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ABSTRACT

KNOWLEDGE DISTILLATION WITH FOUNDATION MODELS FOR IMAGE

SEGMENTATION

Open vocabulary image segmentation is the task of predicting segmentation masks for any

label. State-of-the-art open vocabulary image segmentation approaches combine zero-shot

object detection and mask generation models. Mask generation models use point and box

prompts to segment anything, and there have been many approaches in distilling these.

This approach includes distilling open vocabulary image segmentation models into small

student models to guide the student model training. This dissertation also contributes a

new open-vocabulary image segmentation model, named OWLSAM, that can be used for

open-vocabulary image segmentation and synthetic data labelling.
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ÖZET

GÖRÜNTÜ SEGMENTASYONU IÇIN TEMEL MODELLERIN DAMITILMASI

Açık sözlük görüntü segmentasyonu, herhangi bir sınıf için segmentasyon maskelerini tahmin

etme görevidir. Maske oluşturma modelleri, herhangi bir şeyi bölümlere ayırmak için nokta ve

sınırlayıcı kutu komutlarını kullanır. Son teknoloji ürünü açık sözlük görüntü segmentasyonu

yaklaşımları, sıfır atışlı nesne algılama ve maske oluşturma modellerini birleştirerek tahminde

bulunur. Bu yaklaşım, öğrenci modeli eğitimine rehberlik etmek için açık sözlük görüntü

segmentasyonu modellerini öğretmen model olarak kullanır. Bu tez, aynı zamanda yeni bir

açık sözlük görüntü segmentationu modeli (OWLSAM) sunar.
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1. INTRODUCTION

This section gives a brief overview of the problem, aim and contribution of this dissertation

and finally, an outline.

1.1. PROBLEM STATEMENT

Image segmentation is an important task in computer vision that aims to divide an image

into semantically meaningful regions. These regions encompass objects or things. Image

segmentation models often classify a limited set of labels, which the model is trained on.

Open vocabulary image segmentation overcomes this by adding a natural language interface

to the models which can input any text query to segment the object described by the query.

Recent paradigm shift in AI came with the emergence of foundation models that leverage

not only massive scale of compute but large datasets that are created with data engines,

self-training and pseudo-labelling using the models that are trained. This has unlocked

universal generalist models. The initial foundation models, such as CLIP [4] and contrastive

pre-training paved the way for open-vocabulary and multimodal models. CLIP is a

multimodal model that consist of an image and text encoder that are jointly pre-trained

to yield multimodal embeddings. Vision foundation models have gained significant attention

due to their ability to perform zero-shot learning on various computer vision tasks. These

models are pre-trained on large-scale datasets and can be used directly for inference without

the need for fine-tuning on specific downstream tasks. Examples of vision foundation

models include ALIGN [5], Florence [6], and CoCa [7]. While vision foundation models

excel at zero-shot learning, fine-tuning them on specific tasks can further improve their

performance. Popular model architectures for fine-tuning include Vision Transformers (ViT)

[8] and ConvNeXt [9]. These architectures have demonstrated superior performance when

fine-tuned on various computer vision benchmarks. Following CLIP, OWL-ViT [2] model

have repurposed contrastive pre-training for open-vocabulary object detection. OWLv2 [10]

has scaled OWL-ViT to increase zero-shot performance using large scale compute and dataset.

Another notable vision foundation model is the Segment Anything Model (SAM) [1], a large

mask generation model. SAM leverages a combination of supervised and self-supervised
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learning techniques to generate high-quality object masks from input prompts, enabling

interactive segmentation applications. SAM only accepts point and box prompt, and due

to this it is not an open-vocabulary segmentation model. Combining SAM with different

open-vocabulary detection models through prompting text to open-vocabulary detection

models, getting bounding boxes and passing boxes to SAM model composes state-of-the-art

pipelines for generalist open-vocabulary image segmentation task. However, there hasn’t

been an attempt to combine OWLv2 with SAM to create this pipeline. As the field of

foundation models continues to evolve, researchers are exploring ways to improve their

efficiency, interpretability, and adaptability to various tasks. Techniques such as knowledge

distillation [11], and few-shot learning are being investigated to make foundation models

more accessible and applicable to real-world scenarios.

1.2. AIM OF THIS DISSERATION

This thesis aims to investigates two topics: can we get state-of-the-art results by combining

OWLv2 model with SAM model for open-vocabulary image-segmentation, and ways to

transfer the information from this model to a smaller architecture. The latter unlocks

two enhancements, firstly, less dependency on labelling services, as it proves we can use

pseudolabels from larger models instead of labelling services. To do so, we distill the model.

Thus, secondly, distillation also unlocks better training performance with the presence of soft

targets (foundation model logits).

1.3. CONTRIBUTION OF THIS THESIS

Open vocabulary image segmentation is an important task in computer vision with many

practical applications. However, state-of-the-art models that combine zero-shot object

detection and mask generation tend to be large and computationally expensive. While there

have been significant efforts to distill models in other machine learning domains, relatively

less work has explored distillation techniques for vision models, especially in the emerging

area of open vocabulary segmentation.

This thesis makes several key contributions to fill this gap. We present a novel approach
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to distill an open-vocabulary segmentation model by leveraging both ground truth masks

and pseudo-labels generated by the model itself. To our knowledge, this is the first work

to explore distillation for the specific case of open vocabulary segmentation models that

integrate zero-shot detection and segmentation. Secondly, propose a new open vocabulary

segmentation model architecture called OWLSAM, which combines OWLv2 zero-shot

segmentation model and Segment Anything model that serves as the teacher model, enabling

high-quality open vocabulary segmentation. Through extensive experiments, we demonstrate

that our distillation approach using OWLSAM can produce efficient student models that

maintain high segmentation accuracy while being significantly smaller and faster than the

teacher. This shows the potential for distillation to make open vocabulary segmentation

more practical for resource-constrained settings. Furthermore, we show how OWLSAM

can be used to automatically generate high-quality synthetic training data by segmenting

objects in unlabeled images. This can help to address the data bottleneck often faced when

training segmentation models for new domains. Our work enables more efficient and flexible

segmentation models that can be applied to a wider range of real-world computer vision tasks.

We distill OWLSAM model to a smaller architecture and compare the same architecture

fine-tuned on the same dataset. We show that it is possible to transfer the knowledge in

open-vocabulary segmentation models to make use of it for edge device deployment.

1.4. OUTLINE

The thesis is following six key chapters. First chapter is introduction to clarify the aim

and point of this dissertation. It is followed by the literature review, which provides a

comprehensive survey of relevant research and theoretical frameworks that inform, and

presents the research and key advancements that follows to this day. In the methodology

there is the details of the preprocessing pipeline and the experiments. Results are then

presented, showcasing the findings from the experiments. The discussion interprets the

implications of these findings in relation to the research questions and practical applications,

addressing limitations and potential future directions. Finally, the conclusion encapsulates

the primary contributions of the study, emphasizing its overall impact and summarizing key

insights.
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2. LITERATURE REVIEW

This chapter elaborates on the research and the key advancements made that led up to

this thesis. It includes the main architectures and models that scaled well, enabling

the foundation models in computer vision. The chapter also includes a technique called

knowledge distillation as well which this thesis heavily relies on. Last section contains the

researches that are closest to this thesis.

