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Learning without Expert Labels for Multimodal Data

Md Abdullah Al Maruf

ABSTRACT

While advancements in deep learning have been largely possible due to the availability of
large-scale labeled datasets, obtaining labeled datasets at the required granularity is chal-
lenging in many real-world applications especially in scientific domains, due to the costly
and labor-intensive nature of generating annotations. Hence, there is a need to develop new
paradigms for learning that do not rely on expert-labeled data and can work even with in-
direct supervision. Approaches for learning with indirect supervision include unsupervised
learning, self-supervised learning, weakly supervised learning, few-shot learning, and knowl-
edge distillation. This thesis addresses these opportunities in the context of multi-modal data
through three main contributions. First, this thesis proposes a novel Distance-aware Nega-
tive Sampling method for self-supervised Graph Representation Learning (GRL) that learns
node representations directly from the graph structure by maximizing separation between
distant nodes and maximizing cohesion among nearby nodes. Second, this thesis introduces
effective modifications to weakly supervised semantic segmentation (WS3) models, such as
stochastic aggregation to saliency maps that improve the learning of pseudo-ground truths
from class-level coarse-grained labels and address the limitations of class activation maps.
Finally, this thesis evaluates whether pre-trained Vision-Language Models (VLMs) contain
the necessary scientific knowledge to identify and reason about biological traits from scien-
tific images. The zero-shot performance of 12 large VLMs is evaluated on a novel VLM4Bio

dataset, along with the effects of prompting and reasoning hallucinations are explored.
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GENERAL AUDIENCE ABSTRACT

While advancements in machine learning (ML) such as deep learning have been largely
possible due to the availability of large-scale labeled datasets, obtaining high-quality and
high-resolution labels is challenging in many real-world applications due to the costly and
labor-intensive nature of generating annotations. This thesis explores new ways for training
ML models without relying heavily on expert-labeled data using indirect supervision. First,
it introduces a novel way of using the structure of graphs for learning representations of
graph-based data. Second, it analyzes the effect of weak supervision using coarse labels
for image-based data. Third, it evaluates whether current ML models can recognize and
reason about scientific images on their own, aiming to make learning more efficient and less

dependent on exhaustive labeling.
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Chapter 1

Introduction

With the advancements in deep learning techniques, Artificial Intelligence (AI) has become
integral to numerous aspects of daily life, revolutionizing industries from healthcare, finance,
and medical research to creative design. The progress observed in Al can be attributed to

several key developments over the past decade.

First, the development of complex and large modeling frameworks, such as Transformers
[127], Convolutional Neural Networks (CNN) [61], Graph Convolutional Networks (GCN)
[55], Generative Adversarial Networks (GAN) [36], and Diffusion models [43], has revolution-
ized the predictive capabilities of deep learning models across multiple modalities, including
text, images, and graphs. Additionally, the emergence of large foundational models, such
as Large Language Models (LLMs) and Vision-Language Models (VLMs) like GPT-4V /40
98, 100], Claude [9], LLaMA [27], Gemini [124], etc., provides versatile capabilities with nu-
merous downstream applications across various domains. Second, the rapid advancement in
storage and computing technologies, such as GPUs and TPUs, has enhanced the capabilities

of deep learning methods in terms of time and space complexity.

Most importantly, large volumes of data from various modalities, including text, images, and
speech, have become available from multiple sources such as internet crawling, crowd-sourced
images from social media, camera traps, drones, and museums. For instance, the Common
Crawl dataset [26, 106] comprises 386 TiB of text collected by crawling 2.7 billion web pages,

and this dataset has been instrumental in pre-training large foundation models such as T5



2 CHAPTER 1. INTRODUCTION

[106] and LLaMA [125].

Conventional deep learning models learn through a supervised learning framework, utilizing
labeled training datasets that are specifically curated for targeted tasks within various do-
mains. When provided with input data, these models optimize the model parameters by (i)
calculating the loss between their predictions and the corresponding target labels and then

(ii) backpropagating the gradient of the loss to update the model parameters accordingly.

Figure 1.1 illustrates the general supervised learning framework of deep learning models. In
this framework, () represents the model’s input, §* signifies the model’s prediction, and
y® denotes the target variable, also known as ground-truth labels. Let us denote X as the
set of n input values and Y as the set of n ground-truth labels in the training sets, i.e.,

X={zW:i=1,...,n}and Y= {y@:i=1,... n}.

