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Abstract

Object counting is a fundamental computer vision task, yet existing methods

historically treat it as an unstructured ”bag-of-objects” problem. This disconnects

from the sequential way humans count, hindering model performance in highly

dense or repetitive environments. To address this limitation, this thesis intro-

duces the Chain-of-Look (CoL) visual reasoning framework, a novel paradigm

that explicitly incorporates human-inspired spatial structure and sequential

traversal into the automated counting process.

First, to tackle densely packed clinical environments, the Chain-of-Look

Spatial Reasoning (CoLSR) framework is developed for counting surgical in-

struments. By enforcing a structured visual chain via a novel neighboring loss

function, CoLSR explicitly models spatial constraints to resolve severe occlusion

and visual similarity. To facilitate rigorous evaluation, this research introduces

SurgCount-HD, a comprehensive benchmark of 1,464 clinical images. Extensive

experiments demonstrate that CoLSR significantly outperforms state-of-the-art

counting approaches (e.g., CountGD, REC) and Multimodal Large Language

Models (e.g., Qwen, ChatGPT).

To demonstrate the generalizability of this paradigm, the thesis further intro-

duces a structured counting adapter for diverse scenes. The primary motivation

for this approach is that modern vision architectures already possess robust

xviii



perceptual capabilities and inaccuracies generally arise from the absence of a

systematic method to arrange the localized detections into a logical, topologically

ordered sequence. This research bridges that gap by proposing a lightweight

visual reasoning framework that injects a sequential geometric prior (visual

chain) into a frozen base model, explicitly modeling the step-by-step aggregation

of instances. Extensive experiments across diverse structured counting datasets

demonstrate that this module consistently improves the accuracy of baseline

architectures. Furthermore, its sequence-aware design enables bi-directional

spatial cross-verification, enhancing prediction stability in cluttered scenes while

making intermediate counting steps fully interpretable.

By shifting the counting paradigm from isolated perceptual detection to

spatially ordered sequential reasoning, this thesis provides a highly accurate,

versatile, and transparent solution for object counting in complex visual environ-

ments.

xix



Chapter 1
Introduction

1.1 Motivation

Object counting is an innate cognitive skill that humans begin to develop from

birth. While we are taught the abstract concept of numbers, we are rarely taught

the physical mechanics of counting. Instead, we intuitively follow a spatial

trajectory, creating a mental sequence to group objects and ensure no item is

missed or counted twice. Consequently, machine-based object counting is one

of the most fundamental tasks in computer vision. However, despite the rapid

advancements in Artificial Intelligence, machine counting has been treated as a

detection or density estimation task, ignoring the topological reasoning inherent

to human cognition. Because current models approach counting as an unordered,

bag-of-objects problem, they consistently struggle in dense, occluded, and highly

repetitive scenes.

Inaccurate counting can have severe consequences in various high-stakes

domains. In retail inventory management, counting errors lead to stockouts,

overstocking, and significant financial losses. In traffic analysis, inaccurate
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Figure 1.1: Accuracy vs. Generality. Conceptual trend illustrating the inherent
trade-off between model accuracy and open-set generality. Performance is high
for class-specific models but declines as they generalize to open-set conditions.

vehicle counts can lead to traffic congestion or safety hazards. Most critically, in

surgical environments, counting errors can lead to retained surgical items inside

patients, resulting in severe harm or even fatal clinical outcomes.

The current landscape of object counting models can be broadly categorized

into detection-based [5, 6, 7, 8, 9, 10, 11] and density-based approaches [12, 13, 14,

15, 16, 17, 18, 19, 20, 21, 22]. Density-based models focus on the local regression

of object density, while detection-based models treat instances independently

and aggregate them via simple summation. As illustrated in Figure 1.1, while

these models can achieve high accuracy on strictly defined categories, their

performance steadily declines when generalizing to open-set conditions.

To address these fundamental limitations, this thesis proposes a novel per-

spective on automated counting by aligning machine processes with human-like

visual reasoning. Drawing inspiration from Chain-of-Thought (CoT) [23] rea-

soning, this work introduces Chain-of-Look (CoL) counting. This framework
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models object counting as a sequential, spatially aware aggregation process.

1.2 Research Contributions

The core objective of this thesis is to demonstrate that inducing structural and

topological biases into computer vision models significantly enhances counting

accuracy, robustness, and interpretability. The key contributions are summarized

as follows:

• Novel Human-like Counting Paradigm: This thesis identifies the limi-

tations of current counting paradigms and demonstrates that integrating

human-inspired sequential traversal (visual chains) significantly reduces

omissions and duplicate counts in complex scenes.

• CoLSR Framework for Clinical Environments: The introduction of the

Chain-of-Look Spatial Reasoning (CoLSR) framework for dense surgical

instrument counting. By utilizing a novel neighboring loss and contrastive

feature enhancers, CoLSR explicitly models inter-object relationships and

enforces spatial constraints in highly occluded settings.

• The SurgCount-HD Benchmark: A novel, comprehensive dataset compris-

ing 1,464 high-density surgical instrument images collected from diverse

real-world operating rooms to facilitate rigorous evaluation of clinical

counting systems.

• CoLC Framework for Structured Scenes: The development of Chain-of-

Look Counting (CoLC), a lightweight, plug-and-play module that explicitly

models sequential, spatially-ordered aggregation for generalized struc-

tured counting. CoLC introduces bi-directional coutning as a mechanism
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for spatial cross-verification, providing both high accuracy and verifiable

intermediate counting steps.

1.3 Thesis Organization

The remainder of this thesis is organized as follows. Chapter 2 provides a

comprehensive review of the related literature. Chapter 3 addresses the challenge

of counting in repetitive, highly dense environments, introducing the Chain-

of-Look Spatial Reasoning (CoLSR) framework and the SurgCount-HD dataset.

Chapter 4 generalizes the domain specific visual chain paradigm to diverse,

structured object counting framework Chain-of-Look Counting (CoLC). Finally,

Chapter 5 and 6 concludes the thesis by summarizing the core findings and

outlining promising directions for future research.



Chapter 2
Related Work

2.0.1 Object Counting

Human Counting. The spatial strategies and typical scanning patterns humans

employ when counting stationary objects are deeply rooted in the psychology

of enumeration. Gelman et al. [24] highlight the principle of one-to-one cor-

respondence (each item gets one and only one tag) which strongly implies a

systematic way of going through a set to ensure accuracy. Logan et al. [25] further

demonstrate that the number of eye movement fixations increases linearly with

the number of objects during counting, indicating a sequential, item-by-item

processing strategy when dealing with larger quantities.

Machine Counting. Object counting spans diverse scenarios from highly crowded

scenes to unconstrained, open-world environments [14, 13, 26, 15, 27, 16, 28, 29,

30, 31, 12, 9, 10, 17, 32, 8, 7, 6, 22, 5, 20]. Methodologically, existing approaches are

generally divided into density-based estimation and detection-based counting.

Density-based methods [12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22] regress contin-

uous density maps and integrate them to obtain global counts, making them

particularly effective in crowded scenes where precise localization is unneces-
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sary. In contrast, detection-based methods [5, 6, 7, 8, 9, 10, 11] explicitly localize

individual instances before aggregation, improving interpretability, verifiability,

and uncertainty estimation.

Beyond architectural design, recent works enhance robustness by incorpo-

rating multimodal cues, including text prompts [10, 17, 8, 9, 5, 33], depth in-

formation [10, 9, 34, 35], 3D geometry [36], and segmentation masks [10, 9, 37].

In parallel, zero-shot and few-shot paradigms leverage learned exemplars or

transferable representations [6, 38, 39, 8, 40, 41, 42], enabling competitive per-

formance with minimal supervision and inspiring training-free counting frame-

works [21, 11, 22].

More recently, researchers have explored incorporating human-inspired rea-

soning strategies into visual counting. Motivated by Chain-of-Thought (CoT)

reasoning [23], Chain-of-Look (CoL) introduces structured visual traversal to

improve compositional reasoning in vision tasks [43, 44]. Drawing a parallel to vi-

sion domain, we adopt the CoL prompting strategy to support spatial reasoning

and model the sequential nature of counting by prompting the detected visual

cues in a chained fashion, thereby enabling more structured visual attention

across densely packed and structured objects.

2.0.2 Prompt Tuning

Parameter-Efficient Fine-Tuning (PEFT) approaches, such as prompt tuning [45],

have proven effective in adapting to newer data distributions while reducing

both data and computational requirements. Beyond efficiency, Yao et al. [46]

demonstrate that fusing frozen tokens with learnable prompts further boosts the

generalization and discriminative capability of prompt tuning. Moreover, Kang
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et al. [47] introduce semantic-conditioned prompts that guide the image encoder

toward extracting target-semantic-highlighted visual features.

With these existing contributions in mind, we explore integrating such PEFT

approaches with the existing counting frameworks to address its limitations in

handling out-of-distribution classes, particularly in highly dense scenarios.



Chapter 3
Chain-of-Look Spatial Reasoning for

Dense Surgical Instrument Counting

Figure 3.1: High-density surgical instrument counting. Counting surgical in-
struments reliably in high density scenarios is challenging due to severe visual
clutter and tight spatial packing of objects. To improve robustness, we propose
Chain-of-Look Spatial Reasoning to introduce visual chains into the counting
process, explicitly modeling the sequential characteristic of human visual count-
ing. In the above figure, the first column indicates original high-density surgical
instrument images, the second column presents visual chains and the third col-
umn shows the predicted counting results, where detected surgical instrument
handles are highlighted with laser points.