2.1. VISION TRANSFORMERS

Vision Transformers (ViTs) [12] represent a recent breakthrough in computer vision,

departing from the traditional convolutional neural networks (CNNs) [13] that have long

dominated the field. ViTs aim to leverage the success of transformers in natural language

processing for image understanding tasks.

CNNs have been the cornerstone of various computer vision tasks, characterized by their

ability to capture spatial hierarchies through convolutional layers. However, as image datasets

grow larger and tasks become more complex, CNNs face challenges in capturing global

dependencies across the image. Transformers, initially designed for sequential data in NLP,

offer a promising alternative by allowing for global self-attention mechanisms, enabling the

model to learn relationships between all image pixels directly.

ViTs replace the convolutional layers of CNNs with a stack of transformer blocks [14]. Each

block consists of self-attention layers and feed-forward neural networks. This architecture

enables ViTs to process images as sequences of patches, thereby facilitating better long-range

interactions and context aggregation compared to CNNs.

Empirical studies have demonstrated that ViTs achieve competitive performance against

CNNs [15] on various image classification benchmarks such as ImageNet [16] and COCO

[17]. Moreover, ViTs excel in tasks requiring fine-grained understanding and context-aware

feature extraction, making them suitable for applications beyond classification, including

object detection, segmentation, and even generative tasks like image synthesis.
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Despite their success, ViTs pose challenges such as computational efficiency, especially

for high-resolution images, and sensitivity to data augmentation strategies. Ongoing

research focuses on addressing these limitations through hybrid architectures combining

CNNs and transformers, as well as quantization and knowledge distillation to smaller and

computationally efficient architectures.

2.2. CONTRASTIVE PRE-TRAINING AND MULTIMODALITY

Contrastive Language–Image Pretraining (CLIP) [4] model represents a significant

advancement in the field of artificial intelligence, specifically in multimodal understanding.

Developed to bridge the gap between natural language processing and computer vision, CLIP

can understand and generate text from images and vice versa, making it a powerful model to

unlock multimodal applications. CLIP is built on contrastive learning, a technique where the

model learns to associate images and text that are semantically related while distinguishing

them from unrelated pairs. The model architecture comprises two primary components: an

image encoder and a text encoder. The image encoder in CLIP is typically a convolutional

neural network (CNN) or a Vision Transformer (ViT). This component processes the input

images to produce a fixed-dimensional feature vector. The encoder is trained to capture

high-level visual features that are pertinent to the semantic content of the images. The text

encoder is a transformer-based model to encode inputs into embeddings, similar to BERT

model [18]. The text encoder processes the input text (such as captions, descriptions, or

labels) and converts it into a corresponding feature vector. The text encoder is designed to

understand and represent the semantic nuances of natural language. During training, CLIP

maximizes the cosine similarity between the feature vectors of matched image-text pairs

(image and text encoder outputs) while minimizing the similarity between unmatched pairs.

This process is known as contrastive learning and is crucial for aligning the visual and textual

representations in a shared latent space. One of the most remarkable features of CLIP is its

ability to perform zero-shot learning. This means that the model can generalize to open-ended

labels thanks to text encoder without explicit task-specific training on limited set of labels.

Inherently, CLIP can accomplish zero-shot image classification with open-vocabulary labels

through assessing similarity between text and image queries in shared latent space. This
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behavior enabled training of open-vocabulary zero-shot object detection models like OWL.

2.3. OWLV2 MODEL

OWL-ViT is an open vocabulary object detector capable of detecting objects with open-ended

labels. The model architecture comprises two main components: a text encoder and an image

encoder, resembling a CLIP-like architecture. The training process of OWL-ViT involves

two stages. First, image-text contrastive pre-training is performed using a large-scale dataset

to learn a shared representation space for both visual and textual data. This stage leverages a

contrastive loss that maximizes the similarity between corresponding image-text pairs while

minimizing the similarity between non-corresponding pairs.

For the image encoder, OWL-ViT employs a Vision Transformer (ViT) architecture. During

the transfer to open-vocabulary object detection, the final token pooling layer and projection

layer are removed. Instead, a classification and object detection head is attached to the output

tokens of the image encoder. Each output token is linearly projected to obtain per-object

image embeddings, which are then used for classification and bounding box prediction via

a small multi-layer perceptron (MLP). The text embeddings, generated by passing category

names or textual descriptions through the text encoder, serve as queries for open-vocabulary

classification. These queries enable the model to predict the presence and location of objects

that may not have been explicitly present in the training data.

The OWLv2 model extends OWL-ViT by scaling through self-training [12]. This involves

using pseudo-annotations from the largest OWL-ViT model to weakly supervise the training

process, thereby increasing data coverage. Additionally, OWLv2 employs advanced

techniques such as multi-head attention pooling for aggregating image representations and

logit scaling for improved prediction confidence.

The OWL-ViT model architecture does not fuse image and text encoders early in the process,

allowing the model to process thousands of text queries independently for each image. This

design choice enhances the efficiency and flexibility of the model during inference, as query

embeddings can be precomputed and reused across different images.

Overall, OWL-ViT and its successor OWLv2 represent significant advancements in
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Figure 2.1. SAM Architecture, from the paper [1]

open-vocabulary object detection, combining the strengths of Vision Transformers with

large-scale contrastive pre-training and innovative transfer learning techniques to achieve

robust and scalable object detection capabilities. Architecture of OWL can be seen in

Figure 2.2

2.4. SEGMENT ANYTHING MODEL

Segment Anything Model [1] can accomplish two tasks introduced in the Segment Anything

paper, called Segment Anything and Segment Everything. The SAM model is essentially

built for promptable segmentation, where prompts consist of bounding boxes and points

around and within objects or regions to be segmented, and the model doesn’t accept text

prompts. The Segment Anything task refers to the capability of the SAM model to segment

objects or regions of interest based on various types of prompts. In contrast, the Segment

Everything task involves fully automatic segmentation of all regions and objects in an entire

image without any specific prompts, achieved by creating a grid of points and feeding them

as point prompts. In this task, SAM aims to identify and segment all objects and regions

within the image independently.

SAM consists of three main components: an image encoder, a prompt encoder, and a mask

decoder. The mask decoder takes in the outputs of the image encoder and prompt encoder

and produces masks. SAM’s success can be largely attributed to its training on the extensive

SA-1B dataset, which includes 11 million images and one billion masks generated through

pseudo-labelling using the model itself. Architecture of SAM can be seen in Figure 2.1
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Figure 2.2. OWL Architecture from paper [2]

2.5. SEMANTIC SEGMENTATION

Semantic segmentation is a critical task in computer vision that involves classifying each

pixel in an image into one of several predefined categories, effectively partitioning the image

into semantically meaningful regions or objects of interest. Unlike image classification,

which assigns a single label to an entire image, semantic segmentation provides a detailed

understanding of the scene by labeling each pixel, making it essential for applications like

autonomous driving, medical imaging, and scene understanding. Early approaches leveraged

traditional machine learning techniques, but the field has seen significant advancements with

the advent of deep learning. The state-of-the approaches include models based on Fully

Convolutional Network (FCN) [19], and ViT based approaches. An example input output for

a semantic segmentation can be seen in Figure 2.3.