The quality and granularity of ground-truth labels Y can categorize them as expert labels if
every output instance, ¥, is labeled according to the required granularity for downstream

tasks and without any imperfections or noisy labels.

u Deep Learning j/\(l) _— Loss

Input Model Prediction

Label YV W

Figure 1.1: General learning framework of deep learning models.



1.1. CHALLENGES IN LEARNING WITH EXPERT LABELS 3

1.1 Challenges in Learning with Expert Labels

Conventional deep learning models learn under the direct supervision of expert-labeled train-
ing data, which requires domain expertise and exhaustive annotation related to the down-
stream task. A significant advancement in deep learning models can be credited to the
labeling of large amounts of unlabeled data, making it suitable for different downstream ap-
plications. For instance, substantial efforts were invested in creating the JEFT-300M dataset
[120], which consists of 300 million images across 18,291 categories for image classification.
Similarly, the construction of the Segment Anything-1B dataset [57], used for image segmen-
tation, required immense resources to annotate 11 million images with 1.1 billion segmenta-

tion masks.

However, the high dimensionality and complexity of certain domain-specific data make it
challenging to annotate datasets with the required granularity for specific tasks. This re-
sults in a shortage of labeled training data and the occurrence of noisy labels. In contrast to
the success in mainstream areas like computer vision and natural language processing, con-
ventional deep learning models often struggle to perform well in these domain-specific tasks,
which highlights a significant gap in their effectiveness across various fields, particularly in

the scientific domain.

Given these challenges, there is a compelling need to develop deep learning models that learn

without relying on expert labels for the downstream tasks.

1.2 Direct vs. Indirect Supervision

Direct supervision refers to the supervised learning paradigm in which the deep learning

model learns directly from expert labels. In contrast, indirect supervision encompasses the
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learning paradigm where the deep learning model operates with few or no expert labels.

Different approaches to indirect supervision include unsupervised learning, self-supervised

learning, weakly supervised learning, few-shot learning, and knowledge distillation.

In unsupervised and self-supervised learning, there are no expert annotations available,
and the deep learning model is trained solely on the information present in the input data.
In weakly supervised learning, only coarse-grained or weak labels are provided instead of
expert labels. The deep learning model is trained to utilize these weaker labels to generate
predictions at the required level of detail for the downstream task. In few-shot learning, only
a limited number of expert labels are available. When the downstream task has no labeled

examples at all, it is referred to as zero-shot learning.

1.3 Opportunities in Learning with Indirect Supervi-

sion for Multimodal Data

The data distribution and structure across various modalities offer a unique opportunity
for deep learning models to learn with few or no expert labels. Below, we outline the

opportunities based on different modalities.

Graphs. Learning from graphs involves graph representation learning (GRL), where the
goal is to learn low-dimensional representations of every node in the graph that capture the
structure of interactions among the nodes, which are then used as inputs in downstream tasks
such as network classification or link prediction. In conventional GRL techniques, every node
has an associated set of attributes and target labels, and one can employ direct supervision
from these node labels to extract node embeddings. However, in a general GRL problem,

we may not always have access to node features or target labels. Therefore, a universal
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GRL method should aim to learn node embeddings that capture the graph structure and
are independent of downstream tasks. This raises an important research question: How
to develop a self-supervised or unsupervised GRL method that learns node representations

directly from the graph structure?

Images. Localizing semantic objects in an image with pixel-level labels is known as se-
mantic segmentation, and training a segmentation model with the direct supervision of the
pixel-level annotations requires a large number of images annotated with pixel-level labels.
In many real-world applications, preparing such a detailed and large annotated dataset is
challenging since the annotation process is slow, expensive, and requires substantial effort
and expert knowledge. For example, preparing a pixel-level annotation for a single image in

the Cityscapes dataset [22] takes approximately 90 minutes.

Meanwhile, it is much cheaper to obtain weak annotations that provide less information about
the location of the objects, unlike pixel-level annotations. The cheapest and most popular
weak supervision for semantic segmentation is image-level class labels that only provide
information about the class of the objects present in the input image. Weakly supervised
semantic segmentation methods leverage these coarse-grained class labels to generate pseudo-
ground truths to train a segmentation model, which motivates us for the next research
question. How can weakly supervised semantic segmentation models effectively learn the

pseudo-ground truths using class-level coarse labels?

Images and Text. The availability of large text datasets and advancements in large-scale
language pre-training have enabled large language models (LLMs) to achieve state-of-the-art
(SOTA) performance on various language understanding and generation tasks. Inspired by
the successes in the natural language processing domain, researchers in the vision-language
community have employed vision pre-training, vision-language pre-training, and necessary

adaptations to develop large foundation models such as vision-language models (VLMs) (e.g.,
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Figure 1.2: Schematic Representation of the Key Contribution in Indirect Supervision for
Multimodal Data.