© 2026 IEEE. Reprinted, with permission, from Rishikesh Bhyri et al. Chain-of-look spatial
reasoning for dense surgical instrument counting. In Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision, pages 8521-8530, 2026.
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3.1 Introduction

Building upon the foundational concepts of visual reasoning discussed in pre-

vious chapters, this chapter explores its application in a high-stakes clinical

environment. Counting surgical objects including instruments before and after a

surgical procedure is a critical safety protocol in Operating Rooms (OR), aimed

at preventing retained surgical items. Despite its importance, this process is still

predominantly performed manually by surgical staff, making it time-consuming,

labor-intensive, and prone to human error, particularly in high-density settings

where instruments are closely clustered or visually occluded. These challenges

are further exacerbated under time pressure or in emergency procedures. Given

that the average operating room costs approximately $100 per minute, delays

caused by manual counting can have significant financial implications in addi-

tion to clinical risks. Thus, automating the surgical instrument counting process

holds great potential to reduce the workload on surgical teams, minimize human

errors, and enhance workflow efficiency and patient safety. However, accurate

automated counting remains a challenging task due to visual complexity and

high similarity among instruments in real-world OR environments.

Most existing approaches to object counting fall into two main categories:

density map-based and detection-based methods. Density map-based methods

estimate object counts by summing the predicted density values across an im-

age, while detection-based methods count the number of predicted bounding

boxes. Although these methods have achieved strong performance in various

scenarios such as crowd counting and open-set counting, they fundamentally

treat counting as a set-based problem, ignoring the sequential nature of how

humans count, particularly in complex, high-density environments. In practice,
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humans typically follow a consistent visual path when counting objects to avoid

omissions or duplications, and to verify the counting. For instance, as shown

in Figure 3.1, technicians and nurses counting the surgical instruments tend to

follow a structured visual sequence, such as scanning from left to right or right

to left. This sequential reasoning process is crucial in ensuring accurate counts

under cluttered and visually challenging conditions, yet it is largely overlooked

in existing automated counting frameworks.

Motivated by the importance of sequential visual reasoning in human count-

ing behavior, this chapter introduces the Chain-of-Look Spatial Reasoning

(CoLSR) framework that explicitly models the counting sequence in dense object

scenes by locating each object as a counting point. CoLSR explicitly models the

sequential nature of human counting, which is particularly critical in complex, high-

density environments. Introducing a direction for counting is especially important

in high-stakes surgical scenarios, where medical staffs always follow a strict

counting direction to ensure accuracy rather than counting instruments in a ran-

dom order. Unlike traditional methods that treat object instances independently,

our CoLSR not only predicts the locations of target objects (e.g., the handles of

surgical instruments in our task) but also captures the spatial dependencies and

structural relationships among them. To achieve this, we first generate visual

chains using a transformer-based counting model, CountGD [8]. These visual

chains provide guidance for our model, enabling it to reason spatially and im-

prove prediction accuracy. To further align the predicted visual chains with

the underlying spatial structure of the scene, we introduce a novel neighboring

loss that encourages the predicted object order to match the ground-truth se-

quence. The neighboring loss encourages the model to consider the proximity

and ordering of adjacent objects, and enforces consistency with realistic spatial
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arrangements by penalizing implausible gaps or overlaps. Therefore, the neigh-

boring loss guides the model to learn a coherent spatial chain that mirrors the

sequential patterns humans naturally follow during counting, leading to more

robust and accurate performance in high-density scenarios.

We evaluate our CoLSR framework through extensive experiments on a

high-density surgical instrument dataset that we construct. Empirical results

demonstrate that CoLSR consistently outperforms state-of-the-art (SOTA) object

counting methods and multimodality large language models in the context of

densely packed surgical instruments, highlighting its effectiveness in real-world,

high-complexity scenarios.

The specific contributions of this chapter are:

• The introduction of the novel and challenging task of dense surgical instru-

ment counting, a problem with significant clinical implications.

• The development of the Chain-of-Look Spatial Reasoning (CoLSR) frame-

work which incorporates visual chains into the counting process, explicitly

modeling the sequential nature of human visual counting. This includes

the design of a novel neighboring loss to equip the model with spatial

reasoning capabilities by enforcing inter-object relationships and realistic

spatial constraints.

• The construction of a comprehensive dataset comprising 1,464 high-density

surgical instrument images collected from diverse real-world clinical set-

tings. Extensive experiments show that CoLSR delivers significant im-

provements over existing methods for high-density surgical instrument

counting, achieving both high accuracy and fast inference.
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Figure 3.2: (A) Representative images from the SurgCount-HD dataset. Sample
images from the dataset, showing typical variations and an example annota-
tion. (B) Test result from GPT5. We evaluate GPT-5 on an example from our
SurgCount-HD dataset, where detected surgical instruments are highlighted
with red dots. GPT-5 predicts a count of 84, whereas the ground truth is 57.

3.2 Surgical Instrument Counting Dataset

We introduce SurgCount-HD, a novel dataset consisting of High-Density arrange-

ments of Surgical instruments collected prior to surgical procedures. Each image

contains various types of surgical instruments compactly organized on the back

table (a common surgical preparation surface). The dataset focuses on instrument

layouts where handles are oriented toward the camera, and bounding-box anno-

tations are provided for these handles, as shown in Figure 3.2 (A). Translational

and rotational augmentations were applied and the final the dataset comprises

1,236 training images and 228 test images. All images were resized such that the

shorter edge is scaled to 800 pixels while preserving the original aspect ratio. All

annotations represent a single class, namely “circular instrument handle”.

We used Roboflow [48] platform to manually label instrument handles across

densely packed scenes. The annotation process required substantial manual

effort due to the high density and visual similarity among instruments. The

data collection and annotation process spanned several months and involved

multiple domain experts to ensure accuracy and consistency.

The SurgCount-HD dataset presents significant challenges due to the tightly
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Figure 3.3: Architecture of Chain-of-Look Spatial Reasoning framework. High
density surgical instrument images are first fed into visual chain generator to
produce visual chains. Neighboring loss is further applied to guide the counting
process following the visual chain.

clustered and visually occluded surgical instruments. Even for human anno-

tators, counting in such high-density scenarios is time-consuming and labor-

intensive. To assess the difficulty of this dataset, we evaluated GPT5 [49] on se-

lected examples from SurgCount-HD. As shown in Figure 3.2 (B), GPT5 performs

poorly in these dense settings (detected 84 instruments, where the ground-truth

is 57), highlighting the challenge of this SurgCount-HD dataset.

3.3 Chain-of-Look Spatial Reasoning

3.3.1 Problem Formulation

In this section, we introduce the Chain-of-Look Spatial Reasoning (CoLSR) frame-

work for high density surgical instrument counting. Given an image I ∈ RH×W×3

of high density surgical instruments, our goal is to train a model Fθ to localize

surgical instrument handles and count the number y of surgical instruments

in the image based on the localized instrument handles: y = Fθ(I), where θ

denotes the parameters of our model, H and W represents the height and weight

of the given image. Two major components construct the CoLSR framework:

(1) Visual Chain Generator for producing the visual chain to guide the counting
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process; (2) Neighboring Loss Function to introduce physical constraints along the

visual chain.

3.3.2 Visual Chain Generator

As shown in Figure 3.3, the first part of CoLSR is to generate visual chain of the

given image. The visual chain serves as a structured visual sequence to guide the

model’s counting process under cluttered and visually challenging conditions.

The visual chain generator is constructed based on the CountGD model

[8]. Different from CountGD, we also take class-specific text tokens as input to

enhance the quality of generated visual chain. Figure 3.5 (a) depicts the detailed

architecture of Visual Chain Generator.

Image Encoder. We first encode the input image I with a Swin-B version of

Swin Transformer [50] based Image Encoder f I into spatial feature maps at three

different scales, followed by 1× 1 convolution to produce image tokens zI of 256

dimensions. The visual exemplar tokens zB are obtained from the image tokens

using aligned region-of-interest pooling (RoIAlign) with the pixel coordinates

specified by the visual exemplars B. The generated visual exemplar tokens also

have 256 dimension, which is the same with image tokens and text tokens.

Text Encoder. For text input, a BERT-based text transformer [51] encoder fT is

employed to encode the text description TS into a sequence of tokens zT with at

most 256 dimensions. Then the n image tokens, p visual exemplar tokens and q

text tokens are applied with the feature enhancer fϕ.

Feature Enhancer. The generated visual exemplar tokens zB are fused with

the text tokens zT through the feature enhancer fϕ with 6 blocks self-attention

modules. The generated fused feature zB,T is further fused with the image
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tokens zI through the feature enhancer fϕ with 6 blocks cross-attention modules.

To enhance the grounding ability of our model, we take the prompt tuning

approach to introduce class-specific text tokens TC as additional inputs for the

feature enhancer. These class-specific text tokens serve as learnable parameters

to further improve the results of generated visual chains. Therefore, the outputs

from the feature enhancer are computed as:

zB,T, zI = fϕ(( fθ(X),

RoIAlign( fθ(X), B), fT(TS), fT(TC)).
(3.1)

To implement this prompt design, the modified feature enhancer takes two

different Class Specific Learnable (CSL) token instances, both initialized with

the same text but diversified with Gaussian noise (Figure 3.4). The first set of

tokens is prepended to the concatenated set of visual exemplar and text tokens.

We treat the CSL tokens as tunable text prompts, hence they are prepended to

the latent tokens derived from text. These tokens, along with the image token,

are used in the bidirectional attention module, where image-text and text-image

cross-attention are computed.

The second set of CSL tokens is prepended to the output of the bidirectional

module and fed into the self-attention layer, where the self-attention between

the text tokens is calculated. We introduce these two sets of tokens to represent

distinct functional roles: one captures the relation between text and image, while

the other addresses text-specific nuances. The fused feature embedding Fencoder

is constructed by concatenating these components:

Fencoder = [TCSL ; Ttext ; Tvis] ∈ R(l+2h)×d, (3.2)
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Figure 3.4: CSL Prompts Initialization with BERT Text Encoder

where TCSL ∈ Rl×d denotes the l CSL tokens, while Ttext and Tvis (both ∈ Rh×d)

represent the text and visual exemplar tokens, respectively. Following standard

prompt-tuning methodology, we discard TCSL before passing the sequence to the

decoder:

Fdecoder = [Ttext ; Tvis] ∈ R(l+h)×d. (3.3)

Query Selection. k image patch tokens are selected which achieve the highest

similarity with the fused visual exemplar B and text description TS. Following

CountGD, we set k to 900, serving as cross-modality queries input to the cross-

modality decoder fψ.