2.6. OPEN-VOCABULARY IMAGE SEGMENTATION

Open-vocabulary image segmentation is an generalization task in computer vision designed

to identify and delineate objects in images based on textual descriptions, without being

constrained to a predefined set of classes. This approach leverages the capabilities of image

encoder and text decoder models to recognize and segment objects. As of now, there are

three methods to achieve open-vocabulary image segmentation. First method is combining a

backbone, a feature enhancer and a mask head with a text encoder. OFA [20] integrates this
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Figure 2.3. An example input output from PASCAL VOC 2012 semantic segmentation
dataset

Mask R-CNN architecture with a text encoder, which allows it to interpret textual descriptions

and segment objects that fit that description. The text encoder converts the textual input into

a format that the visual model can process, enabling the segmentation of objects based on

textual queries. This integration allows the model to perform instance segmentation tasks

by leveraging both visual and textual information, enhancing its flexibility and capability to

handle diverse and unseen objects. Another recent approach is using vision language models

for image segmentation. Vision language models (VLMs) are used to do a variety of tasks

that take in text and image and output text, including visual question answering or image

captioning. These models, when pre-trained with image inputs and bounding box coordinate

and segmentation token outputs, are capable of doing zero-shot object detection and image

segmentation. PaliGemma [21] is the first and as of now only model to accomplish such task.

It outputs segmentation tokens which are later decoded to a segmentation mask by another

network trained separately. Last approach is to combine a zero-shot object detector with

mask generation model. GroundedSAM [22] combines GroundingDINO [23], a zero-shot

object detector, with the state-of-the-art mask generation model, Segment Anything Model

(SAM). This paper combines OWLv2 with SAM for open vocabulary image segmentation,

and explores the use of such model as a teacher model for knowledge distillation.
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Figure 2.4. Knowledge Distillation

2.7. KNOWLEDGE DISTILLATION

Knowledge distillation (KD) is a widely used technique to enhance the performance of

deep learning models without modifying their architectures. The concept of distilling the

knowledge from a larger, pre-trained teacher model to a smaller student model was firstly

introduced by Hinton et. al [11]. This process involves supervising the student model using

both hard labels (the ground truth) and soft labels (the probability distribution over classes

output by the teacher model). This dual supervision helps the student model learn not just

the correct output, but also the nuances of the teacher’s learned knowledge.

Building on this foundational work, numerous studies have sought to enhance the utilization of

soft labels to transfer more comprehensive knowledge. Tian et al. [19] refined the distillation

process by decoupling representation learning from classification, enabling the student model

to first focus on learning improved feature representations before tackling the classification

task.

Another major advancement in knowledge distillation involves the transfer of intermediate

features from the teacher model. Another novel method involves a self-supervised teaching

assistant to guide training of a ViT [12] based student model [24]. FitNet is another work,

where the semantic information from the teacher’s intermediate layers is directly distilled into

the student model. This approach takes advantage of the rich hierarchical features learned by
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the teacher, providing the student with more detailed guidance [25].

2.8. MOBILENET AND DEEPLAB

MobileNet [26] is a family of neural network architectures designed for efficient computation

and high performance on mobile and embedded devices. Developed by Google, MobileNet

models are optimized for applications requiring low latency and limited computational

resources, such as real-time object detection and image classification on smartphones and IoT

devices. The key innovation of MobileNet is the use of depthwise separable convolutions,

which significantly reduce the number of parameters and computational cost compared to

standard convolutions, without sacrificing accuracy.

MobileNetV1 [26] introduced depthwise separable convolutions, splitting the standard

convolution into a depthwise convolution and a pointwise convolution. This decomposition

reduces the number of parameters and multiplications, making the network lighter and

faster. MobileNetV2 [27] built upon this by introducing inverted residuals and linear

bottlenecks, further enhancing performance while maintaining efficiency. These architectural

improvements allow MobileNetV2 to achieve higher accuracy with fewer parameters and less

computational load than its predecessor.

MobileNet employing very lightweight architecture significantly reduces the number of

parameters and computational load without substantially sacrificing accuracy, which makes

it a great candidate for edge device applications. Additionally, MobileNet is designed for

efficient inference, enabling quick data processing with low latency, essential for real-time

applications on edge devices. Its scalability, facilitated by width and resolution multipliers,

allows the model to be adjusted based on the available computational resources, making it

versatile for a wide range of edge devices. These attributes collectively render MobileNet an

ideal choice for edge computing scenarios where resource constraints demand both efficient

and effective computation.

DeepLab is a family of neural network models designed for semantic image segmentation [28].

DeepLab introduced atrous (or dilated) convolutions, which allows controlling the resolution

at which feature responses are computed within Deep Convolutional Neural Networks. This
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enables a wider field of view without losing resolution. DeepLabV2 introduced Atrous

Spatial Pyramid Pooling (ASPP), which is an enhanced atrous convolution approach that uses

multiple atrous convolutions with different rates in parallel, capturing multi-scale contextual

information [28]. DeepLabV3 builds on DeepLabV2 by adding batch normalization to

ASPP module and adding image-level features [29]. This model also removed conditional

random field modules. Lastly, DeepLabV3+ improves DeepLabV3 by using DeepLabV3 as

an encoder and adding a decoder on top of it, which refines the segmentation results [30].

2.9. DISTILLATION IN SEGMENTATION

The practical application of foundation models is often hindered by their considerable size

and complexity, posing significant challenges in terms of efficiency for compute. Transferring

the universal information in these models to smaller architectures became a necessity, which

is addressed by applying knowledge distillation through using foundation models as teacher

models. The application of knowledge distillation to foundation models is particularly

promising. Given their extensive pre-training and high-level feature representations, these

models serve as ideal candidates for the role of teacher models. The distilled student models,

derived from these robust foundations, can then be deployed in scenarios where computational

resources are constrained, such as in edge devices or real-time applications.

There are numerous attempts to distill Segment Anything Model, and most attempts are

preserving the universal information rather than accomplishing task-specific knowledge

distillation. Segment Anything Model consists of three parts, a heavy image encoder, a

prompt encoder and a decoder to decode the encodings to segmentation masks. Most

approaches have attempted to replace the image encoder of SAM with a more lightweight

architecture.

MobileSAM is a distilled SAM model where heavyweight image encoder is distilled with

a lightweight image encoder, making the model 60 times smaller and 5 times faster [31].

The researchers explored three distillation methods to reduce the SAM model’s size while

maintaining its effectiveness. They first attempted a straightforward approach by directly

distilling the decoder outputs. This involved using a small, randomly initialized Vision
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Transformer (ViT) and mask decoder. However, this method proved ineffective when both

the ViT and decoder were poorly initialized. The researchers subsequently investigated two

additional distillation approaches. The first, termed "semi-coupled" distillation, involved

randomly initializing only the Vision Transformer image encoder while retaining the original

mask decoder. This method is considered semi-coupled as the image encoder distillation

process remains dependent on the mask decoder. The second approach, dubbed "decoupled"

distillation, represents a more radical departure. In this method, the researchers completely

isolated the image encoder distillation process, freezing the mask decoder and eschewing

distillation based on generated masks. This strategy aligns with the understanding that the

encoder typically constitutes the primary computational bottleneck, and distillation often

yields optimal results when applied to encoding processes. Notably, the researchers’ findings

indicate that the decoupled distillation method outperforms coupled distillation in terms of

mean Intersection over Union (IoU), while simultaneously requiring significantly reduced

computational resources. This discovery has important implications for model optimization

in computer vision tasks.

EfficientSAM [32], a lightweight variant of the Segment Anything Model (SAM) designed

to address computational efficiency concerns while maintaining competitive performance.

