efficient Localized Image Retrieval, and
the rationale of our focus on person search in particular. In Sec. 1.3.1, we discuss why the
joint problem LIR is worth studying. In Sec. 1.3.2, we discuss the motivation for framing
our research through the lens of computational efficiency. In Sec. 1.3.3, we explain our focus
on representation learning. Lastly, in Sec. 1.3.4, we explain why it is logical to study LIR
through the problem of person search.
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1.3.1 Localized Image Retrieval

One obvious question arises when we consider the joint problem of localized image retrieval:
why not just consider detection and retrieval separately? For person search in particular,
there exist both two-step models, which consider the two problems separately, and one-step or
end-to-end models, which consider the problems jointly. However, we will show that even for
two-step models, it is important to consider the process of detection during retrieval training.
We briefly discuss the key tradeoffs between the two model types below, emphasizing the
importance of LIR as a distinct topic of study. A detailed treatment is given in Chapter 3.

• One-step models are generally more efficient at inference time, because they share
features between detection and retrieval, i.e. we don’t need to recompute certain features
for each task.

• The distribution of detected bounding boxes will not exactly match perfect ground
truth bounding boxes, meaning that it must be considered for retrieval model training.

• Some tasks, including variants of identity search and prompt localization that depend
on very specific instance prompts, can only be performed as LIR, because there exists
no concept of an object class.

• Relatedly, considering the tasks jointly allows for a unified model solving multiple
problem types in LIR, discussed further in Chapter 6. Approaches such as [8] show that
a unified generalist approach can achieve better performance than specialist models
developed for each task.

1.3.2 Efficiency Framing

The primary focus of this work is to analyze localized image retrieval through the framing
of computational efficiency. Having established that the problem of LIR is itself a useful
delineation, it is clear that having efficient training and inference are beneficial in their
own right. But beyond that, efficient models enable deployment in time sensitive and edge
applications like automated vehicles and remote sensing. In addition, the trend of large
models in language and vision has effectively priced out small and medium-sized research
institutions in developing relevant models to an extent. Therefore any mechanisms which
improve training efficiency are desirable in that they can allow model training or fine-tuning
with fewer compute resources.

1.3.3 Representation Learning

The mechanisms of improving LIR efficiency that we discuss are specifically focused on
representation learning. In Chapter 3, we focus on learning person and scene representations
that allows us to efficiently filter scenes per person by comparing their representations.



CHAPTER 1. INTRODUCTION 9

In Chapters 4 and 5, we develop query and anchor representations that have a specific
relationship, allowing both query-centric and object-centric detection.

1.3.4 Focus on Person Search

While we have mentioned many problem types that fall under the category of LIR, we focus
specifically on person search because it is the most well-studied example of identity search
as we have defined it. As discussed, identity search is a core problem of LIR, and it can be
used to solve all the other problem types, so it is logical to base model development around
it. Therefore, while it would be beneficial to conduct experiments on the other problem
types with a variety of datasets, person search serves as a reasonable starting point for model
research and development on the topic of unified LIR.

1.4 Dissertation Organization

Chapter 1 describes and motivates the purpose of this work and its organizational structure,
and Chapter 2 covers related work which is pre-requisite to understanding the main research
contribution. In Chapters 3 to 5, we analyze various framings of LIR efficiency, and introduce
new modeling mechanisms for person search. In Chapter 3, we describe two methods of
modularizing LIR, including one-step vs. two-step models, and our new model, the Gallery
Filter Network [3]. In Chapter 4, we analyze time complexity and computational efficiency of
different detectors, and of query-centric vs. object-centric LIR models. We introduce a new
model for person search (SPNet) which can operate in both query-centric and object-centric
modes with the same weights [4]. In Chapter 5, we analyze pre-training and fine-tuning
performance of person search models, and develop a new pre-training mechanism for person
search using SPNet, which can use weakly-labeled or unlabeled data [4]. In Chapter 6, we
discuss future work on the topic of unifying LIR, and how to improve existing models of
unified LIR. In addition, we summarize our main results and discuss societal impacts of the
topic area.
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Chapter 2

Background

The intent of this Background chapter is to cover pre-requisite material that is required
for understanding of our contributions, in a way that is compact and separate from our
contribution description. We focus especially on variants of object detection and person
search, since these are the most important and relevant topics. We also cover image retrieval,
unsupervised learning, and model fine-tuning. Aside from the focus on person re-identification
(re-id), we refer to the related area of vehicle re-id, which is the other major object category
in instance recognition research.

The outline of this chapter is as follows: we discuss object detection in Sec. 2.1, image
retrieval in Sec. 2.2, person search in Sec. 2.3, unsupervised learning in Sec. 2.4, model
fine-tuning in Sec. 2.5, and provide a foreword to the efficiency chapters in Sec. 2.6.

2.1 Object Detection

In this section, we focus on the Object Detection problem, covering the major categories of
models, and highlighting methods which are relevant to our research approach. In Chapter 4,
we argue that anchor-based models are still the best choice as the core of our modeling
approach, despite there being many other options. Material in this section will examine the
inductive biases and practical structure of each model type which make this choice clear.

We discuss spatially-referenced object detection models in Sec. 2.1.1, set prediction object
detection models in Sec. 2.1.2, sequence prediction object detection models in Sec. 2.1.3, and
details of bounding box regression for object detection in Sec. 2.1.4.

2.1.1 Spatially-Referenced Models

We define spatially-referenced models of object detection as those which implement an explicit
correspondence between spatial locations in an image and features computed for that image.
Prior to deep learning, all object detection models were spatially-referenced, and typically
computed handcrafted features for each image location, and predicted bounding boxes either
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Figure 2.1: Figure from [50] which shows the correspondence between a spatial feature map
and its anchors. Each feature map position and its anchors corresponds to the matching
spatial position in the original image.

based on a fixed template and scale [48], or by regressing box predictions with respect to
deformable parts [49].

After the release of AlexNet [50] in 2012, deep learning models for object detection
surpassed handcrafted feature methods starting with R-CNN [50] in 2014. The key innovation
was the use of convolutional neural networks to learn hierarchies of feature templates. In the
remainder of this subsection, we discuss the two main types of spatially-referenced models:
anchor-based models in Sec. 2.1.1.1, and anchor-free models in Sec. 2.1.1.2.

2.1.1.1 Anchor-Based Models

While the original R-CNN and Fast R-CNN [51] used the selective search algorithm [52]
to compute object proposals, Faster R-CNN [50] removed the need for this step with the
introduction of the Region-Proposal Network (RPN). The RPN was the first anchor-based
model of object detection, which utilize the concept of explicitly-defined bounding box anchors
corresponding to positions in the feature map, visualized in Fig. 2.1. These anchors can have
varying scales and aspect ratios, which are hyperparameters of the model. The Mask R-CNN
model [53] extends Faster R-CNN by introducing the RoI Align operation, and implementing
prediction of instance segmentation masks for each predicted bounding box. RoI Align allows
for precise extraction of features corresponding to sub-feature spatial locations using bilinear
interpolation. In the context of person search, many models make use of RoI Align for
extracting features for object detection and re-id embeddings.

Other anchor-based models include SSD [54], Cascade R-CNN [19], and RetinaNet [55].
The Single Shot MultiBox Detector (SSD) was one of the first single-stage object detectors
to achieve competitive performance, and introduced the concept of learning boxes with
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Figure 2.2: Figure from [56] which shows grid cells for the original YOLO model, and
corresponding box predictions.

multiple feature map scales. Cascade R-CNN extended the original Faster R-CNN by adding
additional box refinement stages with RoI pooling of features from the previous stage. The
Feature Pyramid Network (FPN) introduced in [17], provides cross-scale information exchange
between feature maps, significantly improving detector performance, but notably introducing
other issues for person search, discussed later. RetinaNet uses the FPN, combined with the
novel Focal Loss, to handle easy negatives better in a single-stage model, where negatives far
outnumber positives.

2.1.1.2 Anchor-Free Models

Anchor-free models still have spatially-referenced features, but do not utilize anchors. The
term usually refers to models which make predictions directly corresponding to spatial feature
maps (a rectangular grid of features/predictions), unlike for example the original R-CNN,
which generates proposals from anywhere in the image using Selective Search. In the YOLO
model [56] (shown Fig. 2.2), detected box centers are predicted with respect to the top left
corner of the matching grid cell, with object width and height predicted with respect to the
bounds of the full image.

In FCOS [18], each feature position in the output feature map(s) predicts whether it is
contained within any bounding box. For bounding box regression, a feature matches to the
smallest bounding box it is contained within, and predicts the distance to each of the four
sides of that box from the feature position. A centerness score is regressed for each position
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to help deduplicate boxes by downweighting scores corresponding to boxes which are less
“central”.

In CornerNet [57], objects are detected as a pair of keypoints representing the top-left
and bottom-right box corners. Separate heatmaps predict top-left and bottom-right corners,
and learned embeddings corresponding to the corner predictions are pushed close together if
corners correspond to the same object, which allows predicting which corners pair together
to form objects. This is based on the idea of associative embeddings from [58]. In CenterNet
[59], CornerNet is extended by additionally predicting object centroids, which improves both
precision and recall.

In “Bridging the Gap Between Anchor-based and Anchor-free Detection...” [60], the
authors observe that the main difference between anchor-based and anchor-free detectors
is actually in how positive and negative training samples are defined. When the same
definition is used for both model types, they observe that there is no significant difference in
performance, which they tested by comparing RetinaNet and FCOS.

2.1.2 Set Prediction Models

Set prediction object detection architectures predict a set of objects which is decoupled
from specific positions in the backbone feature map(s). They typically use a set matching
loss to match object candidates against ground truth candidates, which solves a LSAP to
determine an optimal matching, based on which proposals already overlap with boxes, and
how confident these proposals are. This set matching is required in absence of a direct
correspondence between a feature map and object positions, which normally facilitates the
matching process. Set prediction models also typically utilize learnable queries or proposals,
which can exchange information, reducing proposal overlap / redundancy and eliminating
the need for NMS. While other detector models, such as the original R-CNN, may decouple
proposals from backbone feature positions by getting a set of object proposals from another
source (Selective Search for R-CNN), they do not meet the other criteria and so are not
typically called set prediction models. In the remainder of this subsection, we discuss two
prominent set prediction models: DETR in Sec. 2.1.2.1, and Sparse R-CNN in Sec. 2.1.2.2.

2.1.2.1 DETR

The Detection Transformer model (DETR) [21], shown Fig. 2.3), was the first successful set
prediction detector which was truly “end-to-end”. This means that the detector does not
use a stop gradient operation like Faster R-CNN, but also that it does not use handcrafted
mechanisms like NMS to deduplicate proposals. DETR decouples the image feature map
from the bounding box prediction by instead predicting boxes with learnable query vectors,
which only receive input from image features via cross attention with a transformer decoder
[61]. Query vectors are matched to ground truth boxes via direct set prediction based on an
optimal set matching which minimizes a combined classification and box overlap loss, using
the Kuhn-Munkres algorithm [62], [63], also called Hungarian matching.
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Figure 2.3: Figure from [21] which shows the DETR object detection model. DETR performs
a one-to-one matching between object queries and ground truth objects using set matching,
instead of associating objects with spatial feature map positions.

While the original DETR was able to achieve comparable performance to other leading
detectors when it came out, it took many more training epochs to reach that level of
performance. While Faster R-CNN and RetinaNet could fully train on MS COCO 2017 [64]
in 36 epochs, DETR requires 500 epochs to fully train. Therefore, it is clear that one or
more of the model inductive biases of DETR reduces its optimization speed. The single
most important factor appears to be the concept of spatially-referenced features, which later
variants of DETR added back to the model in different ways.

Deformable DETR [65] uses a deformable attention mechanism which attends to a small
set of key sampling points around a dynamically learned reference point, instead of the entire
image feature map. Efficient DETR

All of these methods can fully train on COCO 2017 in 10× fewer epochs than the original
DETR.

2.1.2.2 Sparse R-CNN

Sparse R-CNN [66], shown in Fig. 2.4, is similar to DETR in the sense that it is a set
prediction model which uses queries, but Sparse R-CNN eliminates the need for the expensive
cross-attention between image features and object queries by using RoI Align. Sparse R-CNN
uses learnable bounding boxes in place of the learnable query embeddings used by DETR.
Notably, Sparse R-CNN optimizes much faster than DETR, and is more similar in character
to faster R-CNN, in that it uses spatially-referenced features extracted using RoI Align. The
difference is that Sparse R-CNN has the potential to be faster by avoiding per-feature box
proposals, and that it does not require NMS since the entire prediction pipeline is sparse.

2.1.3 Sequence Prediction Models

Sequence prediction models of detection, first proposed in Pix2Seq [23], shown in Fig. 2.5,
output boxes as a sequential prediction problem, using an autoregressive transformer decoder.
Pixel coordinates correspond to tokens which are predicted, 4 coordinate tokens per box in
addition to a class token. Pix2Seq has a fundamentally high inference cost because of this
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Figure 2.5: Figure from [23] shows Pix2Seq architecture, which predicts boxes and classes as
a sequence of tokens. Architecture is nearly-equivalent to DETR, except that objects are
predicted using autoregressive decoding, instead of using a fixed set of object queries.

sequential decoding, but has perhaps the greatest potential as a generalist approach to object
detection. This is because the token vocabulary of Pix2Seq can be easily integrated into
models which can solve many other problems, [67]–[70].

2.1.4 Bounding Box Regression

There are two standard methods of bounding box regression for modern object detection
models: 1) regressing bounding box offsets with respect to a spatial reference, and 2) direct
regression of bounding box coordinates.

For anchor-based and anchor-free models, bounding box reference coordinates are deter-
mined by the position of anchors or feature centers. It is typical to convert ground truth
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boxes and predicted boxes to the format (xc, yc, w, h), where xc, yc denote the box center
coordinates, and w, h are the box width and height. The actual model output targets /
regression targets are a function of the target box and reference box parameters. It is typical

to use tx = x̂−x
w

, ty =
ŷ−y
h
, tw = log( ŵ

w
), th = log( ĥ

h
), where parameters with hats represent

the ground truth box or predicted box, and parameters without hats represent the reference.
Then, the prediction can be decoded at inference time using the model output combined with
the reference box parameters.

For bounding box offset regression, it is typical to use mean-squared error loss, ℓ1 loss, or
most-commonly smooth ℓ1 loss.

For direct regression of bounding box coordinates, the Generalized Intersection over Union
(GIoU) loss [71] is a popular choice of objective. GIoU extends the well-known Interesction
over Union (IoU) measure to cases where boxes do not overlap; in short, the GIoU is higher
the closer two boxes are together, whether or not they overlap.

We present the definitions of IoU and GIoU given in [71]: Given two arbitrary convex
shapes A,B ⊆ S ∈ Rn. For A and B, define the smallest enclosing convex object as
C ⊆ S ∈ Rn.

IoU =
|A ∩B|
|A ∪B|

(2.1)

GIoU = IoU − |C\(A ∪B)|
|C|

(2.2)

The GIoU loss then is simply defined as LGIoU = 1−GIoU. It is a reasonable choice of
loss for direct regression because it directly encodes the quantity we want to minimize, and is
continuous and differentiable when boxes don’t overlap, unlike standard IoU.

2.2 Image Retrieval

Image retrieval is the other core problem of localized image retrieval, where the goal is to
return a list of images ranked by similarity to a query. It is typically solved using metric
learning, discussed in Sec. 2.2.1. When image retrieval is done at the identity level, for example
by retrieving different images corresponding to the same person, it is called instance-level
recognition or identity-level recognition, which is discussed in Sec. 2.2.2.

2.2.1 Metric Learning

The goal of metric learning is to learn embeddings of data points x ∈ Rd with some geometric
relationship that corresponds to known relationships between the data. We show this for a
simple example of x ∈ R2 in Fig. 2.6.

By minimizing some objective function, we push points with the same label closer together,
and points with different labels further apart, ideally forming separable clusters. One of the
first metric learning losses employed for representation learning was the contrastive loss [72],
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Figure 2.6: Data embeddings from two classes, shown by blue and yellow labels. In metric
learning with a contrastive objective, the goal is to push each point towards points with the
same label (green arrow), and away from points with a different label (red arrow).

shown in Eq. (2.3). For a pair of points (x1, x2), we define D = ||x1 − x2||2, and y = 1 if
x1, x2 share a label, else y = 0. The margin parameter m determines how far apart clusters
will be.

ℓ =
1

2
y ·D2 +

1

2
(1− y) ·max (0,m−D)2 (2.3)

However, the most common loss currently used for metric learning is the normalized
temperature-scaled cross-entropy (NTX) loss [73], also called the InfoNCE loss [74], which is a
generalization of the multi-class N-pair loss [75] to include a temperature parameter. This loss
is commonly thought of as the default “contrastive loss”, despite the earlier contrastive loss
from [72]. We show a version in Eq. (2.4), for positive pair (x, x+), and set of negative pairs
(x, x−) ∈ X−. The temperature τ determines how diffuse clusters are (higher temperature,
more diffuse).

ℓ = − log
exp (sim(x, x+)/τ)

exp (sim(x, x+)/τ) +
∑

x−∈X− exp (sim(x, x−)/τ)
(2.4)

Other common metric learning objectives include variants of the NTX loss SphereFace
[76], CosFace [77], and ArcFace [78], and the triplet margin loss [79], all developed for the
face re-id problem.

2.2.2 Instance-Level Recognition

Instance-level or identity-level recognition is the problem of recognizing a different instance
of a known object at the identity level. This is separate from class-level recognition, because
there can be many instances of the same class. In addition, instance-level recognition is usually
approached as an image retrieval problem, in which we aim to return the top matching results
ranked in order of similarity to a query image. This is also known as the re-identification
or re-id problem. The objects with the greatest practical interest are people and vehicles,
and many datasets have been created which annotate images of people [80]–[82] or vehicles
[83]–[85] at the identity level.
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Figure 2.7: Diagrams comparing the two-step person search model (a) with object-centric (b)
and query-centric (c) one-step counterparts. Input/output labels are colored green for query
elements and blue for gallery elements. All models share in common presence of backbones,
detector heads, and re-id heads, arranged in different configurations.

It is typical to approach the re-id problem using only rectangular image crops of the
objects of interest, which is what distinguishes this problem from object search / identity
search. Numerous methods have been developed for person re-id [86]–[99], which focus on
handling low resolution images [92], crowded scenes causing person overlap and occlusion
[91], [98], multiple image modalities [93], and domain shift [90], [94], [95], [97].

2.3 Person Search

In the person search problem, a query person image crop is used to localize co-occurrences in
a set of scene images, known as a gallery. Beginning with the release of two benchmark person
search datasets, PRW [100] and CUHK-SYSU [1], there has been continual development
of new deep learning models for person search. Most methods utilize the Online Instance
Matching (OIM) Loss from [1] for the re-id feature learning objective. The breadth and
depth of research on the topic of person search reveal a network of interlinked challenges
which are broadly applicable to the problem of localized image retrieval. In the following
paragraphs, we will detail some models and methods of person search, before moving on to a
discussion of challenges in the person search problem.
One-Step vs. Two-Step Models. Person search is typically divided into two subtasks:
detection (localization+classification) of all person bounding boxes in a set of gallery scenes,
and re-identification (re-id) of all detected boxes with respect to a query person box. This can
be accomplished with a separate model for each subtask, referred to as two-step [100]–[103],
or using a single model, referred to as one-step or end-to-end [1], [3], [104]–[116]. A figure
distinguishing one-step and two-step models is shown in Fig. 2.7. In the two-step model,
shown in Fig. 2.7a, boxes are detected with one model, and query/gallery image crops are fed
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to a separate model to extract re-id embeddings. In the object-centric one-step model, shown
in Fig. 2.7b, the detector and re-id heads share a feature backbone. In the query-centric
one-step model, shown in Fig. 2.7c, detection is conditioned on the query embedding, meaning
detections for a given scene are computed separately for each query. Query re-id and detector
embeddings may be computed using the same or separate heads, in which case the embedding
dimension can differ between the two

Two-step models offer modularity, while end-to-end models offer efficiency in the form of
feature re-use, simplified training, and in many cases superior generalization. The problem of
Person Search, original identified in [2], gained popularity with the release of two datasets:
CUHK-SYSU [1] and Person Re-identification in the Wild (PRW) [100], both presented at
CVPR 2017.
Query-Centric vs. Object-Centric Models. Most person search models implement an
object-centric (OC) approach [110]–[115], in which we detect persons independent of any query,
then afterwards compare queries to detected persons. By contrast, query-centric (QC) person
search models [4], [104], [117]–[121] use query person images during the detection process,
producing proposals tailored to each query, but significantly increasing time complexity of
inference computation. See Fig. 2.7b,c for a comparison.

The query-centric approach to person search is less common due to its greater inference
time complexity, but multiple successful approaches have emerged. In [118], [119], QEEPS
and QGN use query information both during detection and computation of re-id embeddings
by combining query features with backbone features using squeeze-and-excitation layers [122].
IGPN [120] and TCTS [121] are two-step models which extract person embeddings from a
separate network, and combine these embeddings with features from the detector network.
Weakly-Supervised Learning. In the context of person search, weak supervision refers to
training on person bounding boxes without identity-level labels. Several methods [123]–[128]
have emerged in recent years to tackle this problem by using weakly-supervised objectives
directly on the target dataset. These methods focus on clustering visual features and applying
contextual information to determine pseudo-labels used for a contrastive re-id loss. We note
that it is important to explore alternatives to the contextual and clustering methods typically
used to form pseudo-labels, as these can incur harmful biases, especially when applied to new
pre-training datasets with unknown person distribution properties.
Pre-training. Person search models typically use backbone weights initialized from standard
ImageNet-1k classifier training, while other model weights are initialized randomly. To our
knowledge, the only work prior to ours to explore another backbone initialization strategy
is SOLIDER [129]. The SOLIDER framework trains on unlabeled person crops from the
LUPerson dataset [130] by optimizing backbone features using cluster pseudo-labels based on
tokens learned with DINO [131]. We note that SOLIDER initializes only the person search
model backbone, not the rest of the model, and trains only on person crops, not full scene
images.
Use of Additional Data. While usage of additional data beyond the target fine-tuning
dataset is standard in other domains of visual recognition, it has only recently been done for
person search. In [123], person image crops from the Market dataset [80] are injected into
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the contrastive loss with crops from the target dataset, significantly improving performance.
SOLIDER uses additional person data from the LUPerson dataset [130] for pre-training. We
note also that some models have indirectly used additional data via knowledge distillation
from a trained re-id person crop model, such as [109].
Section Overview. In the subsections that follow, we broadly divide person search methods
by which problems they address. These can be roughly-split into four categories, though
we discuss overlap between them: 1) detector challenges in Sec. 2.3.1, 2) re-id challenges in
Sec. 2.3.2, 3) the detection re-id conflict in Sec. 2.3.3, and 4) runtime efficiency in Sec. 2.3.4.

2.3.1 Detector Challenges

The first step for most person search methods is detection of persons in a given scene. The
key challenges of detection are how to reduce redundant or erroneous proposals, and how
to learn accurate boxes which have high overlap with the ground truth. A related issue is
how to address misaligned boxes in the ground truth data itself. We discuss the issues of
redundant proposals in Sec. 2.3.1.1, detected box misalignment in Sec. 2.3.1.2, and ground
truth box misalignment in Sec. 2.3.1.3.

2.3.1.1 Redundant Proposals

Methods including PSTR [113], LEAPS [114], and PSDiff [132] seek to reduce the number of
object proposals via a sparse proposal architectural constraint. The PSTR model is based on
DETR [21], LEAPS is based on Sparse R-CNN [66], and PSDiff is based on DiffusionDet
[133]. These architectures eliminate the need for non-maximum suppression (NMS) [134] by
incorporating selection of objects directly into the learning process. Information exchange
between proposal features allows these models to learn proposal deconfliction, which is not
possible in dense detectors, where proposals do not have knowledge of each other.

