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Abstract

This thesis introduces a self-adaptive visual search and question answering system that dynamically refines its
understanding of images through both user interaction and internal consistency checks. Unlike traditional open-
vocabulary recognition and VQA models that rely on static, pre-trained knowledge, our system can adjust to

user-defined concepts, personalized object properties, and changing environments.

We achieve this by combining per sample-adaptation—where each input is refined using database information
and user feedback—with database-adaptation, which updates the system’s knowledge base as it encounters new
semantic and visual cues. User interactions occur through pixel-level and conversational modes, allowing for
intuitive feedback. At the same time, implicit consistency checks (spatial, topological, and semantic) enable the

system to self-correct without human intervention.

Experimental results show that this approach increases inference accuracy, reduces the need for model retraining,
and aligns the system more closely with users’ evolving needs. Overall, this work advances the flexibility,

personalization, and continuous improvement of visual search and QA systems.

Keywords computer vision, image retrieval, information retrieval, large multimodal model
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Chapter 1. Introduction

As intelligent vision systems continue to advance, the ability to recognize objects, answer queries, and adapt to new
information stands at the forefront of research in computer vision and arti cial intelligehhd@$, 9]. Traditional
open-vocabulary recognition and visual question answering (VQA) systems have made signi cant progress in
labeling objects, understanding scenes, and interacting with 42159. However, these systems often operate

in a xed paradigm: they rely on pre-trained knowledge and struggle to adapt dynamically to new user-de ned
concepts, personalized object properties, and evolving environments. To address these limitations, this thesis
proposes a novel self-adaptive visual search and question answering system designed to operate at a pixel level,
seamlessly integrate new knowledge, and ensure consistent interpretation of visual and semantic content.

At the core of this self-adaptive system are two complementary components: per sample-adaptation and database-
adaptation. Per sample-adaptation refers to dynamically re ning inference results for a single input instance—adjusting
initial predictions through post-processing steps to improve accué8:¥/[8]. Inspired by the way humans re ect

on their initial impressions to correct mistakes, this approach retrieves related information from a knowledge
database and veri es it against the current input's attributes to enhance the delity of each prediction. By contrast,
database-adaptation involves updating the underlying knowledge repository itself. This is essential for capturing
evolving contextual information, such as a user's personalized haming conventions for familiar objects or the new
visual characteristics introduced when an object is observed from a novel viewpoint.

The interplay between per sample-adaptation and database-adaptation forms the core of the system's continuous
improvement process. From one perspective, enhancing per-sample accuracy relies on retrieving more relevant
information from the database and verifying its consistency. From the other perspective, each adapted sample
enriches the database, as user input and environmental observations introduce additional semantic and visual details.
This closed-loop mechanism ensures that, over time, the system naturally aligns itself more closely with evolving
user requirements, contextual nuances, and dynamic environmental changes.

To achieve this dynamic self-adaptation, the system leverages both explicit and implicit forms of feedback. Explicit
feedback is facilitated through two primary interaction modes: pixel-level interaction and conversable interaction.
Pixel-level interaction allows users to pinpoint exact regions of interest in an image, providing granular guidance
on which objects to focus on or corre@[ Conversable interaction enables the user and the system to engage in a
dialogue, allowing for clari cation, annotation, or the incorporation of new knowledge into the database through
natural language instruction8][ Although this explicit feedback requires a human in the loop, the system still
qguali es as self-adaptive because it is the system itself that provides the pixel-level and conversable interfaces for
interaction, and it also incorporates a consistency-based implicit feedback mechanism that does not rely on any
human input.

Implicit feedback emerges through the concept of consistency. Visual and semantic consistency checks help the
system self-correct and re ne its predictions without direct user intervention. For instance, if a model misidenti es

a landmark in an image, it can compare that image's spatial and topological features with related images in the
database. By examining the geometry, arrangement, and semantic attributes of the known landmark, the system can
detect inconsistencies and adjust its classi cation to the correct label—even when the user does not provide explicit
corrections.



In this thesis, we present a comprehensive framework for realizing such a self-adaptive pixel-level visual search and
QA system. We rst describe the explicit methods for user interaction and adaptation in Chapters 2 and 3. Chapter 2
focuses on pixel-level interaction techniquék fvhile Chapter 3 explores conversable interaction, illustrating how
human-in-the-loop guidance can re ne predictions and tailor the database to user-speci ¢ contexts. Subsequently,
we address implicit self-adaptation based on consistency across various levels of analysis. Chapter 3 introduces
semantic consistency checks, Chapter 4 delves into spatial consiségrenyd Chapter 5 investigates topological
consistency mechanismg|[ Together, these techniques demonstrate how the system can blend user guidance with
internal consistency checks to achieve robust and evolving performance over time.

In summary, this thesis presents a uni ed approach that transcends traditional open-vocabulary recognition and
VQA systems by embedding the principles of self-adaptation. Through both explicit human feedback (facilitated
by system-provided interaction modes) and implicit consistency checks, the proposed system evolves to better
understand its users, tailor its knowledge to their environment, and continually improve the accuracy and relevance
of its predictions.



Chapter 2. Towards Content-based Pixel Retrieval in Revisited Oxford and
Paris

2.1 Introduction

Image retrieval is a long-standing and fundamental computer vision task and has achieved remarkable advances.
However, because the retrieved ranking list contains false positive images and the true positive images contain
complex co-occurring backgrounds, users may nd it dif cult to identify the query object from the ranking list. In

this paper, we execute a user study and show that providing pixel-level annotations can help users better understand
the retrieved results. Therefore, this paper introduces the pixel retrieval task and its rst benchmarks. Pixel retrieval

is de ned as searching pixels that depict the query object from the database. More speci cally, it requires the
machine to recognize, localize, and segment the query object in database images in run time, as shown in Figure 2.1.

Similar to semantic segmentation, which works as an extension of classi cation and provides pixel-level category
information to the machines, pixel retrieval is an extension of image retrieval. However, pixel retrieval differs from
existing semantic segmentatiot8[ 157, 76] in two aspects: the ne-grained particular instance recognition and
the variable-granularity recognition.