Cross-modality Decoder. The cross-modality decoder fψ contains 6 blocks of

self-attention and cross-attention to enhance the cross-modality queries. The

final output of confidence score Ŷ is computed as

Ŷ = Sigmoid( fψ(zI, zB,T, fS(zI, zB,T
T, k))zB,T

T), (3.4)

where fS denotes the above Query Selection module.

3.3.3 Neighboring Loss

The generated visual chain provides a coarse estimate of the instrument count

and serves as a structural guidance to guide our model toward precise surgical

instrument counting. To incorporate directional consistency along the visual
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Figure 3.5: Visual Chain Generator and Neighboring loss function. (a) Detailed
architecture of Visual Chain Generator; (b) Neighboring loss and Distance loss.
Detailed illustrations on the architecture can be found in Section 3.3.

chain, we introduce a neighboring loss term into the training objective. As

illustrated in Figure 3.5 (b), given the predicted visual chain C, we first use the

Hungarian matching algorithm to associate each predicted bounding box with

its corresponding ground-truth bounding box. Specifically, for the predicted

{bi}NP
i=1 and ground-truth surgical instrument handle {bj}NG

j=1, the value function

v for Hungarian matching algorithm is defined as:

vi,j = di,j + Lcls
i,j , (3.5)

where vi,j is the value function for the pair (i, j) from predictions and ground-

truth, di,j indicates the l1 norm of the center points and Lcls denotes the classifi-
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cation cost (see Equation 3.8 for further details).

Given the matched bounding boxes, we examine the local regions of detected

surgical instrument handles in a fixed direction (either left-to-right or right-

to-left). As illustrated in Figure 3.5 (b), we introduce a neighboring loss that

encourages the distances between adjacent center points of bounding boxes in

the predictions to closely match those in the ground truth:

Lneigh =
N

∑
i=1
||di

P − di
G||2, (3.6)

where di
P denotes the distance between two neighboring center points of pre-

dicted bounding boxes, di
G indicates the distance between two counterpart neigh-

boring center points of ground-truth bounding boxes. This neighboring loss

function promotes spatial consistency in the ordering of instruments and en-

forces a visual chain structure in the model’s reasoning process, enabling the

Chain-of-Look mechanism. We further discuss this effect in Section 3.4.9.

3.3.4 Training

As shown in Figure 3.5 (a), we train the image encoder f I , text encoder fT, feature

enhancer fϕ, cross-modality decoder fψ and the learnable class specific text

tokens TC. The optimization objective of the whole model includes CountGD

[8]’s original bounding box localization loss, classification loss, and our proposed

neighboring loss:
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L = λlocLloc + λneighLneigh + λclsLcls

= λloc

NG

∑
i=1
|ĉi − ci|+ λneigh

NG

∑
i=1
||di

P − di
G||2

+ λclsFocalLoss(Ŷ, T),

(3.7)

where λloc, λcls and λneigh are weights to control each loss term, Ŷ is the similarity

matrix from Equation 3.4 and T ∈ {0, 1}NP×(NG+1) denotes the optimal Hungar-

ian matching between the NP predicted queries and the NG ground truth handle

instances, including an additional label for “no object” similar to CountGD.

To establish this optimal matching T, we utilize the CountGD formulation to

define the Hungarian matching value function v(i, k) between prediction i and

ground-truth k. Given α = 0.25, γ = 2:

v(i, k) = ∥bi − bk∥1︸ ︷︷ ︸
bbox cost

+
C

∑
j=1

ỹkj
[
Lpos(pij)−Lneg(pij)

]
︸ ︷︷ ︸

cls cost

,

s.t. Lpos(p) = −α(1− p)γ log(p + ε),

Lneg(p) = −(1− α)pγ log(1− p + ε),

(3.8)

During training, the model receives a high density surgical instrument image

I along with visual exemplars B as inputs. These inputs are processed through the

image encoder and cross-modality modules to generate query representations,

which are then optimized using the aforementioned loss functions.
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3.3.5 Inference

During inference, we only pass a high density surgical instrument image I

as input to our model. The outputs are predicted surgical instrument handle

bounding boxes. We further execute a post processing operator P to remove the

redundant predicted bounding boxes that share the horizontal regions more than

a predetermined threshold τ. Detailed descriptions of post processing operator

can be found in section 3.4.5.

3.4 Experiments

3.4.1 Implementation Details

We train the model for 30 epochs with a learning rate of 1× 10−4 using the Adam

optimizer and a weight decay of 1× 10−4, which is reduced by a factor of ten

after the 10th epoch. Training is performed with a batch size of 4 on a single

NVIDIA RTX 3090 GPU. The multi-loss weights are set as follows: λloc = 10,

λneigh = 100, and λcls = 1. The number of CSL prompts used is 64, and the

confidence threshold σ is set to 0.26. The rest of the training setup, including

data pre-processing and augmentation strategies, follows the original CountGD

[8] configuration.

3.4.2 Evaluation Metrics

3.4.2.1 Counting Metrics

MAE, RMSE. We use the standard Mean Absolute Error (MAE) and the Root

Mean Squared Error (RMSE) as evaluation metrics.
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MAE =
1
N

N

∑
i=1
|NP − NG|,

RMSE =

√√√√ 1
N

N

∑
i=1

(NP − NG)2,

(3.9)

where N is the number of image samples, NP is the predicted count and NG is

the ground truth count for image Ni.

Grid Average Mean Absolute Error. We also measure the Grid Average Mean

Absolute Error (GAME) [52] to evaluate the spatial accuracy of the predicted

counts within each image. GAME quantifies how well the counting predic-

tions are localized across subdivided regions of the image. Moreover, we also

use detection-related counting metrics such as precision, recall and F1-score as

defined in Equation. 3.10.

3.4.2.2 Localization Metrics

Since the number of predicted instrument locations may not match the ground

truth (GT) annotations, computing localization accuracy is non-trivial. To address

this, we first filter predictions by selecting only those whose center points fall

within any GT bounding box. These filtered predictions are then matched to

GT points. In cases where multiple predictions fall within the same GT box, we

apply the Hungarian algorithm using L2 distance as the cost function to perform

one-to-one matching.

Unmatched predictions are treated as missed detections, while matched pairs are

used to compute localization metrics. Specifically, for each image, we calculate

the mean L2 distance (average localization error), the median L2 distance (typical
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error at the 50th percentile), and the 95th percentile of L2 distances (representing

the worst 5% of matched localizations). To obtain a single dataset-level metric,

we take the mean of these three values across all images. A similar procedure is

applied for computing the Mean IoU reported in the Table. 3.7.

Steps for a single input :

Pfiltered = p ∈ Ppred | ∃b ∈ BGT such that p ∈ b

M∗ = argmin
M

∑
(p,g)∈M

|p− g|2

di = |pi − gi|2

d̄ =
1
N

N

∑
i=1

di

Median Error = median(d1, d2, . . . , dN)

95th Percentile Error = P95(d1, d2, . . . , dN)

True Positive (TP) = N

False Positive = len(Ppred)− TP

False Negative = len(GGT)− TP

(3.10)
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where :

Ppred : The set of all predicted center points.

BGT : The set of all ground truth (GT) bounding boxes.

GGT : The set of all GT center points.

Pfiltered : The set of all filtered center point prediction.

M∗ : The optimal one-to-one matching

di : The L2 distance for the i-th matched pair(pi, gi)

N : The total number of matched pairs.

3.4.3 Quantitative Results

MAE, RMSE. In Table 3.1, we compare the performance of CoLSR with state-of-

the-art (SOTA) methods on the task of high-density surgical instrument count-

ing. For a fair comparison, all SOTA counting baselines are finetuned on our

SurgCount-HD dataset, except Qwen. CoLSR outperforms all competing meth-

ods in both MAE and RMSE metrics. The major reason lies in the primary

limitation of existing counting methods, where they treat object instances as

independent entities, lacking the spatial reasoning necessary to capture the de-

pendencies and structural relationships among densely packed instruments. In

contrast, CoLSR explicitly models physical constraints, enabling it to reason

over spatial arrangements and structural coherence more effectively. In addition,

multimodality large vision-language models (MLVL) such as GPT5 [49] and

Qwen-2.5-VL [53] also perform much worse compared with CoLSR, where the

MAE of MLVLs are more than 10 times higher than CoLSR.

GAME Score. Given that surgical instruments in our dataset are typically con-
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Figure 3.6: Qualitative results. We present qualitative results from our CoLSR.
Predicted surgical instruments number and ground-truth number are listed on
each image. The detected surgical instrument handles are highlighted with laser
points, which are also highlighted with red bounding boxes.

centrated within a limited spatial area, the GAME scores tend to decrease as the

grid resolution parameter L increases (Table. 3.2). This is due to the presence of

numerous grids containing no instruments, which contribute zero error to the

overall score. Of the 228 images in our test set, only 98 include instance-level

annotations suitable for spatial evaluation. Therefore, the GAME scores and

localization metrics were calculated exclusively on this subset.

Localization Metrics. Table 3.3 presents the localization performance of CoLSR
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Figure 3.7: Generalization ability analysis. We evaluate our model’s general-
ization ability via in the wild images in operating rooms. The detected surgical
instrument handles are highlighted with laser points, which are also highlighted
with red bounding boxes.