Query-centric approaches to person search [4], [104], [117]–[121] eliminate the need for
NMS by linking the query to the detection process. While this ensures that there is at most
one match per scene to a given query, it significantly increases the cost of detection, by
requiring a separate detection computation for each query-gallery pair. This cost is discussed
in Chapter 4.

2.3.1.2 Detected Box Misalignment

The detected box misalignment challenge is the challenge of how well detected boxes overlap
with the ground truth, and handling resulting implications for re-id. Person search methods
typically address this either by learning more accurate boxes, learning boxes which are tailored
for re-id, or making re-id learning itself resilient to misaligned boxes.

In RDLR [103], proposals are refined under the supervision of the re-id loss using a
differentiable RoI transform layer which allows gradients to be backpropagated from the re-id
loss to bounding box regression. In NAE [108], a mask is learned to match only the portion
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Figure 2.8: Figure from [105] which demonstrates partial matching problem and feature
alignment solution. By not forcing correspondence between misaligned embeddings, the
partial matching method improves re-id results.

of the predicted box which overlaps the corresponding ground truth. This mask is applied to
re-id features so that only features from the matching person are used to compute the re-id
embedding. In PGSFL [135], a prototype-guided attention module is used to learn which
parts of the proposal image crop are relevant for re-id, to indirectly address misalignment.
For instance, it learns to attend to consistent regions across images from the same identity
i.e., face, upper body, and lower body. In DKD [109], intentionally-misaligned crops are used
by the re-id module to learn robustness to misaligned crops from the detector.

2.3.1.3 Ground Truth Box Misalignment

Methods such as [105], shown in Fig. 2.8, can handle detector misalignment, but also the
case when the ground truth boxes themselves are misaligned or cropped by the scene extent.
This model aligns box features by first performing human keypoint recognition, then dividing
persons into horizontal part features, then matching only those part features which have
keypoint correspondence between two crops by depressing the response of features in noisy
or invalid regions. While use of horizontal part features as in [105], [136] assumes upright
person posture, this assumption often holds in typical person image datasets. However, it is
worth noting that this will not apply to persons in different positions, e.g . laying down, and
could present an attack vector for adversarial methods.

2.3.2 Re-id Challenges

After detecting bounding boxes, we perform re-id by extracting embeddings corresponding
to detected boxes. Embeddings can be extracted either by putting detected person image
crops through a separate network, or by pooling backbone features shared with the detector.
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Challenges of person re-id include issues with the data itself such as pose/viewpoint variation,
scale variation, occlusions, lighting conditions, and changes in appearance such as clothing,
with examples shown in Fig. 2.9. We discuss these data issues in Sec. 2.3.2.1. There are also
architectural challenges more relevant to person search specifically, such as how to handle
multiscale features, and optimization challenges such as how to handle small batch size. We
discuss these optimization challenges in Sec. 2.3.2.2. Finally, there are issues with how to
handle context, including both local and global context of each person in the scene, which we
discuss in Sec. 2.3.2.3.

2.3.2.1 Data Challenges

Challenges with variation in appearance due to pose/viewpoint variation, lighting conditions,
and other appearance changes such as clothing are typically handled by focusing on the
representation learning objective. In the case of person search, most models use the original
Online Instance Matching (OIM) loss from [1]. Several methods enhance this objective using
variations of a triplet loss [79], including the Triplet-aided OIM Loss from [110], OIM Triphard
Loss from [115], and triplet-wise knowledge distillation from [109]. Other variations include
the Symmetric OIM (SOIM) loss for handling hard positives, and the Hierarchical OIM
(HOIM) loss for integrating recognition of background samples into the re-id objective. Other
re-id objectives include the Center loss from [137], which improves intra-class compactness,
and the Circle loss from [138], which is constructed for the case of multiple positive pairs for
a given identity.

Occlusion is explicitly addressed in some methods, including [105], [112], [139]. In [105],
as previously mentioned, partial matching of corresponding horizontal person features is used
to address occlusions. In [139], spatial attention to re-id features addresses occlusions by
focusing on regions beneficial to re-id. In [112], the Cascade Occluded Attention Transformer
(COAT) is designed to specifically handle occlusions using an occluded attention mechanism
which simulates realistic occlusions within a set of visual tokens.

Handling of multiscale features is tightly-coupled with detector performance, and is a
particular challenge for re-id in person search. The multiscale feature issue is that features
coming from different levels in a feature pyramid, typically different scale layers in a CNN or
Feature Pyramid Network (FPN), are not perfectly aligned. Therefore, when person boxes
corresponding to the same identity are assigned to different levels in the feature pyramid,
their features are not aligned. While using multiscale features in this way for object detection
with a Feature Pyramid Network tends to benefit performance, the same is not the case for
person re-id. One strategy to handle this is to simply extract all detector features from only
one layer in the FPN, e.g . P3 as in [110]. This was found to harm detector performance,
but overall person search performance was significantly improved. Another strategy is to
introduce more connections between layers in the FPN, as in [115], which adds a bottom-up
FPN connection, in addition to standard top-down, and an attention module which captures
long-distance correlation between feature maps.
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Figure 2.9: Figure from [112] which shows typical examples of scale variation, pose/viewpoint
change, and occlusions.

2.3.2.2 Optimization Challenges

Another challenge for re-id in person search is that image samples are typically much larger,
and computation per sample is greater. This is because we utilize full scene images instead
of just person crops. The result is that we must either reduce batch size, or reduce image
size, to lower memory usage for a given model. If we reduce batch size, sample diversity per
batch is also reduced, and the quality of information in the gradient update is lower. The
OIM loss addresses this challenge by storing a lookup table of exponential moving average
prototype embeddings corresponding to each known person identity, in addition to a queue of
recent embeddings for unknown identities. However, the embeddings in the lookup table and
queue can quickly become out of sync with the current network state if the gradient updates
are large. Therefore, it is logical to use a MOCO-style approach, as in [138]. This ensures
that embedding comparisons are consistent and up to date by using an exponential moving
average network to generate queue embeddings for comparison against embeddings from the
main network on the current batch.

Another strategy is to reduce image size, which allows one to increase batch size for a
given memory budget. The typical image augmentation strategy for person search methods is
to use a “window resize” image resizing strategy, which resizes images to fit in a horizontal or
vertical window of min side length 900 and max side length 1500 pixels during both training
and testing.
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Figure 2.10: Figure from [136] which shows the process of learning a context graph for person
search. Each node comprises a match between a query and gallery instance of a given person
identity, and persons without a match on both images are not part of the graph.

2.3.2.3 Scene Context

The effect of local and global scene context on re-id bounding boxes is another key factor
distinguishing person search re-id with basic image crop re-id. Exactly how to use context is
a debated topic, because learning of certain contextual clues, e.g . groups of people traveling
together, do not generalize well to all settings. For example, if we learn to score matching
pairs of people higher in the query and gallery scene, the model could be less effective in
cases when the people are alone, if we are not careful.

For global scene context in particular, methods which utilize information about groups
of people include [136] and [111]. In [136], a Graph Convolutional Network (GFN) [140] is
used to model similarity of probe-gallery identity pairs, which are treated as graph nodes
(shown in Fig. 2.10). Similarly in [111], Context Bipartite Graph Matching (CBGM) is used
during model inference by using the Kuhn-Munkres algorithm [62], [63] for bipartite matching
between all person boxes by cosine similarity of embeddings in the query and gallery scenes,
and keeping only the top matching box for the query in the gallery, if there is one.

Some methods also consider context around re-id boxes as a source of potentially unwanted
features. Even when features from re-id boxes are extracted using RoI Align, the large receptive
field of these features can capture information that is irrelevant or harmful to generalization.
Some methods make use of knowledge distillation / student-teacher networks [141], [142]
to distill knowledge from a separate re-id network to the main network. In [109], the re-id
network is trained only on person crops, and re-id embeddings from the person search network
are pushed towards embeddings from the re-id network by minimizing KL Divergence between
them, shown in Fig. 2.11. A similar mechanism is used in [143] at multiple points in the
model to enforce feature correspondence with a crop-only teacher network.
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Figure 2.11: Figure from [109] which shows knowledge distillation of the main person search
network re-id embeddings using a separate crop-only re-id embedding network.

In [107], the person search network backbone itself is used to extract person crop features,
by feeding the resized image crops directly into the backbone. In this case, when RoI Align
embeddings and person crop network embeddings are pushed together with KL Divergence,
gradients flow throw the shared backbone, unlike in [109]. This has the effect of removing
context in re-id features, without requiring knowledge distillation using a separate re-id
network.

In [101], the authors go further still by masking out pixels within image crops themselves
that do not correspond to the target person. They feed both masked and unmasked person
crops to the separate re-id network, allowing it to use information from both where beneficial,
shown in Fig. 2.12. This type of strong inductive bias can make optimization faster, as it can
be difficult for the model to suppress irrelevant pixels within image crops on its own, given
the large receptive field size of re-id features.

2.3.3 Detection Re-id Conflict

A more subtle challenge of person search, and localized image retrieval more broadly, is
how to handle what is often described as an inherent conflict between the tasks of person
detection and re-id: person detection is about learning commonness for different instances of
the person category, and re-id is about learning uniqueness between person identities. More
generally, this is an example of a problem in representation learning about how to handle
hierarchical object categories, and there are several methods designed to address it including
box embeddings [144], [145], and Poincaré embeddings [146]. However, in the context of
person search, methods are focused on the specific conflict between person detection and
person re-id, and therefore employ more targeted approaches that do not attempt to solve
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Figure 2.12: Figure from [101] which shows masking of person crops, with masked and
unmasked person crop features fed to a separate re-id network.

Figure 2.13: Figure from [108] shows the unconstrained embedding space (a), where person
embeddings are confined to a smaller region by background embeddings, and the norm-aware
embedding space (b), which uses polar decomposition of embeddings into classification and
re-id to reduce this issue.

the general hierarchical representation problem.
In [108], the Norm-Aware Embedding (NAE) method attempts to explicitly decouple

detection and re-id by using the polar decomposition of a person embedding. The norm of the
embedding is treated as the classification score (person vs. background), and the angle of the
embedding is used for re-id via cosine similarity in the OIM loss. By decoupling background
from persons in the embedding space, NAE prevents the angles of person embeddings from
being harmfully-confined to a smaller region of the embedding space, visualized in Fig. 2.13.

Other methods attempt to integrate detection and re-id by directly using background
embeddings as part of the re-id loss. In [106], the Hierarchical OIM (HOIM) loss adds an
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extra embedding queue of only background embeddings to the standard OIM loss, which
they claim makes the model more robust to false alarms and misalignment, while increasing
feature diversity.

In SeqNet [111], the detection re-id conflict is addressed by creating more capacity and
separation in the model between the two tasks. Specifically, the model is a Cascade R-CNN
variant [19] which performs detection in multiple stages, and extracts re-id embeddings from
a separate head using only boxes output by the last stage. The extra capacity in this model
for detection and re-id heads, in addition to the separation between the two tasks, result in
strong performance, and this model design is utilized in several later models [3], [147], [148].
In [147], CNN modules in SeqNet are replaced with transformers, and in [148], fused CNN
and ViT modules are used, in combination with NAE from [108].

While two-step models explicitly avoid the detection re-id conflict by training separate
models for each task, Task Incremental Learning (TIL) [149] approaches use a one-step model,
but train the two tasks sequentially. In [150], the detector module is trained first, then its
weights are frozen before training the rest of the model for the re-id task. This has the
benefit of preserving detector performance, but the potential to reduce re-id performance by
preventing gradient updates to non-detector weights.

Another approach is to influence gradient updates to re-id based on detector results. In
[151], adaptive gradient weighting channels gradients through re-id and part classification
networks, weighting them based on the quality of the detection.

2.3.4 Runtime Efficiency

Finally, there are several methods which endeavor to reduce training and/or inference time as
a goal in itself, while preserving person search re-id metrics. This is cited as one reason for
using one-step rather than two-step person search models. Two-step models may take longer
to train, as they require training of each step independently, and they may be less efficient
during inference, since they do not share features, increasing total computation per scene.
We further consider specifically how one-step vs. two-step models affect model efficiency
in Chapter 3. Likewise, object-centric models are more efficient than query-centric models
during inference, since they only need to compute detector proposals once per scene, rather
than once per query per scene.

Some models make architecture choices which are centered around reducing the cost of
object detection. In AlignPS [110], the choice of an anchor-free model is primarily to improve
efficiency over two-stage or multi-stage anchor-based detectors. Other methods make use of
the sparse detection paradigm [114], [132] to reduce detector computation. In our work [3],
the Gallery Filter Network, discussed in Chapter 3, removes the need for detection in some
scenes altogether by filtering scenes via comparison of query and scene embeddings.
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2.4 Unsupervised Learning

Unsupervised learning methods are a popular choice for model pre-training, because they allow
us to exploit large quantities of unlabeled data, vs. less abundant labeled data for the target
task. We introduce self-supervised learning methods in Sec. 2.4.1, discuss unsupervised person
re-identification in Sec. 2.4.2, and cover self-supervised learning specifically for localization in
Sec. 2.4.3.

2.4.1 Self-Supervised Learning

Self-supervised learning is a variant of unsupervised learning where we solve a pretext task on
unlabeled data. It is common to use the NTX loss or InfoNCE loss as we previously defined
it, combined with methods including SimCLR [73], [152], CPC [74], [153], or MoCo [154],
[155]. In SimCLR, we augment the same image twice, using transforms like cropping, flipping,
and rotation, then teach the model that augmentations of the same image are more similar
to each other than to other images. Other approaches involve predicting cluster assignments
[156], inpainting masked image regions [157], and predicting the “next” or adjacent feature
of an image given the current and previous features [158], in addition to many others [131],
[159]–[161].

2.4.2 Unsupervised Person Re-identification

For unsupervised person re-id specifically, most approaches involve assigning pseudo-labels to
image crops [162]–[173] or crop part features [129]. The goal is to either get pseudo-labels as
close to real identity labels as possible, or at least to group similar instances in such a way
that they could correspond to different images of the same identity.

2.4.3 Self-Supervised Learning for Localization

Self-supervised learning for object localization [174]–[177] is a less explored area, since
it is challenging to formulate a pretext task for localization which leads to downstream
generalization. In UP-DETR [178], the original DETR is pre-trained using the random
query patch detection task, which involves combining random patch features in a given image
with the object queries, then regression queries to localize those patches. This was found to
significantly speed up DETR fine-tuning for supervised object detection. We can think of
this process as query-centric detection pre-training, followed by object-centric fine-tuning
without layer modifications.

In DETReg [179], DETR is pre-trained using pseudo-object proposals from the selective
search algorithm. This initializes the model using a reasonable distribution of object-like
boxes, and also speeds up downstream optimization. While this approach has the potential to
transfer well if the selective search object distribution resembles that of the downstream task,
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that may be unlikely in practice, and the model will have to “unlearn” bad pseudo-boxes
during fine-tuning.

Other approaches such as ReSim [180] aim to improve feature consistency between
corresponding image sub-regions of two augmentations of the same image.

2.5 Model Fine-Tuning

Fine-tuning models which have already been trained for other tasks is a critical topic in
modern visual recognition, as foundation models and other large vision models provide
valuable weight initializations for many downstream recognition tasks. We discuss linear
probing in Sec. 2.5.1, Learning without Forgetting in Sec. 2.5.2, and LoRA in Sec. 2.5.3.

2.5.1 Linear Probing

While linear probing [181] was initially used to analyze features at different layers in a model
for how well they perform at discriminative tasks such as image classification, it has been
used more recently as a step in the model fine-tuning process. In [182], the authors suggest
that first linear probing, then full fine-tuning can improve fine-tuning results by preventing
distortion of pre-trained features.

2.5.2 Learning without Forgetting

Learning without forgetting [183] is a mechanism for utilizing pre-trained model outputs to
retain high quality features from pre-trained models, while updating weights for a new task.
The loss function is equivalent to the Knowledge Distillation loss [141], and minimizes the
difference between old model outputs on new task data, with new model outputs on new task
data. It is shown below in Eq. (2.5):
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1/T
j

(2.5)

with l unique labels, and class logits y, ŷ. y corresponds to outputs of the original classifier
model, and ŷ to outputs of the model currently being optimized. The temperature value is
set to T = 2 by default.

The idea is that by keeping the models output on the old task similar to what it was
before fine-tuning, we can retain most of the useful features needed to solve that task, while
updating weights for the new task. More recently, learning without forgetting has been used
for Task Incremental Learning, to train for new tasks while retaining old task performance
[184].
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2.5.3 LoRA

Low-Rank Adaptation of Large Language Models (LoRA) [185] is an efficient mechanism of
updating large model weights, without needing to pass gradients through all model weights.
The idea is that we learn a low-rank matrix which is added to existing model weight matrices
at different layers, then simply combine the matrix with old model weights to use it at inference
time. The low-rank matrix can be efficiently learned using a low-rank decomposition, which
has many fewer weights than the original model weight matrices. For pre-trained weight
matrix W0 ∈ Rd×k, we can represent the weight update as W0 + ∆W = W0 + BA, with
B ∈ Rd×r, A ∈ Rr×k, and rank r ≪ min(d, k).

2.6 Foreword on Efficiency

In the deep learning literature, recent empirical studies have demonstrated performance
scaling with data volume and model size in both NLP [186], [187] and vision [188], [189].
However, the quantity of available data, and the model size which could benefit from it vastly
exceed available compute and budgets in many situations. Therefore, a key research question
in the current moment is not how to use the largest model and dataset possible, but how
instead how to use a fixed compute budget or data curation budget as efficiently as possible.

In the pursuit of efficiency when training large models, it is also critical to consider how
to best use existing pre-trained model weights. In most environments, it is not possible to
replicate training of large models like GPT-4 [190], DALLE-3 [191], or even CLIP [33], yet it
is possible to utilize components of these models to extract high-quality features, without
needing to update the model weights.

Therefore in the context of efficient LIR models, we must consider how to most effectively
use feature extractors and other pre-trained weights when developing new methods. For
example, it may be interesting to consider pre-training of image backbones using self-
supervised methods. But in practice, we must consider existing image backbone weights, and
whether we should be training new backbones from scratch, or utilizing existing backbone
weights for feature extraction, fine-tuning, Learning without Forgetting [183], or LoRA [185].
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Chapter 3

Modular Efficiency

In the context of this work, modular efficiency refers to the concept of subdividing LIR
into two or more tasks with separate models, and training and/or performing inference
with these models separately to improve efficiency. In this chapter, we will discuss two
forms of LIR modularization: 1) detection vs. re-identification modularization, and 2) scene
retrieval vs. instance retrieval modularization. We will begin by discussing the motivation for
modularization in general. Then, we will discuss detection vs. re-identification modularization
and the corresponding model types in Sec. 3.1; this section is mainly a review and synthesis
of key issues on the topic. Finally, the majority of the chapter will be devoted to discussion
of scene retrieval vs. instance retrieval, and the corresponding Gallery Filter Network (GFN)
model1 in Secs. 3.2 to 3.4. These sections consitute our novel contribution, and we present
detailed explanations, experiments, and analysis of our method.

In general, modularization of composite tasks can result in efficiency improvements in
multiple ways. First, individual submodels may be trained and/or evaluated separately.
Second, it is easier to utilize existing pre-trained models. Third, we can use task specific data
that may not apply for the joint task.

However, there can be downsides as well: for sequential tasks, distribution of training
inputs to later steps may not match distribution coming out of earlier steps, resulting in poor
generalization. In addition, data pre-processing may result in information loss for modular
models, e.g ., resizing of image chips for the re-identification task.

We will show how these pros and cons result in tradeoffs for modularizing detection and
re-identification, and that the negative aspects do not apply to our method of modularizing
scene and instance retrieval.

The outline of this chapter is as follows: we cover modularization of detection and re-
identification in Sec. 3.1, modularization of scene and instance retrieval in Sec. 3.2, methods
for our proposed SeqNeXt person search model and the Gallery Filter Network in Sec. 3.3,
experiments and analysis in Sec. 3.4, and a discussion in Sec. 3.5.

1Our work on this topic was initially published in [192]
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Figure 3.1: One-step (b) vs. two-step (a) person search models. One-step models use a
shared set of backbone features for both detection and re-id, while two-step models recompute
detector features for each task separately.

3.1 Modularizing Detection and Re-identification

As discussed in Chapter 1, the problem of localized image retrieval (LIR) may be split
into two parts: 1) object detection, in which all object bounding boxes are localized within
each gallery scene and 2) instance re-identification (re-id), in which detected object crops
are compared against a query object crop. In person search, two-step methods [100]–[103],
[120], [121] tackle each of these parts explicitly with separate models, shown in Fig. 3.1a. In
contrast, one-step or end-to-end methods [1], [104]–[113], [115], [117], [118], [135]–[138], [151]
use a single model, typically sharing backbone features for detection and re-identification,
shown in Fig. 3.1b.

Two-step models offer modularity, while end-to-end models offer efficiency in the form of
feature re-use, simplified training, and in many cases superior generalization. In the following
subsections, we build upon the material in Chapter 2 to explain specific issues with one-step
vs. two-step LIR. While these issues have been pointed out individually in other works, this
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Figure 3.2: Demonstration of mismatch between ground truth and detected person bounding
boxes. Figure from [121].

is the first work to our knowledge to discuss them in a unified setting and draw connections
between them.

We discuss the impact of bounding box distribution in Sec. 3.1.1, the influence of scene
context in Sec. 3.1.2, efficiency vs. modularity in Sec. 3.1.3, pre-training methodologies in
Sec. 3.1.4, the issue of competing detection and re-id losses in Sec. 3.1.5, multi-scale re-id in
Sec. 3.1.6, and query-centric models in Sec. 3.1.7.

3.1.1 Bounding Box Distribution

The first and most apparent issue when considering the joint problem of localized image
retrieval is the distribution of ground truth boxes used to train the re-id module. As
demonstrated in Fig. 3.1a and Fig. 3.1b, it is typical to detect persons in images via
rectangular bounding boxes, then use the image features corresponding to this bounding box
region for re-id. However, as shown in Fig. 3.2, there is a mismatch in the shape and size of
bounding boxes output by the detector, and the ideal ground truth counterparts.

The degree of this mismatch is a function of annotation quality, annotation ambiguity,
and detector performance, but a significant misalignment is typical, meaning that a re-id
module which is capable of handling this mismatch will perform much better than one which
can only function with perfectly aligned ground truth bounding boxes.

This mismatch is noted in the seminal person search paper [2], and was later studied in
detail in [121]. In summary, if detection and re-id are considered separately, the re-id module
will presumably be less effective in handling the true distribution of boxes output from the
detector.

3.1.2 Influence of Scene Context

Another critical factor when considering detection and retrieval as separate problems is the
impact on features used for re-id. Typically in a two-step model, image crops are extracted
from the original scenes using the bounding box predictions from the detector. These image
crops are then fed to a separate model, shown in Fig. 3.1a. While local features within the
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bounding box crop will be seen by the re-id network, any scene context outside of the crop is
discarded.

In some cases, this will be a positive aspect, as the model will not be biased by extraneous
context information that could be irrelevant to retrieval in a separate scene. In [107], an
end-to-end model is co-trained with a separate crop-only re-id network in order to explicitly
remove scene context from crop embeddings extract from a scene feature map via RoI-align.

In other cases, even information inside the crop is considered, as in [101], where the model
learns representations with and without local background information, and concatenates
features from the two.

In still other cases, scene context is explicitly desired, as in methods of weakly-supervised
person pseudo-labeling [123]–[128], where local context can be critical in assigning identity
pseudo-labels when they are not explicitly known. For example, a person in a video frame is
likely to be in a similar position in the next video frame, and people traveling in groups may
remain in those groups for an extended period.

The framing of LIR allows us to study the impact of scene context for both detection and
retrieval, and to understand cases in which it is useful or harmful.

3.1.3 Efficiency vs. Modularity

The clearest benefits of two-step methods come from their inherent modularity. Having
separate modules for detection and re-id allows for separate training and inference processes.
For example, we can simply train one model for person detection, and one model for person
re-id, and then stitch them together. Since research is more active for these two problem
categories separately than the combined person search problem, we are able to take advantage
of more innovations in the research community in this way. However, this modularity comes
at the cost of efficiency in that the modules have more total parameters, and total runtime
cost is greater. This is mainly due to the need to recompute backbone features in a two-step
model, which is typically one of the most expensive steps in detection.