On the one hand, pixel retrieval asks the machine to consider the ne-grained information to segment the same
instance with the querg.g, segment the particular query building in the street gures that contain many similar
buildings. This is different from existing semantic segmentatitd) &nd instance segmentatiorg, 157]. Semantic
segmentation only requires the category level informatog, to segment all the buildings in the street gures. On

top of semantic segmentation, instance segmentation additionally requires demarcating individual irsgances,
segmenting all the buildings and giving the boundary of each building separately. However, instance segmentation
does not distinguish the differences among the buildings [157, 76, 18].

On the other hand, pixel retrieval requires adjusting the recognition granularity as needed. The query image can be
the whole building or only a part of the building. The search engine should understand the intention of the query and
adjust the segmentation granularity in demand. This differs from existing segmentation benclrdarkg, [69,

34, 39], where the recognition granularity is xed in advance. Therefore, the pixel retrieval task is supplementary
to semantic and instance segmentation by considering the recognition and segmentation featured with ne-grained
and variable-granularity properties, which are also fundamental visual abilities of humans.

In order to promote the study of pixel retrieval, we create the pixel retrieval benchmarks Pixel-Revisited-Oxford
(PROXxford) and Pixel-Revisited-Paris (PRParis) on top of the famous image retrieval benchmarks Revisited-Oxford
(ROxford) and Revisited-Paris (RParig)[ 92, 97]. There are three reasons to use ROxford and RParis as our
base benchmarks. Firstly, they are notoriously dif cult and can better re ect the search engines' performance.
Secondly, each query in these datasets has up to hundreds of positive images, so they are suitable for evaluating the
ne-grained recognition ability. Thirdly, every positive image is guaranteed to be identi able by people without
considering any contextual visual information [97].

We provide the segmentation labels to a total of 5,942 images in ROxford and RParis. To ensure the label quality,
three professional annotators independently label the query-index pairs and then re ne and check the labels. The



Figure 2.1: Example scenarios of image retrieval and pixel retrieval for the same query image. Pixel retrieval offers pixel-level
annotation (red outlines) on the target object. Our user study shows that pixel retrieval can signi cantly improve the user
experience (Sec. 2.3). Yellow boxes in the searched results indicate the ground truth ones. You can check our user study from
this link. To start the user study, please enter any character into the “unique Proli c ID” blank.

annotators are aged between 26 to 32 years old and have worked full-time on annotation for over two years. We
then design new metrics, mMAP@50:5:95, and mAP, to evaluate the pixel retrieval performance (Section 2.2).

We provide an extensive comparison of State-Of-The-Art (SOTA) methods in related elds, including image search,
detection, segmentation, and dense matching with our benchmarks. We have some interesting ndings from the
experiment. For example, we nd the SOTA spatial veri cation methdtls B8] give a high inlier number to some

true query-index pairs but match the wrong regions. We nd the dense and pixel-level apprd;H&€] helpful

for the pixel retrieval task. Most importantly, our results show that pixel retrieval is dif cult, and further research is
needed to advance the user experience on the content-based searzh task.

Our contributions are as follows:

* We introduced the pixel retrieval task and provided the rst two landmark pixel retrieval benchmarks,
PROXxford and PRParis. Three professional annotators labeled, re ned, and checked the labels.

* We executed the user study and showed that the pixel level annotation could signi cantly improve user
experience.

» We performed extensive experiments with SOTA methods in image search, detection, segmentation, and



dense matching. Our experiment results can be used as the baselines for future study.

2.2 Content-based pixel retrieval

2.2.1 Why Reuvisited Oxford and Paris?

We design the rst content-based pixel retrieval benchmarks, PROxford and PRParis, directly on top of the famous
image retrieval benchmarks Revisited-Oxford (ROxford) and Revisited-Paris (RPi9p] 97]. Oxford [91]

and Paris92] are introduced by Philbiet al. in 2007 and 2008, respectively. Their images are obtained from
Flickr by searching text tags for famous landmarks in Oxford University and Paris. RadenaVif97] re ned the
annotations and updated more dif cult queries for them in 2018; the re ned datasets are called ROxford and RParis.

We choose ROxford and RParis because they are among the most popular image retrieval benchmarks. Many
well-known image retrieval methods are evaluated on them, from the traditional methods like Ro&8IFT [
VLAD [55], and ASMK [13(, to the recent deep learning based methods like R-MAR][ GeM [98], and

DELF [88].

These datasets are the ideal data sources for our pixel-retrieval, thanks to several properties. Firstly, compared to
other famous datasets like image matching Phototouri&iraind dense matching Megadep@7], the positive

image pairs in ROxford and RParis have severe viewpoint changes, occlusions, and illumination changes. The
new queries added by Radenoeical. [97] have cropped regions that cause extreme zooms with the positive
database images. These properties make the ROxford and RParis notoriously dif cult. Secondly, each query image
contains up to hundreds of positive database images, while other datasets, such as URBearahiloliday b4,

only have 4 to 5 positive images for each query. A large amount of challenging positive images are suitable for
evaluating ne-grained recognition ability.

The Google Landmark Dataset (GLOY3 encompasses more landmarks than ROxford and RParis. However,
ROxford and RParis outshine GLD in labeling quality. Notably, they stand as distinct benchmarks for contrasting
machine and human recognition prowess.

It is known that people cannot easily recognize an object if it changes its pose signi ca4ithp(it we do not

know where the limit is. ROxford and RParis dhe only existing datasets that can re ect the human ability

to identify objects in the landmark domain to the best of our knowledge. Every positive image in ROxford and
RParis is checked by ve annotators independently based on the image appearance, and all the unclear cases are
excluded 97]. This kind of annotation has two bene ts. Firstly, although these benchmarks are dif cult, the positive
images are guaranteed to be identi able by people without considering any contextual visual infor@dtion [

This shows the possibility of enabling the machine to recognize these positive images by only analyzing the
visual clue in the given query-index image pair. Secondly, these datasets can be used to compare human and
machine recognition performance; human-level recognition performance should identify all the positive images.
Although the classi cation performance (the top 5 accuracy) of machines on ImageNet has surpassed that of
humans 105, the SOTA identi cation ability about the rst-seen objects in ROxford and RParis is still far from
human-level [63, 6, 21].