GPT-4, GPT-4V(ision) [97, 98], Gemini [124], LLaMA 3.2 [27, 125], and LLaVA [72]) that

can simultaneously solve a diverse range of tasks involving text and images.

In light of the recent rise of large VLMs, there is a growing interest among the scientific
community in harnessing the power of pretrained VLMs to understand scientific images and
advance scientific discovery. However, unlike mainstream tasks in computer vision, under-
standing scientific images requires knowledge of domain-specific terminologies and reasoning
capabilities that are not fully represented in conventional image datasets used for training
VLMs. Hence, it is important to assess the zero-shot capabilities of pretrained VLMs in
accelerating scientific discovery. This leads us to our final research question: How can we
evaluate the ability of the pre-trained VLMs whether they contain the necessary scientific

knowledge to automatically identify and reason from scientific images?

1.4 Thesis Contributions

This thesis aims to address the three research questions mentioned earlier. Figure 1.2 il-

lustrates the schematic representation of the key contributions of this thesis in indirect
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supervision for multimodal data, represented as C1, C2, and C3. The key contribution can

be outlined as follows:

1. To learn the representations directly from the graph structure, this thesis proposes
a novel Distance-aware Negative Sampling (DNS), which maximizes the separation
of distant node-pairs while maximizing cohesion at nearby node-pairs by setting the

negative sampling probability proportional to the pair-wise shortest distances.

2. In order to effectively learn the pseudo-ground truths using class-level labels, this
thesis presents a novel insight into the strengths and weaknesses of saliencies with
respect to Class Activation Maps (CAM) and shows that simple modifications such
as stochastic aggregation to saliencies can effectively address the limitations inherent
in CAMs. It also proposes three novel evaluation metrics for WS3, namely NDR-
Recall, DR-Recall, and FG-Precision, that comprehensively assess WS3 performance

of alternative methods with respect to CAMs.

3. This thesis evaluates the effectiveness of 12 state-of-the-art (SOTA) VLMs in the field
of organismal biology using a novel dataset, VLM4Bio, consisting of 469K question-
answer pairs involving 30K images from three groups of organisms: fishes, birds, and
butterflies, covering five biologically relevant tasks. It also explores the effects of ap-
plying prompting techniques and tests for reasoning hallucination on the performance
of VLMs, shedding new light on the capabilities of current SOTA VLMs in answering

biologically relevant questions using images.
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Thesis Organization

The remainder of this thesis is outlined as follows. Chapter 2 provides an overview of my
research in distance-aware negative sampling for graph representation learning, where I lever-
age the input graph structure information to generate node representations. In Chapter 3,
I illustrate how aggregated saliency maps are more effective than class activation maps for
weakly supervised semantic segmentation while also addressing the limitations of popular
approaches and suggesting possible solutions. Chapter 4 demonstrates the zero-shot capabil-
ities and potential of large pretrained vision-language models in scientific tasks of organismal

biology. Finally, Chapter 5 provides concluding remarks and future directions.



Chapter 2

Distance-Aware Graph

Representation Learning

2.1 Overview

This chapter provides an overview of my research in distance-aware negative sampling for
graph representation learning (GRL), where I leverage the input graph structure information
to generate node representations. The goal of GRL is to learn a low-dimensional embedding
of every node in the graph that captures the structure of interactions among nodes. The
learned embeddings can be used as input features in downstream tasks such as network
classification or link prediction. In GRL problems where every node has an associated set
of attributes and target labels, e.g., over many benchmark datasets such as CiteSeer, Cora,
and PubMed [144], one can employ supervised learning methods to extract node embeddings
(34, 35, 40, 54, 128] that achieve state-of-the-art performance. However, in a general GRL
problem, we may not always have access to node features or labels, or the node features may
be available in complex and varying formats (e.g., as molecular structures in protein-protein
interaction or drug-drug interaction graphs). Further, we may be interested in learning a
“universal” embedding of the nodes that captures the graph structure and is independent
of downstream supervised learning tasks. Such a universal representation can then be used

as input features for a new downstream task without re-training the embeddings. For these
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reasons, we focus our attention to the problem of unsupervised GRL, where the node embed-
dings are required to be learned solely from the graph structure (i.e., the adjacency matrix)
and we do not consider the presence of any node or edge attributes or labels. Henceforth,

we will use the term GRL to refer to unsupervised GRL.