Method MAE ↓ RMSE ↓
CountGD [8] 7.84 10.71
DQ-DETR [54] 4.24 6.81
CrowdDiff [19] 18.63 22.93
REC [5] 2.82 4.50
Qwen2.5-VL-7B-Instruct [53] 17.06 21.72
CoLSR (Ours) 0.88 1.27

Table 3.1: Comparison with state-of-the-art methods, including: (1) counting
and detection methods spanning detection-based (DQ-DETR), density-based
(CountGD, REC), and diffusion-based (CrowdDiff) approaches; (2) multimodal-
ity large vision-language model (Qwen-2.5-VL).

compared to other methods. Our approach achieves the best results across all

metrics, including Mean L2 distance, Mean of Median L2 distance, Mean of 95th-

Percentile L2 distance, Precision, Recall, and F1 score. These results demonstrate

that CoLSR not only accurately counts the instruments but also precisely localizes

them, which is crucial for applications requiring precise spatial understanding of

the scene.
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Method GAME-L1 ↓ GAME-L2 ↓ GAME-L3 ↓
CountGD [8] 1.01 0.41 0.14
REC [5] 0.60 0.25 0.08
DQ-DETR [54] 0.68 0.25 0.07
CoLSR (Ours) 0.54 0.23 0.07

Table 3.2: GAME scores (L1, L2, L3) for different methods.

CountGD [8] REC [5] DQ-DETR [54] CoLSR (Ours)
Mean L2 distance ↓ 12.79 6.89 5.84 6.43
Mean of Median L2 distance ↓ 12.01 6.33 5.46 5.99
Mean of 95th-Percentile L2 distance ↓ 21.05 12.66 10.56 11.44
Precision ↑ 0.41 0.73 0.84 0.85
Recall ↑ 0.41 0.74 0.81 0.84
F1 score ↑ 0.41 0.74 0.83 0.85

Table 3.3: Comparison of localization metrics results across different methods.

3.4.4 Qualitative Results

Figure 3.6 presents qualitative results of high-density surgical instrument count-

ing using CoLSR. The visualizations highlight the robustness of our approach

across various challenging scenarios, including variations in camera angles (Fig-

ure 3.6 (f), (h), (i)), instrument orientations (Figure 3.6 (b), (c), (e)), and dense

packing patterns (Figure 3.6 (a), (d)).

Figure 3.8 provides a visual comparison between our approach and existing

SOTA methods for high-density instrument counting. As shown, SOTA meth-

ods often fail to detect all instrument handles, particularly in cluttered regions,

resulting in under-counting. In contrast, CoLSR accurately localizes the instru-

ment handles, as indicated by the cropped bounding boxes, demonstrating its

effectiveness in handling densely packed scenes. To evaluate the generalization

ability of our method, we test our model on in the wild images from operating

rooms. Results in Figure 3.7, 3.16 indicate our method continually achieves

robust results, demonstrating the generalization ability to real world operating
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Figure 3.8: Comparison with SOTA methods. Our CoLSR approach is compared
with four existing SOTA methods for counting: CountGD, DQ-DETR, CrowdDiff
and REC. For the four figures on the left side, green dots represent ground-truth,
red dots represent predictions from different models.

room scenarios.

3.4.5 Post Processing Operator

Due to the dense and ambiguous appearance of the instruments in the images,

the model frequently produces multiple duplicate detections close to each other

(Fig. 3.10). To mitigate this, we applied a post-processing step to eliminate such

points.

First, we sort the detected center points from left to right or top to bottom

based on their orientation (Equation 3.11). For each detected point, we examine

neighboring points within a distance threshold θ along the given axis. If multiple

points are found within this range, we retain only the point with the highest

confidence score and discard the others, Algorithm 1.
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Figure 3.9: Time comparison between hu-
man counting and our model

Figure 3.10: Example of dupli-
cate points highlighted

Algorithm 1 Point Selection with Distance Threshold

1: for Pi, Pj ∈ {le f t, right} do
2: if |Pi − Pj| < d then
3: Pselected ← arg maxP∈{Pi,Pj} conf(P)
4: Premoved ← arg minP∈{Pi,Pj} conf(P)
5: Remove Premoved from set
6: end if
7: end for

3.4.6 Inference Speed

Our model is lightweight and achieves fast inference, running over 100× faster

than manual human counting. Our mobile application achieves a peak end-to-

end (E2E) latency (including pre-processing, inference, and post-processing) of

only 0.32s, compared to 44s required for manual counting. Average latency is

0.28± 0.02s for our mobile application versus 25.12± 11.63s for human counting.

The experiments were performed across a range of scenarios, with the number of

surgical instruments varying from 7 to 49 per trial. In each trial, two individuals

performed manual counts, followed by a count using the mobile application.

Figure 3.9 illustrates the contrast in performance between the traditional method

and the app-based approach, highlighting the real-time efficiency gains enabled
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Figure 3.11: Ablation Studies. (a) The highlighted region shows where the
model failed to make correct predictions, indicating the model’s limited ability
to form coherent visual chains. (b) Missed handles are mostly in areas with
unclear boundary separation, making them harder to detect without class-specific
learnable prompts. (c, d) Compared with the ablated results in (a) and (b),
CoLSR effectively generates accurate predictions for the location of tightly packed
surgical instrument handles.

by the proposed system.

3.4.7 Ablation Study

We conduct the following ablation studies to verify the effectiveness of each

proposed component, including the neighboring loss, the class-specific learnable

prompts and visual exemplars.

Effectiveness of neighboring loss function (∆Lneigh ). Removing the neighbor-

ing loss diminishes the model’s ability to construct a visual chain for spatial

reasoning, as shown in Fig.3.11 (a). This leads to a performance drop of approxi-

mately 105% in terms of MAE, as shown in Table 3.4.
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Method MAE ↓ RMSE ↓
∆Lneigh 1.81 2.73
∆CSL 2.05 3.30
∆Visual Exemplars 1.5 2.21
∆Post 0.996 1.48
CoLSR (Full) 0.88 1.27

Table 3.4: Ablation study results. ∆Lneigh: without Neighboring Loss; ∆CSL:
without class-specific learnable prompts; ∆ Visual Exemplars: without visual
exemplars; ∆Post: without post processing.

Role of Learnable CSL Tokens (∆ CSL). Eliminating the CSL prompts signif-

icantly impairs the model’s ability to detect fine-grained handle boundaries

(further discussed in section 3.4.10). This is further exacerbated when instru-

ments are densely packed, causing the handle boundaries to appear merged as

highlighted in Figure. 3.11 (b). Consequently, the model’s performance degrades

by approximately 133% in terms of MAE, as shown in Table 3.4.

Pure Zero-shot training and inference (∆ Visual Exemplars). As shown in

Table 3.4, training and evaluation in a purely zero-shot setting without visual

exemplars leads to a performance drop of approximately 70% in terms of MAE.

Role of postprocessing (∆ Post). We remove postprocessing during inference

and found slight drop of both MAE and RMSE in Table 3.4.

CSL Prompts Placement: Appending vs. Prepending Previous studies [55] have

highlighted how prompt placement affects transformer models. Our analysis

(Table 3.5) reveals that prompt placement significantly impacts performance,

with prepending yielding 32% better MAE than appending. To understand this

performance disparity, we analyzed two key metrics using a consistent training

batch for both configurations:

• CSL Token Gradient Norms: We measured the gradient norms for both
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Placement MAE ↓ RMSE ↓ CSL Token Grad ↑ Vision Attention Weights ↑
Append 1.30 1.98 Total: 0.044 Mean: 0.00225

Avg: 0.0037 Std: 0.00325
Prepend 0.88 1.27 Total: 7.876 Mean: 0.00643

Avg: 0.656 Std: 0.00498

Table 3.5: Prompt Placement Performance comparison across CSL prompt place-
ments.

Initialization Type MAE RMSE
Random 1.32 1.96
Semantic (”scissor handle”) 0.88 1.96

Table 3.6: Prompt Initialization Strategy Prepending task-specific initialized
CSL prompts yields better performance compared to random initialization.

text and fusion CSL tokens across all six encoder layers. Averaging these

over the layers assesses their relative contribution during backpropagation,

indicating that prepended prompts provide on average 177× stronger

supervision signals.

• Vision Multi-Head Attention Weights at Fusion Module: To analyze the

influence on visual attention, we extracted prompt-related weights from the

fusion module. Prompt-related weights were stacked and averaged across

all four attention heads, followed by averaging over the batch dimension.

The same process was repeated for each of the six encoder layers, and the

resulting layer-wise averages were further averaged to obtain a final mean

value. This analysis reveals that prepended prompts maintain 3× stronger

coupling with image features.

We further investigate the impact of prompt initialization when prompts are

prepended. Table 3.6 shows that using task-specific initialization leads to notable

performance improvements.
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Figure 3.12: Predicted bounding boxes using the LoRA method. Boxes are
noticeably oversized and misaligned.

LoRA versus CSL Tokens. We explore whether adding explicit spatial condi-

tioning using learnable prompt tokens offers benefits over weight adaptation

methods in our instrument counting task. To test this, we inserted LoRA [56]

adapters at the fusion and text encoder layers, mirroring the placement of CSL

tokens. The adapter configuration (α=32, Rank =16) was chosen to match the

parameter count of the CSL tokens, allowing for a fair comparison.