Their approach, called SAM-leveraged Masked Image Pretraining (SAMI), utilizes a masked

autoencoder framework to distill knowledge from SAM’s large ViT-H image encoder into

smaller, more efficient encoders like ViT-Tiny and ViT-Small. SAMI pretrains these

lightweight encoders to reconstruct features from the SAM encoder using a mean squared

error loss, effectively transferring SAM’s rich visual representations. The authors demonstrate

that EfficientSAM models, built with SAMI-pretrained encoders and SAM’s original mask

decoder, achieve comparable performance to the full SAM on zero-shot instance segmentation

tasks while significantly reducing computational costs. For instance, EfficientSAM-S reduces

inference time by approximately 20x and parameter count by 20x compared to SAM, with

only a small performance drop (44.4 AP vs 46.5 AP on COCO). The study also shows

SAMI’s effectiveness in improving performance on various computer vision tasks beyond

segmentation, including image classification and object detection.

ZeroSeg [33] is a novel approach for open-vocabulary semantic segmentation that eliminates

the need for human-annotated labels. ZeroSeg leverages knowledge from pretrained
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vision-language models, specifically CLIP, to train a segmentation model without relying

on text supervision or pixel-level annotations. The method employs a carefully designed

architecture that incorporates a masked autoencoder framework for efficiency and a

segmentation head with learnable segment tokens. ZeroSeg uses two key loss functions:

a multi-scale feature distillation loss and a segment matching loss. These losses enable the

model to capture object-localized semantic information at various scales and align segment

tokens with corresponding image regions. The model is trained on 1.3M ImageNet images,

and it achieves comparable or superior performance to models trained on much larger

image-text pair datasets or with segmentation labels. The authors demonstrate ZeroSeg’s

effectiveness through quantitative evaluations on standard benchmarks (PASCAL VOC,

PASCAL Context, and COCO), as well as qualitative assessments and human studies for

open-vocabulary segmentation tasks.

Another approach [34] distills the Segment Anything Model (SAM) for planetary geological

mapping, specifically for on the detection of Martian skylights. The authors’ method employs

knowledge distillation from SAM to a domain-specific task with minimal manual annotation.

The authors freeze SAM’s image encoder and train a lightweight domain-specific decoder,

consisting of only three upsampling layers. This approach allows for efficient learning of

task-specific semantics while preserving the robust feature extraction capabilities of SAM.

The study demonstrates that with as few as five annotated samples, their model achieves

performance comparable to or better than a Mask R-CNN baseline trained on 405 manually

annotated images. The authors also evaluate different SAM prompt modes for annotation,

finding the bounding box mode most effective for their task. This work showcases the

potential of foundation models like SAM in accelerating specialized segmentation tasks in

planetary science, significantly reducing the manual annotation burden on domain experts.

SlimSAM [35] presents a novel approach to distilling the Segment Anything Model while

maintaining high performance with minimal training data. The authors propose an alternate

slimming framework that decomposes the model into two sub-structures: embedding and

bottleneck. The process alternates between pruning and distilling these decoupled structures,

which helps minimize divergence from the original model and enables more effective

knowledge transfer. To address the misalignment between pruning objectives and training

targets, the authors propose a novel importance estimation criterion called disturbed Taylor
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importance. This approach aligns the pruning criteria with the optimization objectives of

subsequent distillation, resulting in improved performance recovery. SlimSAM leverages

knowledge distillation from both intermediate layers and final output embeddings. This

approach significantly improves the training results, with MIoU improvements of 1.22

percent and 0.57 percent for different distillation steps. One of the most notable aspects

of SlimSAM is its ability to achieve high performance with extremely limited training data.

The method uses only 0.1 percent (10,000 images) of the SA-1B dataset, which is 10 times

less data than comparable methods like EdgeSAM and MobileSAM. The distillation process

is carried out in a progressive manner, with two main steps: embedding pruning followed

by bottleneck pruning. After each pruning step, knowledge distillation with intermediate

layer aligning is employed to recover performance. Global vs. Local Pruning: The

authors explore both local and global pruning strategies for bottleneck features, finding

that global pruning with appropriate normalization can yield better results, especially with

increased training iterations. The authors report that their SlimSAM-50 and SlimSAM-77

models achieve parameter reductions to 4.0 percent (26M) and 1.4 percent (9.1M) of the

original count, respectively, while maintaining performance levels comparable to the original

SAM-H. This approach to distilling SAM represents a significant advancement in model

compression techniques, particularly in scenarios with limited training data availability. The

combination of structural pruning, knowledge distillation, and careful consideration of model

architecture allows SlimSAM to achieve remarkable efficiency gains while preserving the

robust segmentation capabilities of the original SAM.

2.10. DISTILLATION IN WITH PSEUDOLABELS FROM FOUNDATION MODELS

Readily available foundation models can be used for distillation through labels they generate.

These labels are called "pseudolabels". Distillation with pseudolabels leverages the

knowledge and capabilities of large, pre-trained models to improve smaller, more efficient

models. This process involves using a large foundation model (often called the "teacher") to

generate high-quality labeled data, which is then used to train a smaller model (the "student").

The key idea is that the foundation model, having been trained on vast amounts of data, can

generate accurate and diverse labels for a wide range of tasks. These labels are called
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"pseudolabels" - they aren’t created by human annotators, but are assumed to be of high

quality due to the foundation model’s broad knowledge. This reduces the need for expensive

and time-consuming human annotation, can generate large amounts of diverse training data

quickly and it allows for the transfer of complex knowledge from large models to smaller,

more deployable ones. It can be applied to various domains and tasks where the foundation

model has relevant knowledge.

Zephyr paper [36] follows aforementioned approach for distilling knowledge from large

language models (LLMs) to create smaller, aligned models without relying on human

annotations. This process leverages pseudolabels generated by foundation models to improve

the capabilities of more compact models. The authors apply distilled supervised fine-tuning

from a dataset of AI-generated instructions and responses, called UltraChat. The larger

teacher model generates multi-turn dialogues based on seed prompts. These synthetic

dialogues serve as training data for the student model, allowing it to learn conversational

patterns and knowledge from the teacher.

Gandhi et al. [37] proposed Distil-Whisper, a method for distilling the Whisper speech

recognition model into a smaller, faster variant while maintaining its robustness across

different acoustic conditions. Their approach uses large-scale pseudo-labeling to create a

diverse training dataset spanning 10 domains. They employ a simple word error rate heuristic

to filter and select only high-quality pseudo-labels for training. The distillation process

involves freezing Whisper’s encoder, initializing a lightweight decoder from select layers of

Whisper’s [38] decoder, and training on a combination of pseudo-label and KL-divergence

losses. Notably, Distil-Whisper achieves performance within 1 percent word error rate of the

original Whisper model on out-of-distribution test data, while being 5.8 times faster and using

51 percent fewer parameters. The authors also demonstrate that Distil-Whisper can be paired

with Whisper for speculative decoding, doubling inference speed while ensuring identical

outputs to the original model. This work showcases the potential of using foundation models

to generate high-quality pseudo-labels for training efficient, task-specific models without

compromising performance or generalization ability.
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3. METHODOLOGY

This chapter includes the details about our experiment and the pre-processing setup for the

model, the dataset we experiment on and the problem definition.