2.2.2 From image retrieval to pixel retrieval

In a similar spirit that semantic segmentation works as an extension of classi cation and provides pixel-level category
information to the machines, pixel retrieval is an extension of image retrieval. It offers information about which



Figure 2.2: Labeling process.

pixels or regions are related to the query object. This task is very helpful when only a small region of the positive
image corresponds to the query. Such situations frequently happen in many image retrieval applications, such as
web searchq7, 61, 70], medical image analysi8D, 20, 149, geographical information systemd5, 160, 116,

and so on. We discuss the related applications in Section 2.3. Distinguishing and segmenting the rst-seen objects
is also one basic function of human vision systdr(; it is meaningful to understand and automate this ability.

Some previous works also noticed the importance of localizing the query object in the searched image. They have
tried to combine image search and object localizat&iy 70, 114]. However, due to the lack of a challenging

pixel retrieval benchmark, they show only the qualitative result instead of the quantitative performance. Pixel-level
labeling and quality assurance are arduous. In this work, 5,942 images are labeled, re ned, and checked by three
professional annotators. We hope this benchmark can boost and encourage future research on pixel-level retrieval.

We also compare our pixel-retrieval benchmark with segmentation, image matching, and dense matching bench-
marks in the supplementary material.

2.2.3 Pixel-level annotation

Images to annotate.ROxford and RParis each contains 70 queries. The 70 queries are divided into 26 and 25
qguery groups in ROxford and RParis, respectively, based on the visual similarity; queries in the same query group
share the same ground truth index image list. There are total 1,985 and 3,957 images to annotate for our PROxford
and PRParis, respectively.

Mask annotation. Figure 2.2 shows our labeling process. Researchers with a computer vision background rst
annotate the target object in each query image. Each annotator for our new benchmark observes all the queries with
masks in a query group and labels the segmentation mask for the images in the ground-truth list. Annotators are
asked to identify the query object in the labeling image rst and then label all the pixels depicting the target object.
We show the query masks and the labeling instruction details in the supplementary materials.



Objectivity. To ensure the pixel retrieval task and our benchmark are objectively de ned, we adopt two approaches.
Firstly, we use query masks to distinctly identify the target objects and segregate them from the baclempund (

the sky), occlusionse(g.,other buildings), and the remaining part of the same building if the object is only a
small part of it. These masks guide the removal of background and indicate the query boundary. Secondly, by
examining the query with masks, our annotators reach a consensus on the target object and its boundary, thereby
avoiding disagreement about our query intention. This consensus-based approach is a common method for reducing
subjectivity in recognition tasks; it is also employed in the original ROxford and RParis benchmarks, where voting

is used to determine the nal ground truth for each query [97].

We retain small-sized occlusion objects, like windows and fences, during annotation. While this may involve
subjective judgments regarding what quali es as a small-sized occlusion, it is worth noting that well-known
semantic segmentation datasets like V@@ pnd COCO §9] also involve subjective elements, such as identifying
objects on a table as a table or the background behind the bike wheel as a bike. Such subjectivities are inevitable,
given the dif culty of removing them. Nonetheless, they do not diminish the usefulness of benchmarks as reliable
metrics for evaluating state-of-the-art methods. We include in the supplementary materials our mask rules, all the
gueries with masks, and our consensus checking.

Quality assurance.To improve the annotation quality, every query-index image pair labeling is performed by three
professional annotators following the three steps: 1) anno- tate; 2) re ne + inspect; 3) re ne + insp, as shown in
Figure 2.2. The three annotators are aged between 26 to 32 years old and have worked on annotation full-time for
over 2 years. Their works have been quali ed in many annotation projects.

2.2.4 Evaluation metrics

Pixel retrieval from the database. Pixel retrieval aims to search all the pixels depicting the query object
from the large scale database images. An ideal pixel retrieval algorithm should achieve the image ranking,
reranking, localization, and segmentation simultaneously. To the best of our knowledge, there is no existing
pixel retrieval metric yet. Detection and segmentation tasks usually use mloU and mAP@50:5:95 as the standard
measurementlD3. Image retrieval methods commonly use mAP as the mediff We combine them to evaluate

the ranking, localization, and segmentation performance in pixel retrieval. Each ground-truth image in the ranking
listis treated as a true-positive (TP), only if its detection or segmentation Intersection over Union (loU) is larger
than a threshold. The other process of calculating AP and mAP follows the traditional image search mAP. Note
that the mAP calculation methods in image search and traditional segmengfliand different; image search
focuses more on ranking. Similar to detection and segmentation elds, the thresi®get from 0.5 to 0.95,

with step 0.05. The average of scores under these thresholds are the nal metric MAP@50:5:95. It is desirable to
report both detection and segmentation mAP@50:5:95 for the methods that can generate pixel-level results; high
segmentation performance does not necessarily lead to high localization performance, as shown in Sec 2.5. We
follow the medium and hard protocols in ROxford and RParis [97] with and withdditdistractors.

Pixel retrieval from ground-truth query-index image pairs. We can use existing ranking/reranking methods

and treat the remaining process as one-shot detection/segmentation. In this case, the detection or segmentation
performance is evaluated using the mean of mloU of all the queries, where mloU is the mean of the loUs for all the
ground-truth index images. We do not consider the false pairs because the ranking metric mAP well re ects the

in uence of false pairs in the ranking list.



Figure 2.3: Design of the study on web search user experience. Image retrieval refers to a setting where no annotations are
provided, whereas Pixel retrieval refers to a setting where pixel-level annotations are provided. 40 participants were divided into
four groups and we counterbalanced the type of questions across the groups. Numbers 1 to 16 indicate the 16 questions.

2.3 Applications of pixel retrieval

Pixel retrieval requires the machine to recognize, localize, and segment a particular rst-seen object, which is one
of the fundamental abilities of the human visual system. It is useful for many applications. In this section, we rst
show that it can signi cantly improve the user experience in web search. We then discuss how pixel retrieval can
help image-level ranking techniques. Finally, we introduce some other applications that may also bene t from pixel
retrieval.