We note that some benefits of modularity in the one-step vs. two-step case can be
captured via approaches such as knowledge distillation, which allows us to use outputs from a
pre-trained model as targets for a one-step network. This is used in approaches such as [109],
where a separate re-id network is trained only on person crops, and then person embeddings
from that network are used to supervise embeddings output by the one-step model.

3.1.4 Pre-training Methodologies

The benefits of modularity extend to the concept of pre-training as well. While pre-training
for detection and re-id are both well-established, it is more difficult to define pre-training
for end-to-end LIR, and there are seemingly fewer datasets which can exploit this framing.
One of our key contributions is to introduce a mechanism of pre-training LIR models [4] in
Chapter 4, which can utilize image data with or without labels.
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Building on our previous example, there are many datasets containing unlabeled person
identities, which can take advantage of unsupervised re-id pre-training mechanisms [162]–
[167]. In addition, there are numerous datasets for generic object detection [64], [193], [194],
and person detection specifically, [195]–[197], that do not contain identity labels, but are
useful for pre-training object detectors alone.

3.1.5 Competing Losses

Another factor in the co-training of detection and retrieval is that the two problems require
competing objective functions. In the case of person search, detection requires learning
features which are common to all people, while retrieval requires learning features which
uniquely distinguish each person identity from others. This inherent conflict is the subject of
many person search papers [101], [108], [149], and is a point in favor of the two-step approach,
which is deconflicted by design.

3.1.6 Multi-scale Re-id

Another issue that arises when treating re-id as a separate task is how to handle multi-scale
views of the same identity. It is common in person re-id to simply resize person image crops
to a fixed square size, causing a tradeoff between efficiency and information utilization. When
the fixed size is larger than person crop native resolution, there is a loss of efficiency, and
when the fixed size is smaller, there is a loss of information. In addition, person scale and
aspect ratio distributions are lost in the process of fixed resizing.

These problems can be better handled in the end-to-end framework, where it is typical
to extract person features from the backbone feature map using RoI Align[53]. While RoI
pooling include RoI align still produces a fixed-size feature map, the neural network backbone
can operate on crops in their native resolution and aspect ratio. This framing allows all
information in the native pixel space to be used, though when considering purely from the
re-id perspective it does result in significant loss of efficiency in processing background pixels,
which typically comprise most of a given image.

While the end-to-end framing can benefit multi-scale re-id, the question of how to
implement multi-scale features is an open topic in person search, with many works addressing
it [110], [113]. The common challenge is what layer or combination of layers in the backbone
to use for feature extraction for a given scale of person crop. There are competing pressures
with how gradients from object detection and person re-id affect different layers in multi-scale
feature models, due to influence of context from the receptive field, and commonness vs.
uniqueness challenge previously discussed. When using a Feature Pyramid Network (FPN),
it is typical to extract features from just one layer instead of multiple, [3], [4], [110], which
compromises detector performance but significantly boosts re-id.
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3.1.7 Query-Centric Models

Query-centric models of localized image retrieval condition detection on the query, thereby
generating object candidates specific to a given query. In the context of person search, the
query embedding is typically generated by the re-id module. This is the case in both one-step
[118], [119] and two-step models [120], [121]. This again creates a linkage between re-id and
detection which should be studied in a holistic context.

The query-centric framing also enables a novel pre-training mechanism discussed in
Chapter 5, and has connections to prompt-based foundation models, which we discuss in
Chapter 6.

3.2 Modularizing Scene and Instance Retrieval

Next, we consider how to modularize LIR into scene retrieval and instance retrieval. For both
one-step and two-step LIR models, the same steps are needed: 1) computation of detector
backbone features, 2) detection of instance bounding boxes, and 3) computation of feature
embeddings for each bounding box, to be used for retrieval. Improvement of identity search
model efficiency is typically focused on reducing the cost of one or more of these steps. We
propose the second and third steps can be avoided altogether for some subset of gallery scenes
by splitting the retrieval process into two phases: scene retrieval, followed by typical instance
retrieval. We call the module implementing scene retrieval the Gallery Filter Network (GFN),
since its function is to filter scenes from the gallery.

The two-phase process is visualized in Fig. 3.3. In the first phase, shown as 1a, 1b, and 1c
in Fig. 3.3, the Gallery Filter Network discards scenes unlikely to contain the query person.
To do so, we extract embeddings correspond to both persons and scenes (1a), compute cosine
similarity between person and scene embeddings (1b), then discard scenes falling below some
similarity threshold with the query (1c). The second phase, shown as 2a, 2b, 2c, and 2d
in Fig. 3.3, is the standard person retrieval process, in which persons are detected in high
scoring scenes (2a), corresponding embeddings extracted from detected boxes (2b), and these
embeddings are compared to the query (2c) to produce a ranking (2d).

By performing the cheaper query-scene comparison before detection is needed, the GFN
allows for a modular computational pipeline for practical systems, in which one process can
determine which scenes are of interest, and another can detect and extract person embeddings
only for interesting scenes. This could serve as an efficient filter for video frames in a high
frame rate context, or to efficiently reduce the search space when querying large image
databases.

The GFN also provides a mechanism to incorporate global context into the gallery ranking
process. Rather than combining global context features with intermediate model features as
in [115], [120], we explicitly compare global scene embeddings to query embeddings. The
resulting score can be used not only to filter out gallery scenes using a hard threshold, but
also to weight predicted box scores for remaining scenes.
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Figure 3.3: An illustration of our proposed two-phase retrieval inference pipeline.
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We show in Sec. 3.4 that both the hard-thresholding and score-weighting mechanisms are
effective for the benchmark PRW and CUHK-SYSU datasets, resulting in state-of-the-art
retrieval performance: +2.7% top-1 accuracy on the PRW dataset over the previous best
model. In addition, we demonstrate improved efficiency, with over 50% per-query cost
savings on the CUHK-SYSU dataset vs. same the model without the GFN. We also make
contributions to the data processing and evaluation frameworks that are used by most person
search methods with publicly available code. That work is described in Supplementary
Material Appendix A.1.

Our novel contributions in this chapter are 1) the Gallery Filter Network: A novel module
for learning query-scene similarity scores which efficiently reduces retrieval gallery size via
hard-thresholding, while improving detected embedding ranking with global scene information
via score-weighting, 2) performance improvements and removal of unneeded elements in the
SeqNet person search model [111], dubbed SeqNeXt, and 3) standardized tooling for the data
pipeline and evaluation frameworks typically used for the PRW and CUHK-SYSU datasets,
which is extensible to new datasets. All of our code and model configurations are made
publicly available2.

3.3 Methods

In this section, we describe models, optimization objectives, and implementation details for
our SeqNeXt person search model in Sec. 3.3.1 and the Gallery Filter Network in Sec. 3.3.2.

3.3.1 SeqNeXt Person Search Model

We introduce a new person search model called SeqNeXt, which is based on the previous
SeqNet person search model [111], shown in Fig. 3.4. Both models are one-step person search
models, which take queries and gallery scenes as input, and output ranked matches to the
query detected in gallery scenes. In SeqNet, a single-scale two-stage Faster R-CNN [20] model
is used, which first computes refined boxes with Faster R-CNN, then extracts features from
the refined boxes using RoI-Align to use for re-id features and further box refinement. By
using this additional refinement step before re-id feature extraction, SeqNet produces more
accurate features for re-id, leading to improved metrics.

Our goal is to improve upon SeqNet in both efficiency and performance: we make
modifications to the model backbone, simplify the two-stage detection pipeline, and improve
the training recipe. Since our proposed model inherits heavily from SeqNet, and uses a
ConvNeXt base, we refer to it simply as SeqNeXt to distinguish it from the original model. In
the rest of this subsection, we detail the SeqNeXt forward pass, describe data augmentation,
and explain training objective functions.
Overview of SeqNeXt Forward Pass. A detailed model diagram of SeqNeXt, containing
a breakdown of which layers are used, and how losses are computed, is given in Fig. 3.5. The

2Project repository: https://github.com/LukeJaffe/GFN

https://github.com/LukeJaffe/GFN
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related to the GFN, are colored green.

model follows the standard Faster R-CNN paradigm, with images passing through backbone
layers conv1-conv4, and features from conv4 being used to generate proposals via the RPN.
Like Cascade R-CNN [19], there are two steps of box refinement with two corresponding
Faster R-CNN stages, denoted in Fig. 3.5 by the ×2 cycle arrow and overlapping boxes for
the black conv5 modules, black Box Head modules, black and red Cls Head modules, blue
“boxes”, and blue “scores”.

The conv4 features are pooled for RPN proposals and passed through the conv5 head,
shown in black in Fig. 3.5, to generate refined proposals labeled as “boxes”, shown in blue
in Fig. 3.5, via the Box Head, shown in black in Fig. 3.5. This process is repeated with
the boxes from the first Faster R-CNN stage, using a separate box head, shown in black in
Fig. 3.5, to generate the final boxes, labeled as “boxes” and shown in blue in Fig. 3.5. conv4
features are also used to generate query and gallery person embeddings in the same way: the
person box passes through the conv4 Pool block and then a duplicated conv5 head, shown in
black, and conv4, conv5 features are concatenated and passed through an embedding (Emb)
head, shown in red. The same process is used to generate scene embeddings, by passing
scene features through the conv4 Pool block and then a duplicated conv5 head, shown in
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green, and conv4, conv5 features are concatenated and passed through an embedding (Emb)
head, shown in green. In the conv4 Pool block, RoI Align[53] is used for person and proposal
features, while adaptive max pooling is used for scene features. GFN scores are generated
using person and scene embeddings from the same or different scenes. Person re-id scores are
combined with the score output of the second R-CNN stage to produce detector-weighted
scores.
Backbone Features. Following SeqNet’s usage of the first four CNN blocks (conv1-4)
from ResNet50 for backbone features, we use the analogous layers in terms of downsampling
from ConvNeXt, also referred to as conv1-4 for convenience. While the original ResNet50
[198] backbone used in SeqNet and most other person search models has been effective to
date, many newer architectures have since been introduced. With the recent advent of vision
transformers (ViT) [199] and a cascade of improvements including the Swin Transformer
[200] and the Pyramid Vision Transformer (v2) [201], used by the PSTR person search model
[113], transformer-based feature extraction has increased in popularity. However, there is
still an efficiency gap with CNN models, and newer CNNs including ConvNeXt [202] have
closed the performance gap with ViT-based models, while retaining the inherent efficiency of
convolutional layers. For this reason, we explore ConvNeXt for our model backbone as an
improvement to ResNet50, which is more efficient than ViT alternatives.
Multi-Stage Refinement and Inference. We simplify the detection pipeline of SeqNet by
duplicating the Faster R-CNN head [20] in place of the Norm-Aware Embedding (NAE) head
from [108]. We still weight re-id scores using the scores output from the detector, but use the
second-stage class score instead of the first-stage as in SeqNet. This is depicted in Fig. 3.5 as
“detector-weighted re-id scores”. We note that although SeqNet technically trains the NAE,
it does not use the NAE score at inference time, so it is consistent to remove it altogether.
Additionally during inference, we do not use the Context Bipartite Graph Matching (CBGM)
algorithm from SeqNet.
Augmentation. Following resizing images to 900×1500 at training time, which we call
Window Resize, we employ one of two random cropping methods with equal probability: 1)
Random Focused Crop (RFC): randomly take a 512×512 crop in the original image resolution
which contains at least one known person, 2) Random Safe Crop (RSC): randomly crop the
image such that all persons are contained, then resize to 512×512. This cropping strategy
allowed us to train with larger batch sizes, while benefiting performance with improved
regularization. At inference time, we resize to 900×1500, as in other models. We also consider
a variant of Random Focused Crop (RFC2), which resizes images so the “focused” person
box is not clipped.
Objective Diagram Setup. To understand all objective functions for re-id and the GFN,
we introduce Fig. 3.6. The idea is that we can show a simple example containing three
different scenes with two different person identities to demonstrate problems with näıve loss
functions, and their solutions. In the “System Setup” of Fig. 3.6 (top left), we show how the
three scenes (1, 2, 3) and two person identities (A, B) map to a corresponding simple diagram:
the circles represent scene images which contain one or more different person identities. This
diagram format is used in Fig. 3.6a, 3.6b, 3.6c, and 3.6e. For all diagrams in Fig. 3.6, we
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borrow from the spring analogy for metric learning used in DrLIM [72], with the concept of
attractions and repulsions. Attraction is represented by green arrows, and repulsion by red
arrows. The details of each part of this figure will be explained in the following sections.
Objective Functions. For the re-id loss of SeqNeXt, we employ the standard Online
Instance Matching (OIM) Loss [1], represented as Lreid. This is visualized in Fig. 3.6a. The
Gallery Filter Network losses, Lgfn, are explained in Sec. 3.3.2.

The detector loss is the sum of classification and box regression losses from the RPN, and
the two Faster R-CNN stages comprising conv5, Box Head, and Cls Head layers, expressed
as:

Ldet =
∑
m∈M

Lm
cls + Lm

reg, M = {RPN,RCNN1,RCNN2} (3.1)

The full loss is the sum of the detector, re-id, and GFN losses:

L = Ldet + Lreid + Lgfn (3.2)

3.3.2 Gallery Filter Network

In building the Gallery Filter Network, our goal is to design a module which removes
low-scoring scenes, and reweights boxes from higher-scoring scenes. Let sreid be the cosine
similarity of a predicted gallery box embedding with the query embedding, sdet be the detector
box score, sgfn be the cosine similarity for the corresponding gallery scene from the GFN,

σ(x) = e−x

1+e−x , α be a temperature constant, and λgfn be the GFN score threshold. At inference
time, scenes scoring below λgfn are removed, and detection is performed for remaining scenes,
with the final score for detected boxes given by
sfinal = sreid · sdet · σ(sgfn/α).

The module should discriminate as many scenes below λgfn as possible, while positively
impacting the scores of boxes from any remaining scenes. To this end, we consider three
variations of the standard contrastive objective [73], [74] in Secs. 3.3.2.1 to 3.3.2.3, in addition
to a number of architectural and optimization considerations in Sec. 3.3.2.4. In Sec. 3.3.2.1, we
introduce a baseline objective which directly computes similarity between persons and scenes.
In Sec. 3.3.2.2, we introduce an objective which improves upon the baseline by combining query
and scene embeddings and consequently disentangling conflicting optimization interactions.
We will show in Sec. 3.4 that this objective achieves superior results. In Sec. 3.3.2.3, we
consider a control objective which simply compares scene embeddings: this objective is
intended to show that our improved objective is not merely learning some simpler function,
and is benefitting from both query and scene information.

3.3.2.1 Baseline Objective

The goal of the baseline GFN optimization is to push person embeddings toward scene
embeddings when a person is contained within a scene, and to pull them apart when the
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Figure 3.6: Visual representation of the re-id and GFN optimization objectives. We show a
system of three scenes with two unique person identities, represented in the “System Setup”.
Green connectors represent attraction, meaning two embeddings are pushed together by an
objective, and red connectors represent repulsion, meaning two embeddings are pulled apart
by an objective. The goal of this figure is to visualize the problem with our initial GFN
baseline objective shown in (c), and show how we arrived at the improved GFN query-scene
objective shown in (e) and (f).
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person is not in the scene, shown in Fig. 3.6c.
Let xi ∈ Rd denote the embedding extracted from person qi located in some scene sj.

Let yj ∈ Rd denote the embedding extracted from scene sj. Let X be the set of all person
embeddings xi, and Y the set of all scene embeddings yj, with N = |X|,M = |Y |.

We define the query-scene indicator function to denote positive query-scene pairs as

IQ
i,j =

{
1 if qi present in sj

0 otherwise
(3.3)

We then define a set to denote indices for a specific positive pair and all negative pairs:
KQ

i,j = {k ∈ 1, . . . ,M | k = j or IQ
i,k = 0}. Define sim(u, v) = u⊤v/∥u∥∥v∥, the cosine

similarity between two u, v ∈ Rd, and τ is a temperature constant. Then the loss for a
positive query-scene pair is the cross-entropy loss

ℓQi,j = − log
exp (sim(xi, yj)/τ)∑

k∈KQ
i,j
exp (sim(xi, yk)/τ)

(3.4)

The baseline Gallery Filter Network loss sums positive pair losses over all query-scene
pairs:

LQ
gfn =

N∑
i=1

M∑
j=1

IQ
i,jℓ

Q
i,j (3.5)

3.3.2.2 Combined Query-Scene Objective

While it is possible to train the GFN directly with person and scene embeddings using the
loss in Eq. (3.5), we show that this objective is ill-posed without modification. The problem is
that we have constructed a system of opposing attractions and repulsions. We can formalize
this concept by interpreting the system as a graph G(V,E), visualized in Fig. 3.6d. Let the
vertices V correspond to person, scene, and/or combined person-scene embeddings, where
a solide line edge in E, shown as a red arrow in Fig. 3.6d, connecting any two nodes in V
represents a negative pair used in the optimization objective. Pairs of nodes connected by
green dashed arrows represent positive pairs in the optimization objective. Let any group of
nodes connected by green dashed arrows (not edges in G) be an independent set, meaning
that no two nodes in the set are adjacent in G. Then, each connected component of G must
be multipartite, or the optimization problem will be ill-posed by design, as in the baseline
objective.

To learn whether a person is contained within a scene while preventing this conflict
of attractions and repulsions, we need to apply some unique transformation to query and
scene embeddings before the optimization. One such option is to combine a query person
embedding separately with the query scene and gallery scene embeddings to produce fused
representations. This allows us to disentangle the web of interactions between query and
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scene embeddings, while still learning the desired relationship, visualized in Fig. 3.6e. The
person embedding used to fuse with each scene embedding in a pair is left colored either blue
or orange, and the corresponding scenes are colored according to that person embedding.
Person embeddings present in scenes which are not used are grayed out.

In the graph-based presentation, shown in Fig. 3.6f, this modified scheme using query-scene
embeddings will always result in a graph comprising some number of star graph connected
components. Since these star graph components are multipartite by design, the issue of
conflicting attractions and repulsions is avoided.

To combine a query and scene embedding into a single query-scene embedding, we define
a function f : Rd,Rd → Rd, such that zi,j = f(xi, yj) and wi = f(xi, y

xi), where yxi is the
embedding of the scene that person i is present in. Borrowing from SENet [122] and QEEPS
[118], we choose a sigmoid-activated elementwise gating, with ⊙ used for elementwise product.
“BN” is a Batch Normalization layer, to mirror the architecture of the other embedding
heads, and β is a temperature constant.

f(x, y) = BN(σ(x/β)⊙ y) (3.6)

Other choices are possible for f , but the elementwise-product is critical, because it excites
the features most relevant to a given query within a scene, eliciting the relationship shown in
Fig. 3.6e. More learnable layers could be added as well, such as a MLP applied to the query
embedding similar to SENet, but we did not find benefit from more complex architectures.

The loss for a positive query-scene pair is the cross-entropy loss

ℓCi,j = − log
exp (sim(wi, zi,j)/τ)∑

k∈KQ
i,j
exp (sim(wi, zi,k)/τ)

(3.7)

The query-scene combined Gallery Filter Network loss sums positive pair losses over all
query-scene pairs:

LC
gfn =

N∑
i=1

M∑
j=1

IQ
i,jℓ

C
i,j (3.8)

where N denotes the number of person embeddings, and M denotes the number of scene
embeddings.

3.3.2.3 Scene-Only Objective

As a control for the query-scene objective, we also define a simpler objective which uses
scene embeddings only, depicted in Fig. 3.6b. This objective attempts to learn the less
discriminative concept of whether two scenes share any persons in common, and has the
same optimization issue of conflicting attractions and repulsions as the baseline objective. At
inference time, it is used in the same way as the other GFN methods.

We define the scene-scene indicator function to denote positive scene-scene pairs as
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IS
i,j =

{
1 if si shares any q in common with sj

0 otherwise
(3.9)

Similar to Sec. 3.3.2.1, we define an index set:
KS

i,j = {k ∈ 1, . . . ,M | k = j or IS
i,j = 0}. Then the loss for a positive scene-scene pair is the

cross-entropy loss

ℓSi,j = − log
exp (sim(yi, yj)/τ)∑

k∈KS
i,j
exp (sim(yi, yk)/τ)

(3.10)

The scene-only Gallery Filter Network loss sums positive pair losses over all scene-scene
pairs:

LS
gfn =

M∑
i=1

M∑
j=1

[i ̸= j]IS
i,jℓ

S
i,j (3.11)

where [i ̸= j] is 1 if i ̸= j else 0.

3.3.2.4 Architecture and Optimization

We consider a number of design choices for the architecture and optimization strategy of the
GFN to improve its performance.
Architecture. Scene embeddings are extracted in the same way as person embeddings
using the conv4 Pool layer in Fig. 3.5, except that a larger 56×56 pooling size with adaptive
max pooling is used vs. the person pooling size of 14×14 with RoI Align. This larger scene
pooling size is needed to adequately summarize scene information, since the scene extent is
much larger than a typical person bounding box. In addition, the scene conv5 head and Emb
Head, which are green in Fig. 3.5, are duplicated from the corresponding person modules (no
weight-sharing), which are black and red in Fig. 3.5 respectively.
Lookup Table. Similar to the methodology used for the OIM objective [1], we use a lookup
table (LUT) to store scene and person embeddings from previous batches, refreshing the
LUT fully during each training epoch. We compare the person and scene embeddings in each
batch, which have gradients, with some subset of the embeddings in the LUT, which do not
have gradients. Therefore only comparisons of embeddings within the batch, or between the
batch and the LUT, have gradients.
Query Prototype Embeddings. Rather than using person embeddings directly from
a given batch, we can use the identity prototype embeddings stored in the OIM LUT for
optimizing the GFN, similar to [135]. These moving average identity embeddings stored in
the OIM LUT are likely to be closer to the respective identity cluster centroid than any single
batch embedding, and will change less between iterations. Therefore, using them could help
regularize the GFN optimization.
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To optimize using these OIM LUT embeddings, we lookup the corresponding identity
for a given batch person identity in the OIM LUT during training, and substitute that into
the objective. In doing so, we discard gradients from batch person embeddings, meaning
that we only pass gradients through scene embeddings, and therefore only update the scene
embedding module. This has the effect of reducing the impact of the GFN optimization
on person embeddings, since person embeddings will change only indirectly without direct
gradient updates. This choice is examined in an ablation in Sec. 3.4.4.

3.4 Experiments and Analysis

In this section, we describe datasets and evaluation methods used in Sec. 3.4.1, implementation
details of SeqNeXt and the GFN in Sec. 3.4.2, a comparison to state-of-the-art person search
methods in Sec. 3.4.3, several ablation studies for our models in Sec. 3.4.4, an analysis of
filtering using the GFN in Sec. 3.4.5, a qualitative analysis of real person search examples in
Sec. 3.4.6, and visualization of features for SeqNeXt and the GFN in Sec. 3.4.7.

3.4.1 Datasets and Evaluation

Datasets. For our experiments, we use the two standard person search datasets, CUHK-
SYSU [1], and Person Re-identification in the Wild (PRW) [100]. CUHK-SYSU comprises a
mixture of imagery from hand-held cameras, and shots from movies and TV shows, resulting
in significant visual diversity. It contains 18,184 scene images annotated with 96,143 person
bounding boxes from tracked (known) and untracked (unknown) persons, with 8,432 known
identities. PRW comprises video frames from six surveillance cameras at Tsinghua University
in Hong Kong. It contains 11,816 scene images annotated with 43,110 person bounding boxes
from known and unknown persons, with 932 known identities.