LoRA Parameters

• Rank=16, α=32

• LoRA Params Per Layer : 16 (Rank) x 256 (In Features) + 16 (Rank) x 256
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(Out Features) = 8,192 parameters

• Text Encoder layers: 6 layers x 2 LoRA modules x 8,192 Per Layer ≈ 98K

parameters

• Fusion layers: 6 layers x 2 LoRA modules x 8,192 ≈ 98K parameters

• Total LoRA Parameters ≈ 196K parameters

CSL Parameters

• Text Encoder layers: 64 (CSL Token) x 256 (feature dim) x 6 layers ≈ 98K

parameters

• Fusion layers: 64 (CSL Token) x 256 (feature dim) x 6 layers ≈ 98K parame-

ters

• Total CSL Parameters ≈ 196K parameters

Our comparison between CSL Tokens and LoRA shows that token-level spa-

tial conditioning leads to superior object detection performance despite LoRA’s

parameter efficiency. In our experiments, LoRA struggled with instrument local-

ization, often missing center points and producing inaccurate bounding boxes

(Figure. 3.12). This suggests that LoRA’s weight-space adaptation may lack

the direct spatial conditioning beneficial for precise object localization in our

setting. In contrast, the contrastive learning capability shown with CSL tokens

(Section 3.4.10) appears to improve spatial reasoning that goes beyond parameter

efficiency considerations. Our findings suggest that for this spatially sensitive

detection task, explicit spatial conditioning through prompt tokens may provide

capabilities that our constrained low-rank weight modification approach could

not achieve.
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Method MAE ↓ RMSE ↓ Mean L2 (matched) ↓ Mean IoU (matched) ↑
LoRA 5.63 7.66 10.42 0.028
CSL Tokens 0.88 1.27 6.38 0.290

Table 3.7: Counting & Localization Metrics: LoRA vs. CSL Tokens. The Mean
IoU is the average IoU of all the matched bounding boxes in the test set.

(λcls, λloc, λneigh) Lcls Grad Lloc Grad Lneigh Grad MAE RMSE
(1, 1, 1) 0.915 0.0005 0.0002 3.23 4.20
(1, 10, 10) 0.737 0.0007 0.0003 2.35 3.59
(1, 10, 100) 28.50 0.055 0.106 0.88 1.27

Table 3.8: Gradient Magnitude Analysis Multi-Loss scaling factor selection.

Multi-Loss Weight Selection. Our method incorporates three distinct loss func-

tions: Cross-Entropy Loss (Lcls), Distance Loss (Lloc), and Neighboring Loss

(Lneigh). We measured gradient norms across key shared model layers (encoder,

decoder, fusion, text) for three loss weighting configurations to validate our λ

selection strategy.

As shown in Table 3.8, there exists a high imbalance in gradient magnitudes

between the cross-entropy (CE) loss and auxiliary losses, with the latter exhibiting

gradients 1,000-4,000x weaker under equal weighting. As a result, auxiliary

objectives are effectively ignored during training. By introducing a loss weighting

configuration of λ = (1, 10, 100), we observe a substantial increase in auxiliary

contribution (0.56% vs. 0.09%) while preserving CE dominance. This leads to a

30x increase in total gradient activity, enabling more expressive multi-objective

optimization.

3.4.8 Failure Analysis

Most errors arise from the dense and visually ambiguous appearance of instru-

ments in the images. Empirical results indicate that performance degrades in
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scenarios where gaps or occlusions disrupt the continuity of surgical instruments,

making spatial reasoning more challenging. Potential solutions include leverag-

ing multi-view inputs (e.g., short video sequences capturing multiple viewpoints)

or incorporating depth information to better handle severe occlusions.

3.4.9 Analysis on Visual Chain Reasoning via Neighboring Loss

We demonstrate that the neighboring loss enforces a Chain-of-Look mechanism

within the model’s reasoning process. Figure 3.13 visualizes the self-attention

scores of the query proposals in the Cross-Modality Decoder. At the first decoder

layer (Layer 0), where the model primarily captures low-level spatial cues, we

observe that removing the neighboring loss results in higher attention entropy,

with focus spread across non-adjacent queries. In contrast, applying Lneigh con-

strains each query to attend mainly to its immediate predecessors and successors,

forming a snake-like chained structure.

At the final decoder layer (Layer 5), the attention maps show that this chained

behavior also shapes high-level semantic reasoning. For instruments that are

densely clustered (labels 5-8), the model leverages the most visible and confident

queries as anchors, reflected by the pronounced dark attention band, to im-

prove the representation of uncertain and ambiguous queries. These structured

interactions suppress hallucinations and ultimately improve counting accuracy.

3.4.10 CSL Prompts Effect and Contrastive Feature Learning

When trained without CSL prompts, the model’s attention is spread across and

less focused on the handle regions, as illustrated in Fig. 3.14(b-c). In contrast, CSL

tokens learn contrastive features, as shown in Fig. 3.14(d), where the attention
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Figure 3.13: Analysis on Chain-of-Look Visual Reasoning via Spatial Neigh-
boring Loss. Left: original surgical image. Right: attention maps from different
decoder layers. “−Lneigh” denotes models trained without the Neighboring Loss,
whereas “+Lneigh” indicates models trained with it. The visualizations show the
self-attention outputs of the Cross-Modality Decoder, where each query corre-
sponds to one surgical instrument (indexed 0-9). Queries and their associated
attention distributions are ordered left-to-right according to the instrument labels
in the original image. For each setting, we display attention maps from the first
decoder layer (Layer 0), which primarily captures low-level spatial relationships,
and from the final decoder layer (Layer 5), which reflects higher-level semantic
focus.

on the handle is minimal. This complementary negation helps the text tokens

to attend to the handle regions more precisely. We experimented with varying

numbers of CSL prompts {16, 32, 64, 128}, and found that 64 prompts produced

the best performance based on the MAE metric.

3.4.11 Divide and Conquer Inference

CoLSR is designed to handle densely packed instrument clusters, which are the

most common setup in real-world surgeries. However, its performance degrades
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Figure 3.14: a) Original Input Image b) Image-Text Attention Map extracted from
the Feature Fusion Block - Without CSL Prompts c) Image-Text Attention Map
when trained with CSL Prompts d) Image-CSL Token Attention Map

when multiple dense clusters are spatially separated (Figure 3.15a). This is due

to the visual chain constraint enforced by the neighboring loss, which fails to

capture long-range dependencies across large gaps. To address this, we follow a

two-stage approach: the Divide-and-Conquer strategy (Algorithms 2 and 3).

In the first stage, the entire image is processed by the network to obtain an

initial set of predicted bounding boxes. To determine the sequence for distance

checking, we must first establish the dominant orientation of the instruments. We

extract the center points from these initial predictions and compute the difference

between the maximum and minimum coordinates along the x- and y-axes. The
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Figure 3.15: a) Prediction with single-pass inference b) Prediction with Divide-
and-Conquer approach

axis with the largest spatial span is considered the dominant orientation:

1− int
((

Pmax
x − Pmin

x

)
>

(
Pmax

y − Pmin
y

))

=


0 for x-axis

1 for y-axis,

(3.11)

where the predicted coordinate sets are defined as:

Ppred = {(xi, yi) | point i is predicted},

Px = {xi | (xi, yi) ∈ Ppred} with Px ⊆ [0, W],

Py = {yi | (xi, yi) ∈ Ppred} with Py ⊆ [0, H],

(3.12)

and W and H denote the width and height of the image, respectively.

Once the points are sorted along this dominant axis, we compute the L2 norm

between adjacent center points. If the distance between two neighbors exceeds a

predefined threshold δ, the sequence is split: points on the left are grouped into

one cluster, and those on the right begin another. This distance-based clustering
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Algorithm 2: Distance-Based Cluster-
ing

1: clusters← {}
2: cluster ← [0] ▷ cluster start
3: for i = 0 to |pred points| − 2 do
4: pi ← pred points[i]
5: pi+1 ← pred points[i + 1]
6: if ∥pi − pi+1∥2 > δ then
7: cluster.append(i) ▷ cluster

end
8: clusters.append(cluster)
9: cluster ← [i + 1] ▷ next

cluster start
10: end if
11: end for
12: slices← slice image(clusters)
13: return slices

Algorithm 3: Two-Pass Counting
1: pred points ←

run inference(image) ▷ first pass
2: slices ←

create cluster(pred points, δ)
3: f inal detections← {}
4: for slice ∈ slices do
5: pred points ←

run inference(slice) ▷ second pass
6: f inal detections.append(pred points)
7: end for
8: return f inal detections

is repeated until all center points are assigned to spatially isolated clusters.

Each identified cluster is then cropped from the original image, and second-

stage inference is performed independently on each localized dense region.

Finally, the predictions of all the clusters are stitched back together to produce

the final output (Figure 3.15b).

3.5 Limitations of Generalization

While our method demonstrates robustness to variations in angle and lighting

conditions typical of operating room (OR) environments (Figure. 3.16, 3.7), the

scope of this work is limited to surgical instrument counting, as indicated by the

paper title. Consequently, generalization to other domains may require further

investigation.
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Figure 3.16: Robust inference samples captured from multiple angles.

3.6 Chapter Summary

We introduce the Chain-of-Look spatial reasoning framework that is inspired by

human sequential counting behavior, designed to improve accuracy in densely

packed surgical instrument scenes. By enforcing a structured visual chain and

introducing a neighboring loss to model spatial constraints, our method outper-

forms existing state-of-the-art counting models as well as multimodality large

language models. This framework offers a generalizable approach that can be

extended to broader applications requiring spatial reasoning in dense visual en-

vironments. Furthermore, this chapter presented SurgCount-HD, a high-density

surgical instrument dataset constructed to facilitate benchmarking and drive

future research in this domain. While this framework offers a highly effective

approach for uniform, dense visual environments, extending spatial reasoning

to diverse, structured objects presents new challenges. The following chapter

addresses these challenges by exploring structured object counting with visual

chain reasoning.



Chapter 4
Structured Object Counting with

Visual Chain Reasoning

4.1 Introduction

While the previous chapter demonstrated the effectiveness of spatial reasoning in

densely packed, uniform environments, extending these capabilities to diverse,

structured scenes presents a distinct set of challenges. Object counting is a

fundamental task in computer vision with wide applications ranging from retail

inventory to industrial inspection and traffic analysis. The general problem of

object counting has received considerable attention, where density-based and

detection-based approaches have achieved remarkable progress.

However, a practically important and underexplored subclass called struc-

tured object counting remains insufficiently addressed by existing methods.