Web search user experience improvementodern image retrieval techniques focus on improving the image-level
ranking performance of hard cases, such as images under extreme lighting conditions, novel views, or complicated
occlusions. However, users may not easily perceive a hard case as a true positive, even if it is at the top of the
ranking list. We claim that pixel-level annotation can signi cantly improve the user experience on the web search
application.

To see how pixel-level annotation improves the user experience on image search, we ran a user study where users
were asked to nd images that contain a given target among candidate images in two different conditions; the
one with pixel-level annotations.€., Pixel retrieval) and the other with no annotations.(Image retrieval). We

recruited 40 participants on Proli‘cand compared the time taken to complete the task between the two conditions.

Participants were asked to complete 16 questions in total, where eight of them were Pixel retrieval and the other
eight were Image retrieval. We divided the participants into four groups and counterbalanced the type of questions
(Figure 2.3). For each question, participants were given a query image and 12 candidate images. There were three
true positives and nine false positives in the candidate images, and we randomly chose ground truth images of other
queries as false positives. We shuf ed the order of the candidate images and asked participants to choose three
images that contain the query image ( true positives) among them. FiguP@ shows one of the 16 questions.

You can check our user study from this link. To start the user study, please enter any character into the “unique
Proli c ID” blank. Anonymity is guaranteed.

Our results show that participants completed the task faster when the pixel-level annotations were presented
(mean=37.07s, std=49.76s) than when no annotations were presented (mean=53.71s, std=80.08s). The difference
between two conditions is statistically signi cant (T-test, p-value=0.00091), and participants responded that it was
helpful to see annotations in completing the task (mean=6.375/7, std=0.89).

1prolic.co



Other applications. Image retrieval techniques have been applied to many applications, such as medical diagnosis
and geographical information systems (GIS). The pixel-level retrieval is also desirable for these applications. For
example, the size of medical and geographical images are usually huge, and the doctors and GIS experts are
interested in retrieving regions of the particular structures or landmarks from the whole images in the dathase |

20, 80, 160].

Pixel retrieval can also help image mattirigt], 148 153. Current image matting techniques rely on the user's

click to con rm the target matting regioriLft1, 148 153. Our pixel retrieval provides a new interaction method:
deciding the target object based on the query example. This query-based interaction can signi cantly reduce user
effort in situations where many images depict the same object [115].

2.4 Experiment

We evaluate the performance of state-of-the-art (SOTA) methods in multiple elds on our new pixel retrieval
benchmarks. Our new pixel retrieval task is a visual object recognition problem. It requires the search engine
to automate the human visual system's ability to identify, localize, and segment an object under illumination
and viewpoint changes. It can be seen as a combination of image retrieval, one-shot detection, and one-shot
segmentation. We introduce these related tasks and their SOTA methods in this section, and we implement these
SOTA methods and discuss their results in Section 2.5.

2.4.1 Localization in retrieval

Some pioneering works$[, 70, 114 in image retrieval emphasized the importance of localization and tried to
combine the retrieval and detection methods. However, due to the lack of a standard pixel retrieval benchmark,
these pioneering works only showed qualitative results instead of quantitative comparisons. In this paper, we
implement and compare the SOTA localization-related retrieval methods on our new benchmark dataset. They can
be divided into two categories: spatial veri cation (SP) and detection.

SP [114, 79, 11, 88, 21] is one of the most popular reranking approaches in image retrieval. It is also known as
image matchingg6]; SP and stereo task in Image Matching Challenge (IMSE) §hare the same pipeline and
theory except for the nal evaluation step. In this work, we selected the local features and matching hyperparameters
with the best retrieval performance on ROxford and RParis, which contain more challenging cases than datasets in
IMC.

SP compares the spatial con gurations of the visual words in two images. Theoretically, it can achieve veri cation
and localization simultaneously. However, the image-level ranking performance cannot fully re ect the SP accuracy
or localization performance. In the hard positive casgsg, where many repeated patterns exist in the background,
even though SP generates a high inlier number and ranks an image on top of the ranking list, the matched visual
words can be wrong due to the repeated patterns. Our pixel retrieval benchmark can not only evaluate the localization
performance, but also better re ect the SP accuracy and be helpful for future SP studies.

Researchers mainly focus on generating better local features to improve SP performance. The classical local
features have SIFT7P], SUFT [14], and rootSIFT 11]. Recently, DELF 88] and DELG P1] local features,

which are learned from the large landmarks training $48|[ achieve the SOTA SP result. We evaluate the SP
performance with SIFT, DELF, and DELG features on our new benchmark datasets in this paper.

Another localization-related image search approach is to directly apply the detection méthads 102, 103 137,



124, 126. Faster-RCNN 103 and SSD detectof7[7/] ne-tuned on a huge manually boxed landmark datas26]

achieve the SOTA detect-related retrieval reslitg]. Detect-to-retrieve (D2R)126] uses these ne-tuned models

to detect several landmark regions for a database image and uses aggregation methods like the Vector of Locally
Aggregated Descriptors (VLADBP] and the Aggregated Selective Match Kernel (ASMKRT] to represent each

region. To better check the effect of the aggregation methods, we also implement the Mean aggregation (Mean),
which simply represents each region using the mean of its local descriptors. The region with highest similarity can
be seen as the target region for a given query. We evaluate the combination of different detectors and aggregation
methods on our pixel retrieval benchmarks.

2.4.2 One-shot detection and segmentation

We can treat pixel retrieval as combining image retrieval and one-shot detection and segmentation. We test the
performance of these approaches.

The Vision Transformer for Open-World Localization (OWL-ViT89] is a vision transformer model trained on the
large-scale 3.6 billion images in LiT datas&bp]. It has shown the SOTA performance on several tasks including
one-shot detection. The One-Stage one-shot Detector (OS2D) combines and re nes the traditional descriptor
matching and spatial veri cation pipeline in image search to do the one-shot detection. It achieves impressive
detection performance in several domaimg, retail products, buildings, and logos. We test these two detection
methods on our new benchmarks.

The Hypercorrelation Squeeze Network (HSN&Y][is one of the most famous few-shot segmentation methods.