3.1. PROBLEM DEFINITION

Drawing on recent advancements in foundation models and knowledge distillation techniques

within computer vision, this thesis aims to enhance the training of smaller models for semantic

segmentation. It proposes leveraging weak supervision from an open-vocabulary image

segmentation model by using the output logits as soft targets in task-specific knowledge

distillation. This process involves training a compact student model to emulate the behavior of

a larger, more powerful teacher model by aligning its predictions to the softened probabilities

produced by the teacher. By doing so, the student model not only learns the explicit labels

available in the training dataset but also benefits from the rich, implicit knowledge embedded

in the teacher’s logits, encompassing nuances and variations not explicitly labeled. This

method is particularly effective in scenarios where labeled data is scarce or expensive, as it

allows the student model to approximate the generalization capabilities of the teacher with

significantly reduced computational resources.

Semantic segmentation is a pivotal task in computer vision that involves assigning a specific

label to each pixel of an image, thereby enabling machines to understand and interpret detailed

visual information with high granularity. This process is crucial in various applications such

as autonomous driving, medical image analysis, and scene understanding, where precise

pixel-level predictions are necessary. An example input output for semantic segmentation

can be seen in Figure 3.1.

The performance of semantic segmentation models is typically evaluated using several key

metrics. First is pixel accuracy, which measures the percentage of pixels in the image that are

correctly classified. While straightforward, this metric is not sensitive to class imbalances

where some classes are more prevalent than others. Another one is Intersection-over-Union

(IoU) (also known as the Jaccard Index), this metric evaluates segmentation accuracy by
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Figure 3.1. An example input output from PASCAL VOC 2012 semantic segmentation
dataset

calculating the ratio of the intersection to the union of the predicted and ground truth masks

for each class, and then averaging across classes. It is particularly useful for balancing the

influence of large and small objects. Similar to IoU, the Dice coefficient measures the overlap

between the predicted segmentation and the ground truth. It is calculated as twice the area

of overlap divided by the total number of pixels in both the prediction and the ground truth.

To optimize these metrics, semantic segmentation models rely on various loss functions

during training, which guide the learning process by quantifying the difference between

the predicted and true labels. A common choice for pixel-wise classification in semantic

segmentation is cross-entropy loss. It calculates the loss for each pixel independently and

averages over all pixels, effectively encouraging the model to match the ground truth labels.

Derived from the Dice Coefficient, Dice loss function is particularly effective for dealing with

class imbalance by focusing on the overlap between the predicted and actual segments. Focal

loss modifies the standard cross-entropy loss to place more focus on hard-to-classify pixels.

This adjustment helps in handling imbalances by reducing the relative loss for well-classified

examples, allowing the model to focus more on difficult cases.
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Figure 3.2. Overview of the OWLSAM Model

3.2. PROPOSED APPROACH

In this thesis, we introduce two significant contributions. Firstly, we propose OWLSAM,

an open-vocabulary segmentation model that combines OWLv2 and the Segment Anything

Model. The input output schema of OWLSAM can be seen in “Figure 3.2” OWLv2 model

is used primarily to add natural language interface, adding semantic information to SAM

output masks. Second and primary contribution of this thesis involves investigating the use

of OWLSAM logits as soft labels in task-specific knowledge distillation. By using OWLSAM

logits as teacher signals, we explore how this approach can guide the distillation process better.

For student model, we have used MobileNetV2 architecture. For the task-specific knowledge

distillation experiment setup, we use the PASCAL Visual Object Classes (VOC) [39] dataset,

a benchmark in semantic segmentation, to evaluate and demonstrate the effectiveness of

our proposed method. This method also unlocks using OWLSAM as a pseudolabeller for

semantic segmentation, reducing the need for human annotations for semantic segmentation.

3.3. TEACHER MODEL

In our distillation experiments, we have used OWLSAM as teacher model and MobileNetV2

with DeepLabV3+ segmentation head as the student model [30]. Overview of the distillation

process can be seen in “Figure 3.5”. OWLv2 model used here is ensemble of the pre-trained

OWLv2 base model and OWLv2 fine-tuned on LVIS [40] dataset which already includes the

classes of PASCAL-VOC 2021. The rationale behind choosing this model how ensembling
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Figure 3.3. Open-vocabulary Example for OWLSAM Text Detection

Figure 3.4. Open-vocabulary Example for OWLSAM



21

Figure 3.5. Distillation Process

a fine-tuned model with the base model provides a good trade-off in average precision of

detections in the wild, compared to only using a base model or only using fine-tuned model

[10]. The authors have ensembled the models through averaging the model weights. Base

model performs better for open-vocabulary queries, meanwhile ensemble and fine-tuned

models are more suitable for labelling tasks for pre-defined set of labels of everyday objects.

We have combined this model with Segment Anything Model ViT-B checkpoint. We have

first passed training split of PASCAL-VOC 2012 through OWLSAM model and saved each

predicted labels along with their output logits and segmentation masks.

3.4. IMPLEMENTATION DETAILS

This section includes technical lower level details on implementation: the dataset,

experimentation hyperparameters for distillation and experimentation hyperparameters for

the fine-tuning for comparison.

3.4.1. PASCAL-VOC Dataset

The PASCAL Visual Object Classes (VOC) dataset is a widely used benchmark for object

detection, image classification, semantic segmentation, and action classification. It was

introduced in 2005 and ran challenges from 2005 to 2012. The dataset consists of photographs

collected from Flickr, covering a wide range of scene categories. The PASCAL VOC 2012
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dataset, specifically, contains a total of 11,540 images with objects from 20 different classes:

aeroplane, bicycle, bird, boat, bottle, bus, car, cat, chair, cow, dining table, dog, horse,

motorbike, person, potted plant, sheep, sofa, train, and TV/monitor. For the segmentation

task, a subset of the images also includes pixel-wise annotations. In addition to above

classes, there are two more classes: background and bordering region. Background here

indicates all the pixels except for aforementioned classes and bordering region. Bordering

region are the pixels that are on the edges between background, on top of aforementioned

classes (pixels in between the objects and pixels between background and the objects).

These bordering regions are excluded from loss calculations and bordering region pixels

are often omitted in the final model evaluations. In the PASCAL VOC 2012 dataset, the

segmentation train set contains 1,464 images and the validation set contains 1,449 images.

These segmentation annotations provide detailed object boundaries and enable evaluation

of semantic segmentation algorithms. We have utilized this part of the dataset for our

experiments. We have split the train split into two splits with split ratio of 0.2, to training

and evaluation split. We employ evaluation split to check the Intersection-over-Union and

loss throughout the training. We use the dataset’s own validation split to conduct the final

validation of the model.

3.4.2. Knowledge Distillation Details

Knowledge distillation losses consist of two parts, a loss based on KL-divergence between

teacher logits and student logits called "soft target", and a task-specific metric between student

labels and ground truth targets called "hard target". Hard targets are the actual class labels

used during standard training. In this case, semantic segmentation masks from training

dataset is our hard target.

Soft targets are the class probabilities output by the teacher model. Instead of providing

a hard binary decision, the teacher model gives a probability distribution over all classes.

These probabilities often contain more information than hard targets because they capture

the relative confidence of the teacher model in each class. To estimate the difference between

output probabilities (logits) of student model and teacher model, KL-divergence is used. The

Kullback-Leibler (KL) divergence is a measure of how one probability distribution diverges
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Figure 3.6. Example Images and their masks from PASCAL-VOC 2012 Dataset
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from a second, expected probability distribution.

It is calculated as follows.