The standard test retrieval partition for the CUHK-SYSU dataset has 2,900 query persons,
with a gallery size of 100 scenes per query. The standard test retrieval partition for the PRW
dataset has 2,057 query persons, and uses all 6,112 test scenes in the gallery, excluding the
identity. For a more robust analysis, we additionally divide the given train set into separate
train and validation sets, further discussed in Supplementary Material Appendix A.1.
Evaluation Metrics. As in other works, we use the standard re-id metrics of mean average
precision (mAP), and top-1 accuracy (top-1). For detection metrics, we use recall and average
precision at 0.5 IoU (Recall, AP).

In addition, we show GFN metrics mAP and top-1, which are computed as metrics of
scene retrieval using GFN scores. To calculate these values, we compute the GFN score for
each scene, and consider a gallery scene a match to the query if the query person is present
in it.
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3.4.2 Implementation Details

We use SGD optimizer with momentum for ResNet models, with starting learning rate 3e-3,
and Adam [203] for ConvNeXt models, with starting learning rate 1e-4. We train all models
for 30 epochs, reducing the learning rate by a factor of 10 at epochs 15 and 25. Gradients
are clipped to norm 10 for all models.

Models are trained on a single Quadro RTX 6000 GPU (24 GB VRAM), and 30 epoch
training time using the final model configuration takes 11 hours for the PRW dataset, and 21
hours for the CUHK-SYSU dataset.

Our baseline model used for ablation studies has a ConvNeXt Base backbone, embedding
dimension 2,048, scene embedding pool size 56×56, and is trained with 512×512 image crops
using the combined cropping strategy (RSC+RFC). It uses the combined prototype feature
version of the GFN objective. The final model configuration, used for comparison to other
state-of-the-art models, is trained with 640×640 image crops using the altered combined
cropping strategy (RSC+RFC2). It uses the combined batch feature version of the GFN
objective.
Model Details. We set the OIM scalar (inverse temperature) parameter to 30.0 as in [111],
with an OIM circular queue size of 5,000 for CUHK-SYSU and 500 for PRW. The OIM
momentum parameter is also left at 0.5. For the GFN, the training temperature parameter
is 0.1, and the GFN gating function temperature parameter is 0.2. During training, we use a
batch size of 12 for ResNet50 backbone models, and a batch size of 8 for ConvNeXt backbone
models.

For the ResNet50 backbone, we freeze all batch norm layers, and all weights through the
conv1 layer of the model. For ConvNeXt backbones, we freeze only the conv1 layer of the
model. All backbones are initialized using weights from pre-training on ImageNet1k [204].

We use automatic-mixed precision (AMP), which significantly reduces all training and
inference times. To avoid float16 overflow, we refactor all loss functions to divide before
summation when computing mean reduction. This increases likelihood of underflow, but
results in more stable training overall.
GFN Sampling Strategies. Since we are unable to use the entire GFN LUT to form loss
pairs in any given batch due to memory limitations, we have a choice about which LUT
embeddings to select for the GFN optimization. By default, for each query person present in
the current batch, we sample one matching scene embedding and the person embeddings for
all persons in that scene. In addition, we consider sampling a “hard negative” scene, defined
as a scene which shares at least one person identity in common with the query scene, but
that does not contain the query person identity. An ablation for related choices is considered
in Sec. 3.4.4.

3.4.3 Comparison to State-of-the-art

We show a comparison of state-of-the-art methods on the standard benchmarks in Tab. 3.1.
The GFN benefits all metrics, especially top-1 accuracy for the PRW dataset, which improves
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Figure 3.7: Effect of gallery size on mAP for the CUHK-SYSU dataset. SNX-CNB denotes
SeqNeXt ConvNeXt Base. GFN helps more as gallery size increases.

by 4.6% for the ResNet50 backbone, and 2.9% for the ConvNeXt Base backbone. The greater
improvement on PRW than CUHK-SYSU is likely due to the greater frequency of top-1
matches in the PRW dataset that are similar to the query. Since PRW images all come
from video data, there is typically at least one matching frame in the gallery that is very
similar to the query frame, and similar scenes result in high GFN score-weighting. This GFN
score-weighting can make up for low re-id scores when it is challenging to compare person
embeddings alone, e.g . when there are very few pixels on the person of interest.

In addition, our best model, SeqNeXt+GFN with ConvNext Base, improves mAP by 1.8%
on PRW and 1.2% on CUHK-SYSU over the previous best PSTR model. This benefit extends
to larger gallery sizes for CUHK-SYSU, shown in Fig. 3.7. In fact, the GFN score-weighting
helps more as gallery size increases. This is expected, since the benefit of down-weighting
contextually-unlikely scenes, vs. discriminating between persons within a single scene, has a
greater effect when there are more scenes compared against.

The GFN benefits CUHK-SYSU retrieval scenarios with occluded or low-resolution query
persons, as shown in Tab. 3.2. This shows that high quality query person views are not
essential to the function of the GFN.

The GFN also benefits both cross-camera and same-camera retrieval, as shown in Tab. 3.3.
Strong cross-camera performance shows that the GFN can generalize to varying locations,
and does not simply choose the scene which is the most visually similar. Strong same-camera
performance shows that the GFN is able to use query information, even when all gallery
scenes are contextually similar.

To showcase these benefits, we provide qualitative results in Sec. 3.4.6. These examples
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Method Backbone
CUHK-SYSU PRW
mAP top-1 mAP top-1

Two-step
IDE [100] ResNet50 - - 20.5 48.3
MGTS [101] VGG16 83.0 83.7 32.6 72.1
CLSA [102] ResNet50 87.2 88.5 38.7 65.0
IGPN [120] ResNet50 90.3 91.4 47.2 87.0
RDLR [103] ResNet50 93.0 94.2 42.9 70.2
TCTS [121] ResNet50 93.9 95.1 46.8 87.5

End-to-end
OIM [1] ResNet50 75.5 78.7 21.3 49.4
IAN [137] ResNet50 76.3 80.1 23.0 61.9
NPSM [104] ResNet50 77.9 81.2 24.2 53.1
RCAA [117] ResNet50 79.3 81.3 - -
CTXG [136] ResNet50 84.1 86.5 33.4 73.6
QEEPS [118] ResNet50 88.9 89.1 37.1 76.7
APNet [105] ResNet50 88.9 89.3 41.9 81.4
HOIM [106] ResNet50 89.7 90.8 39.8 80.4
BINet [107] ResNet50 90.0 90.7 45.3 81.7
NAE+ [108] ResNet50 92.1 92.9 44.0 81.1
PGSFL [135] ResNet50 92.3 94.7 44.2 85.2
DKD [109] ResNet50 93.1 94.2 50.5 87.1
DMRN [138] ResNet50 93.2 94.2 46.9 83.3
AGWF [151] ResNet50 93.3 94.2 53.3 87.7
AlignPS [110] ResNet50 94.0 94.5 46.1 82.1
SeqNet [111] ResNet50 93.8 94.6 46.7 83.4
SeqNet+CBGM [111] ResNet50 94.8 95.7 47.6 87.6
COAT [112] ResNet50 94.2 94.7 53.3 87.4
COAT+CBGM [112] ResNet50 94.8 95.2 54.0 89.1
MHGAM [115] ResNet50 94.9 95.9 47.9 88.0
PSTR [113] ResNet50 94.2 95.2 50.1 87.9
PSTR [113] PVTv2-B2 95.2 96.2 56.5 89.7
SeqNeXt (ours) ResNet50 94.1 94.7 50.8 86.0
SeqNeXt+GFN (ours) ResNet50 94.7 95.3 51.3 90.6
SeqNeXt (ours) ConvNeXt 96.1 96.5 57.6 89.5
SeqNeXt+GFN (ours) ConvNeXt 96.4 97.0 58.3 92.4

Table 3.1: Standard performance metrics mAP and top-1 accuracy on the benchmark CUHK-
SYSU and PRW datasets are compared for state-of-the-art two-step and end-to-end models.
ConvNeXt backbone = ConvNeXt Base.
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Occluded mAP top-1
SeqNeXt 91.1 89.8
SeqNeXt+GFN 92.0 90.9

Low-Resolution mAP top-1
SeqNeXt 91.4 92.4
SeqNeXt+GFN 92.0 93.1

Table 3.2: Performance metrics on two CUHK-SYSU retrieval partitions using either Occluded
(top) or Low-Resolution (bottom) query persons.

Method
Same Cam ID Cross Cam ID
mAP top-1 mAP top-1

HOIM [106] - - 36.5 65.0
NAE+ [108] - - 40.0 67.5
SeqNet [111] - - 43.6 68.5
SeqNet+CBGM [111] - - 44.3 70.6
AGWF [151] - - 48.0 73.2
COAT [112] - - 50.9 75.1
COAT+CBGM [112] - - 51.7 76.1
SeqNeXt (ours) 82.9 98.5 55.3 80.5
SeqNeXt+GFN (ours) 85.1 98.6 56.4 82.1

Table 3.3: Performance on the PRW test set for query and gallery scenes from the same
camera (Same Cam ID) or different cameras (Cross Cam ID).

show that the GFN uses local person information combined with global context to improve
retrieval ranking, even in the presence of difficult confusers.

3.4.4 Ablation Studies

We conduct a series of ablations using the PRW dataset to show how detection, re-id, and
GFN performance are each impacted by variations in model architecture, data augmentation,
and GFN design choices.

In the corresponding metrics tables, we show re-id results by presenting the GFN-modified
scores as mAP and top-1, and the difference between unmodified mAP and top-1 with ∆mAP
and ∆top-1. This highlights the change in re-id performance specifically from the GFN
score-weighting. To indicate the baseline configuration in a table, we use the † symbol, and the
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final model configuration is highlighted in gray. The difference between these configurations
is explained in Sec. 3.4.2.
GFN Objective. We analyze the impact of the various GFN objective choices discussed in
Sec. 3.3.2. Comparisons are shown in Tab. 3.4: “None” does not use the GFN, Scene-Only
uses the objective in Sec. 3.3.2.3, Base uses the baseline objective in Sec. 3.3.2.1, Combined
(Comb.) uses the query-scene objective in Sec. 3.3.2.2, Batch indicates that batch query
embeddings are used, Proto indicates that prototype query embeddings are used. Baseline
model is marked with †, final model is highlighted gray.

Most importantly, the re-id mAP performance without the GFN is relatively high, but
the re-id top-1 performance is much lower than the best GFN methods. Conversely, the
Scene-Only method achieves competitive re-id top-1 performance, but reduced re-id mAP.
This is because the Scene-Only method is effective at retrieving a scene which is contextually-
identical to the query, but struggles with more nuanced scenes that benefit from query
embeddings as in the combined query-scene method.

The Base methods were found to be significantly worse than all other methods, with
GFN score-weighting actually reducing GFN performance. The Combined methods were the
most effective, better than the Base and Scene-Only methods for both re-id and GFN-only
stats, showcasing the improvements discussed in Sec. 3.3.2.2. In addition, the success of the
Combined objective can be explained by two factors: 1) similarity relationship between scene
embeddings and 2) query information given by query-scene embeddings. The Scene-Only
objective, which uses only similarity between scene embeddings, is functional but not as
effective as the Combined objective, which uses both scene similarity and query information.
Since the Scene-Only objective incorporates background information, and does not use query
information, we reason that the provided additional benefit of the Combined objective comes
from the described mechanism of query gating of scene features, and not from e.g ., simple
matching of the query background with the gallery scene image.

Finally, the Batch and Proto modifiers to the Combined and Base methods were found to
be relatively similar in performance. Since the Proto method is simpler and more efficient,
we use it for the baseline model configuration.
Model Modifications. We consider how changes to the SeqNet architecture impact
performance, including usage of a second Faster R-CNN head instead of the NAE head,
denoted by the red Cls Head in Fig. 3.5, and usage of the second detector stage score instead
of the first stage score during inference, denoted by the blue score boxes in Fig. 3.5. Results
are shown in Tab. 3.5.

Using the ConvNeXt Base backbone instead of ResNet50 does not improve detection
performance, but it significantly improves re-id performance, especially mAP, by 7-8%.
Using the first stage score significantly helps detection performance, but it reduces re-id
performance.
Image Augmentation. Shown in Tab. 3.6, we compare the Window Resize augmentation to
the two cropping methods used, and a strategy combining the two. In Tab. 3.6, augmentation
methods include WRS (Window Resize to 900×1500), RSC (Random Safe Crop to square
crop size), RFC (Random Focused Crop to square crop size), RFC2 (variant of RFC explained
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Detection Re-id GFN

GFN Objective Recall AP mAP top-1 ∆ mAP ∆ top-1 mAP top-1

None 96.0 93.6 58.6 88.7 - - - -
Scene-Only 96.0 93.4 56.5 91.9 -0.9 +2.8 16.1 73.3
Base Batch 95.7 93.1 53.9 86.6 -2.6 -2.0 23.8 58.4
Base Proto 96.0 93.6 55.0 86.2 -3.0 -2.7 22.9 57.8
Comb. Batch 96.2 93.6 59.5 92.2 +1.1 +2.9 20.5 78.8
Comb. Proto† 96.0 93.4 58.8 92.3 +1.1 +3.5 20.4 78.5

Table 3.4: Comparison of different options for the GFN optimization objective. “None”
does not use the GFN, Scene-Only uses the objective in Sec. 3.3.2.3, Base uses the baseline
objective in Sec. 3.3.2.1, Combined (Comb.) uses the query-scene objective in Sec. 3.3.2.2,
Batch indicates that batch query embeddings are used, Proto indicates that prototype query
embeddings are used. Baseline model is marked with †, final model is highlighted gray.

Detection Re-id GFN

Model Recall AP mAP top-1 ∆ mAP ∆ top-1 mAP top-1

RN50 NAE-FCS 97.6 93.5 50.3 89.4 0.0 +3.5 16.7 78.5
RN50 RCNN-SCS 96.0 93.1 51.1 90.6 +0.1 +3.8 16.3 78.0
CNB NAE-FCS 97.9 94.9 58.7 91.4 +1.3 +3.4 21.0 78.9
CNB RCNN-SCS† 96.0 93.4 58.8 92.3 +1.1 +3.5 20.4 78.5

Table 3.5: Comparison of model backbone (RN50=ResNet50, CNB=ConvNeXt Base), NAE
vs. R-CNN head for the second detector stage, and first (stage) classifier score (FCS) or
second (stage) classifier score (SCS) used at inference time. Baseline model is marked with †,
final model is highlighted gray.

in Sec. 3.3.1), and RSC+RFC(2) which performs either cropping method randomly with
equal probability. The baseline model is marked with †, and the final model is highlighted
gray.

We find that the Window Resize method achieves comparable re-id performance with other
methods, but much lower detection performance. This may be attributed to the regularizing
effect of random cropping for detector training.

In addition, we find that Random Safe Cropping alone results in better detection perfor-
mance than Random Focused Cropping alone, but worse re-id performance. This shows that
the regularizing effect of random crops that may be in the wrong scale is more important
for detection, and having features in the target scene scale is more important for re-id.
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Detection Re-id GFN

Method Recall AP mAP top-1 ∆ mAP ∆ top-1 mAP top-1

WRS 89.3 87.7 57.3 91.1 +0.9 +4.7 19.6 78.3
RSC 95.9 93.1 55.8 91.0 +0.7 +3.7 18.5 77.6
RFC 95.0 92.7 58.4 91.2 +1.4 +3.4 20.8 77.8
RFC2 95.4 93.1 58.2 91.1 +1.4 +3.8 21.1 78.4
RSC+RFC† 96.0 93.4 58.8 92.3 +1.1 +3.5 20.4 78.5
RSC+RFC2 96.1 93.8 58.7 92.3 +1.3 +3.3 20.8 78.9

Crop Size Recall AP mAP top-1 ∆ mAP ∆ top-1 mAP top-1

256×256 95.3 91.9 51.4 90.1 0.1 3.3 16.7 78.0
384×384 96.3 93.6 56.7 92.0 0.6 3.0 19.6 79.2
512×512† 96.0 93.4 58.8 92.3 1.1 3.5 20.4 78.5
640×640 95.3 92.9 59.6 92.3 1.4 3.4 21.8 79.6

Table 3.6: Comparison of image augmentation methods (top), and image crop sizes (bottom).
Augmentation methods include WRS (Window Resize to 900×1500), RSC (Random Safe
Crop to square crop size), RFC (Random Focused Crop to square crop size), RFC2 (variant
of RFC explained in Sec. 3.3.1), and RSC+RFC(2) which performs either cropping method
randomly with equal probability. Baseline model is marked with †, final model is highlighted
gray.

Combining the two results in better performance than either alone for both detection and
re-id.
Scene Pooling Size and Embedding Dimension. We analyze choices for the RoI Align
pooling size for the scene embedding head, and choices for the embedding dimension for both
the query and scene embedding heads. Comparisons are shown in Tab. 3.7.

GFN performance increases nearly-monotonically with scene pooling size, with diminishing
returns for GFN score-weighted re-id performance. We also note that larger scene pooling
size results in a significant increase in memory consumption, so we use 56×56 by default,
which captures most of the performance gain, with some memory savings.

It is clear that the scene pooling size should be larger than the query pooling size to ensure
that all person information in a scene is adequately captured. The relationship between
person box size distribution vs. scene size, with the ratio of respective pooling sizes could be
further investigated.

For the embedding dimension, performance also increases nearly-monotonically with
size, for both re-id and the GFN-only stats. Although there are diminishing returns in
performance, similar to the scene pooling size, we choose the relatively large value of 2,048
because it results in little additional memory consumption or compute time.
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Detection Re-id GFN

Pool Size Recall AP mAP top-1 ∆ mAP ∆ top-1 mAP top-1

14×14 96.1 93.5 58.1 91.6 +0.1 +3.3 18.2 77.9
28×28 95.9 93.4 58.5 92.3 +0.7 +3.6 19.7 79.2
56×56† 96.0 93.4 58.8 92.3 +1.1 +3.5 20.4 78.5
112×112 96.1 93.6 58.8 92.4 +1.2 +3.6 22.1 79.8

Emb Dim Recall AP mAP top-1 ∆ mAP ∆ top-1 mAP top-1

128 96.1 93.6 58.0 91.6 0.7 3.8 19.6 77.9
256 95.9 93.4 58.2 92.0 1.0 4.3 20.1 78.3
512 96.1 93.5 58.7 91.8 1.0 4.0 20.0 77.6
1024 96.2 93.6 59.3 92.2 1.1 3.5 20.0 78.0
2048† 96.0 93.4 58.8 92.3 1.1 3.5 20.4 78.5

Table 3.7: Comparison of pooling sizes for the RoI Align block used to compute scene
embeddings (top) and comparison of the embedding dimension used for both query and scene
embeddings (bottom). Baseline model is marked with †, final model is highlighted gray.

GFN Sampling. We analyze choices for the GFN sampling procedure, with comparisons
shown in Tab. 3.8. Critically, we find that all sampling options with the LUT are better
than not using the LUT at all, as shown by both the large increase in GFN stats, and the
contribution of GFN score-weighting to re-id stats. This is expected but important, because it
shows that batch-only query-scene comparisons are insufficient, as they usually just compare
a query to the scene it is present in due to sampling constraints. Using LUT comparisons
results in better performance despite no gradients flowing through the LUT.

Among sampling mechanisms that use the LUT, results for GFN score-weighted re-id
stats were relatively similar, and more trials with more samples per trial are likely needed to
distinguish a standout method.

3.4.5 Filtering Analysis

GFN Score Threshold. We consider selection of the GFN score threshold value to use for
filtering out gallery scenes during retrieval. In Fig. 3.8, we show histograms of GFN scores
for both CUHK-SYSU and PRW, delineated by whether the score corresponds to a matching
(Match) or non-matching (Diff) query-gallery pair. We note that the CUHK-SYSU score
clusters are significantly more separable than the PRW score clusters, showing that the GFN
as a scene-filtering mechanism works better on the CUHK-SYSU dataset. This is because
there is much greater visual variability in scenes from CUHK-SYSU than from PRW, making
it easier to learn which scenes do or do not contain a given query.
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Detection Re-id GFN

Sampling Recall AP mAP top-1 ∆ mAP ∆ top-1 mAP top-1

No LUT 96.2 93.7 57.5 90.8 -0.3 +2.1 13.3 72.8
P1N0 96.1 93.6 59.5 91.9 +1.3 +2.4 21.0 78.7
P1N1† 96.0 93.4 58.8 92.3 +1.1 +3.5 20.4 78.5
P2N0 96.2 93.7 59.1 91.9 +1.2 +3.6 20.9 79.5
P2N1 96.0 93.6 59.1 91.7 +1.2 +3.4 21.1 79.5

Table 3.8: Comparison of different sampling options for optimization of the GFN. PxNy
indicates that x positive scenes and y hard negative scenes are sampled for each person in
the batch. No LUT means we use only batch query and scene embeddings, and no LUT is
used. Baseline model is marked with †, final model is highlighted gray.

We introduce another metric to help analyze computation savings from the filtering
operation: the fraction of negative gallery scenes which can be filtered out (negative predictive
value) when using a threshold which keeps 99% of positive gallery scenes (recall). For the
histograms shown, this value is 91.4% for CUHK-SYSU, and only 11.5% for PRW.

In short, this is because there is greater variation in scene appearance in CUHK-SYSU than
PRW. This results in most query-gallery comparisons for CUHK-SYSU evaluation occurring
between scenes from clearly different environments, e.g ., two different movies. While the
GFN score-weighting improves performance for both same-camera and cross-camera retrieval,
shown in Tab. 3.3, query-scene scores used for hard thresholding may be less discriminative
for nearly-identical scenes as in PRW vs. CUHK-SYSU, shown in Fig. 3.8. Still, the GFN
top-1 score for the final PRW model was 78.4%, meaning that 78.4% of queries resulted in
the correct gallery scene being ranked first using only the GFN score.
Compute Cost. In Tab. 3.9, we show the breakdown of percent time spent on shared com-
putation, GFN-only computation, and detector-only computation. Since most computation
time (∼60%) is spent on detection, with only (∼5%) of time spent on GFN-related tasks,
there is a large cost savings from using the GFN to avoid detection by filtering gallery scenes.
Exactly how much time is saved in practice depends on the relative number of queries vs.
the gallery size, and how densely populated the gallery scenes are with persons of interest.

To give an understanding of compute savings for a single query, we show some example
calculations using the conservative recall requirement of 99%. For CUHK-SYSU, we have
99.9% of gallery scenes negative, 91.4% of negative gallery scenes filtered, and 61.0% of time
spent doing detection on gallery scenes, resulting in 55.7% computation saved using the GFN
compared to the same model without the GFN. For PRW, the same calculation yields 6.6%
computation saved using the GFN.

We demonstrate a further breakdown in Tab. 3.10, where we show how much time is
saved (TS) by using the GFN for different levels of recall. We show that for 95% recall on
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Figure 3.8: GFN score histograms for the CUHK-SYSU (left) and PRW test sets (middle).
Matches and non-matches (Diffs) are shown for queries in the gallery size 4,000 set for
CUHK-SYSU, and the full gallery for PRW (6,111 scenes). In the plot on the right, we show
negative predictive value (NPV) vs. recall for each dataset, based on the score histograms.

Shared GFN Detection

Backbone Query Emb. Scene Emb. GFN Scores RPN R-CNN(×2)

CUHK Time (%)
33.7 <0.1 5.3 <0.1 19.2 41.8

33.7 5.3 61.0

PRW Time (%)
36.9 <0.1 5.3 <0.1 16.1 41.7

36.9 5.3 57.8

Table 3.9: Percent computation time averaged per query of shared feature extraction, GFN,
and detection on the CUHK-SYSU (gallery size 4,000) and PRW (gallery size full) test sets.

CUHK-SYSU, 57.8% time is saved by filtering scenes with the GFN. For PRW, this value
is lower, at 13.6%, as expected from Fig. 3.8 (middle), but non-negligible. We also show in
Fig. 3.8 (right) negative predictive value (NPV) vs. recall for the two datasets, making it clear
that CUHK-SYSU can filter significantly more scenes without taking a hit in performance.