It nds multi-level feature correlations for a new class. The Mining model (Minirk( exploits the latent

novel classes during the of ine training stage to better tackle the new classes in the testing time. The Self-Support
Prototype model (SSPB§] generates the query prototype in testing time and uses the self-support matching to get
the nal segmentation mask. The self-support matching is based on one of the classical Gestalt pr@iples [
pixels of the same object tend to be more similar than those of different objects. It achieves the SOTA few-shot
segmentation results on multiple datasets. We evaluate these three methods on our new pixel retrieval benchmarks.

2.4.3 Dense matching

Different from image matching (SP in this paper), which calculates the transformation between two images of the
same object from different views, dense matching focuses on nding dense pixel correspondence. We check if
we can use the SOTA dense matching methods to correctly nd the correspondence points for pixels in the query
image and achieve our pixel retrieval target.

GLUNet [134 and RANSAC- ow [112 are popular among many famous dense matching methods. Recently,
Truonget al. have shown that the warp consistency objective (Warfi@9 [and the GOCor modulelB3 can

further improve the performance and achieve the new SOTA. Another popular method is PDC3%ldt can
predict the uncertainty of the matching pixels. The uncertainty can be useful for our pixel retrieval task, which
is sensitive to the outliers. We test the origin GLUNet, GLUNet with WarpC (WarpC-GLUNet), GLUNet with
GOCor module (GOCor-GLUNet), and PDC-Net in Table 2.1.

2.4.4 Experiment detail

We try our best to nd the best possible result for each method on our novel benchmark. The retrieval localization
methods employed in this study, including image matching (SP in this paper) and D2R, were con gured to achieve
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Figure 2.4: Qualitative comparison of the SOTA methods in different elds on the pixel retrieval benchmarks. Blue masks
represent the prediction results of each method. For SP and WarpCGLUNet, we consider the union of all the matching points as
the prediction masks. We also show the inlier numbers for the SP method. Pixel retrieval is challenging for existing methods
and further research is needed.

optimal performance on ROxford and RParis. These methods rely on precise localization to enhance image retrieval
performance. Thus, we adopt the same experimental con gurations in our similar pixel retrieval benchmark.
Similarly, dense matching methods, which encompass geometric and semantic matching tasks, are expected to
operate directly on our pixel retrieval benchmark, as per task de nitions. We evaluate its geometric models with the
best performance on MegaDep#¥] and ETH3D [L11], datasets that feature actual building images, rendering
them the ideal valid sets for our benchmark. The difference is that our dataset contains more extreme viewpoints
and illumination changes. Moreover, we evaluate the performance of semantic models to see if including semantic
information can enhance rigid body recognition in our benchmarks. We refrained from ne-tuning the segmentation
methods as there is no segmentation training set pertaining to the building domain to the best of our knowledge.
Our comprehensive experimental ndings can be employed as baseline metrics for future comparisons. We include
the detailed experimental con gurations for each method in the supplementary materials and intend to make them,
along with their codes, publicly available.

2.5 Results and discussion

We report the results of pixel retrieval from ground-truth image pairs (mean of mloU) for all the above mentioned
methods in Table 2.1. We choose one to two representative methods for each eld and show their qualitative results
in Figure 2.4. To evaluate the performance of pixel retrieval from database, we combine these methods with SOTA
image level ranking and reranking methods: DELG and hypergraph propagationgH®Jd show their nal
MAP@50:5:95 in Table 2.2.

Although SP achieves impressive image-level retrieval results [21, 88], it shows suboptimal performance on pixel
retrieval. We observe some true positive pairs where SP gives a high inlier number but matches the wrong regions.
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Table 2.1: Results of pixel retrieval from ground truth query-index image pairs (% mean of mloU) on the PROxf/PRPar
datasets with both Medium and Hard evaluation protocols. D and S indicate detection and segmentation results respectively.
Bold number indicates the best performance, and underitieates the second one.

Medium Hard
Method PROXxf PRPar PROxf PRPar avg.
D S D S D S D S

Retrieval and localization uni ed methods

SIFT+SP [91] 26.1 | 109 | 24.2 | 9.7 182 | 7.3 19.3 | 7.8 | 15.44
DELF+SP [88] 43.7 | 200 | 40.7 | 16.7 | 33.2 | 139 | 32.2 | 12.4 | 26.60
DELG+SP [21] 44.1 | 19.7 | 40.1 | 165 | 34.8 | 145 | 31.2 | 11.7 | 26.57
D2R [126]+Resnet-50-Faster- | 20.2 - 29.6 - 16.7 - 27.4 - -
RCNN+Mean
D2R [126]+Resnet-50-Faster- | 25.8 - 37.5 - 21.6 - 355 - -
RCNN+VLAD [55]
D2R [126]+Resnet-50-Faster- | 26.3 - 38.5 - 21.6 - 35.6 - -
RCNN+ASMK [128]
D2R [126]+Mobilenet-V2- 19.7 - 25.9 - 20.1 - 27.9 - -
SSD+Mean
D2R [126]+Mobilenet-V2- 23.1 - 33. - 20.9 - 33.6 - -
SSD+VLAD [55]
D2R [126]+Mobilenet-V2- 22.4 - 34.0 - 20.8 - 33.1 - -
SSD+ASMK [128]
Detection methods
OWL-VIT (LiT) [83] 11.4 - 18.0 - 6.3 - 15.0 - -
0S2D-v2-trained [89] 10.5 - 13.7 - 11.7 - 14.3 - -
0S2D-v1 [89] 7.0 - 8.5 - 8.7 - 9.2 - -
0S2D-v2-init [89] 13.6 | - 154 | - 140 | - 151 | - -