Many real-world counting scenarios exhibit strong spatial regularities. In struc-

tured environments such as grocery shelves or parking lots, objects are arranged

in repeated, ordered layouts. Unlike unstructured scenes where objects appear
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Figure 4.1: Overview of structured object counting. (A) While existing counting
frameworks treat all spatial distributions uniformly, we define Structured Object
Counting as a distinct task subset characterized by high structural regularity. By
introducing a lightweight, human-like sequential reasoning framework (CoLC),
our approach enhances performance across detector-based methodologies in
zero-shot text-guided scenarios. (B), (C) [2] Real-world demonstrations of our se-
quential reasoning approach, which generates a continuous visual chain (colored
dashed lines) across deterministic object layouts. (D) In structured object count-
ing scenarios, Gemini 3 [3] fails to adhere to a consistent, human-like sequential
traversal strategy, resulting in unreliable counting outcomes. As highlighted by
the yellow dashed boxes and red lines, Gemini 3 frequently deviates from the
underlying spatial order, leading to omissions or double counting.

irregularly and without consistent spatial organization, structured scenes admit

natural sequential traversal strategies (Fig. 4.1-A, B, C). Humans typically count

such scenes by following rows or columns in a consistent direction, ensuring that

each instance is visited exactly once. This structured traversal reduces double-

counting and omissions, leading to reliable results even in visually cluttered

conditions.

Despite this observation, existing object counting methods largely ignore spa-

tial structure. Density-based models focus on local regression of object density,
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while detection-based models treat instances independently and aggregate them

via simple summation. Although effective in general settings, these approaches

lack an explicit mechanism to organize detections into a coherent, spatially or-

dered counting procedure. As a result, errors in structured scenes often arise

not from perceptual failures, where modern detectors are already highly capa-

ble, but from the absence of a principled aggregation strategy that respects the

underlying object layout. As shown in Fig. 4.1-D, even the state-of-the-art multi-

modal reasoning model Gemini 3 [3] fails to adhere to a consistent, human-like

sequential traversal strategy, resulting in unreliable counting outcomes.

In this chapter, we introduce Chain-of-Look Counting (CoLC), a visual rea-

soning framework designed to explicitly incorporate spatial structure into the

counting process. Our central insight is that counting in structured scenes should

be modeled as a sequential aggregation process rather than a purely local de-

tection or density estimation task. Instead of redesigning existing counting

architectures, CoLC operates as a lightweight Counting that can be attached to

any base counting model. Given detected instances or intermediate represen-

tations, CoLC constructs an ordered “visual chain” that follows the structural

layout of the scene and models step-by-step instance aggregation along this

chain. This design transforms structured counting from unordered accumulation

into a spatially organized reasoning process.

CoLC offers several key advantages. (I) It is plug-and-play. It requires no

architectural modification to the underlying counting network and introduces

minimal computational overhead. (II) Its sequence-aware formulation natu-

rally supports bi-directional traversal, enabling the model to count in multiple

spatial directions and cross-verify predictions. This cross-checking mechanism

improves robustness in cluttered or ambiguous scenes where layout regularity
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may be partially occluded. (III) By explicitly modeling intermediate aggrega-

tion steps, CoLC provides transparent and interpretable counting trajectories,

offering insight into how the final count is produced.

We evaluate CoLC on multiple structured counting benchmarks spanning

diverse object categories and scene types. Across different baseline architectures,

CoLC consistently improves counting accuracy, demonstrating its effectiveness

and generality. These results highlight the importance of incorporating spatial

structure into counting and suggest that reasoning over detection sequences is a

promising direction for structured visual understanding. The specific contribu-

tions of this chapter are:

• This chapter identifies and formalizes the problem of structured object

counting, highlighting the failure of existing methods to exploit spatial

regularity.

• The introduction of CoLC, a lightweight plug-and-play structured counting

framework that explicitly models sequential, spatially-ordered aggregation

of detections for structured counting. CoLC incorporates bi-directional

counting as a mechanism for spatial cross-verification, improving predic-

tion stability in cluttered or ambiguous scenes.

• Extensive experiments demonstrate that CoLC achieves consistent perfor-

mance improvements across multiple baselines and structured counting

benchmarks and provides reliable intermediate counting steps.
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4.2 Method

4.2.1 Problem Formulation

We define structured object counting as a distinct subset within the object count-

ing space (Fig. 4.1-A) where objects {oi}N
i=1 exhibit deterministic, repeated layouts

(Fig. 4.1-B, C). To validate this, we target the challenging zero-shot text-guided

setting across multiple baselines, demonstrating our module’s broad compatibil-

ity and ease of integration. Crucially, by showing performance improvements

while keeping the base models completely frozen, we demonstrate that existing

counting-based vision architectures have an inherent affinity for sequential rea-

soning. This suggests that the ability to perform structured, stepwise counting is

not something that must be learned from scratch.

4.2.2 Chain-of-Look Counting

We introduce the Chain-of-Look Counting (CoLC) framework to mimic human-

like visual sequential reasoning within existing detector-based counting frame-

works. CoLC consists of two core components: a heuristic-based Chain Con-

structor (CC) and a Relative Chain Position Encoding (RCPE) module (Fig. 4.2).

4.2.2.1 Chain Constructor

The encoder (or the Feature Enhancer in models such as CountGD [8] and

CountSE [6]) outputs query proposals consisting of confidence logits qlogit
i and

reference center points qcenter
i in pixel space. We first filter these proposals using

a confidence threshold δc to isolate valid chain candidates. Queries falling below

this threshold are assigned a default chain position of 0. In particular, assigning
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Figure 4.2: CoLC Framework. Our approach introduces two key components:
(1) a Chain Constructor (CC) and (2) a Relative Chain Position Encoding (RCPE)
module. The CC utilizes object queries generated by the encoder to construct a
1D sequence chain from the 2D spatial layout. Subsequently, the RCPE computes
the pairwise relative positions between active chain candidates, encoding and ap-
plying them as a bias to the query attention weights in the decoder self-attention
layer. All baselines share this generic GroundingDINO[4]-style architecture fea-
turing DETR blocks, with our novel addition shaded in blue.

a 0 position to all queries serves as the default behavior when the chain module

is bypassed entirely. For the remaining high-confidence queries, we construct a

Hamiltonian path P to establish a sequential order, as illustrated in Alg 2.

While the starting point of this path can be user-defined, we default to the

coordinate closest to the origin (i.e., the minimum squared L2 norm). From this

origin, Algorithm 2 iteratively builds the path by greedily moving to the nearest

unvisited neighbor based on spatial Euclidean distance. Once the sequence

π is formed, we map this ordered path back into a positional map P. Each

active query in the chain is assigned an increasing integer index (1 to |π|), while

queries below the confidence threshold δc remain as background 0. Finally, this



47

Algorithm 2 Visual Chain Construction

Input: Query logits qlogit, Reference centers qcenter, Threshold δc
Output: Absolute position map P (where 0 indicates background)

1: P← 0 ▷ Initialize all positions to background
2: V ← {i | qlogit

i > δc} ▷ Filter active queries
3: if V = ∅ then
4: return P
5: end if
6: curr ← arg mini∈V ∥qcenter

i ∥2
2 ▷ Start at top-leftmost node

7: π ← [curr]
8: Visited← {curr}
9: while |Visited| < |V| do

10: next← arg minj∈V\Visited ∥qcenter
curr − qcenter

j ∥2 ▷ Nearest neighbor
11: Append next to π
12: Visited← Visited∪ {next}
13: curr ← next
14: end while
15: for k = 1 to |π| do
16: P[πk]← k ▷ Assign topological sequence mapping
17: end for
18: return P

process converts the 2D spatial layout of the objects into a straightforward 1D

Hamiltonian path P , serving as the structural input to the relative encoding

module.

4.2.2.2 Relative Chain Position Encoding

The chain sequence generated from the Chain Constructor is then utilized to

construct a pairwise relative position matrix Mrel. Mrel is then passed through a

learnable position embedding of dimension dmodel . To limit the embedding space,

we clip the relative positions to a predefined range [−Lchain, Lchain], restricting

the distinct positional embeddings to this 2Lchain interval. As the decoder re-

lies on Multi-Head Attention (MHA) blocks, these embeddings are processed
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through a multi-head linear projection resulting in RPEbias. Finally, the projected

relative position embeddings are scaled by a learnable chain gain parameter

γchain to ensure their magnitude aligns with the original attention scores. These

scaled embeddings are then added directly to the self-attention matrix prior

to the Softmax operation, following the relative position encoding formulation

introduced in [57].

SelfAttention(Q, K, V) = Softmax
(

QKT
√

dmodel
+ γchain · RPEbias

)
V. (4.1)

This architecture design allows the sequential chain to be toggled with-

out disrupting the original architecture. During training, the base model re-

mains entirely frozen, and only the Chain Constructor is optimized. As a re-

sult, our module is highly parameter-efficient, introducing an overhead of only

Ndec × (dmodel · nheads + 1) + (2Lchain + 1) · dmodel trainable parameters, where

Ndec denotes the number of decoder layers and nheads is the number of attention

heads.

4.2.3 Module Compatibility

While our current implementation of the chain module is specifically designed

for DETR-based architectures (e.g., GroundingDINO), the underlying methodol-

ogy generalizes to other architectures suiting sequential reasoning, given that

appropriate structural adaptations are made.
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4.2.4 Loss Objective

To demonstrate the broad applicability of our method, we integrate it into multi-

ple baselines (CountGD[8], CountSE[6], and CoLSR[1]) without modifying their

underlying objective functions. This ensures that the base loss functions remain

unchanged during training, with gradients backpropagated only to update the

Chain Counting parameters, preserving the original optimization dynamics of

the chosen baseline.

For CountGD and CountSE, the loss L combines an L1 localization loss (Lloc)

on object centers and a focal classification loss (Lcls):

L = λlocLloc + λclsLcls = λloc

l

∑
i=1
|ĉi − ci|+ λclsFocalLoss(Ŷ, T), (4.2)

where ĉi and ci are the predicted and ground-truth centers, T represents the

optimal Hungarian matching target, and λ denotes the trade-off weights.