3.4.6 Qualitative Analysis

Qualitative examples are shown for both CUHK-SYSU and PRW in Fig. 3.9. All examples
show cases where the baseline model top-1 match is incorrect, but the GFN-modified match
for the same example is correct. We highlight examples where global scene context has an
obvious vs. a more subtle impact, and where the query and scene camera ID are the same or
different: In the top-left and middle-left, subtle contextual clues (formal wear) help correct
the predicted box. In the bottom-left, an obvious contextual clue (interior of same building)
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CUHK Time Saved (TS)

Recall (%) 50 75 95 99 100

CUHK Time Saved

NPV (%) 100.0 99.8 98.5 91.2 0.0
mAP (%) 47.9 72.2 91.6 95.4 96.4
TS (%) 58.8 58.7 57.8 53.1 0.0

PRW Time Saved

NPV (%) 93.6 75.5 31.6 11.5 0.0
mAP (%) 29.1 43.8 55.4 57.7 58.3
TS (%) 51.4 40.3 13.6 1.4 0.0

Table 3.10: Time saved (TS) from using the GFN for scene filtering on the CUHK and PRW
datasets, for different recall requirements. Negative predictive value (NPV) and mAP are
also shown to give a holistic view of performance implications at each recall setting.

corrects the prediction, despite a 180◦ change in viewpoint of the person. In the top-right,
the false positive and correct match look nearly identical, and the correct box is from the
same camera view. In the middle-right, the false positive and correct match have the same
shirt and hairstyle, and the correct box is from a different camera view. In the lower-right,
the false positive appears to be a mistake in the ground truth (should be true positive), but
the GFN “helped” by up-weighting a more contextually similar scene.

3.4.7 Feature Visualization

In Fig. 3.10, we show pooled features for the backbone conv4 layer and GFN conv5 layer,
which is green in Fig. 3.5. These features are shown for two separate scenes in CUHK-SYSU.
The feature visualization shows that conv4 focuses on people, while conv5 focuses on scene
context. This is not surprising, because the conv4 layer comes from the backbone, and is
responsible for producing high quality person embeddings, where as the GFN conv5 layer is
optimized just for the GFN, and naturally learns to focus on scene features to produce an
accurate scene representation. Since features from the two modules are combined to produce
the final scene embedding, the scene embedding is able to accurately represent both person
and context content for a given scene.



CHAPTER 3. MODULAR EFFICIENCY 58

Figure 3.9: Retrieval examples (CUHK-SYSU left, PRW right) from the baseline model
where application of the GFN score corrected the top-1 result. The query box is shown in
yellow, a false positive gallery match in red, and a true positive gallery match in blue. In each
scene, the white box in the lower right duplicates the person of interest for easier comparison
between scenes.

Figure 3.10: Pooled scene features from the (backbone) conv4 and (GFN) conv5 layers show
that conv4 focuses on people, while conv5 focuses on scene context.
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Figure 3.11: Diagram showing that any system with modules for detection, person embedding,
and scene embedding can be combined with the GFN to perform scene filtering and score
weighting.

3.5 Discussion

We describe the one-step vs. two-step LIR modularization, which splits LIR into separate
tasks for detection and retrieval, and compare a range of implications for choosing between
these two model types.

In addition, we describe and demonstrate a novel modularization of LIR called the Gallery
Filter Network, which improves accuracy and efficiency of person search models. We show
that the GFN can efficiently filter gallery scenes under certain conditions, and that it benefits
scoring for detects in scenes which are not filtered. We show that the GFN is robust under
a range of different conditions by testing on different retrieval sets, including cross-camera,
occluded, and low-resolution scenarios. In addition, we show that the benefit given by GFN
score-weighting increases as gallery size increases.

Separately, we develop the base SeqNeXt person search model, which has significant
performance gains over the original SeqNet model. We offer a corresponding training recipe
to train efficiently with improved regularization, using an aggressive cropping strategy. Taken
together, the SeqNeXt+GFN combination yields a significant improvement over other state-
of-the-art methods. Finally, we note that the GFN is not specific to SeqNeXt, and can be
easily combined with other person search models. This is shown in Fig. 3.11: any model with
separate modules for detection, person embedding, and scene embedding can be used with
the GFN. Further still, the GFN can extend to other identity types beyond persons, such as
vehicles, animals, and generic object instances, given the appropriate data.
Comparison with CBGM The GFN module is similar to the Context Bipartite Graph
Matching (CBGM) method from [111] in that both methods use context from the query and
gallery scenes to improve prediction ranking, although the GFN is used at inference-time only,
and does not need to be trained. CBGM is more explicit, in that it directly attempts to match
detected person boxes in the query and gallery scenes, at the expense of requiring sensitive
hyperparameters: the number of boxes to use from each scene for the matching. The authors
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found that very different values for these parameters were optimal for the CUHK-SYSU vs.
PRW datasets, and did not provide a clear methodology for their selection besides test set
performance. In contrast, we use the exact same GFN configuration for both datasets during
training and inference, selected separately based on validation data, and found it to robustly
improve performance for both.
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Chapter 4

Algorithmic Efficiency

In this chapter, we discuss algorithmic efficiency in LIR by comparing different families of
object detectors, and comparing query-centric vs. object-centric approaches. We consider
time complexity and actual costs of different approaches, in addition to training time and
performance metrics.

The outline of this chapter is as follows: first, we compare efficiency of different detector
types in Sec. 4.1, then we compare query-centric and object-centric models in Sec. 4.2, and
the majority of the chapter is devoted to discussion of methods and experiments of our novel
model, the Swap Path Net (SPNet), in Sec. 4.3 and Sec. 4.4 respectively. SPNet can swap
between query-centric and object-centric pathways, while using the same weights. We close
with a discussion in Sec. 4.5.

We carefully ensure reproducibility by providing the code, model configs, and installation
instructions required to reproduce all experiments, which can be accessed in the GitHub
repository1.

4.1 Comparing Detector Efficiency

We begin with a comparison of time complexity and training time of the three detector
types introduced in Chapter 2. This is critical for understanding which detector is the best
choice for LIR. We study Faster R-CNN in Sec. 4.1.1, DETR in Sec. 4.1.2, and Pix2Seq in
Sec. 4.1.3, followed by a comparative cost analysis in Sec. 4.1.4. We use the function T for
time complexity.

In order to make the comparison fair, we make a few simplifications and assumptions,
which will hold when replacing with other standard components without loss of generality:

• All models use the same feature backbone, which has an output feature map of size
O(HWD), for an image with size H ×W × C and embedding dimension D, where H
and W stand for height and width and C stands for the number of channels for the

1https://github.com/LukeJaffe/spnet

https://github.com/LukeJaffe/spnet
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image. We omit the variable D from the analysis, to focus mainly on the effect of image
size paired with each detector.

• We make the substitution L = HW , since H,W are always paired.

• The feature backbone has fixed inference time cbb, and we do not consider it for the
analysis.

• The number of queries for DETR is the same as the max number of detections for
Pix2Seq and Faster R-CNN. We call this variable B for boxes. Note that while B ≪ L,
typical constant factors bring terms containing them closer together for some model
types, which is why we include O(B+L) terms in our time complexity analysis.

4.1.1 Faster R-CNN

For Faster R-CNN, the time complexity depends linearly on the sequence length. The cost
of the RPN depends on L, and the cost of the box head depends on B. Though the box
head cost is typically much greater per proposal than the RPN head, the time complexity is
technically dominated by L since B ≪ L for Faster R-CNN.

T (L) = O(L)

4.1.2 DETR

For DETR, the time complexity depends on the transformer encoder and decoder. The cost
of self-attention on L image features is simply L2, and the cost of cross-attention between
queries and image features is LB.

T (L,B) = O(L2 + LB)

4.1.3 Pix2Seq

For Pix2Seq, the cost of the decoder is dependent on the square of the max number of boxes
B, but this cost is even more significant in practice, because it must be paid sequentially via
the sequential decoding.

T (L,B) = O(L2 + LB2)

4.1.4 Cost Analysis

In Tab. 4.1, we compare training and inference costs vs. performance for three detectors on
the MS-COCO 2017 dataset. We include data for two Faster R-CNN training schedules, 3x



CHAPTER 4. ALGORITHMIC EFFICIENCY 63

Model Time Complexity Training Epochs Parameters FPS Detector AP

Faster R-CNN (3x) O(L) 36 42M 26 40.2
Faster R-CNN (9x) O(L) 109 42M 26 42.0
DETR O(L2 + LB) 500 41M 28 42.0
Pix2Seq O(L2 + LB2) 300 37M 3.5 43.0

Table 4.1: Comparison of training and inference cost vs. performance for three detectors.
Values from Sparse R-CNN paper [66]. Models evaluated on a NVIDIA Tesla V100 GPU to
determine FPS (frames per second).

which has 36 training epochs, and 9x which has 109 training epochs. Each training epoch is
a single pass through the full dataset, so the comparison is equivalent between models.

The most important takeaways from Tab. 4.1 are that: 1) all models have roughly the
same parameter count and detector performance (AP), 2) It is much faster to train Faster
R-CNN than the other models, 3) DETR has similar inference speed to Faster R-CNN, and
4) Pix2Seq has very slow inference speed, as expected from the sequential decoding.

We note that there have been numerous improvements to DETR and other set-based
models, such as those discussed in Chapter 2, and that these improvements reduce the training
time to Faster R-CNN levels, while other parameters in the table remain similar. The main
innovation these variants of DETR introduced is some version of spatially-referenced features.
Mostly, they force DETR query-feature cross attention to attend to specific regions of the
image feature map, similar to the inductive bias of traditional anchors.

The true cost of Pix2Seq is masked by the time complexity, since the problem is that the
cost must be paid sequentially in the sequential decoding, not merely that more FLOPs are
required. The authors of Pix2Seq have suggested numerous methods of speeding up inference,
including the multi-query trick, quantization, distillation, and hardware optimization. Still,
there is a fundamental barrier for Pix2Seq in decoding scenes with many objects, so it is
better suited to tasks such as visual grounding, e.g . “where is the horse in this image”? This
type of task is possible using later models which inherit from Pix2Seq such as Florence-2 [68].

We conclude that Faster R-CNN, and anchor-based methods in general, compare favorable
in performance and efficiency with set-based and sequence-based counterparts. This is also
supported by the fact that many changes to DETR and other set-based models seek to
replicate the spatial-referenced property of anchor-based models, as discussed in Chapter 2.

4.2 Query-Centric and Object-Centric Models

Most person search models implement an object-centric (OC) approach [110]–[115], in which we
detect persons independent of any query, then afterwards compare queries to detected persons.
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Time Complexity

Model Detection Embedding Comparison

Object-centric O(G) O(GB) O(GBQ)
Query-centric O(GQ) O(GQ) O(GQ2)

Table 4.2: Time complexity of QC vs. OC models based in the number of queries Q, the
number of gallery scenes G, and the number of boxes kept per scene after filtering B.

By contrast, query-centric (QC) person search models [118]–[121] use query person images
during the detection process, producing proposals tailored to each query, but significantly
increasing time complexity of inference computation.

In query-centric detection, we detect matches to a query object in a gallery scene, vs.
standard object-centric detection, where we detect a predetermined set of objects in a scene.
Inference Time Complexity. Time complexity of inference using query-centric and object-
centric models is best understood based on the number of queries Q, the number of gallery
scenes G, and the number of boxes kept, B, per scene after filtering. The comparison is
shown in Tab. 4.2, which uses the assumption that one or zero boxes are kept per scene with
a query-centric model: one simply selects the top-scoring box since there can only be one or
zero matches to the query.

In addition, we must consider the cost of detection cdet, cost of computing embeddings
cemb, and the cost of embeddings comparison ccmp which roughly has the relationship cdet ≫
cemb ≫ ccmp. The upshot is that is that the cost of detection is much greater for query-centric
models since it has a dependency on Q, and therefore LIR in general is much less efficient for
large Q. Because of this, query-centric detection and LIR should only be done when there is
another compelling reason for them, such as: 1) significantly improved performance, 2) tasks
that can only be done in a query-centric context such as Referring Expression Comprehension
(REC), Referring Expression Segmentation (RES), 3) tasks with small or constant Q such
as zero-shot detection as in UNINEXT [8], or 4) beneficial pre-training, as we will show in
Chapter 5.

4.3 Methods

In this section, we detail the SPNet, including both the details of its architecture in Sec. 4.3.1
and training objectives in Sec. 4.3.2. As mentioned, SPNet can swap between query-centric
and object-centric pathways, while using the same weights. While we will focus on using each
pathway separately in this chapter, we will show how the model benefits from pre-training in
one mode and fine-tuning in the other mode in Chapter 5.
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4.3.1 SPNet Description

SPNet Forward Pass Overview. A diagram detailing components of SPNet is shown
in Fig. 4.1, with the full SPNet architecture shown in the center, details about the Box
Embedder shown in the top left, the Cascade Loop shown in the top right, and the SP Block
shown on the bottom. Model blocks are outlined with dashed lines, while sub-blocks are
within these blocks and outlined with solid lines. The subscripts q, d, a stand for “query”,
“detection”, and “anchor” respectively. The superscript “reid” means the embedding or
loss is used for re-id, and the superscript “det” means the embedding is used for detection.
SPNet takes Gallery images as input, and outputs detected boxes bd with corresponding
class logits zd and re-id embeddings xreid

d . SPNet also takes a Query scene as input with a
corresponding ground truth person box bq, and outputs the re-id embedding for that box
xreid
q . The query re-id embedding xreid

q is compared to gallery re-id embeddings xreid
d via cosine

similarity to produce re-id scores, which are used to rank predictions for retrieval. Image
features (C3-C5) are learned by the backbone and refined by the FPN (P3-C7), and then
fed to the Box Embedder, with either query boxes bq or detected boxes bd, to learn re-id
embeddings xreid, xdet. FPN features are also fed to the Anchor Embedder to learn initial
anchor embeddings x0

a.
When SPNet uses multiple refinement steps, we call this the Cascade Loop following

Cascade R-CNN [19]. In the Cascade Loop, predicted boxes b
(t)
d from stage t are fed back into

the Box Embedder to produce anchor embeddings x
(t)
a for the next step t+ 1. The outputs

z
(t)
a , x

(t)
o , z

(t)
d , and r̂

(t)
d are also updated during each Cascade Loop step. The detector re-id

embeddings xreid
d are computed from the detected boxes coming out of the final Cascade Loop

stage.
SPNet Forward Pass Details. More specifically, query and gallery images are fed through
a standard vision backbone to produce feature maps from successive conv blocks (C3-C5).
These features pass through a five-layer Feature Pyramid Network (FPN) [17], following
the RetinaNet structure [55]. The Anchor Embedder, a single conv2d layer, takes FPN
features (P3-P7) at each scale and produces the initial anchor embeddings x0

a corresponding
to each anchor box. Simultaneously, FPN P3 features [110] and query boxes are fed to the
Box Embedder, which pools a 14× 14 feature map using RoI Align [53], and feeds it to a
duplicate of the backbone conv5 block, followed by an additional linear head to produce
query embeddings xq. The Box Embedder can be optionally duplicated to produce separate
query embeddings for re-id xreid

q and detection xdet
q , or shared i.e. xreid

q = xdet
q , shorthanded

as xq. Using a shared Box Embedder has a regularizing effect by pushing xq to comply with
both re-id and detection losses, while duplicating the Box Embedder gives more capacity for
each task, which can lead to overfitting. Embeddings xa, and xq for QC, then enter the SP
Block, where they may pass through either the QC or OC pathway, depicted in Fig. 4.2.
QC Pathway. In the QC pathway, shown in Fig. 4.2a, we compute offset embeddings xo from
the Offset Layer, by simply subtracting each anchor embedding from the query embedding:
xo = xq − xa. We show why this is a good choice of f in Sec. 4.3.2, though other f could
be explored. Offset embeddings xo are passed to a Logits Layer, explained in Sec. 4.3.2,
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Figure 4.1: Full SPNet architecture is shown in the center, with details about the Box
Embedder shown in the top left, the Cascade Loop in the top right, and the SP Block on the
bottom.
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to produce classifier predictions za for each anchor box i.e., asking the question: does this
anchor box match the query? These za are used similarly to classifier logits in a standard
Faster R-CNN Regional Proposal Network (RPN) [20]: they filter a large number of anchors
e.g ., > 100, 000 down to < 1, 000, which are then refined to produce more accurate boxes.
OC Pathway. In the OC pathway, shown in Fig. 4.2b, we do not have knowledge of any
query embedding xq, so we instead compute a pseudo-query embedding x̂q using the Bridge
Layer, by default a single affine layer gϕ(xa) = Wxa+b with learnable parameters ϕ = {W, b}.
By mimicking the QC pathway instead of predicting localization offsets and logits directly
from xa, we improve transfer performance between the two pathways. Crucially, the layer gϕ
is the only difference between the QC and OC models, meaning that all SPNet weights, aside
from ϕ, can be trained in one mode, and ported to the other, or vice versa.
Box Prediction. Both pathways output offset embeddings xo that are passed to a separate
Box Detector module, which performs the box refinement. The box reg head is a 4-layer
MLP with input xo which predicts offsets r̂d between anchor boxes and matching ground
truth boxes. The box cls head uses the same Logits Layer as the SP Block to produce
class logits zd. Predicted boxes bd are fed back to the Box Embedder (same as that used
to produce xreid

q ) to produce predicted re-id embeddings xreid
d . The xreid

q from queries are
compared to xreid

d from gallery images for ranking.
Cascade Loop. We can iteratively refine box accuracy and scores by repeating the same
basic prediction structure in a loop, referred to as the Cascade Loop, originating from the
Cascade R-CNN detector [19], and also done in the SeqNet [111] and SeqNeXt [3] person
search models. To do so, we take the predicted boxes and embeddings from iteration t, and
use them in place of the anchor boxes and anchor embeddings xa in iteration t+ 1. The SP
Block, Box Detector, and Box Embedder are all duplicated for each round, meaning that
we use modules with the same architecture, but do not share weights of the same module
between rounds.

4.3.2 Losses

In this subsection, we detail the classification, box regression, re-id, and feature consistency
losses used by SPNet.
Classifier Losses. For the offset embeddings xo shown in Fig. 4.1, it is critical to define
a loss function which enforces a consistent relationship between query embeddings xq and
anchor embeddings xa, while performing the classification regression. The goal is to regress
query-anchor matches to 1 and non-matches to 0. For this task, we model the anchor loss
after the Norm-Aware Embedding concept from [108], and the Focal Loss from [55].

Recall the offset embedding is defined as the difference between query and anchor em-
beddings: xo = xq − xa with xo ∈ Rd. Assign ω = ∥xo∥. In the Norm-Aware Embedding
work [108], classification logits are computed from embedding norms using a Batch Norm
layer [205].To avoid use of unstable batch statistics, we instead compute a fixed rescaling
by modeling xo ∼ N (0, Id), where Id is the d× d identity matrix, which implies ω ∼ Chi(d).
Then we can standardize ω using the mean, µ, and variance, s2, of the Chi distribution:
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z̃ =
w − µ

s
, z = −z̃ (4.1)

with

µ =
√
2
Γ
(
d+1
2

)
Γ
(
d
2

) , s =
√

d− µ2 (4.2)

where Γ is the gamma function.
Finally, we compute class probabilities p = σ(z), using the logistic sigmoid, denoted by σ.

We note for d ≫ 1, µ ≈
√
d− 1

2
and s ≈

√
1
2
.

For anchor logits za, we compute a loss averaged across all anchors Lanc, applying the
Focal Loss defined in [55], with hyperparameters αFL = 0.5, γFL = 1. For cascade layer class
logits zd, we compute a loss Lcls averaged across predicted boxes using the unweighted Cross
Entropy Loss.

The FixedNorm transformation in Eq. (4.1) has two key properties: 1) For xo ∼ N (0, Id),
E[z] = 0,Var[z] = 1, independent of d. In addition, limd→∞ z ∼ N (0, 1) due to the Central
Limit Theorem. Although the distribution of xo is rarely unit-normal and changes during
optimization, this framing gives us a reasonable choice of shifting and scaling parameters
which works well in practice, does not require learnable parameters or hyperparameters, and
holds independent of d.

2) For xq similar to xa i.e., ∥xo∥ small, z is larger, and for xq dissimilar to xa i.e., ∥xo∥
large, z is smaller. Intuitively, when a query embedding matches a given anchor embedding
according to box IoU overlap, we want the two to be more similar, and when they do not
match, we want them to be more different. The relationship is also critical to co-optimizing
with the re-id loss on xq and has a nice relationship with the box regression loss.

An ablation comparing use of BatchNorm vs. our FixedNorm, and with vs. without
negation of z̃, is included in Sec. 4.4.
Box Regression Loss. For bounding box offset regression, we use the generalized IoU
(GIoU) loss [71], shown as Lreg. This loss has a beneficial interaction with the classifier loss:
for matching query and anchor boxes (high IoU/GIoU), the target box regression offsets
should be small, corresponding to ∥xo∥ small. This allows the model to learn that the
magnitude of ∥xo∥ correlates directly to the size of predicted box offsets.
Re-id Loss. For the re-id loss, we use the standard online instance matching (OIM) loss
from [1].
Feature Consistency Loss. We also add an optional feature consistency loss specifically
for QC training, which improves alignment between query and anchor embeddings, xq and
xa. This loss minimizes the mean squared error between a given xa and the query feature
extracted for the same anchor box, which we call xa

q . In each batch, we randomly sample a
set of anchor boxes na to extract both xa and xa

q .
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Lfc =
1

na

na∑
i=1

∥xai − xai
q ∥22 (4.3)

Final Loss. The final loss is simply the unweighted sum of all described losses:

L = Lreid + Lanc +
T +1∑
t=1

L(t)
reg + L(t)

cls (4.4)

where T is the number of cascade stages, with Lfc added optionally.

4.4 Experiments and Analysis

In this section, we describe the datasets and evaluation mechanism used in Sec. 4.4.1,
implementation details of the model and optimization in Sec. 4.4.2, compare query-centric
and object-centric training in Sec. 4.4.3, show state-of-the-art results compared to other
person search models in Sec. 4.4.4, and study the choice of classifier logits in Sec. 4.4.5.

4.4.1 Datasets and Evaluation

Datasets. We fine-tune models on the two standard person search benchmark datasets:
CUHK-SYSU [1] and PRW [100].

The CUHK-SYSU dataset has 18k scenes with 95k annotations, split among 23k boxes
for 8.5k known identities, and 72k boxes for unknown identities. The scenes in CUHK-SYSU
come from a mixture of handheld device photos taken on city streets, and scenes from TV
shows and films. The standard test retrieval scenario for CUHK-SYSU uses 2,900 queries
with 100 scenes in each gallery.

The PRW dataset has 12k scenes with 43k annotations, split among 34k boxes for 1k
known identities, and 9k boxes for unknown identities. The scenes from PRW come from
six fixed cameras installed at the Tsinghua University campus in Beijing. The standard test
retrieval scenario for PRW uses 2,057 queries with all 6,112 test scenes in the gallery.
Evaluation. We evaluate all models by measuring fine-tuning performance once on the
standard retrieval test scenario for CUHK-SYSU or PRW.

To measure performance, we use standard detection performance metrics of recall@0.5 IoU
and average precision@0.5 (AP@0.5) IoU, indicating predictions with an overlap of > 0.5 IoU
with a ground truth box are considered matches. For re-id evaluation, we use the standard
metrics of mean average precision (mAP) and top-1 accuracy (top-1). We distinguish between
re-id measured on ground truth boxes as GT mAP and GT top-1, vs. re-id measured on
detected boxes as mAP and top-1. When mAP and top-1 are measured on detected boxes,
we consider these to be metrics of person search. Measuring ground truth re-id performance
is equivalent to using a perfect object detector, and helps us understand re-id performance
independent of detector quality.
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Config. Name Cascade Steps Shared Heads Re-id Dim

SPNet-S 0 ✓ 128
SPNet-L 2 2048

Backbone Post-Backbone
Config. Name LR WD LR WD LWF Loss Image Size

Pre-train 1e−5 0 1e−4 1e−3 ✓ 512
Fine-tune 1e−4 5e−4 1e−4 5e−4 512 or 1024

Table 4.3: SPNet architecture (top) and layer optimization (bottom) hyperparameter config-
urations. LR = Learning Rate, WD = Weight Decay, LWF = Learning without Forgetting
[183].