KL-Divergence between 𝑃 and 𝑄 : 𝐷𝐾𝐿 (𝑃 ∥ 𝑄) =
∑︁
𝑖

𝑃(𝑖) log
(
𝑃(𝑖)
𝑄(𝑖)

)
(3.1)

During the distillation process, the goal is to train the student model to replicate the behavior

of the teacher model. This is achieved by minimizing the KL divergence between the output

probability distributions of the teacher model and the student model.

The loss function used in typical knowledge distillation problems combines the cross-entropy

loss on the hard targets and the KL divergence on the soft targets. In our problem, we use

Intersection-over-Union on hard targets and KL-divergence on soft targets.

Loss = 𝛼 ·
(
1

𝑁

𝑁∑︁
𝑖=1

(
1 − IoU(𝑌𝑖, 𝑌𝑖)

))
+ 𝛽 · 𝑇2 ·

(
𝑁∑︁
𝑖=1

𝑞𝑖 log

(
𝑞𝑖

𝑝𝑖

))
(3.2)

First term of the loss is reserved for IoU calculation, where:

- 𝑌𝑖 represents the ground truth segmentation mask for the i-th sample.

- 𝑌𝑖 represents the predicted segmentation mask for the i-th sample.

- (1 − IoU) is IoU subtracted by 1 to incorporate it over loss. We take the average over N

samples.

Second term in the loss is reserved for KL-Divergence: 𝛽 · 𝑇2 ·
(∑𝑁

𝑖=1 𝑞𝑖 log
(
𝑞𝑖
𝑝𝑖

))
where:

- 𝑞𝑖 represents the teacher logits (soft targets).

- 𝑝𝑖 represents the student logits.

- 𝑇 is the temperature parameter.

The temperature parameter is used to soften the output probabilities of the teacher model,

making the differences between probabilities less pronounced. The softmax function used to

convert logits (raw model outputs) into probabilities is adjusted by this temperature parameter
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as follows.

The temperature-adjusted softmax function is given by:

softmax(𝑧𝑖) =
𝑒𝑧𝑖/𝑇∑
𝑗 𝑒

𝑧 𝑗/𝑇
(3.3)

where 𝑇 is the temperature parameter.

loss = 𝛼 · 𝐿KL + 0.5 ·
(
1 − IoU(gt𝑖, 𝑠𝑖)

)
(3.4)

The loss function combines two terms as seen in Equation 3.2. First part of the loss function,

𝐿𝐾𝐿 is the KL Divergence based soft target term, where 𝛼 is the weight applied to the KL

divergence loss term 𝐿KL. The second term involves the Intersection over Union (IoU) metric,

which measures the overlap between the ground truth targets (gt𝑖) and the student model’s

labels (𝑠𝑖).

The term 1 − iou(gt𝑖, 𝑠𝑖) penalizes the loss based on the IoU, with the coefficient 0.5 scaling

its contribution to the total loss.

KL-divergence tends to decrease very easily even when signals are still different, so we have

used a technique called KL-divergence warm-up to assign dynamic weights of importance

to KL-divergence instead of keeping weights for hard and soft targets constant. The

KL-divergence warm-up weight coefficient swings between 0.1 and 0.5, meanwhile the

weight coefficient for hard targets are fixed at 0.5. We have used a fixed temperature of 5 for

our experiments.

3.4.3. Other Technical Details

Since the Segment Anything Model (SAM) is trained to generate instance masks, we converted

logits and segmentation masks to repurpose them for the semantic segmentation task. In

instance segmentation, the goal is to detect and delineate each object instance within an

image, whereas semantic segmentation aims to classify each pixel into a predefined class

without distinguishing between different instances of the same class. To convert instance
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Algorithm 3.1. KL-divergence Warm-up and Combined Loss

1: Input:
2: 𝑙𝑟_𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡_ 𝑓 𝑎𝑐𝑡𝑜𝑟 = 0.05
3: 𝑚𝑎𝑥_𝑘𝑙 = 1.0
4: 𝑚𝑖𝑛_𝑘𝑙 = 0.1
5: 𝑠𝑡𝑢𝑑𝑒𝑛𝑡_𝑝𝑟𝑜𝑏𝑠
6: 𝑡𝑒𝑎𝑐ℎ𝑒𝑟_𝑝𝑟𝑜𝑏𝑠
7: 𝑔𝑡_𝑡𝑎𝑟𝑔𝑒𝑡𝑠
8: 𝑠𝑡𝑢𝑑𝑒𝑛𝑡_𝑙𝑎𝑏𝑒𝑙𝑠
9: Output: Loss

10:
11: 𝑘𝑙_𝑙𝑜𝑠𝑠← 𝑘𝑙_𝑑𝑖𝑣(𝑠𝑡𝑢𝑑𝑒𝑛𝑡_𝑝𝑟𝑜𝑏𝑠, 𝑡𝑒𝑎𝑐ℎ𝑒𝑟_𝑝𝑟𝑜𝑏𝑠)
12: if 𝑘𝑙_𝑙𝑜𝑠𝑠 < 𝑚𝑖𝑛_𝑘𝑙 then
13: 𝑘𝑙_𝑤𝑒𝑖𝑔ℎ𝑡 ← 𝑘𝑙_𝑤𝑒𝑖𝑔ℎ𝑡 + 𝑙𝑟_𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡_ 𝑓 𝑎𝑐𝑡𝑜𝑟
14: else
15: 𝑘𝑙_𝑤𝑒𝑖𝑔ℎ𝑡 ← 𝑘𝑙_𝑤𝑒𝑖𝑔ℎ𝑡 − 𝑙𝑟_𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡_ 𝑓 𝑎𝑐𝑡𝑜𝑟
16: end if
17: 𝑘𝑙_𝑤𝑒𝑖𝑔ℎ𝑡 ← max(𝑘𝑙_𝑤𝑒𝑖𝑔ℎ𝑡, 0.05)
18:
19: 𝑘𝑙_𝑙𝑜𝑠𝑠_𝑡𝑒𝑟𝑚 ← 𝑘𝑙_𝑤𝑒𝑖𝑔ℎ𝑡 · 𝑘𝑙_𝑙𝑜𝑠𝑠
20: 𝑘𝑙_𝑙𝑜𝑠𝑠_𝑡𝑒𝑟𝑚 ← max(min(𝑘𝑙_𝑙𝑜𝑠𝑠, 𝑚𝑎𝑥_𝑘𝑙), 𝑚𝑖𝑛_𝑘𝑙)
21: 𝑙𝑜𝑠𝑠← 𝑘𝑙_𝑙𝑜𝑠𝑠_𝑡𝑒𝑟𝑚 + 0.5 · (1 − iou(𝑔𝑡_𝑡𝑎𝑟𝑔𝑒𝑡𝑠, 𝑠𝑡𝑢𝑑𝑒𝑛𝑡_𝑙𝑎𝑏𝑒𝑙𝑠))
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masks to semantic masks, we simply aggregate instance masks for each class and convert

them to binary masks by filtering for any non-zero pixel. This ensures that all pixels belonging

to a particular class are grouped together. To convert instance logits to semantic logits, for each

image, we multiply the binary mask with segmentation logits and sum the resulting matrices

for each class. This aggregation process helps in transforming the detailed instance-level

information into class-level information suitable for semantic segmentation. By aligning the

logit values and segmentation outputs in this manner, we make the teacher outputs compatible

with student outputs, ensuring that the training process for semantic segmentation is coherent

and effective.