For the CoLSR baseline, the objective incorporates an additional neighbor-

hood reasoning term (Lneigh):

L = λloc

NG

∑
i=1
|ĉi − ci|+ λneigh

NG

∑
i=1
∥di

P − di
G∥2 + λclsFocalLoss(Ŷ, T), (4.3)

where di
P and di

G are the predicted and ground-truth distances, respectively, for

the NG ground truth instances.

4.2.5 Bi-Directional Counting

To mimic the human way of verifying a count by recounting from a different

starting direction, we propose bi-directional counting. Since our greedy path
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construction is deterministic, changing the starting point generates a distinct

visual chain. The new path modifies the Relative Position Encoding (RPEbias),

shifting how object queries interact within the self-attention layer contextually.

We leverage this multi-viewpoint verification by evaluating two starting points:

the reference point closest to (S1) and farthest from (S2) the image origin. To

produce a more robust final count, we report metrics for both directions alongside

an image-level ensemble average: Ensemble Count =
CountS1

+CountS2
2 .

4.3 Experiments

4.3.1 Baselines and Datasets

To demonstrate the effectiveness and generalization of our approach, we inte-

grate it into few recent DETR-based baselines: CountGD[8], CountSE[6] and

CoLSR[1]. Our evaluation focuses on the performance gain (∆) over the base

models rather than standalone state-of-the-art results, demonstrating that CoLC

serves as a consistent performance multiplier. We test this across datasets exhibit-

ing structural arrangements: CARPK [58], PUCPR+ [59, 58], SKU110K [60], and

SurgCount-HD [1].

CARPK [58] is a drone-based car parking dataset containing 989 training and

459 test images with bounding box annotations. We use “car” as the text prompt

for training our models with CoLA.

PUCPR+ [59, 58] dataset (Pontifical Catholic University of Parana+) contains

10th-floor views of parking lots with bounding box annotations. It comprises 95

training images and 25 test images. We use “car” as the text prompt for training

with CoLA.
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SKU-110K [60] consists of images of supermarket store shelves with dense

bounding box annotations. It contains 8,233 training and 2,941 test images. We

use “retail item” as the text prompt for this dataset.

SurgCount-HD [1] is a surgical instrument dataset captured in high-density

operating room settings with bounding box annotations of instrument handles. It

includes 1,236 training and 228 test images. We use “circular surgical instrument”

as the text prompt.

4.3.2 Implementation Details

Training. During training, the base model is frozen and only the CoLC param-

eters are optimized using the Adam optimizer. The position embeddings and

multi-head projection layers are trained with a learning rate of 1× 10−4, while

the scalar chain gain γchain uses 1× 10−3. We train for 30 epochs: 10-epochs of

linear warmup followed by a 20-epoch Cosine Annealing schedule. Across all

datasets and baselines, γchain is initialized to 1.0 and the position range Lchain

to 16. All other hyperparameters remain identical to their respective baseline

configurations.

Additionally, our framework relies on two key threshold parameters: δc,

which filters active chain candidates from the initial query proposals, and σf ,

which serves as the final prediction threshold after the decoder. We initialize δc

based on the original final threshold of the respective base model. We adopt this

strategy based on the assumption that base vision models already generate high-

quality object proposals but struggle to effectively utilize them for structured

counting. The threshold configurations for each baseline and dataset are detailed

in Table 4.1.
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Table 4.1: Threshold settings (δc and σf ) across different baseline models and
datasets.

Baseline Model Dataset δc σf

CountGD [8] All Datasets 0.23 0.23
CountSE [6] Default (All others) 0.35 0.35
CountSE [6] CARPK 0.35 0.23
CoLSR [1] All Datasets 0.23 0.26

Inference. At inference, the image and corresponding text prompt are processed

to produce bi-directional counts after thresholding with σf . Since ground truth is

not present to report MAEGT−Select (Sec. 4.3.2), we use a consensus-based post-

processing operator P to consolidate the dual predictions and remove duplicates

via point-based non-maxima suppression. Specifically, we aggregate our final

predictions using a three-step postprocessing pipeline applied to the outputs of

directions S1 and S2:

1. Distance Computation: We compute a pairwise Euclidean distance matrix

D ∈ R
NS1
×MS2 between the two predicted point sets.

2. Point Consensus: Predictions from S1 and S2 are cross-referenced. If a

point’s nearest neighbor in the other set falls within a predefined distance

threshold, the detections are merged.

3. Duplicate Removal: We apply Point Non-Maximum Suppression (NMS) to

the merged set to filter out redundant points and establish the final count.

Evaluation Metrics. We use the standard Mean Absolute Error (MAE) and the

Root Mean Squared Error (RMSE) as evaluation metrics.
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MAE =
1
N

N

∑
i=1
|NP − NG|, RMSE =

√√√√ 1
N

N

∑
i=1

(NP − NG)2, (4.4)

where N is the number of image samples, NP is the predicted count and NG is

the ground truth count for image Ni.

We also report GT-Select, a metric representing the model’s performance

when the optimal direction is selected for each individual image. This serves as

an lower bound on error for our method and is formulated as:

MAEGT-Select =
1
N

N

∑
i=1

min(|yi − ŷi,S1 |, |yi − ŷi,S2 |), (4.5)

where yi is the ground truth count and ŷi,S1 , ŷi,S2 are the predicted counts for the

two directions.

4.3.3 Quantitative Results

Table 4.2 illustrates the impact of CoLC when integrated into existing baselines.

Across all four benchmarks, CoLC-enhanced models achieve comparable or

superior MAE, demonstrating the module’s ability to refine counting accuracy

without degrading baseline performance.

4.3.4 Qualitative Results

Figures 4.3 and 4.4 provide qualitative comparisons. In dense or heavily oc-

cluded scenes, baseline models often suffer from local feature ambiguity and

poor spatial reasoning, resulting in missed detections and double-counting.

By enforcing a topological ”chain-of-look”, CoLC enforces stronger structural

context to overcome these local ambiguities, improving overall detection stability.
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Table 4.2: Quantitative Evaluation on Structural Datasets. We compare the
vanilla baselines against our CoLC module across four counting strategies: start-
ing from the closest point (S1), the farthest point (S2), the image-level Ensemble,
and the theoretical optimal direction (GT-Select).

Method CARPK PUCPR+ SKU110K SurgCount-HD
MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ MAE ↓ RMSE ↓

Baseline 1: CountGD

CountGD [8] (Zeroshot) 3.72 5.26 23.96 41.25 69.54 91.40 23.34 30.39
CountGD + CoLCS1 3.04 4.54 23.44 40.80 43.94 56.81 12.77 18.19
CountGD + CoLCS2 3.10 4.60 23.56 40.57 44.34 57.32 12.48 17.72
CountGD + CoLCEnsemble 3.06 4.76 23.50 40.15 44.09 57.00 12.61 17.93
CountGD + CoLCGT-Select 2.94 4.45 23.24 40.50 42.30 55.53 12.04 17.45

Baseline 2: CountSE

CountSE [6] (Zeroshot) 2.79 4.2 8.00 20.81 27.12 46.62 19.01 25.25
CountSE + CoLCS1 2.59 4.07 7.88 20.77 24.22 41.15 7.82 10.18
CountSE + CoLCS2 2.56 4.02 7.92 20.76 24.38 41.46 7.72 10.30
CountSE + CoLCEnsemble 2.57 4.03 7.90 20.76 24.29 41.29 7.72 10.18
CountSE + CoLCGT-Select 2.47 3.96 7.8 20.76 23.56 40.73 7.05 9.60

Baseline 3: CoLSR

CoLSR [1] (Zeroshot) - - - - - - 0.88 1.27
CoLSR + CoLCS1 - - - - - - 0.9 1.33
CoLSR + CoLCS2 - - - - - - 0.89 1.30
CoLSR + CoLCEnsemble - - - - - - 0.89 1.31
CoLSR + CoLCGT-Select - - - - - - 0.87 1.29

Table 4.3: Error Analysis: Average Overcounts and Undercounts. The average
number of extra objects (Overcount) and missed objects (Undercount) per image
across all datasets.

Method CARPK PUCPR+ SKU110K SurgCount-HD
Over. ↓ Under. ↓ Over. ↓ Under. ↓ Over. ↓ Under. ↓ Over. ↓ Under. ↓

CountGD (Zeroshot) 0.12 3.59 23.68 0.28 3.26 66.27 23.08 0.26
CountGD + CoLCS1 0.32 2.71 23.2 0.24 25.59 18.34 11.85 0.91

CountSE (Zeroshot) 0.31 2.46 6.12 1.88 20.39 6.74 17.87 1.14
CountSE + CoLCS1 0.49 2.09 6.52 1.36 15.12 9.09 3.72 4.11

CoLSR (Zeroshot) - - - - - - 0.53 0.35
CoLSR + CoLCS1 - - - - - - 0.30 0.60

Bi-Directional Counting. Figure 4.5 illustrates the impact of our bi-directional

counting strategy. Selecting a different starting node produces a distinct greedy

chain, thereby providing a complementary topological view that smooths out

local heuristic errors.
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4.3.5 Error Analysis

Table 4.3 decomposes the overall error into average absolute overcount and

undercount per image, defined as:

Overcount =
1
N

N

∑
i=1

max(0, ŷi − yi), Undercount =
1
N

N

∑
i=1

max(0, yi − ŷi).

(4.6)

The metrics show that CoLC acts as a powerful adaptive regularizer, specifi-

cally targeting the dominant failure mode of the zero-shot baselines. In scenarios

where the baseline suffers from severe missed detections, such as CountGD

on the highly dense SKU110K dataset, CoLC drastically reduces undercount-

ing from 66.27 to 18.34. In contrast, when the baseline overcounts, as seen in

SurgCount-HD where it exceeds 23, CoLC effectively suppresses these false

positives and reduces them by up to 65% for CountSE. Even though fixing the

model’s main weakness sometimes causes a minor increase in the opposite error

type, the total error drops significantly, resulting in a much more accurate final

count.