4.4.2 Implementation Details

Model Configurations. We perform experiments with two variants of the SPNet model:
SPNet-S(mall) and SPNet-L(arge), with differences shown in Tab. 4.3. In Tab. 4.3, Post-
Backbone refers to any weights after the backbone in Fig. 4.1, and Re-id Dim is the dimension
used for re-id embeddings xreid. Unless otherwise stated, SPNet-S uses a ConvNeXt-Tiny
[202] backbone, and SPNet-L uses a ConvNeXt-Base backbone. In all model versions, a
4-layer MLP is applied to offset embeddings xo to produce box regression offsets, while
classification logits are computed directly from ∥xo∥. The training batch size is 8, with k = 2
augmentations per image during pre-training.
Optimization. For all experiments, we train for 30 epochs, using the AdamW optimizer [206],
a cosine-annealed schedule, and linear warmup following [206], [207]. For all experiments,
the SPNet backbone is initialized using ImageNet-1k classifier weights. For the re-id loss,
we use the OIM objective described in Sec. 4.3.2 with temperature 1/30, momentum 0.5,
and queue length 5, 000 for CUHK and 500 for PRW, the standard settings. We use the
Fine-tune config from Tab. 4.3, with image size 512× 512 used for SPNet-S, and image size
1024× 1024 used for SPNet-L.
Anchor Sampling. To reduce differences between QC and OC pre-training from anchor
sampling during detection, we ensure that the same number of anchors are optimized in
each batch between QC and OC trials, 2,048 by default. For the OC case, this is calculated
as number of images per batch × number of anchors per image. For the QC case, this
is calculated as number of images per batch × number of query-image pairs × number of
anchors per query-image pair.

Query-image pairs constitute the pairing of a given query embedding xq with anchor
embeddings xa from a given scene image. With the total number of query-image pairs equal
to number of queries × number of images, this can quickly exceed memory limitations if all
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CUHK-SYSU PRW
Method mAP top-1 mAP top-1

QC 80.8 87.7 54.0 86.7
QC-FC 91.1 92.8 54.4 86.2
OC 91.9 93.2 52.7 86.6

Table 4.4: Comparison of QC and OC training for SPNet-S, with optional feature consistency
loss (-FC).

pairs are used, so some subsampling procedure is required. We select pairs in the following
order up to a fixed number, 32 by default: 1) queries are selected for images which they are
not present in, but share a label with a box in the image, 2) queries are selected for images
which they are present in, and 3) queries are selected for images which they are neither
present in, nor share a label with any boxes in.

Both QC and OC sampling methods attempt to balance the number of positive and
negative samples, but there are usually more negative samples in practice due to sparsity of
positives and typical hyperparameter selection.

4.4.3 Query-Centric vs. Object-Centric Training

In Tab. 4.4, we compare QC and OC training for SPNet-S. We can see the OC model vastly
outperforms the QC model on CUHK-SYSU, and that the QC model is moderately better
on PRW. When we add in the feature consistency loss (QC-FC), the gap between QC and
OC training is largely closed, with QC-FC mAP on CUHK-SYSU being more than 10%
higher than plain QC, and QC-FC remaining close to QC on PRW. This shows that the QC
relationship xo = xq − xa holds during training, but that it generalizes poorly in some cases
without ensuring that xq and xa are extracted from consistent feature spaces. It is likely QC
and QC-FC differ much more on the CUHK-SYSU dataset than PRW because there is much
greater image variability in CUHK-SYSU, which consists of real photos, movies, TV shows.
This creates more incentive for the Box Embedder to diverge significantly from the Anchor
Embedder.

4.4.4 Comparison with State-of-the-art

In Tab. 4.5, we compare performance of SPNet with recent state-of-the-art person search
models. We show that SPNet-L (OC) bests the previous best SeqNeXt model of Chapter 3 in
mAP for the PRW dataset by 1.3%, and is the best or near-best in all metrics. In addition,
SPNet-S (QC-FC) is competitive with other QC models, achieving significantly greater mAP
on the PRW dataset.
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Method Backbone
CUHK-SYSU PRW
mAP top-1 mAP top-1

Query-Centric (QC)
IGPN [120] ResNet50 90.3 91.4 47.2 87.0
TCTS [121] ResNet50 93.9 95.1 46.8 87.5
QEEPS [118] ResNet50 88.9 89.1 37.1 76.7
QGN [119] ResNet50 93.7 94.4 46.7 82.9
SPNet-S (QC-FC) ConvNeXt-T 91.1 92.8 54.4 86.2

Object-Centric (OC)
IDE [100] ResNet50 - - 20.5 48.3
MGTS [101] VGG16 83.0 83.7 32.6 72.1
CLSA [102] ResNet50 87.2 88.5 38.7 65.0
RDLR [103] ResNet50 93.0 94.2 42.9 70.2
OIM [1] ResNet50 75.5 78.7 21.3 49.4
NPSM [104] ResNet50 77.9 81.2 24.2 53.1
APNet [105] ResNet50 88.9 89.3 41.9 81.4
HOIM [106] ResNet50 89.7 90.8 39.8 80.4
BINet [107] ResNet50 90.0 90.7 45.3 81.7
NAE+ [108] ResNet50 92.1 92.9 44.0 81.1
DKD [109] ResNet50 93.1 94.2 50.5 87.1
AlignPS [110] ResNet50 94.0 94.5 46.1 82.1
SeqNet+CBGM [111] ResNet50 94.8 95.7 47.6 87.6
COAT+CBGM [112] ResNet50 94.8 95.2 54.0 89.1
MHGAM [115] ResNet50 94.9 95.9 47.9 88.0
PSTR [113] PVTv2-B2 95.2 96.2 56.5 89.7

SeqNeXt ConvNeXt-B 96.1 96.5 57.6 89.5
SPNet-L (OC) ConvNeXt-B 95.9 96.6 58.9 89.7

Table 4.5: Standard performance metrics mAP and top-1 accuracy on the benchmark CUHK-
SYSU and PRW datasets are compared for state-of-the-art QC and OC models. +CBGM
indicates using Context Bipartite Graph Matching from [111].
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CUHK-SYSU PRW
Method mAP top-1 mAP top-1

BatchNorm Logits (+) 90.4 91.9 49.8 84.3
BatchNorm Logits (-) 91.2 92.0 42.2 82.2
FixedNorm Logits (+) 91.1 92.2 52.6 86.3
FixedNorm Logits (-) 91.9 93.2 52.7 86.6

Table 4.6: Comparison of BatchNorm Logits from [108] to proposed FixedNorm Logits for
CUHK-SYSU and PRW datasets, for SPNet-S (OC). (+) vs. (-) indicates whether positive
or negative embedding norm was used to compute logits.

4.4.5 Classifier Logits

To validate our FixedNorm logits over the BatchNorm logits from [108], we compare both
for the baseline model, with results shown in Tab. 4.6. The FixedNorm method achieves
greater performance for all metrics, especially on the PRW dataset, where mAP exceeds
the BatchNorm method by more than 10%. This is likely due in part to unbalanced
batch statistics, which are dominated by negative samples, unlike the original Norm-Aware
Embedding use case. Tab. 4.6 also shows that negating the norm after scaling is beneficial,
especially for the FixedNorm logits, validating the rationale discussed in Sec. 4.3.2.

4.5 Discussion

In this chapter, we performed an analysis of detector types, showing that anchor-based
detectors such as Faster R-CNN are still viable in the age of set-based and sequence-based
detectors.

We proposed and validated Swap Path Net (SPNet), an end-to-end model for person
search, which supports query-centric (QC) and object-centric (OC) modes of operation. We
showed that the model can perform both QC and OC training using the same set of weights,
and that when the QC feature consistency loss is employed, QC and OC modes achieve
comparable results. In addition, we showed that SPNet-L (OC) matches or exceeds the
SeqNeXt model of Chapter 3 in most person search metrics.

Finally, we showed that QC person search is much less efficient than OC person search,
though it achieves comparable performance. In Chapter 5, we will explore how the QC mode
of SPNet can also be used for effective weakly-supervised and self-supervised pre-training.
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Chapter 5

Data Efficiency

In this chapter, we discuss data efficiency in LIR by way of studying pre-training algorithms
for person search, and training in the presence of missing labels. In general, pre-training of
models enables fine-tuning for downstream tasks more quickly for a given set of data and
generalization requirements. In some cases, pre-training can result in a level of fine-tuning
performance that could not otherwise be achieved with the fine-tuning dataset. In fact,
pre-training can benefit both few-shot and large-scale fine-tuning, and is considered essential
for both in modern training schedules.

The overview of this chapter is as follows: first we discuss pre-training for person search
and the motivation for our method in Sec. 5.1, then we cover the details of our pre-training
pretext task and corresponding objective functions in Sec. 5.2, and showcase several ablation
studies designed to analyze the effect of different training configurations, loss functions, and
model architecture choices in Sec. 5.3. We close with a discussion in Sec. 5.4.

5.1 Pre-training for Person Search

In all person search models, it is typical to initialize the feature backbone using weights
pre-trained for classification on the ImageNet-1k dataset [204]. Only recently have approaches
emerged considering pre-training backbones for person search on annotated person data [123],
[129], even then only considering cropped bounding boxes from the LUPerson [130] or Market
[80] datasets.

This leaves two key issues unresolved in the pursuit of effective pre-training for person
search: 1) current backbone pre-training is done using a pretext task unrelated to the person
search task, and 2) all parameters beyond the backbone are randomly initialized. Even
pre-training on cropped person bounding boxes is insufficient, because it does not initialize
weights for the detection task. Therefore, a model is needed which can simultaneously
pre-train for detection and re-id, while achieving domain transfer from a pre-training dataset
that is potentially very different from the target dataset.

In this chapter, we develop a novel model which addresses these challenges by pre-training
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Figure 5.1: Standard person search model pre-training approach (left) vs. our approach
(right). (LUPerson images from paper [130])

using the query-centric detection pretext task. The query-centric approach is not only resilient
to missing annotations, but also can train using arbitrary box annotations, since it operates
only on relative similarity between images, and not absolute definitions of what constitutes an
“object”. We use the Swap Path Net (SPNet), described in Chapter 4, because it can swap
between query-centric and object-centric pathways, while using the same weights. SPNet
is capable of pre-training using weakly-labeled person bounding boxes, which simply means
we do not know whether person bounding boxes in different scenes correspond to the same
person or not. SPNet is also capable of fully-self-supervised pre-training, meaning that it can
train on scene images with no labels at all.

We visualize our pre-training approach vs. typical backbone-only pre-training in Fig. 5.1:
the standard person search model pre-training approach, shown left, pre-trains only backbone
weights using either ImageNet-1k classification or person image crops from e.g., LUPerson.
Our approach, shown right, in the weakly-supervised case, initializes all model weights,
including the backbone, detector head, and re-id head, using full person scenes with multiple
annotated persons.

We show that when SPNet is pre-trained in the query-centric mode, and fine-tuned in
the object-centric mode, it achieves state-of-the-art performance on the benchmark CUHK-
SYSU [1] and Person Re-identification in the Wild (PRW ) [100] person search datasets. In
particular, we demonstrate that weakly-supervised pre-training on the COCOPersons dataset
[64], [195] using our method is far more effective and efficient that recent backbone-only
pre-training alternatives for unsupervised person re-id [129], [169], [173]. We also demonstrate
self-supervised pre-training on ImageNet1k, and show that both weakly-supervised and
self-supervised pre-training can be effective in different circumstances. We carefully ensure
reproducibility by providing the code, model configs, and installation instructions required to
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reproduce all experiments, which are included in corresponding GitHub repository1.

5.2 Methods

In this section, we describe the pre-training pretext task for weakly-supervised and self-
supervised cases in Sec. 5.2.1, and the losses used during pre-training and fine-tuning in
Sec. 5.2.2.

5.2.1 Pretext Task

The goal of our pre-training pretext task is to initialize nearly all model weights to optimize
for transfer to the downstream person search task. In Fig. 5.2, we show the QC detection
pretext task compared to standard OC detection between two augmentations of the same
base image, shown in Image 1a and 1b. We use Image 1a as the query and Image 1b as the
gallery. One person box is correctly annotated, denoted with bq, bg, while the other is not

i.e. the annotation is missing. Note that anchor box1 b
(1)
a overlaps ground truth box bg while

anchor box2 b
(2)
a does not. Anchor embeddings xa are used to compute box offsets r̂ and

anchor probabilities p either directly (OC) or relatively using xo = xq − xa (QC). We do not

compute box offsets r̂ for b
(2)
a because it does not match any ground truth.

In OC detection, the goal is to regress each anchor class probability p to 1 if the anchor
matches a ground truth box bg e.g ., b

(1)
a , or 0 if it does not according to box overlap ≥ 0.5

IoU, e.g ., b
(2)
a . For matching anchors, we also regress box offsets r̂(1) to targets r(1). In QC

detection, the regression targets are the same, but predictions for each anchor are computed
only relative to a query, explained by the QC vs. OC pathways in Chapter 4. QC detection
results in more robust optimization, because it can better handle cases like b

(2)
a in Fig. 5.2,

which overlaps a person who is missing a ground truth annotation. Intuitively, QC detection
allows us to learn salient features for transfer to person search without rigidly defining positive
and negative detections.

We experiment with training for three levels of data annotation, enumerated in Fig. 5.3
as 1) Fully-supervised: person boxes annotated, identities tracked across images, 2) weakly-
supervised: person boxes annotated, identities not tracked across images, 3) self-supervised:
all boxes generated randomly. The key distinction is between what is annotated: person boxes
for FS and WS, random boxes for SSL, and whether identities are tracked between images:
yes for FS, no for WS and SSL. Since identities are not tracked between images for WS and
SSL data, we generate correspondence between images using data augmentation: we know
that a box in an image corresponds to the same box with potentially different coordinates
in an augmented version of that image. Augmentations consist of scaling, cropping, and
horizontal flipping.

1https://github.com/LukeJaffe/spnet

https://github.com/LukeJaffe/spnet
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Figure 5.2: Visual comparison of object-centric (OC) and query-centric (QC) detection tasks
between two augmentations of the same base image, shown in Image 1a and 1b). We use
Image 1a as the query and Image 1b as the gallery. One person box is correctly annotated,
denoted with bq, bg, while the other is not i.e. the annotation is missing. Note that anchor

box1 b
(1)
a overlaps ground truth box bg while anchor box2 b

(2)
a does not. Anchor embeddings xa

are used to compute box offsets r̂ and anchor probabilities p either directly (OC) or relatively

using xo = xq − xa (QC). We do not compute box offsets r̂ for b
(2)
a because it does not match

any ground truth.

For QC detection on weakly-labeled data, each image in a batch is augmented twice, with
each augmented image taking a turn as both query and gallery. Annotated boxes in the
query image are compared against the corresponding box in the gallery image, and assigned
to anchors with overlap ≥ 0.5 IoU. Self comparisons are allowed as well, in which the query
and gallery are the same image.

For all cases, OC optimization treats annotated boxes as true objects with the same
anchor matching criterion as QC, and pushes anchor scores to 0 or 1 as shown in Fig. 5.2.
We also augment batch images k times for the OC case to fairly compare with QC, though it
is not necessary.

For the OC SSL case, the implication is clear: the optimization is ill-posed. In the limit,
we are teaching the model that every conceivable anchor box is both positive and negative,
and that box regression offsets should be pushed towards every different target within the
matching range. Since the QC objective enforces regression of anchors only relative to each
query, it should optimize even in this use case. This hypothesis is tested in Sec. 5.3.7.
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Figure 5.3: Augmentation and labeling for three cases in the CUHK-SYSU dataset. Num-
bers/colors indicate identity labels. Two different base images shown, Images 1 and 2, with
Image 1 augmented twice, shown in 1a and 1b. Annotation levels: 1) Fully-supervised: person
boxes annotated, identities tracked across images, 2) weakly-supervised: person boxes anno-
tated, identities not tracked across images, 3) self-supervised: all boxes generated randomly,
correspondence comes only from augmentations of the same image.
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5.2.2 Losses

In this subsection, we describe all re-id loss functions and auxiliary loss functions used with
SPNet for pre-training and fine-tuning, beyond the SPNet losses described in Chapter 4.
Re-id Losses. For our re-id losses, we use two variations of the normalized temperature-
scaled cross-entropy loss [73], [75]. We use the terms positive pair and negative pair to refer
to two embeddings with the same label or different labels respectively.

We define the probability for positive pair (x, x+) under the contrastive objective as

p(x, x+) =
sτ (x, x

+)

sτ (x, x+) +
∑

x−∈χ−
x
sτ (x, x−)

(5.1)

With the full contrastive loss expressed as

Lreid = − log
∑

x∈χ

∑
x+∈χ+

x

p(x, x+) (5.2)

using sτ (u, v) ≜ exp (sim(u, v)/τ) and sim(u, v) ≜ u · v/∥u∥∥v∥, u, v ∈ Rd. χ denotes the
set of all x, χ+

x the set of all positive samples x+ for x, and χ−
x the set of all negative samples

x− for x. To examine variations of this loss, we simply vary the definitions of χ+
x and χ−

x .
Fine-Tuning Re-id Loss. During fine-tuning, we use the standard online instance matching
(OIM) loss from [1].
Pre-Training Re-id Loss. During pre-training, we use a variation of the momentum
contrast loss (MoCo) from [154]. Similar to MoCo, we define an encoder network which
is updated via gradient descent, and a momentum network, which is updated as a moving
average of the encoder. We call embeddings from the encoder network xe and embeddings
from the momentum network xm. Define x̄m as the mean of all predicted box embeddings with
corresponding box having IoU ≥ 0.7 with a given ground truth box. We store embeddings
x̄m in a queue during training. Then, we form positive pairs χ+

xe
with all embeddings (xe, x̄

+
m)

and negative pairs χ−
xe

with all embeddings (xe, x̄
−
m).

We are effectively comparing current embeddings to moving average cluster centroids
[123], in the limit where the cluster consists of only one person image. In absence of cluster
pseudo-labels similar to those used in [123] and other weakly-supervised methods, it is critical
to have a representative embedding to compare against aside from the image itself. As in
[114], we found it useful to utilize proposals with IoU ≥ 0.7, but did not find it beneficial to
weight them by IoU in the re-id loss, as in that work.
SSL Auxiliary Loss. For SSL pre-training on ImageNet-1k, we experiment with the option
of an additional auxiliary loss Laux, which can improve intra-image feature compactness, in
opposition to the other losses. In short, the problem is that traditional ImageNet-1k classifier
and SSL pre-training mechanisms tend to push intra-image features closer together, while our
losses tend to push them further apart, by forcing distinction between intra-image regions.
The result is that our pre-training procedure has the potential to reduce the feature quality
that is learned from ImageNet-1k pre-training, and potentially harm fine-tuning performance.
To address this issue, we can simply add back in a loss which pushes intra-image features
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close together again by treating crops from the same image as having the same label, similar
to SimCLR [73] or MoCo [154]. In our case, we choose a triplet margin loss, with the margin
parameter set to 0. This simply enforces features within an image to be closer to one another
than they are to features from other images. The loss does not necessarily conflict with the
other SPNet losses, because intra-image feature clusters can still be large, and have large
intra-feature distance, so long as they are not too close to other image features.
Learning without Forgetting Loss. When pre-training from a backbone which has already
been pre-trained, it is often desirable to explicitly retain features from the original pre-training
while updating weights for the new objective. In Learning without Forgetting (LWF) [183],
an additional knowledge distillation loss [141] is optimized to retain the predictions of the
pre-training model during fine-tuning. While many other objectives have been developed
since this original strategy, it has been recently reaffirmed in [184], and we compare its use to
other options in our ablation studies.

Since we initialize our model backbone from ImageNet-1k classifier weights before pre-
training, the idea is that this loss will help preserve useful features learned during the classifier
pre-training. This loss LLWF is simply added to the other losses when used, using temperature
T = 2 as in [183]. To compute this loss, we leave on the original ImageNet1k classifier head,
although it is not used for our target task.
Final Loss. The final loss for both pre-training and fine-tuning is simply the unweighted
sum of all described losses:

L = Lreid + Lanc +
T +1∑
t=1

L(t)
reg + L(t)

cls (5.3)

where T is the number of cascade stages, and LLWF may be optionally added during
pre-training.

5.3 Experiments and Analysis

In this section, we describe the datasets and evaluation procedures used in Sec. 5.3.1,
implementation details of the model and optimization methods in Sec. 5.3.2, a comparison
of our best results with SOTA alternatives in Sec. 5.3.3, a comparison of our pre-training
methods with pre-training alternatives in Sec. 5.3.4, several ablation studies for weakly-
supervised pre-training in Sec. 5.3.5, an ablation study with limited samples in Sec. 5.3.6,
and self-supervised pre-training results in Sec. 5.3.7.

5.3.1 Datasets and Evaluation

Datasets. We perform weakly-supervised pre-training on the train partition of the CO-
COPersons dataset [195], which contains 64k scenes with 257k person box annotations.
COCOPersons is the subset of MS-COCO2017 [64] images containing at least one person
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annotation; non-person annotations are ignored. For self-supervised pre-training, we use
the train partition of ImageNet1k (IN1K), without any labels or annotations. We fine-tune
models on the two standard person search benchmark datasets: CUHK-SYSU [1] and PRW
[100].
Evaluation. We evaluate model pre-training performance using three strategies: 1) out-of-
the-box (OOTB) performance, in which models are evaluated directly on the target dataset,
without any fine-tuning, 2) linear probing (LP) [181], in which only the Bridge Layer is
fine-tuned, and 3) full fine-tuning (FT), in which all model layers are fine-tuned. We evaluate
all models by measuring fine-tuning performance once on the standard retrieval test scenario
for CUHK-SYSU or PRW. While we compare QC vs. OC pre-training, fine-tuning is always
OC. In Sec. 5.3.5, we show that QC fine-tuning is less effective than OC fine-tuning.

We will show that the unique architecture of the QC SPNet allows for detection optimiza-
tion by analyzing linear probing, even when the pre-training is fully self-supervised. While
linear probing is useful as an analysis tool on its own as shown in Sec. 5.3.7, we do not find it
beneficial to perform linear probing prior to full fine-tuning as suggested in [182].

To measure performance, we use standard detection performance metrics of recall@0.5 IoU
and average precision@0.5 (AP@0.5) IoU, indicating predictions with an overlap of > 0.5 IoU
with a ground truth box are considered matches. For re-id evaluation, we use the standard
metrics of mean average precision (mAP) and top-1 accuracy (top-1). We distinguish between
re-id measured on ground truth boxes as GT mAP and GT top-1, vs. re-id measured on
detected boxes as mAP and top-1. Measuring ground truth re-id performance is equivalent
to using a perfect object detector, and helps us understand re-id performance independent of
detector quality.

5.3.2 Implementation Details

Model Configurations. We perform experiments with two variants of the SPNet model:
SPNet-S(mall) and SPNet-L(arge), with differences shown in Tab. 5.1. In Tab. 5.1, Shared
Heads means the same Box Embedder from Fig. 4.1 is used for both detection and re-id, and
if it not checked in the table, the Box Embedder is duplicated for detection and re-id. As
before, Post-Backbone refers to any weights after the backbone in Fig. 4.1. Unless otherwise
stated, SPNet-S uses a ConvNeXt-Tiny [202] backbone, and SPNet-L uses a ConvNeXt-Base
backbone. We also measure performance of the SPNet-L model with the Gallery Filter
Network (GFN) module from [3], since the SeqNeXt model from [3] achieved previous SOTA
results using the GFN.
Self-Supervised Training Recipe. For self-supervised pre-training on IN1k, we randomly
generate 10 bounding boxes per image at the start of each training epoch, with side length
sampled log-uniformly in range 8 to 128 pixels, and aspect ratio sampled log-uniformly in
range 1/3 to 3. We enforce boxes in the same image to have overlap IoU < 0.1.
Optimization. For all experiments, we pre-train and fine-tune for 30 epochs by default,
using the AdamW optimizer [206], a cosine-annealed schedule, and linear warmup following
[206], [207].
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Pre-training Optimization. For the pre-training re-id loss, we use the MoCo objective
described in Sec. 5.2.2 with a queue length of 65, 536, momentum of 0.9999, and temperature
τ = 0.1. We use the Pre-train config from Tab. 5.1 for learning rate and weight decay settings,
with the Learning without Forgetting (LWF) loss [183].