Another trick applied to make teacher outputs compatible with the student is that we resize

the segmentation masks and logits. We apply bilinear interpolation to resize the logit matrix.

Bilinear interpolation works by taking the four nearest pixel values to the target location and

computing the weighted average based on the distance of these pixels to the target point. This

method considers both the horizontal and vertical directions, ensuring a smoother and more

accurate resizing process. This technique helps in maintaining the spatial coherence of the

logits.

We label every pixel with no label as "background" and ignore background pixels during

loss calculation. This is one limitation of OWLSAM, since each class has to be semantically

meaningful, text queries like "background" cannot be inferred as they do not hold any

meaning. In semantic segmentation, most datasets consist of limited number of classes and

any pixel that is not classified within those classes get classified as "background". Meanwhile,

foundation models built on image and text encoders require the classes to be semantically

meaningful, and background would simply be misclassified.

Hyperparameters used for our experiments are given in Table Table 3.1. We haven’t applied

any augmentations to the images. We employ MobileNetV2 with DeepLabV3+ head with

upsampling head of size 256, 256, normally the model outputs 65, 65 feature maps. We

initially process the inputs to 513, 513, since this is the resolution the pre-trained MobileNetV2

model takes in. The learning utilizes an initial learning rate of 0.00005 due to usage of low

batch sizes, as low batch size prevents overfitting. Moreover, this is due to how loss calculation

takes place in GPU, and our teacher logits take up space. We train for 50 epochs on L4 GPU,
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Figure 3.7. Preprocessing Pipeline to Obtain Soft Targets
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reason why we picked was that it has a high RAM where we can compute the KL-divergence

and take teacher logits which consume a lot of memory and cannot be taken to the VRAM.

We employ cosine scheduler for learning rate, with an initial warm-up phase that spans 10

percent of the total training steps. During this warm-up period, the learning rate gradually

increases from a near-zero value to the specified maximum of 0.0001, allowing the model

to establish stable gradient directions before full-scale optimization begins. Following the

warm-up phase, the learning rate follows a cosine decay curve, smoothly decreasing from

its peak value in a cyclical manner. This scheduling strategy serves multiple purposes, the

warm-up period helps prevent early training instability caused by large gradient updates on

randomly initialized parameters, while the subsequent cosine decay provides an adaptive

balance between exploration and exploitation throughout the training process. The gradual

reduction in learning rate enables fine-grained parameter adjustments as training progresses,

while the periodic nature of the cosine function allows the optimization to escape poor

local minima. We picked the Adam Weight Decay optimizer, which enhances the adaptive

learning rate capabilities of Adam with effective weight decay regularization. We have frozen

every layer until layer 8 and rest of the parameters, including complete segmentation head

(DeepLabV3+ and classifier layer with upsampling) are trainable. We have realized the

model as is doesn’t yield good IoU score in the earlier steps, specifically during warm-up

it yields average of 0.003, so we wanted to only benefit from the early layers as is. Finally,

we apply mixed-precision training using 16-bit floating-point (FP16) arithmetic, a technique

that significantly optimizes computational efficiency and memory utilization. This approach

maintains model weights in 32-bit precision while performing forward and backward passes

using 16-bit precision, effectively halving the memory requirements for activations and

gradients. FP16 training not only reduces memory consumption but also accelerates training

speed by up to 2-3 times compared to single-precision training, while maintaining comparable

model accuracy.

3.4.4. Model Fine-tuning Details

We compare our method to model fine-tuning. Here, we only fine-tune the same architecture

on the same dataset with minor differences. For transformations, we only apply random
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Table 3.1. Hyperparameters for Distillation

Hyperparameter Value
Initial KL-Divergence Weight 0.1

Maximum KL-Divergence Weight for KL Warm-up 0.1
Minimum KL-Divergence Weight Value 0.01

KL Adjustment Factor 0.05
IoU Weight 0.5

Learning Rate Scheduler Linear
Initial Learning Rate 1e-3
Number of Epochs 50

horizontal and vertical flipping augmentation, synchronized with the labels. The training

configuration for the bare model fine-tuning employs a comprehensive set of hyperparameters

designed to optimize the model’s learning process, which can be found in Table 3.2. We

employ MobileNetV2, the same architecture, with upsampling head of size (375, 500). This

is picked particularly considering most of the PASCAL VOC dataset keeps this aspect ratio.

We initially process the inputs to (513, 513), since this is the resolution the pre-trained

MobileNetV2 model takes in. The learning utilizes an initial learning rate of 0.005, which

is found through our experiments, to balance training stability and convergence speed the

best. We train 60 epochs, with batch sizes of 128 samples for training batches and 128

samples for evaluation batches, to effectively utilize single A100 with 80 GB of VRAM,

as we wanted to particularly not spend as much time on this as the main experiment.

Just like the main experiment we have frozen every layer until layer 8 and rest of the

parameters, including complete segmentation head (DeepLabV3+ and classifier layer with

upsampling) are trainable. We have experimented with completely freezing everything but

the segmentation head, and not freezing any of the layers. For this one, there’s a trade-off of

fitting in larger batches against increasing training capacity of the model. With freezing all

but the head, we could fit in 128 examples per training batch in an A100 40GB, and with not

freezing, we were able to fit in 32 items per batch. With unfreezing selectively, we can fit in

64 items per batch, and the model learns better. Unfortunately the pre-trained model lacks

good IoU performance out of the box (comparing first evaluation IoU for each training setup)

per starting point for transfer learning, thus we had to unfreeze later layers. Lastly, after
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600 steps the model started to overfit, so we freeze everything except the head and resume

training with a lower learning rate (precisely 5e-4) and similar scheduler setup for 20 more

epochs. We used cross entropy loss, where we only ignore the bordering lines class. This is

a common practice with segmentation tasks as these pixels are often ambiguous. Lastly, we

apply mixed-precision training using 16-bit floating-point (FP16) arithmetic as well.

Table 3.2. Hyperparameters for Training

Hyperparameter Value
Initial Learning Rate 0.005
Number of Epochs 70
Train Batch Size 128

Evaluation Batch Size 128
Gradient Accumulation Steps 2

Learning Rate Scheduler Cosine
Warm-up Ratio 0.1

Optimizer Adam Weight Decay
Loss Cross Entropy Loss
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4. RESULTS

This chapter includes the results of our experiments.

4.1. OWLSAM RESULTS

In this work, we contribute a new open-vocabulary segmentation model called OWLSAM,

and we benchmark OWLSAM with different combinations of OWLv2 and SAM models

on Segmentation in the Wild [41] benchmark and compare to other open-vocabulary

segmentation models.

To conduct final evaluation for both OWLSAM and Distil-OWLSAM, we have used mean

average precision (mAP) and mean Intersection-over-Union (mIoU), which is defined as:

mean IoU =
1

𝑁

𝑁∑︁
𝑖=1

|𝐴𝑖 ∩ 𝐵𝑖 |
|𝐴𝑖 ∪ 𝐵𝑖 |

(4.1)

where 𝐴𝑖 and 𝐵𝑖 represent the predicted and ground truth sets, respectively, and 𝑁 is the total

number of sets. You can see an explanatory figure on Intersection-over-Union in Figure 4.1.

Mean Average Precision (mAP) is calculated by first determining the Average Precision (AP)

for each class, which integrates the precision-recall curve. To compute AP, predictions are

ranked by confidence scores, and precision and recall are evaluated at various thresholds. The

precision values are interpolated over the range of recall from 0 to 1, and the area under this

Figure 4.1. Visualized Intersection-over-Union from [3]
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Figure 4.2. OWLSAM Outputs on SegInW

curve gives the AP. The mAP is then obtained by averaging the AP values across all classes.