4.3.6 Mechanistic Analysis

Impact of RPE Bias on Attention Weights. To quantify the extent of CoLC’s

impact on the base model, we measure the Mean Query Peak, defined as the

average maximum shift in post-Softmax attention probability for active object

queries. Essentially, it represents the percentage of the attention budget that the

Counting reallocates per object to enforce spatial structure. Table 4.4 reports

the Mean Query Peak across the six decoder self-attention layers. We observe

two consistent behaviors: (1) Regardless of the dataset, the impact follows a
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Table 4.4: Mean Query Peak (%) across Decoder Self-Attention Layers. Text
colors indicate intervention intensity: Low, Medium, and High. The ” ” pattern
across each row illustrates how CoLC peaks in the middle layers before fading
away. Analysis performed using CountSE+CoLCS1 .

Dataset Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6

PUCPR+ 0.77 2.87 1.31 1.69 0.83 0.43
SKU110K 3.08 7.18 6.25 11.25 2.99 2.11
CARPK 15.85 29.94 17.15 26.32 11.57 8.62
SurgCount-HD 7.61 18.00 14.32 18.80 6.86 4.30

Table 4.5: Ablation on Position Embedding Chain Length. Impact of the chain
length (Lchain) on counting performance. Bold indicates the best performance,
while underline indicates the worst. Lower-density datasets (CARPK, PUCPR+)
exhibit a non-linear trend, degrading initially before recovering at the shortest
chain length. Analysis performed using CountSE+CoLCS1 .

CARPK PUCPR+ SKU110K SurgCount-HD
Lchain MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ MAE ↓ RMSE ↓ MAE ↓ RMSE ↓

16 2.59 4.07 7.88 20.77 24.22 41.15 10.05 13.17
8 2.60 4.06 8.08 20.78 24.68 41.93 10.51 14.06
4 2.62 4.10 8.12 20.88 24.72 41.98 10.53 14.14
2 2.57 4.04 8.00 20.86 24.84 42.26 10.72 14.28

distinct curve. The Counting applies minimal shifts in Layer 1 and peaks in

the middle layers (L2 and L4) to prioritize spatial grouping. The impact fades

in the final layers, ensuring that the structural bias does not override the base

model’s ability to regress precise object coordinates.(2) In datasets with high

visual uncertainty or low contrast (e.g., CARPK peaking at 29.94%), CoLC alters

attention to override failing visual features. In contrast, in distinct, high-contrast

environments (e.g., PUCPR+ peaking at 2.87%), the Counting applies minimal

correction to the already confident base model.
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4.3.7 RPE Bias Distribution Analysis

While the mechanistic analysis provides insight into how the RCPE module

biases attention weights, it is also important to investigate exactly which queries

receive this routed attention. We conduct an experiment to quantify the per-

centage of active chain queries whose maximum attention shift (induced by the

RPEbias) successfully targets another active chain candidate rather than back-

ground regions or self-attention. This hit-rate determines whether the model

diverts its primary focus meaningfully toward structurally relevant objects. Table

4.6 illustrates these attention routing percentages, confirming that the RPEbias

acts as a highly effective structural prior.

Table 4.6: The percentage of active queries whose maximum attention shift (peak
shift) successfully targets another valid chain candidate during decoder self-
attention. Results evaluate the CountSE baseline across multiple datasets.

Dataset Source Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6

SKU110K 74.55 38.74 51.74 45.76 72.17 89.22
PUCPR+ 65.12 45.00 62.26 42.10 60.57 80.29
CARPK 58.21 45.48 38.33 32.78 65.42 68.01
SurgCount-HD 76.96 60.90 56.12 55.60 63.43 80.33

4.3.8 Ablation Study

We ablate the visual chain length (Lchain ∈ {2, 4, 8, 16}) using our best-performing

CountSE + CoLCS1 setting to evaluate its impact on spatial reasoning (Table 4.5).

We observe that the optimal chain length strongly correlates with the density and

structural complexity of the dataset. On high-density datasets like SKU110K and

SurgCount-HD, performance degrades monotonically as Lchain decreases. Objects

in SurgCount-HD, for example, suffer from extreme occlusion, specularity and
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dense packing along structural lines, resolving these visual ambiguities requires

global sequence modeling (Lchain = 16). Similarly, the densely clustered retail

items in SKU110K benefit significantly from the broader spatial context provided

by the longest chain. In contrast, CARPK has relatively isolated objects in

predictable grids, where simple local spatial smoothing (Lchain = 2) performs

best. Given the marginal improvement in shorter chains, we set Lchain = 16 as

the default to ensure robustness in challenging, highly clustered environments.

4.4 Limitations

The current Chain Constructor (CC) is largely heuristic-driven, making the result-

ing topological order sensitive to the choice of the initial node. An inappropriate

or noisy starting point can produce disordered chains that connect distant objects

or form “zig-zag” patterns, disrupting the spatial and semantic continuity neces-

sary for accurate counting. Moreover, this work focuses on closed-set structured

object counting and does not address the more challenging open-set setting,

where object categories may vary beyond predefined classes.

4.5 Chapter Summary

In this chapter, we introduced Chain-of-Look Counting (CoLC), a plug-and-play

framework for structured object counting that explicitly models spatial layout

through sequential aggregation. Without modifying the base counter, CoLC

consistently improves accuracy across diverse structured object counting bench-

marks. Its bi-directional traversal enhances robustness and explicit intermediate

steps provide transparent counting trajectories. Overall, our results demonstrate
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that incorporating spatial structure via sequence-aware reasoning is a simple

yet effective strategy for reliable and transparent structured counting. Looking

ahead, we will develop a learning-based chain constructor to adaptively handle

complex layouts and high-density occlusions. We also aim to extend CoLC to

more challenging open-set structured counting scenarios.
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Figure 4.3: Qualitative comparison on CARPK, PUCPR+ & SurgCount-HD
datasets. Each row displays the Ground Truth annotations (left), the Baseline
predictions (middle), and our CoLC predictions (right). Regions where a model
fails are highlighted with a red indicator ( ) and corresponding successful with
a green indicator ( ).
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Figure 4.4: Qualitative comparison on SKU110K dataset. Each row displays
the Ground Truth annotations (left), the Baseline predictions (middle), and our
CoLC predictions (right). Regions where a model fails are highlighted with a red
indicator ( ) and corresponding successful with a green indicator ( ).
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Figure 4.5: Qualitative of Bi-directional Counting. Each row displays the S2
Direction CoLCS2 (left), and the S1 Direction CoLCS1 (right) results.



Chapter 5
Future Work

Counting is one of the fundamental tasks in computer vision. As artificial

intelligence advances, the native ability to count objects in images and videos

has become increasingly desirable. To count at scale, models need to align the

counting process with human cognition, as demonstrated in this thesis. However,

there are still many challenges that need to be addressed in order to achieve this.

The Chain-of-Look (CoL) counting framework works under the assumption

that the underlying encoder is capable of detecting objects accurately. This as-

sumption fails in zero-shot scenarios where the model has not seen the objects

during training. Architectural changes, such as unfreezing the encoder and

carefully designing it to induce the chain bias, can help improve detection per-

formance. Furthermore, the current CoL framework relies on domain-specific

objectives or heuristic-based chain constructors to generate the topological order.

Future research should focus on the development of a learning-based constructor

to adaptively navigate complex scenes and handle high-density occlusions more

robustly, while also exploring the integration of CoL with advanced reason-

ing capabilities (Large Language Models (LLMs)) to enable more sophisticated
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counting strategies.

Another key direction CoL touches upon is the verification and interpretabil-

ity of the counting process, an aspect often overlooked in object counting research.

Building such inherently transparent models is key to deploying production-

ready systems in safety-critical applications such as autonomous driving and

medical imaging. 3D Digital Twin-based verification is one such direction that

can be explored. We can also take this a step further by introducing physical

constraints. By teaching the model basic physics rules, such as the fact that two

solid objects cannot occupy the same space, the system can learn to automatically

filter out impossible predictions. Additionally, integrating CoL with LLMs can

help generate natural language explanations for the counting process, making

it more transparent and interpretable. Finally, coupling uncertainty quantifica-

tion methods with the counting process can help identify and prevent risks and

failures associated with deploying such counting models.



Chapter 6
Conclusion

This thesis has explored the critical role of spatial reasoning in object counting. By

taking inspiration from human cognition, specifically how humans sequentially

traverse a scene, forming a mental chain to group and count objects in order to

avoid omissions and double-counting, this research has shown that inducing

structural biases into computer vision models significantly enhances counting

accuracy, interpretability, and verifiability.

First, a domain-specific approach was taken by developing the Chain-of-Look

Spatial Reasoning (CoLSR) framework for counting dense surgical instruments

in operating rooms. By enforcing a visual chain through a novel neighboring loss

and a class-specific learnable (CSL) token-based contrastive feature enhancer, the

model effectively overcame the challenges of high visual similarity and severe

occlusion, outperforming existing state-of-the-art methods. Furthermore, this

research introduced the SurgCount-HD dataset, providing a rigorous benchmark

for future clinical counting research.

Building upon these observations, the subsequent work generalized the ap-

proach to diverse, structured scenes with the Chain-of-Look Counting (CoLC)
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framework. CoLC, a lightweight and versatile plug-and-play module, demon-

strated that current DETR-based counting models possess an inherent affinity

for sequential reasoning, supporting the broader usefulness of the chain-of-look

paradigm. The bi-directional sequential aggregation mechanism consistently

improves the performance of base counters without requiring architectural mod-

ifications, while also providing a verifiable and interpretable counting process.

In conclusion, the methodologies presented in this thesis demonstrate that

counting at scale requires not just strong perceptual detectors, but also a princi-

pled mechanism to organize detections into a coherent, spatially-aware topologi-

cal structure. By aligning machine counting with human visual reasoning, this

thesis lays a robust foundation for building reliable, transparent, and structurally

aware counting systems.
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