We train for 5 epochs for randomly-initialized SSL trials, and 1-3 epochs for IN1k-
initialized SSL trials. Further training for the IN1k classifier initialization case was found to
degrade existing features.

In addition, we consider two forms of weight initialization for the backbone: 1) random
initialization and 2) initialization with IN1k classifier pre-trained weights. We primarily
study the second case with IN1k classifier pre-training, since it is common practice for person
search and highly effective for most natural image datasets. This is the default initialization
unless otherwise stated, and we refer to our pre-training as secondary in this case for clarity.

We also experiment with four variations of layer freezing and learning rates for the
backbone and post-backbone modules, with results shown in Sec. 5.3.5 Fig. 5.4. We note
that QC outperforms OC pre-training for nearly all configurations, and that the LWF loss
did not significantly impact results.
Fine-tuning Optimization. For the fine-tuning re-id loss, we use the OIM objective
described in Sec. 5.2.2 with temperature 1/30, momentum 0.5, and queue length 5, 000 for
CUHK and 500 for PRW (standard settings). We use the Fine-tune config from Tab. 5.1,
with image size 512× 512 used for SPNet-S, and image size 1024× 1024 used for SPNet-L.
Linear Probing. We implement linear probing by optimizing only the affine Bridge Layer
in the SP Block, shown inFig. 4.1, while other model weights are frozen. This version of
linear probing is not convex as in the original formulation [181], but still converges quickly
using the same optimization and augmentation used for fine-tuning. All linear probing runs
train for 5 epochs using the baseline fine-tune optimization configuration.
Image Augmentation. We adopt three methods of image augmentation, which all consist of
combinations of scaling, cropping, and horizontal flipping. For consistency, we label these here
using the configuration name used in the code. We call the standard augmentation for person
search window resize as in [3], abbreviated by wrs. This consists of scaling the image to fit in
a window with shortest side length 900 and longest side length 1, 500. wrs augmentation is
used only for evaluation. In rrc2 augmentation, we first perform wrs scaling, then randomly
select from two types of crops, followed by random horizontal flip: 1) fixed size square random
crop containing at least one bounding box in the image, chosen at random, and 2) random
sized crop containing all bounding boxes in the image, that is then resized to a fixed square
size. These square crop sizes are 512× 512 during pre-training and SPNet-S fine-tuning, and
1024× 1024 during SPNet-L fine-tuning. Crop size is one of the most important parameters
for controlling memory usage. rrc2 augmentation is used for all fine-tuning runs. rrc scale

augmentation is the same as rrc2 augmentation, except we scale randomly in the range 0.5×
to 2× instead of wrs scaling. rrc scale augmentation is used for all pre-training runs.
Hardware and Training Time. All models were trained using a single A100 GPU with
82GB VRAM. Pre-training and fine-tuning times are shown in Tab. 5.2, with the QC pre-
training taking 30 hours for SPNet-S and 46.5 hours for SPNet-L. By comparison, PASS
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Config. Name Cascade Steps Shared Heads Re-id Dim

SPNet-S 0 ✓ 128
SPNet-L 2 2048

Backbone Post-Backbone
Config. Name LR WD LR WD LWF Loss Image Size

Pre-train 1e−5 0 1e−4 1e−3 ✓ 512
Fine-tune 1e−4 5e−4 1e−4 5e−4 512 or 1024

Table 5.1: SPNet architecture (top) and layer optimization (bottom) hyperparameter config-
urations. LR = Learning Rate, WD = Weight Decay, LWF = Learning without Forgetting
[183].

Pre-train (QC) Pre-train (OC) Fine-tune (OC)
Model Backbone COCOPersons COCOPersons CUHK-SYSU PRW

SPNet-S ConvNeXt-Tiny 30.0h 24.5h 2.5h 1.5h
SPNet-L ConvNeXt-Base 46.5h 40.5h 9.0h 4.5h

Table 5.2: Training times for person search model variants on a single A100 GPU. Pre-training
and fine-tuning are each done for 30 epochs on the respective datasets.

[173] pre-trains for 100 epochs on 8 A100 GPUs, which takes 60-120 hours depending on
the backbone. SOLIDER [129] and LUPerson [169] do not report pre-training times, but
they pre-train for 110 and 200 epochs respectively, on 8 V100 GPUs. In addition, LUPerson,
PASS, and SOLIDER each pre-train on the much larger LUPerson dataset with 4.18M images
vs. our 64k images in the COCOPersons dataset.

5.3.3 Comparison with State-of-the-art

In Tab. 5.3, we compare performance of SPNet with recent state-of-the-art person search
models. We show that SPNet-L, with QC pre-training on COCOPersons, matches or exceeds
other models in most metrics for the CUHK-SYSU and PRW datasets, e.g., improving mAP
by +1.7% on PRW over previous SOTA LEAPS [114] and +1.6% over alternate pre-training
procedure SOLIDER. When adding the GFN, in SPNet-L+GFN, performance improves on
the CUHK-SYSU dataset to SOTA, exceeding previous SOTA SeqNeXt+GFN by +0.2% in
both mAP and top-1, though performance drops for mAP on PRW.

In addition, we show that the QC pre-training itself on SPNet-L adds 0.5% mAP for
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Person Search
Backbone

Pre-training Pre-training CUHK-SYSU PRW
Model Method Dataset mAP top-1 mAP top-1

Two-step (QC)
IGPN [120] ResNet50 Classifier ImageNet-1k 90.3 91.4 47.2 87.0
TCTS [121] ResNet50 Classifier ImageNet-1k 93.9 95.1 46.8 87.5

Two-step (OC)
IDE [100] ResNet50 [198] Classifier ImageNet-1k - - 20.5 48.3
MGTS [101] VGG16 Classifier ImageNet-1k 83.0 83.7 32.6 72.1
CLSA [102] ResNet50 Classifier ImageNet-1k 87.2 88.5 38.7 65.0
RDLR [103] ResNet50 Classifier ImageNet-1k 93.0 94.2 42.9 70.2

One-step (QC)
QEEPS [118] ResNet50 Classifier ImageNet-1k 88.9 89.1 37.1 76.7
QGN [119] ResNet50 Classifier ImageNet-1k 93.7 94.4 46.7 82.9

One-step (OC)
OIM [1] ResNet50 Classifier ImageNet-1k 75.5 78.7 21.3 49.4
NPSM [104] ResNet50 Classifier ImageNet-1k 77.9 81.2 24.2 53.1
APNet [105] ResNet50 Classifier ImageNet-1k 88.9 89.3 41.9 81.4
HOIM [106] ResNet50 Classifier ImageNet-1k 89.7 90.8 39.8 80.4
BINet [107] ResNet50 Classifier ImageNet-1k 90.0 90.7 45.3 81.7
NAE+ [108] ResNet50 Classifier ImageNet-1k 92.1 92.9 44.0 81.1
DKD [109] ResNet50 Classifier ImageNet-1k 93.1 94.2 50.5 87.1
AlignPS [110] ResNet50 Classifier ImageNet-1k 94.0 94.5 46.1 82.1
SeqNet [111] ResNet50 Classifier ImageNet-1k 93.8 94.6 46.7 83.4
SeqNet+CBGM [111] ResNet50 Classifier ImageNet-1k 94.8 95.7 47.6 87.6
SeqNet [129] Swin-S [200] Classifier ImageNet-1k 91.1 92.0 45.8 82.9
SeqNet [129] Swin-S SOLIDER LUPerson 95.3 95.7 59.4 87.0
COAT [112] ResNet50 Classifier ImageNet-1k 94.2 94.7 53.3 87.4
COAT+CBGM [112] ResNet50 Classifier ImageNet-1k 94.8 95.2 54.0 89.1
MHGAM [115] ResNet50 Classifier ImageNet-1k 94.9 95.9 47.9 88.0
PSTR [113] PVTv2-B2 [201] Classifier ImageNet-1k 95.2 96.2 56.5 89.7
SeqNeXt [3] ConvNeXt-B Classifier ImageNet-1k 96.1 96.5 57.6 89.5
SeqNeXt+GFN [3] ConvNeXt-B Classifier ImageNet-1k 96.4 97.0 58.3 92.4
LEAPS [114] PVTv2-B2 Classifier ImageNet-1k 96.4 96.9 59.5 89.7
SPNet-L ConvNeXt-B Classifier ImageNet-1k 95.9 96.6 58.9 89.7
SPNet-L ConvNeXt-B Ours-QC COCOPersons 96.4 97.0 61.2 90.9
SPNet-L+GFN ConvNeXt-B Ours-QC COCOPersons 96.6 97.2 60.5 92.0

Table 5.3: Comparison of SOTA models for the benchmark CUHK-SYSU and PRW datasets.
+GFN indicates using the Gallery Filter Network from [3]. +CBGM indicates using Context
Bipartite Graph Matching from [111].

CUHK-SYSU and 2.3% mAP for PRW. This shows that the benefit from query-centric
pre-training extends to larger models which perform better, even when performance statistics
are nearly saturated, as on CUHK-SYSU and PRW.
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Person Search
Backbone

Pre-training Pre-training CUHK-SYSU PRW
Model Method Dataset mAP top-1 mAP top-1

SPNet-S ConvNeXt-T None None 69.8 73.4 22.3 69.1
SPNet-S ConvNeXt-T Classifier ImageNet-1k 91.9 93.2 52.7 86.6
SPNet-S ConvNeXt-T Ours-QC COCOPersons 93.3 94.1 55.6 89.5

SPNet-S ResNet50 None None 77.6 80.1 22.3 70.2
SPNet-S ResNet50 LUPerson [169] LUPerson 89.8 91.1 47.4 85.3
SPNet-S ResNet50 Classifier ImageNet-1k 89.5 90.9 48.6 86.1
SPNet-S ResNet50 Ours-QC COCOPersons 90.2 91.8 52.0 87.7

SPNet-S Swin-T None None 60.3 61.9 18.0 66.3
SPNet-S Swin-T SOLIDER [129] LUPerson 83.0 84.8 36.2 77.9
SPNet-S Swin-T Classifier ImageNet-1k 89.5 90.5 46.3 84.0
SPNet-S Swin-T Ours-QC COCOPersons 92.4 93.4 51.7 87.9

SPNet-S ViT-S/16 None None 27.4 27.6 <0.01 2.6
SPNet-S ViT-S/16 PASS [173] LUPerson 31.1 29.7 <0.01 2.1
SPNet-S ViT-S/16 Classifier ImageNet-1k 66.1 68.1 <0.01 4.3
SPNet-S ViT-S/16 Ours-QC COCOPersons 87.4 88.8 23.7 68.4

Table 5.4: Comparison of performance gained from pre-training SPNet using our method vs.
unsupervised person re-id backbone pre-training.

CUHK-SYSU PRW
Pre-train Method mAP GT mAP AP@0.5 mAP GT mAP AP@0.5

None 69.8 85.8 47.8 22.3 28.7 66.8
Classifier 91.9 95.8 83.2 52.7 56.6 88.8
Ours-OC 92.8 96.3 83.9 54.5 57.6 89.1
Ours-QC 93.3 95.9 84.9 55.6 58.7 88.9

Table 5.5: Person search, re-id, and detection metrics for pre-training method comparison on
SPNet-S with ConvNeXt-Tiny backbone.
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CUHK-SYSU PRW
Method mAP top-1 mAP top-1

Baseline 91.9 93.2 52.7 86.6
Re-id Only 91.5 93.0 51.9 87.4
OC Re-id GT 92.4 93.7 55.7 89.1
QC Re-id GT 93.2 94.3 55.1 88.5
OC Original 92.8 94.1 54.5 88.8
QC Original 93.3 94.1 55.6 89.5

Table 5.6: Comparison of different settings of the re-id pre-training loss for fine-tuning
performance. For re-id GT, only GT box embeddings are used to compute re-id loss, and for
re-id only, we optimize only the re-id loss (with GT boxes) and no other losses. In original
trials, both GT and detected box embeddings are used to compute re-id loss.

Config. Name Ablation Name Cascade Steps Shared Heads Re-id Dim

SPNet-S c0-share-d128 0 ✓ 128
- c0-sep-d128 0 128
- c2-share-d128 2 ✓ 128
- c2-sep-d128 2 128
SPNet-L c2-sep-d2048 2 2048

Backbone Post-Backbone
Config. Name Ablation Name LR WD LR WD LWF Loss

- Uniform LR 1e−4 1e−3 1e−4 1e−3
- Mixed LR 1e−5 0 1e−4 1e−3
Pre-train Mixed LR + LWF 1e−5 0 1e−4 1e−3 ✓
- Frozen-BB Frozen Frozen 1e−4 1e−3
Fine-tune Fine-Tune 1e−4 5e−4 1e−4 5e−4

Table 5.7: SPNet architecture (top) and layer optimization (bottom) hyperparameter config-
urations. The Ablation Name is given by the number of Cascade Steps, followed by whether
Shared Heads are used, and ending with the Re-id Dim. LR = Learning Rate, WD = Weight
Decay.
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5.3.4 Comparison with Pre-training Alternatives

In Tab. 5.4, we compare our QC pre-training approach to backbone-only pre-training ap-
proaches for unsupervised person re-id which published model weights: SOLIDER [129],
LUPerson [169], and PASS [173]. All comparisons are done for the SPNet-S model, though
the backbone architecture varies based on which method we compare against, based on
the weights they made available. We also compare against ImageNet-1k classifier backbone
weights, and random backbone initialization, listed in Tab. 5.4 as None.

We find that our QC pre-training approach outperforms all alternative initialization
strategies, in some cases by wide margins. Surprisingly, we also find that ImageNet-1k
classifier backbone pre-training alone exceeds nearly all unsupervised person re-id backbone
pre-training methods for the SPNet-S model. This is despite these methods showing far
superior fine-tuning for supervised person re-id alone vs. ImageNet-1k weights in their
respective papers. The original LUPerson backbone [169] is the only backbone which exceeds
ImageNet-1k with SPNet-S, and only on CUHK-SYSU, but this backbone still does not match
our QC pre-training. This is an unexpected result for the SOLIDER pre-training method,
which did exceed ImageNet-1k classifier pre-training for the SeqNet person search model, as
shown in Tab. 5.3, but not for SPNet. This is likely due to a mismatch of the SOLIDER
pre-training objective in creating effective features for the feature pyramid network in SPNet,
caused by exacerbating scale misalignment of features [110]. ImageNet-1k weights, in contrast,
are more general, and pair better with the feature pyramid network out-of-the-box.

Likewise, some backbone architectures, such as ViT-S/16 do not naturally pair well with
the feature pyramid network in SPNet. This results in an inability to optimize for the PRW
dataset for most settings, but still we find that the QC pre-training initializes the model to a
point where it can successfully fine-tune in this case. The result is that our method achieves
68.4% PRW top-1 while the next highest, ImageNet-1k, achieves only 4.3% top-1.

Finally, we conclude from the Hardware and Training Times in Sec. 5.3.2 and the results
comparison in Tabs. 5.3 and 5.4 that our method achieves much greater pre-training efficiency
for the person search problem than the described alternatives.

5.3.5 Weakly-Supervised Ablation Studies

In this subsection, we detail several ablation studies designed to analayze the performance of
weakly-supervised pre-training, followed by supervised fine-tuning. Our goal is to understand
relative performance of query-centric and object-centric training, the importance of the
re-id loss, model architecture choices, and details of how to load/use pre-trained weights for
fine-tuning.
Query-Centric vs. Object-Centric Baseline. In Tab. 5.5, we compare QC vs. OC
pre-training to ImageNet-1k Classifier pre-training, and random backbone initialization,
denoted as None. The comparison is done for SPNet-S with a ConvNeXt-Tiny backbone,
and we show person search mAP in addition to metrics of re-id, GT mAP, and detection,
AP@0.5. This helps us understand the contribution of pre-training to detection, re-id, and
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Figure 5.4: Comparison of SPNet fine-tune performance on PRW with QC vs. OC pre-
training for varying layer optimization hyperparameters. The corresponding configurations
are described in Tab. 5.7.

the combined person search problem. We show both QC and OC pre-training improve over
ImageNet-1k Classifier pre-training for all metrics, and that QC is superior to OC pre-training
for most metrics. Most importantly, we show that QC pre-training exceeds OC pre-training
for person search mAP on both datasets: +0.5% on CUHK-SYSU, +1.1% on PRW, though
whether re-id or detection benefit more depends on the dataset. Finally, we show that all
pre-training vastly exceeds random initialization, denoted as None.
Re-id Pre-training. In Tab. 5.6, we compare different methods of handling the re-id loss
during pre-training. The goal is to isolate the effect of the re-id loss on pre-training, for both
QC and OC methods. We found that pre-training only the re-id loss, without optimizing the
other losses, was not beneficial for all statistics.

We found that QC pre-training using detected boxes with IoU ≥ 0.7 performed best on
balance. When only ground truth (GT) boxes were used to compute the re-id loss, and no
detected boxes, we found that QC pre-training was impaired more than OC pre-training.
Query-Centric vs. Object-Centric Pre-training. In Fig. 5.4, we compare query-centric
vs. object-centric pre-training for fine-tuning on the PRW dataset for four configurations,
given in Tab. 5.7 (bottom). All models with pre-training significantly outperform the baseline
in mAP and top-1 accuracy, and nearly all QC models outperform the corresponding OC
model. One exception is the Frozen Backbone model for top-1 accuracy, showing that the
query-centric pre-training performs better when the backbone is optimized in addition to
later layers.
Query-Centric vs. Object-Centric Fine-tuning. While we primarily explore OC
fine-tuning (OC-FT) and evaluation in this work, our framework supports QC fine-tuning
(QC-FT) and evaluation as well. QC fine-tuning is done using the same procedure as QC
pre-training, with k = 2 augmentations per image, but using the rrc2 augmentation method.
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CUHK-SYSU PRW
Method mAP top-1 mAP top-1

OC-FT 91.9 93.2 52.7 86.6
OC-FT+PT 93.3 94.1 55.6 89.5
Gain from PT +1.4 +0.9 +2.9 +2.9

QC-FT 80.8 87.7 54.0 86.7
QC-FT+PT 77.4 85.4 54.1 87.1
Gain from PT -3.4 -2.3 +0.1 +0.4

Table 5.8: Comparison of QC and OC fine-tuning (-FT) for baseline model vs. COCOPersons
QC pre-trained model (+PT).

In Tab. 5.8, we compare QC-FT and OC-FT for models with and without COCOPersons
QC pre-training. While the QC-FT model outperforms the OC-FT model on PRW top-1
without PT, OC-FT performance is drastically higher for mAP and top-1 on CUHK-SYSU,
by >10% mAP. In addition, the OC-FT model benefits significantly from QC pre-training
for both datasets and metrics, while the QC-FT model benefits only slightly on PRW and is
actually harmed on CUHK-SYSU.

This suggests QC fine-tuning is more impacted by the distribution shift between pre-
training and fine-tuning datasets, at least for the shared embedding head model. It also
suggests the QC pre-train to OC fine-tune transition has a regularizing effect, limiting the
effect of overfitting on the pre-training dataset.
Model Architecture. To understand the model architecture design space, we examine
variations in number of cascade steps, shared vs. separate embeddings heads, and size of the
re-id embedding dimension. In Fig. 5.5, we compare the configurations described in Tab. 5.7
(top). We show that the cascaded model with two steps is better than the base model, using
separate embedding and re-id heads results in better fine-tuning performance, and larger
re-id embedding dimension is beneficial. In addition, all architecture configurations benefit
from pre-training, although the cascaded models benefit less.
Cascaded Weight Loading. When loading weights from pre-trained SPNet into a larger
version with multiple cascade stages, we have to make a choice about how to load weights
into layers not utilized during pre-training. We explore two simple options: loading weights
only into layers that were pre-trained, and duplicating weights into equivalent layers in each
cascade stage, shown by PT vs. PT-Rep in Fig. 5.5. For the c2-sep-d2048 configuration,
explained in Tab. 5.7, the PT-Rep method of weight loading outperforms PT, showing that
the benefits of the pre-trained weight initialization extend to cascade stages, even though the
pre-trained model was trained without cascading.
Anchor Probability Visualization. In Fig. 5.6, we visually compare anchor probabilities
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Figure 5.5: Comparison of SPNet fine-tune performance on CUHK-SYSU with and without
QC pre-training for varying architecture hyperparameters. The configuration names, labeling
the x-axis in the plots, are described in Tab. 5.7. PT=pre-trained, PT-Rep=pre-trained with
replicated weight loading for cascade layers.

for the classifier (ImageNet-1k) pre-trained model vs. the weakly-supervised (WS) (COCOP-
ersons) pre-trained model and the supervised (CUHK-SYSU) fine-tuned model (all QC).
While the classifier model assigns high probability to regions containing persons, it is not as
precise as the WS or supervised models. Only the supervised model is able to assign high
probabilities to the matching region, with low probabilities to all other regions. This shows
we are able to learn a model which produces good anchor candidates in the WS setting, but
full supervision or fine-tuning is still needed for precise retrieval with different view angles
and occlusions.

5.3.6 Limited Sample Ablation

We hypothesize that QC pre-training should learn more useful features than OC pre-training
in the weakly-labeled scenario with sparse labels. Specifically, we focus on the case where we
want to utilize images that have multiple people present, but only some fraction of them are
annotated. This has applications both for manual labeling, in which persons may be missed,
or not all persons are annotated by design, and also for automatically-annotated labeling, in
which a detector is used to label imagery, but may have low recall with true GT boxes.

To model this scenario, we use the subset of COCOPersons with at least two known
annotated persons in each image, which comprises 39k out of the full 64k images. Then, we
remove some fraction of annotations from the dataset, always leaving at least one annotated
person in each image, resulting in images with missing annotations, as shown in Fig. 5.2. We
create successive partitions in increments of 20% of annotations removed, with each smaller
partition being a subset of all larger partitions.
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Figure 5.6: Visualization of anchor probabilities for three models and two different (a, b)
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shown as image alpha channel.
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Figure 5.7: Plots of retrieval and detector stats for the CUHK-SYSU dataset for COCOPersons
pre-trained QC and OC models fine-tuning with limited samples.

The results are shown in Fig. 5.7, where we compare how QC and OC evaluation are
affected by the fraction of annotations which remain in the pre-training dataset. Results
are compared to the baseline ImageNet-1k classifier backbone initialization, shown by the
black dashed line. For all plots, we show that QC pre-training exceeds OC pre-training in all
sample regimes for full fine-tuning, with the exception of GT mAP for 20% annotations used,
where the two are tied. Even when only 20% of samples are used, QC pre-training offers
a small benefit to fine-tuning for person search (mAP in plot (a)), where OC pre-training
actually harms fine-tuning performance by forcing the model to learn that most ground truth
person boxes are actually background. This is reinforced by the comparable relationship with
detector performance shown in plot (c).
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5.3.7 Self-Supervised Training

As explained in Sec. 5.2.1, we expect that only the QC model can train on SSL data,
while the OC model fails to optimize. This is borne out in Fig. 5.8, where training loss is
plotted for both QC and OC for the weakly-supervised (WS) and self-supervised (SSL) cases.
While re-id loss optimization follows a similar trend for all cases, the detection losses differ
drastically. As expected, we see that the SSL OC box regression and classification losses
plateau nearly-immediately, while the SSL QC losses decrease steadily. By comparison, the
WS losses for both OC and QC methods decrease steadily, showing that the SSL OC plateau
is caused by inability of the OC objective to learn from randomly-generated annotations.