Segmentation methods

SSP (COCO) + ResNet50 [35] | 19.2 | 34.5 | 31.1 | 48.7 | 151 | 25.3 | 290.8 | 41.7 | 30.68
SSP (VOC) + ResNet50 [35] | 19.7 | 34.3 | 31.4 | 488 | 16.1 | 26.1 | 30.3 | 40.4 | 30.89
HSNet (COCO) + ResNet50 [82]| 23.4 | 32.8 | 37.4 | 41.9 | 21.0 | 25.7 | 34.7 | 36.5 | 31.67
HSNet (VOC) + ResNet50 [82] | 21.0 | 29.8 | 31.4 | 39.7 | 17.1 | 23.2 | 29.7 | 34.9 | 28.35
HSNet (FSS) + ResNet50[82] | 30.5 | 35.7 | 39.4 | 40.2 | 22.7 | 25.1 | 34.7 | 32.8 | 32.64
Mining (VOC) + ResNet50 [150] | 18.3 | 30.5 | 29.6 | 42.7 | 15.1 | 21.4 | 28.1 | 34.3 | 27.50
Mining (VOC) + ResNet101 [150]| 18.1 | 28.6 | 29.5 | 40.0 | 14.2 | 20.4 | 28.2 | 34.4 | 26.68

Dense matching methods

GLUNet-Geometric [134] 18.1 | 13.2 | 228 | 15.2 | 7.7 46 | 13.3| 7.8 | 1284
PDCNet-Geometric [135] 29.1 | 24.0| 30.7 | 21.9 | 20.4 | 15.7 | 20.6 | 12.6 | 21.87
GOCor-GLUNet-Geometric [133]| 30.4 | 26.0 | 33.4 | 25.6 | 20.8 | 16.0 | 19.8 | 13.3 | 23.16
WarpC-GLUNet-Geometric 313 | 254 | 36.6 | 27.3 | 21.9 | 158 | 26.4 | 17.3 | 25.25
(megadepth) [136]
GLUNet-Semantic [134] 185 | 144 | 224 | 156 | 8.7 5.6 128 | 7.8 | 13.22
WarpC-GLUNet-Semantic [136] | 27.5 | 21.4 | 36.8 | 25.7 | 185 | 11.9 | 28.3 | 17.6 | 23.46
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Table 2.2: Results of pixel retrieval from database (% mean of mMAP@50:5:95) on the PROxf/PRPar datasets and their
large-scale versions PROxf+1M/PRPar+1M, with both Medium (M) and Hard (H) evaluation protBeclfndicates the best
performance anold indicates the second best performance.

PROXf PROxf+R1M PRPar PRPar+R1M | Overhead
M | H M | H M | H M H |per 100
Image retrieval: DELG initial ranking [21] + HD reranking [6] pairs
DELG + SP [21] 39.6 | 305 | 36.0 | 28.2 | 348 | 20.2 | 347 | 195 | 41.22s
Pixel D2R+Faster-RCNN+ASMK126| 30.1 | 23.5 | 30.5 | 22.0 | 26.3 | 253 | 25.7 | 249 | 0.11s
retrieval OWL-VIT [83] 123 | 6.6 | 121 | 136 | 7.9 7.6 7.9 7.8 | 296.21s
methods SSP [35] 33.0| 29.7 | 35.7 | 305 | 46.4 | 37.2 | 456 | 37.2 | 62.33s
WarpCGLUNet [136] 312 | 326 | 315 | 31.7 | 341 | 27.3 | 343 | 28.1 | 181.64s

For example, in the rst easy case in Figure 2.4, SP with DELG features generates 19 inliers, but none of the inliers
are in the target object region. Note that 19 inlier number is high and only 4 false positive images are ahead of the
this easy case in the nal DELG reranking lig]]. This is not to say DELG is bad; in fact, its matching results are

quite good in most cases. We choose this striking example only to show that the image-level ranking performance is
not enough to re ect the SP accuracy. Our pixel retrieval benchmarks can be used to evaluate the matched features
locations of SP.

For SP, both deep-learning features DELF and DELG signi cantly outperform the SIFT features. Interestingly,

although DELG shows better image retrieval performadgthan DELF, it is slightly inferior to DELF in the

pixel retrieval task. One reason might be that though DELG generates more matching inliers for the positive pairs
than DELF, these inliers tend to exist in a small region and do not re ect the location or size of the target object.
Improving SP performance in both image and pixel level can be a practical research topic.

Although the detect-2-retrieval € is inferior to SP in image retrieval[l, 88, 97], it shows better performance

than SP in our pixel-level retrieval benchmarks. We conjecture that the detection models tend to cover the whole
building more than SP. Our benchmark is helpful in checking this conjecture and designing a better pixel retrieval
model for future works. The results of the region detector and the aggregation method are similar to the trend in
image searchl26. The VLAD and ASMK aggregation methods signi cantly improve the Mean aggregation. A
faster-RCNN-based detector shows better performance than SSD.

For dense matching methods, GLU-Net using warp consistency or GOCor module and PDC-Net show better results
than other models. This trend is similar to that in the dense matching benchmark Megadepth [67].

The segmentation methods signi cantly outperform other methods in terms of the mean of segmentation mloU.
However, their detection mloU results are not so impressive. They tend to predict the entire foreground, which
contains the target building, as shown in the SSP line of Figure 2.4. Among the segmentation methods, SSP shows
better segmentation than others, showing its self-support approach is helpful for nding more related pixels.

Another interesting nding is that better image ranking mAP does not necessarily brings better pixel retrieval
MAP@50:5:95, as shown in Table 2.2. The reason might be that the image search techniques rank some hard cases
high, but detection methods do not well localize the query object in them.

It is interesting to note that segmentation and dense matching methods have demonstrated superior mloU results
compared to matching-based and detection-based retrieval methods, despite not being originally designed for
retrieval tasks. However, to effectively tackle the pixel retrieval task, these methods must work in conjunction with
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image search techniques. While dense matching and segmentation methods are better suited for identifying target
object areas, they may not achieve ne-grained recognition. In contrast, existing retrieval methods tend to identify
certain textures or corners but lack the ability to capture the entire object's shape. Without a reliable benchmark,
retrieval methods may simply associate an object and its context to improve image-level performance, leading to
low localization and segmentation results, as we discussed above. We did our best to prepare our new benchmark
so that it can provide a valuable evaluation for novel methods targeting pixel retrieval, which requires ne-grained
and variable-granularity detection and segmentation. Moreover, we nd pixel retrieval challenging. The current
best MAP@50:5:95 in PROxford and PRParis at medium setting without distractors are only 37.3 and 47.0.