This metric assesses both localization accuracy (using IoU thresholds) and classification

confidence.

The results of other models are taken from Grounded-SAM [22] paper. We compare against

X-Decoder [41] as well. For benchmarking, we have used a confidence of 0.1 for OWLv2

model and gradually decrease to 0.05 and finally 0.01 in case no bounding boxes are found

in the image.

Table 4.1. Mean Average Precision for SegInW

Model Mean IoU
Grounded-SAM (L+H) 46.0

X-Decoder-T 22.6
X-Decoder-L-IN22K 26.6

OpenSeeD-L 36.7
OWLSAM-H* 41.2

* OWLSAM with OWL and SAM ViT-H checkpoint.
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Figure 4.3. Intersection-over-Union distributions per class

4.2. DISTILLATION RESULTS

The results of distilled model on PASCAL-VOC 2012 validation set are a given in Table 4.2.

Table 4.2. Mean IoU IoU on PASCAL-VOC 2012 Validation Set

Model Mean IoU in Percentage
Distilled MobileNetV2 58.4

Fine-tuned MobileNetV2 54.5

We provide the percentage Intersection-over-Union per class values in Table 4.3.

Percentage Intersection-over-Union per class distribution over validation set of PASCAL

VOC 2012 is visualized in Figure 4.3.
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Table 4.3. Comparison of Distilled and Fine-tuned Model Performance in
Intersection-over-Union for Each Class

Labels Distilled Model Fine-tuned Model
Background 91 90
Aeroplane 70 63
Bicycle 44 54
Bird 58 46
Boat 59 52
Bottle 48 54
Bus 65 59
Car 78 63
Cat 44 51
Chair 58 44
Cow 54 45
Dining Table 49 42
Dog 60 48
Horse 46 35
Motorbike 47 56
Person 72 59
Potted Plant 53 33
Sheep 49 58
Sofa 56 52
Train 80 68
TV Monitor 66 57
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5. DISCUSSION

In this chapter there is findings about the distillation process and the foundation model. One

trick required to combine OWL and SAM was to filter their outputs. Both models generate

multiple outputs and have confidence thresholds. OWL model has a confidence threshold to

filter output boxes and SAM model has an Intersection-over-Union (IoU) threshold. SAM

model predicts IoU scores for each output, which can be used to filter outputs with less IoU.

The original codebase of SAM uses 0.88 as the output. In this work, we have discovered that

using a low confidence threshold for OWL and a high IoU threshold for SAM makes more

sense to maximize IoU of the predicted outputs.

We have discovered that specifically tuning confidence thresholds for OWL matters the

most compared to tuning IoU threshold for SAM as per sensitivity. For OWL, having a

lower confidence threshold either means wrongly predicted bounding boxes or having larger

bounding boxes, resulting in false positive pixels. In Figure 5.1, it is seen that having a

higher threshold reduces false positives, increasing false negatives per pixel, resulting in

more conservative outputs. In the same figure, lower confidence threshold shows multiple

bounding boxes, thus masks over one instance. One has to tune the confidence threshold to

find correct bounding boxes, thus masks. In Figure 5.2, we demonstrate that so long as OWL

threshold is proper, there is not a lot of change with SAM output masks.

For distillation, we have figured OWLSAM outputs can sometimes contain noise depending

on the OWL threshold and SAM threshold. SAM model outputs are very precise which helps

keeping a high resolution with the pseudo-annotations. However, to make our experiments

Figure 5.1. Illustrative Example for Tuned OWL Confidence Thresholds
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Figure 5.2. Illustrative Example for Tuned OWLSAM Outputs

work in PASCAL VOC validation dataset (ground truth), we had to ground the OWLSAM

outputs and get rid of noise, we have leveraged the segmentation masks from the PASCAL

VOC 2012 segmentation. We have multiplied the logits of the model with the segmentation

masks and tried to reduce the signal on rest of the pixels through putting a very small value

epsilon (1e-5). Without these tricks in the preprocessing pipeline, the model was generating

noisier output in the initial epochs. Moreover, in the initial steps of the training, because

teacher and student outputs are too different, the KL-Divergence is different as well. Because

we employ KL-Divergence warm-up, initial weight for KL-divergence was the minimum

value threshold for nearly two epochs.
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6. CONCLUSIONS

In this thesis, we explored the distillation of an open-vocabulary segmentation model,

OWLSAM, which combines the OWL and SAM models, into a more efficient MobileNetV2

architecture. Through the distillation process, we aimed to preserve the robustness and

flexibility of OWLSAM while significantly reducing the model’s computational complexity,

making it more suitable for deployment on resource-constrained devices.

Our experiments demonstrated that the distilled MobileNetV2 model, is more compact

and efficient. Additionally, we compared the distilled model with a MobileNetV2 trained

from scratch, showing that our approach yields a model that not only benefits from the

distilled knowledge of OWLSAM but also offers superior segmentation capabilities in

open-vocabulary tasks.

Success in our experiments proves the potential of leveraging advanced models like OWLSAM

in conjunction with efficient architectures like MobileNetV2, enabling more practical

applications of state-of-the-art segmentation models in real-world scenarios. Moreover,

this also unlocks the use of open-vocabulary models as robust pseudolabelers.

6.1. FUTURE WORK

Future work could explore multiple additions to this training pipeline and conduct ablation

studies on swapping teacher and student models. One promising direction is to fine-tune the

OWL model on the task-specific dataset before distillation and compare its performance to

the out-of-the-box OWL model. This fine-tuning step could potentially improve the quality

of the distilled model. Furthermore, quantizing the fine-tuned OWL model to reduce the

precision of the logits could make the training more efficient in terms of memory and time.

The quantized OWL model can then be integrated into the teacher model for distillation.

Another area of exploration is the use of alternative student architectures. Investigating the

use of smaller models, such as SlimSAM [35], as a replacement for the SAM model in the

student architecture could further reduce the model size and computational requirements while

maintaining performance. Additionally, experimenting with different architectures to replace
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MobileNetV2 in the student model could provide insights into the trade-offs between model

size, computational efficiency, and performance. With the recent release of the SAM2.1 [42]

model, it would be worthwhile to explore its use as a replacement for the original SAM model

used in this study. SAM2.1 was not available at the time of this research but could potentially

bring improvements to the distillation process. Moreover, distilling the GroundingSAM

[43] model, which combines object detection and segmentation capabilities, could extend the

applicability of the distillation approach to a wider range of tasks. Lastly, we would also like to

investigate use of only pseudolabels from OWLSAM model for training, instead of a complete

knowledge distillation setup with soft targets and ground truth labels. Post-inference tuning

is another avenue for future research. Investigating post-inference tuning techniques for

both the open-vocabulary detection model and the mask generation model could involve

fine-tuning the models on additional data or adapting them to specific domains or use

cases. This could further optimize the models’ performance and adaptability to real-world

scenarios. Lastly, future work can contribute to the advancement of model distillation in the

context of open-vocabulary object detection and segmentation. The exploration of fine-tuning

and quantization techniques, alternative architectures, upgraded models, and post-inference

tuning can lead to more efficient and effective distilled models, expanding the possibilities

for deploying these models in resource-constrained environments.
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