We show results of SSL pre-training on IN1k for two use cases: 1) pre-training from
randomly initialized weights, shown in Tab. 5.9 and 2) (secondary) pre-training from weights
initialized by IN1k classifier pre-training, shown in Tab. 5.10. For both weight initializations,
linear-probed GT re-id performance is similar between QC and OC pre-trained models, but
linear-probed detector AP is nonzero only for the QC pre-trained model, reaching 34.2% on
CUHK-SYSU and 57.7% on PRW (for IN1k classifier init.). Likewise for random initialization
in Tab. 5.9, linear-probed GT re-id performance is similar between QC and OC pre-trained
models, but linear-probed detector AP is nonzero only for the QC pre-trained model, reaching
11.0% on CUHK-SYSU and 33.1% on PRW. This reaffirms our conclusions from observing
Fig. 5.8.

In addition, Tab. 5.9 shows that the disparity between QC and OC pre-training translates
to the full fine-tuning case, with QC outperforming OC by 3% for mAP on both datasets,
and by more than 15% compared to the baseline.

While QC performance matches or exceeds OC performance in all statistics for both weight
initializations, neither QC nor OC pre-training alone improved over the baseline for the IN1k
classifier init. case. However, QC pre-training with the auxiliary SSL loss (QC-aux) does
generate better performance than IN1k classifier init. for mAP and AP@0.5 on CUHK-SYSU,
and nearly matches for GT mAP. Further research is needed on the optimization objective
to determine an approach which captures the benefits of secondary pre-training, without
eroding the already beneficial IN1k classifier weights.

5.4 Discussion

We have shown that the SPNet model benefits from QC pre-training and OC fine-tuning,
and that pre-training can be done using either weakly-labeled person bounding boxes, or
fully-unlabeled scenes via self-supervised learning. We evaluated performance of the model
by pre-training on the ImageNet1k and COCOPersons datasets, and fine-tuning on the
CUHK-SYSU and PRW person search datasets. We showed that 1) pre-training provides a
significant boost to performance for all model variants, 2) QC pre-training benefits fine-tuning
more than OC pre-training, 3) the model with QC pre-training achieves SOTA fine-tuning
performance on CUHK-SYSU and PRW, and 4) QC pre-training performs better than OC
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Figure 5.8: Training loss plots for QC and OC models for weakly-supervised (WS) pre-training
on COCOPersons (COCO) vs. self-supervised (SSL) pre-training on IN1k.

Weight Initialization: Random

CUHK-SYSU PRW
Method mAP GT mAP AP@0.5 mAP GT mAP AP@0.5

Linear-Probed
Baseline 0.0 15.6 0.0 0.0 1.0 0.0
SSL (OC) 0.2 56.6 0.0 0.0 6.4 0.0
SSL (QC) 24.8 55.4 11.0 3.2 6.0 33.1

Fine-Tuned
Baseline 69.8 85.8 47.8 22.3 28.7 66.8
SSL (OC) 82.4 90.0 72.4 34.5 38.3 85.2
SSL (QC) 85.7 91.2 75.4 37.5 40.9 85.5

Table 5.9: Results on CUHK-SYSU and PRW for IN1k SSL pre-trained SPNet models.
Models start from random weight initialization prior to SSL pre-training. In the top half,
results for linear probing are shown, and in the bottom half, results for full fine-tuning are
shown.
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Weight Initialization: IN1k Classifier

CUHK-SYSU PRW
Method mAP GT mAP AP@0.5 mAP GT mAP AP@0.5

Linear-Probed
Baseline 0.0 23.5 0.0 0.1 2.2 0.2
SSL (OC) 3.5 64.7 0.4 0.0 7.4 0.0
SSL (QC) 48.4 63.6 34.2 5.4 7.5 57.7

Fine-Tuned
Baseline 91.9 95.8 83.2 52.7 56.6 88.8
SSL (OC) 91.3 95.5 82.5 50.6 54.2 88.6
SSL (QC) 91.5 95.5 83.6 52.4 55.7 88.6
SSL (QC-aux) 92.4 95.7 83.8 52.2 55.6 88.7

Table 5.10: Results on CUHK-SYSU and PRW for IN1k SSL pre-trained SPNet models.
Models start from IN1k classifier pre-training, prior to SSL secondary pre-training. In the top
half, results for linear probing are shown, and in the bottom half, results for full fine-tuning
are shown.

pre-training when there are missing person labels in a scene. Finally, we showed that our end-
to-end person search pre-training method is more effective and efficient than backbone-only
pre-training alternatives.

Since the pre-training methods that we have discussed are not specific to person search,
they can be readily applied to other domains. We suggest that the weakly-supervised pre-
training method is useful for other identity search tasks, such as vehicle search and generic
object search. The self-supervised pre-training is even more versatile, and could be used
to pre-train for any LIR task, or even to pre-train only the vision backbone for arbitrary
vision tasks. The ability of SPNet to enable pre-training for QC and OC tasks, while having
faster optimization than non-anchor-based detector types, is a key reason why it is a good
candidate for a universal model of LIR. This aspect of SPNet will be discussed further in
Chapter 6.
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Chapter 6

Conclusions and Future Work

We begin with a discussion of potential future work that explores how we can achieve a
unified model of LIR using current approaches in Sec. 6.1. Our goal is to find a framing that
can solve different LIR problems with the same model weights, while retaining inductive
biases which improve efficiency of optimization and inference. After considering unified LIR
under model types which are already designed for image localization, we will discuss how
generalist sequence-to-sequence models can be adapted for LIR in Sec. 6.2. Finally, we will
summarize the main findings of this dissertation in Sec. 6.3, and discuss societal impacts of
the work in Sec. 6.4.

6.1 A Unified Framework of LIR

In this section, we discuss how to unify the problems in LIR as a single problem in Sec. 6.1.1,
and how to solve the unified problem with a single corresponding model in Sec. 6.1.2. Then,
we show how the closest existing model to addressing unified LIR, called UNINEXT [8], can
be extended to better perform identity search in Sec. 6.1.3. Finally, we show how our SPNet
model can be adapted as an alternative unified model of LIR with a superior inductive bias
for localization in Sec. 6.1.4.

6.1.1 Unified Problem

The common thread of the four problem types visualized in Fig. 1.5, is that each localizes
some type of prompt within one or more images, with optional post-processing such as
tracking or ranking. This combined problem setting for localized image retrieval is visualized
in Fig. 6.1.

6.1.2 Unified Model

A generic query-centric unified model which can solve the unified problem is visualized in
Fig. 6.2. The model takes a prompt and image as input, and localizes the prompt in the
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Figure 6.1: In the unified problem definition of localized image retrieval, image, text,
annotation, or other prompts are used to localize one or more matches in a set of images,
with optional post-processing.

image by encoding it is an embedding which is used by a detector module. As discussed in
Chapter 1, each output localization has a corresponding embedding which enables computation
of similarity and ranking.

It should be clear that our anchor-based query-centric model introduced in Chapter 4 can
be trivially extended to this more general case simply by adding encoders for additional data
types beyond image queries. Off-the-shelf text encoders can be borrowed from models such
as BERT [208], GPT [209], or CLIP [33]. Annotations on the image itself can be encoded in
a manner similar to SAM [5] and SEEM [6]. In addition, any other data which is reasonable
to encode as an embedding could be used as well.

One key insight is that the object detection problem can be solved in a query-centric
manner by using class name text embeddings as object classes. This can be made efficient by
allowing these class text embeddings to exchange information, and performing detection on
all classes collectively, as in the UNINEXT model [8].

6.1.3 Extending UNINEXT

Recent frameworks such as universal instance perception model of the next generation
(UNINEXT) [8] offer an elegant approach to LIR problem unification by posing several
problems as a variant of prompt localization. UNINEXT has most of the tools needed for
unified LIR, including the ability to encode and utilize arbitrary prompts / queries, and
output localizations in the form of segmentation masks, with corresponding embeddings.
What UNINEXT lacks is integration of the type of identity-level learning and retrieval that
we expect from e.g ., a model of person search. Therefore, while UNINEXT demonstrates
performance for object tracking, it is not ideal in its current form to be used for identity
search.
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Figure 6.2: A query-centric detector which can localize arbitrary prompts, by encoding
prompts with modality-specific encoders.

One approach to producing an improved unified model, then, would be to add identity-
level learning to UNINEXT, using the lessons we have learned from person search. The
simplest way to do so would be to use the person search OIM loss, and simply train this loss
in conjunction with the existing UNINEXT loss terms.

However, the model would likely perform better if it accounted for the relationship between
objects and object instances / identities. We suggest three potential methods for this task,
based on box embeddings [144], [145], Poincaré embeddings [146] mentioned in Chapter 2,
and a baseline of simply using separate embedding spaces for object and identity embeddings.

The way that UNINEXT currently implements class embeddings is to encode them
as text prompts, then combine the text embedding with the target image features, using
cross-attention, to produce a fused class representation embedding. Instance embeddings are
learned for each decoded object, corresponding to the specific object and its localization in
the target image. The mechanism UNINEXT uses to match prompts to output embeddings
is to learn an association between the two with a focal loss, to account for the possibility of
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Figure 6.3: Figure from [8] showing the UNINEXT model architecture. UNINEXT encodes
text and vision prompts, performs early fusion of prompts with image features, and combines
fused features with decoder queries to segment images for various tasks.

many negatives. The result is that UNINEXT instance embeddings are effectively learned to
be instantiations of a given class embedding dependent upon the current image. While this
is shown to be effective for object tracking, it would not likely extend well to cases where two
instances have significantly different visual appearance, i.e. generic identity search. Tracking
is an easier case of identity search in that there is typically high visual similarity between
instances in neighboring frames.
Separate Embedding Spaces UNINEXT effectively learns separate class and instance
embedding spaces, in that class embeddings are derived from BERT [208] text tokens, and
instance embeddings are associated between frames using a contrastive loss, intended for video
tasks. However, no identity-level tasks like person search are trained on, so no comprehensive
identity-level losses like OIM are used. Since the BERT text embeddings are fixed during
UNINEXT training, it would be reasonable to simply add person search fine-tuning as one
of the fine-tuning tasks. This would significantly improve recognition of intra-class person
identity embeddings, and would compliment the inter-frame instance loss.
Box Embeddings A more principled approach would be to introduce a region-based repre-
sentation like box embeddings. Box embeddings allow learning of hierarchical relationships
between entities by encoding entities as geometric regions, such that boxes can intersect
or fully be contained within one another, and have various volumes. By encoding object
classes as textual box embeddings, we could augment UNINEXT by adding a loss which
forces instance representations to lie within the corresponding class box, instead of effectively
matching it exactly. This would pair better with an identity-level loss like OIM by allowing
greater intra-class variance, so identity prototype embeddings can spread out more within
the embedding space.
Poincaré Embeddings Finally, we consider another approach using Poincaré embeddings,
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which are designed to encode hierarchical representations by embedding data into hyperbolic
space. This allows for encoding of tree-like structures, while approximately preserving
distances. In addition, no explicit modeling of tree structure is required to learn hierarchical
relationships with Poincaré embeddings, as the structure forms implicitly during training, if
it is represented in the data.

To use Poincaré embeddings in UNINEXT and other similar models, we need to replace
any embedding relationships of similarity and distance with their equivalents, and replace
the optimization, e.g . SGD, with its Riemannian SGD equivalent, using a package such as 1.
This would require re-training of any auxiliary networks used for embedding extraction, such
as BERT for text embeddings.

6.1.4 Unified LIR with SPNet

By augmenting SPNet for LIR, we can build a model which solves all the desired tasks, with
potentially improved training and pre-training. Similar to SEEM and UNINEXT, SPNet
has the ability to perform both query-centric and object-centric localization, but using an
anchor-based framing instead of a set-based framing. What SPNet is missing, as presented
in Chapters 4 and 5, is auxiliary modules for prompt encoding and instance segmentation.
To encode different prompt modalities, we can simply adopt prompt encoders from SAM,
SEEM, and UNINEXT. Instance segmentation can be performed using a Mask R-CNN
approach, with a separate mask prediction branch in parallel with the box prediction and
re-id embedding branches. In addition, models like SPNet are uniquely suited to tracking
because they can perform track initialization in the object-centric mode, and track known
identities in the query-centric mode. Similar to UNINEXT, tracking can be accomplished
simply by associating detected instances in neighboring frames, as in [210], [211].

6.2 Generalist Models

A current trend in the deep learning literature broadly is the use of generalist models which
can input and output heterogeneous data types. In the context of visual recognition, this type
of modeling is a step beyond models such as SAM, SEEM, and UNINEXT, in that the output
is more diverse, and can include other localizations such as keypoints, arbitrary polygons, and
textual output, i.e. captions. These models operate by developing a token vocabulary which
can express text, task commands, and image positions, and using a sequence-to-sequence
encoder-decoder structure, which solves an array of tasks using sequences of input tokens
to produce sequences of output tokens. In Pix2Seqv2 [67], Pix2Seq is extended by allowing
output of segmentation masks, object keypoints, and image captions. The Florence-2 model
[68] can also take more expressive text as input, allowing for describing what is occurring
in specific image sub-regions. Unified-IO [69] can solve even more tasks, including depth
estimation, relationship detection, and image inpainting.

1https://github.com/facebookresearch/poincare-embeddings

https://github.com/facebookresearch/poincare-embeddings
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One of the few tasks these generalist models are missing is dedicated handling of image
retrieval, and specifically identity-level re-id. These models struggle with this type of output
because it requires fine-grained visual features, and cannot be easily expressed with existing
tokens for text and image position information.

In Sec. 6.2.1, we discuss how the Pix2Seq model can be adapted to support person search,
and in Sec. 6.2.2, we consider how to adapt generic generalist sequence-to-sequence models
for person search.

6.2.1 Pix2Seq for Person Search

We propose a potential method of sequential prediction for person search based on Pix2Seq
[23]. While Pix2Seq has already been extended to other seq2seq models which expand its
capabilities beyond bounding box and class prediction, no one has yet developed a Pix2Seq
variant for person search or other identity-level recognition tasks. We suggest that recent
methods of person featurization can be used to construct a token vocabulary capable of richly
representing person features, and enabling token-level identity feature prediction.
Learning Person Features To learn high quality person features, we can simply train an
existing model for person re-id which produces a spatial feature map. The size of the feature
map will determine the number of tokens comprising a person representation, and there is
a tradeoff between accurately representing persons, and the efficiency of predicting them,
especially in the sequence prediction formulation. As an example, we can use a h×w feature
map, which will cause us to represent each person with h · w tokens. The re-id head of the
model will decode this feature map into a single embedding, which will be fed to the re-id
loss.

A more advanced approach, tailored to person features specifically, could involve the use
of part-based features. Common approaches include dividing image crops into horizontal
strips as in [105], or learning visual token groupings corresponding to body regions as in [129].
Tokenizing Features After training the re-id model to convergence, we can extract all
feature maps from our training set, and perform dimensionality reduction e.g ., with dual
PCA, to produce the top-k features which encode the most variance. The value of k represents
the size of our token vocabulary, and its selection creates a tradeoff between how well we can
represent all the persons in the dataset, and how difficult it will be to learn which tokens
represent a given person for the sequence prediction model.
Refining Tokens After selecting k tokens from the initial re-id model, we can optionally
refine our tokens to better represent the re-id training data, using an approach similar
to the Vector Quantized-Variational AutoEncoder (VQ-VAE) [212], [213]. The VQ-VAE
extends the original Variational AutoEncoder (VAE) [214], [215] by introducing a learnable
quantized codebook, which forces the generated images to be produced from a discrete space
of tokens instead of from a continuous space. This method can be naturally repurposed for
our application by replacing the image generation aspect with the re-id embedding head. We
can simply swap in the learnable quantized codebook to our already trained re-id model,
then initialize the codebook vectors using our selected k tokens. Then, we can fine-tune the
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model to better represent the data using only the k learnable vectors, which will become our
new token set.
Predicting Tokens To augment Pix2Seq for predicting person tokens, we add the k person
feature tokens to our token vocabulary, then define the ordering of output predictions:
[ymin, xmin, ymax, xmax, class, person token1, person token2, ..., person tokenh×w]

Person tokens will be predicted using softmax probabilities according to their position
in the token vocabulary, just like the other tokens. We note the use of quantized image
tokens combined with autoregressive learning with a transformer decoder has been previously
explored in [216], though in that case still for image generation like VQ-VAE.
Decoding Tokens Finally, to decode the person embedding corresponding to a given token
sequence, we simply feed the tokens back to our trained re-id model embedding head. The
resulting re-id embedding can be used for retrieval as normal.
Auxiliary Loss Depending on the number of tokens per person, the size of the token
vocabulary, and the quantity of data for sequence model training, it is possible that the
softmax token prediction mechanism would be insufficient to learn the same rich person
features in the rest of the model that the re-id model learned. To augment this process, we
can add an additional contrastive loss between token predictions and tokens, to force the
sequence model to explicitly learn the token features.

6.2.2 Extending to Generalist Models

Finally, we consider how to combine instance sequence learning with generalist sequence
prediction models. In fact, the seq2seq paradigm is so well-equipped for this type of integration,
that it would be as easy as adding the tokens from our proposed “Pix2Seq for person search”
model to the generalist model token vocabulary, and adding a new prompt token to perform
identity search. This showcases a core benefit of this type of model, in that we only need to
add a small additional decoder to decode the task output, and no other expensive modules.

6.3 Summary of Main Findings

In this dissertation, we introduce the concept of localized image retrieval as a unifying
mechanism for several different problems in visual recognition, including variants of identity
search, prompt localization, object detection, and tracking. We analyze efficiency of LIR
through the lens of person search, investigating the areas of modular efficiency, algorithmic
efficiency, and data efficiency. In doing so, we develop new models which achieve state-of-
the-art results on the standard person search benchmark datasets CUHK-SYSU and PRW,
and show how these models can be used for LIR more broadly. We show how existing unified
models can solve most problems in LIR, but that they do not yet address identity search, and
we suggest how this can be added to existing models, and how to adapt SPNet for unified
LIR. Finally, we show that generalist sequence-to-sequence models have the capability to solve
the mentioned problem types in LIR, including several additional problems in recognition and
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generation, and that identity-level recognition should be explicitly added into these models
as well via a new tokenization mechanism.

6.4 Societal Impact

Lastly, we discuss potential societal impacts of person search, and of LIR more broadly. It is
important to consider the potential negative impact of person search models specifically, since
they are ready-made for surveillance applications. This is highlighted by the PRW dataset
being entirely composed of surveillance imagery, and the CUHK-SYSU dataset containing
many street-view images of pedestrians.

We consider three potential advantages of advancing person search research, and doing so
in an open format. First, that person search models can be used for beneficial applications,
including public safety, aiding in finding missing persons, and for newly-emerging autonomous
systems that interact with humans, e.g ., automated vehicles. Second, it allows the research
community to understand how the models work at a granular level, and therefore benefits
the potential for counteracting negative uses when the technology is abused. Third, it allows
government regulatory bodies to have full visibility into what the models can actually do,
and how best to impose limitations on what should be available, if some subset of models are
deemed harmful to society.

For the broader problem of LIR, and its many subproblems, there are a wide array of
applications across the entire domain of visual recognition. Identity search, object discovery,
and instance tracking are critical for applications in industrial automation, automated vehicles,
and wearable devices. We must also acknowledge that any improvements in LIR are likely to
improve person search and tracking as well, so the mentioned caveats apply.
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Appendix A

Supplementary Material: Modular
Efficiency

A.1 Data Processing and Evaluation

We make publicly available our codebase1, which includes instructions and config files needed
to replicate all main experiments of the related paper [3]. For comparative purposes, we
implicitly refer in the following subsections to the public codebases of OIM2 [1], NAE3 [108],
SeqNet4 [111], COAT5 [112], AlignPS6 [110], and PSTR7 [113].

A.1.1 Standardized Data Format

We produce an intermediate COCO-style [64] format for all partitions of the CUHK-SYSU and
PRW datasets. In addition to standard COCO object metadata, we include person id and
is known fields for persons, and a cam id image field for performing cross-camera evaluation.

This standardization process made it straightforward to prepare new partitions of the data.
In particular, we split the standard training sets into separate training and validation sets,
and created some additional smaller debugging sets. This allowed us to pick hyperparameters
without fitting to the test data.

We also standardize the format of retrieval partitions into three categories: 1) fully-
specified format which encodes the exact gallery scenes to be used for each query 2) format
which specifies queries only, and uses all scenes in the partition as the gallery and 3) format

1https://github.com/LukeJaffe/GFN
2https://github.com/ShuangLI59/person_search
3https://github.com/dichen-cd/NAE4PS
4https://github.com/serend1p1ty/SeqNet
5https://github.com/Kitware/COAT
6https://github.com/daodaofr/AlignPS
7https://github.com/JialeCao001/PSTR

https://github.com/LukeJaffe/GFN
https://github.com/ShuangLI59/person_search
https://github.com/dichen-cd/NAE4PS
https://github.com/serend1p1ty/SeqNet
https://github.com/Kitware/COAT
https://github.com/daodaofr/AlignPS
https://github.com/JialeCao001/PSTR
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CUHK-SYSU PRW

Metadata trainval test train val trainval test train val

Scenes 11,206 6,978 8,964 2,242 5,704 6,112 4,563 1,141
Boxes 55,272 40,871 44,244 11,028 18,048 25,062 14,897 3,151
Known IDs 5,532 2,900 4,296 1,236 483 544 424 158
Known Boxes 15,085 8,345 11,623 3,462 14,907 19,127 12,125 2,782
Unknown Boxes 40,187 32,526 32,621 7,566 3,141 5,935 2,772 369

Table A.1: Dataset metadata showing how many scenes, boxes, and person IDs are in each
partition.

which uses all possible queries, and all possible scenes as the gallery. We create the second
and third formats because it is otherwise inefficient to fully-specify the “all” cases.

A.1.2 Training and Validation Sets

For both datasets, known identity sets between the train and test partitions are disjoint,
making the standard evaluation an open-set retrieval problem. To construct the training and
validation sets to mirror the open-set retrieval problem of the standard train-test divide, we
build a graph based on which scenes share common person identities. Two nodes (scenes)
have an edge between them if they share at least one person identity in common. In this
way, we can easily split the CUHK-SYSU dataset into a set of connected components, and
divide those components into two groups for train (∼80%) and val (∼20%).

Since the PRW dataset comprises video surveillance footage, this graph has the property
that nearly every scene is connected to another scene via some common person identity.
Therefore, we ignore the top 100 most common person identities when constructing the graph
for PRW, resulting in a partition which is not quite open-set, but should exhibit similar
generalization properties for the purpose of model development. For PRW, we also divide
components into two groups for train (∼80%) and val (∼20%).

We rename the original train set to “trainval”, and all of our final experimental results in
this paper are from models trained on the full trainval set, and tested on the full test set
using the standard retrieval scenarios.

A.1.3 Partition Information

Metadata for the exact breakdown of known and unknown identities and boxes for each
partition is given in Table A.1.
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A.1.4 Evaluation Functions

Using these standardized partitions, we are able to use just one function for detection
evaluation and one for retrieval evaluation, as opposed to separate functions for each dataset.
This also makes it easier to add in method-specific metrics that can be immediately tested
for all partitions.

We note that the current dataset releases for PRW and CUHK-SYSU have a small number
(5 or less) of the following errors: duplicate bounding boxes in a single scene, repeated person
ids in a single scene, and repeated gallery scenes in a retrieval partition. Although these
issues are not handled correctly by the standard evaluation function, we exactly replicate
the previous erroneous behavior in our new evaluation function to be certain the comparison
against other methods is fair. We leave correction of the underlying data and evaluation
function to future work.

A.1.5 Augmentation Code Structure

To make use of augmentation strategies in the albumentations library [217], we refactor
evaluation to occur on the augmented data instead of the original data. This allows for easy
inclusion of different resizing and cropping strategies which we make use of, in addition to a
wealth of other augmentations, experimenting with which we leave to future work.

A.1.6 Config Format and Ray Tune

For running experiments with our code, we provide a YAML config format which is compatible
with the Ray Tune library [218]. We specifically support the tune.grid search functionality
by parsing lists in the YAML file as inputs to this function. This makes it easy to run
ablations with many variations using a single config file.
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