2.6 Future works

We present a novel task termed "Pixel Retrieval." This task mandates segmentation but transitions from a semantic
directive to the content-based one, thus bypassing semantic vagueness. Concurrently, it demands large-scale,
instance-level recognition—a subject frequently explored by the retrieval community. This innovative task poses
several unigue challenges, some of which we outline below:

2.6.1 Enhancing accuracy

For a superior user experience, it's vital to embrace methods, work ows, and datasets that bolster accuracy. Our
ndings illustrate that segmentation and dense matching methods are bene cial, especially when an image ranking
list is provided using existing retrieval techniques. Beyond merely superimposing segmentation over retrieval,
a compelling approach would be to rank images based on the results of the segmentation. Further insights and
experimental outcomes in this regard are available on our website.

Although the introduction of new datasets, even those echoing the landmarks in our benchmarks, is commendable,
it's pivotal to articulate their application to discern the sources of performance enhancements. If PROxford/PRParis
and ROxford/RParis are employed as benchmarks, it's crucial to ensure the consistent usage of the same training
set. Given the public accessibility of our ground truth les, it's imperative to prevent any unintended data leaks
during training.

2.6.2 Scalability and speed

A major challenge lies in scaling the algorithms and augmenting the retrieval speed. Techniques like segmentation
and dense matching, which compute for every pair, inherently lag in speed when compared to retrieval methods
such as ASMK and D2R. Therefore, swift methods that can cater to extensive scales are highly sought after.

2.6.3 Innate visual recognition and The signi cance of training data

The prevalent trend in research is to amass expansive training or ne-tuning sets closely aligned with test in-
stances—certainly a commendable approach. However, intriguingly, humans exhibit an innate ability to discern
instances in query images. Our annotators, despite being unfamiliar with European landmarks, could effortlessly
segment target objects in each positive image, even when subjected to extreme lighting and perspective alterations.
What fuels this innate recognition? Is it purely due to extensive prior exposure, or are there underlying mechanisms
at play? How pivotal is the training dataset in replicating human-like content-based segmentation, especially when
semantic in uences are excluded? These questions beckon exploration.
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2.7 Conclusion

We introduced the rst landmark pixel retrieval benchmark datasetsPROxford and PRParis, in this paper. To

create these benchmarks, three professional annotators labeled, re ned, and checked the segmentation masks for
a total of 5,942 image pairs. We executed the user study and found that pixel-level annotation can signi cantly
improve the user experience on web search; pixel retrieval is a practical task. We did extensive experiments to
evaluate the performance of SOTA methods in multiple elds on our pixel retrieval task, including image search,
detection, segmentation, and dense matching. Our experiment results show that pixel retrieval is challenging and
further research is needed.
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Chapter 3. Re ector, Connector, and Controller: Enhancing Large
Multimodal Models for Fine-Grained Domains

3.1 Introduction.

Large Multimodal Models (LMMs), such as GPT-48][ Gemini-1.5 [L25, and Claude-39], have demonstrated
remarkable advancements in visual understanding. However, recent sfiisies47] reveal a notable performance

gap between LMMs and their vision encoders in image classi cation. This gap arises due to the limited availability
of vision instruction tuning data. For instance, on the ImageRé€tdlassi cation task with 1,000 categories,
GPT-4V achieves an accuracy of only 60.6%, signi cantly trailing behind CLIP-based models such as GQ9p-L [
which achieve 74.8%. This performance disparity is critical as image classi cation serves as the foundation for
numerous advanced vision-language tasks.

To address this challenge, we decompose image classi cation within LMMs into two stages: initial inference and
re ection. While LMMs often struggle to accurately infer the correct category in the initial stage, we nd that they
excel in verifying whether the initial inference aligns with the expected category—a process we term "re ection."
While the concept of re ection has been explored in text-based decision-making and prograrhfrdndgt$
application in image recognition remains largely untapped.

To investigate why LMMs can perform re ection, we analyze their vision token representations. Speci cally,
we design a reverse embedding layer based on the linear text embedding layer to map vision tokens to their
corresponding textual descriptors. Applying this reverse embedding layer to the vision tokens reveals that the key
textual terms used by the LMM to describe an image are directly encoded in these vision tokens.

To validate this, we replace the original image input with the extracted key textual descriptors and observe that the
LMM generates similar responses. This demonstrates that vision token features encapsulate much (though not all)
of the detailed visual information in an explicit and interpretable manner, rather than relying solely on implicit
representations.

This insight sheds light on the limitations of LMMs in classi cation tasks: the connector module fails to generate
vision tokens that capture the ne-grained descriptions required for accurate classi cation. However, LMMs
demonstrate strong re ection capabilities because their vision tokens encode descriptive terms from multiple
perspectives, enabling the model to reason effectively based on these conceptual associations.

Inspired by this observation, we propose a training-free connector that seamlessly integrates several ne-tuned
vision encoder across various domains. To manage this multi-domain integration, we introduce the Frontal Module,
which dynamically controls the ow of information between vision encoders and the LMM. The Frontal Module
determines when to adopt domain-speci c vision encoder outputs and selectively applies re ection for uncertain
predictions, thereby enhancing the overall performance.

In summary, our contributions are as follows:

1. Bridging the Vision-Language Gap: We address the critical challenge of aligning vision encoders with
LMMs, a limitation highlighted in prior research.
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Figure 3.1: We divide the classi cation process into two stages: (1) initial inference and (2) re ection. The initial inference
uses a conventional CNN- or ViT-based approach with a linear or MLP classi er. In the re ection stage, the model revisits
the initial predictions to verify or correct potential misidenti cations, mimicking human cognition, where the temporal lobe
supports initial recognition and the frontal lobe facilitates re ective judgment.

2. Re ection for Improved Accuracy: We leverage the re ection capabilities of LMMs to improve classi cation
accuracy, demonstrating for the rst time that language models can assist in image recognition tasks.

3. Frontal Module for Dynamic Control: We propose the Frontal Module, a novel approach to managing
multi-domain vision encoders and selectively enabling re ection, achieving state-of-the-art performance
without additional training

3.2 Re ector: LMM itself.

3.2.1 LMMs for re ection.

Large Multimodal Models (LMMSs) like GPT-4VJ], Gemini-1.5 fL25, and Claude-39] has demonstrated
impressive visual understanding capabilities. However, recent studies highlight a key limitation: due to insuf cient
vision instruction tuning data when integrating the vision encoder and language model, LMMs struggle to effectively
decode the information captured by the vision encoilg4,[147. Consequently, current LMMs have dif culty
recognizing ne-grained categories and, despite their signi cantly larger parameter counts, often underperform
compared to widely used vision encoders like CL9B][ For instance, when tasked with selecting the most likely
category from 1,000 candidates on the Imagelf8} fataset, GPT-4V achieves only 60.6% accuracy, whereas
CLIP-based models like CLIP-L reach 74.8%. This gap is crucial, as effective image classi cation is foundational
for enabling more advanced VLM capabilities, such as visual question answering and reasoning.

While increasing the amount of visual instruction tuning data could help address thisisdjjes{ich data is

costly to collect, and training LMMs is resource-intensivg,[131]. A training-free approach that can bridge the
recognition gap between an LMM and its vision encoder—or even enhance the recognition performance of the
vision encoder—would be highly desirable.

Zhanget al.[154] conducted valuable and extensive experiments on various training-free strategies, such as prompt
engineering (e.g., adding "let's think step by step"), reducing label size (e.qg., reducing ImageNet's 1000 categories
to 100 or 20 while ensuring the ground truth remains), and modifying the inference algorithm (e.g., having
LMMs predict the probability of each candidate category rather than directly generating the class name). While
these approaches narrowed the performance gap between LMMs and CLIP models, the gap persists. Ultimately,
improving the image recognition ability of LMMs without additional ne-tuning remains an open challenge.

To achieve this goal, we rst divide the classi cation process into two stages: 1) initial inference and 2) re ection,
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as shown in Figure 3.1. In the initial inference stage, the vision encoder predicts the category directly, bypassing
the language model. The re ection stage then revisits this prediction to verify its accuracy.

Although LMMs struggle with quickly inferring the correct category from a set of candidates, we nd that they
excel in the re ection stage. While LLM re ection has been explored in tasks like text-based decision making and
programming 118, to our knowledge, there are few, if any, previous works examining LMM re ection for image
recognition. Our approach prompts LMMs to verify the accuracy of the initial prediction from the vision model by
asking, “Does the picture show a/an {initially predicted category}?” This prompt directs the LMMs to focus on a
single category at a time, in contrast to prior studiesd 147], which often prompt LMMs to evaluate multiple
categories simultaneously, using questions like “Rank the {list of categories} from most to least likely to describe
the input image” or “What is the image? Choose one from {list of categories}. Let's think step-by-step.”

Figure 3.2 illustrates examples where LMM re ection successfully identi ed incorrect initial inferences made
by the vision model. LMMs appear to use common knowledge to reason and detect erroneous predictions. This
common knowledge includes the familiar situations in which each category is commonly found and the de nition
of the object category. For instance, in the rst column of Figure 3.2, a man in the background is wearing a cap.
The cap resembles some training images of a bathing cap from Imag&etd shown in Figure 3.3, leading
ResNet5049] to mistakenly classify the image as a bathing cap without contextual information. However, by
reasoning about the person's profession and role in the scene, GPT-4V correctly deduces that the cap is unlikely to
be a bathing cap. Figure 3.2 shows both the ResNet50 + GPT-4V and CLIP-ViT-L/32gpx[LaVA-1.6 [ 75, 73]
combinations. Notably, CLIP-ViT-L/336px serves as the vision encoder for LLaVA-1.6, underscoring that even
with the same vision encoder, LMMs still have the potential to re ect on and identify inaccuracies in the initial
inference effectively.

In the following sections, we will delve into the technical reasons behind this re ection capability and present
methods to enhance overall recognition and VQA performance of LMMs across various domains. Before doing so,
we introduce neuroscience insights that motivate us to divide classi cation into two stages.

3.2.2 Neuroscience insights.

Our approach of dividing classi cation into two stages is inspired by ndings that visual stimuli are sequentially
processed across multiple regions in the brain. As illustrated in Figure 3.4, visual stimuli are processed starting
from the occipital lobe to frontal lobe, with the meaning and position of stimuli taking separate pat#A2ay87].

The meaning of visual stimuli is processed through the occipital and temporal lobes, which inspired key properties
of CNNSs, such as spatially localized receptive elds and pooling units that provide invariance to small shifts in
feature positionsg2, 15, 44]. The famous “grandmother cells" were discovered in the temporal lobe. These cells
respond to speci c concepts; they activate when a person sees a photo of their grandmother, a drawing of her, or
even text referring to “grandmother” [96, 47].

In addition to the occipital and temporal lobes, neural activity is also observed in the frontal lobe during advanced
visual recognition-related task$][ such as role-based relational reasoni®d [L39 and trial-unique visual discrim-
ination [120. Role-based relational reasoniry] 139 involves drawing inferences about entities based on the
roles they occupy (e.g., “go with") rather than relying on direct similarity. Trial-unique visual discrimindtagh [
involves distinguishing between similar but distinct objects encountered for the rst time. Beyond these advanced
visual recognition functions, the frontal lobe is also involved in many other executive processes, including planning,
decision-making, and risk assessméit, [L2]. Notably, the size difference between the frontal lobe in humans and
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Figure 3.2: Examples where LMM re ection successfully identi ed incorrect initial inferences made by the vision model.
Yellow sentences highlight the reasons why the LMM deemed the initial inference incorrect. The rst three columns
demonstrate GPT-4V's re ection on ResNet50's initial predictions, where ResNet50's original linear classi er was used for
ImageNet image inference. The last three columns show LLaVA-1.6's re ection on CLIP-ViT-L/336px's initial predictions,
using the text embeddings of the 1,000 ImageNet category names as the parameters for its nal linear classi er. Note that
CLIP-VIiT-L/336px is the vision encoder for LLaVA-1.6, highlighting that even with the same vision encoder, LMMs still have
the potential to re ect on and identify inaccuracies in the initial inference effectively. Further discussion about the technical
reason behind this re ection ability is provided in Section 3.3.
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