Most GRL algorithms are rooted in the idea of distributional similarity developed in the
natural language processing (NLP) community [84], whereby words appearing in similar
contexts (e.g., sentences in a document) are mapped to similar representations. Similarly,
most GRL algorithms aim to maximize the similarity of embeddings at nearby nodes, which
are assumed to belong to similar contexts based on the structure of the graph. This is
generally performed by maintaining a positive corpus of nearby node-pairs (termed positive
pairs) and a negative corpus of randomly sampled node-pairs (termed negative pairs). The
similarity of embeddings over the positive corpus is then contrasted with that over the
negative corpus, and their difference is maximized to ensure positive pairs occupy similar
embeddinggs. A common strategy for sampling the negative pairs is to use a unigram

distribution over all nodes, referred to as the unigram negative sampling (UNS) method.

While maximizing the similarity at nearby node-pairs is an important objective, a second
objective that is important yet mostly overlooked in existing GRL algorithms is to maximize
the dissimilarity at distant node-pairs. This is important because ideally, we would like to
learn embeddings where the structural similarity of nodes (e.g., based on the distance of the
shortest path between two nodes, or network distance) is preserved in the embedding space.
In other words, the similarity of node-pairs in the embedding space should be proportional to
their network distance. As a result, by maximizing this second objective, we can obtain well-
separated and meaningful embeddings, whereby node-pairs that are nearby occupy similar
embeddings while those that are far apart occupy dissimilar embeddings. Using an analogy

from the domain of clustering, we refer to the first objective as maximizing graph cohesion,



2.2. RELATED WORK 11

i.e., similarity at nearby nodes, and the second objective as maximizing graph separation, i.e.,
dissimilarity at distant nodes. We present an intuitive negative sampler for maximizing both
cohesion and separation in GRL by sampling negative pairs with probability proportional to

the distance between the nodes, termed as Distance-aware Negative Sampler (DNS).

Our Contributions: (1) We introduce and define the concepts of cohesion and separation
in the context of GRL. (2) We propose a novel Distance-aware Negative Sampler (DNS) that
maximizes both cohesion and separation. (3) We theoretically show the effectiveness of our
DNS approach in maximizing cohesion and separation as compared to UNS. (4) We present
a scalable DNS approach with reduced space and time complexity for large networks. (5) We
empirically show the ability of our DNS approach to learn meaningful representations, thus
leading to better predictive performance on downstream ML tasks on several benchmark

datasets in comparison with baseline GRL algorithms.

2.2 Related Work

Unsupervised graph representation learning methods: A number of existing un-
supervised GRL methods maximize embedding similarity at nearby nodes directly without
performing negative sampling. Some examples include matrix factorization based methods
[8, 14, 101] and skip-gram based methods [7, 11, 102]. Some GRL methods use a variety of
negative sampling strategies to learn node embeddings. This category includes methods that
use input node features such as Graph Convolutional Network (GCN) encoders [40, 56, 129]
that have achieved state-of-the-art performances on benchmark GRL datasets. However,
they are not directly relevant to our GRL problem since we consider the formulation where

no node features are available. Negative sampling based methods that do not use node fea-
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tures include node2vec [38], which optimizes random walk objectives and LINE [123], which
uses first- or second-order neighborhoods to construct similar nodes. Note that while Deep-
Walk [102] was originally proposed using a Hierarchical Softmax objective, we can adapt it

to construct a negative sampling based version of DeepWalk.

Negative sampling strategies: Here we discuss some of the common strategies for neg-
ative sampling that are at the basis of several unsupervised GRL algorithms. There are two
generic types of negative samplers, edge-based [56, 123] and node-based [38, 40]. Edge-based
samplers construct the positive corpus by selecting node pairs that have an edge between
them, and the negative corpus by randomly selecting node pairs that do not have an edge.
On the other hand, node-based samplers use random walk objectives to construct the positive
corpus and select random node pairs distributed with unigram distribution to construct the
negative corpus. Among unigram distributions, two are common; one chooses negative sam-
ples with uniform probability [56, 123] and the other uses degree-based probability [38, 40],
where the negative sampling probability is proportional to the %th power of the degree of
each node. It is known that degree-based unigram sampler suffers from the popular neighbor
problem [11], as this approach may choose a nearby node with high degree as a negative
sample. Henceforth, by Unigram Negative Sampler (UNS), we refer the unigram sampler
with uniform probability, and unigram-deg/UNS-deg denotes degree-based unigram negative
sampler. There are some more negative samplers that have been proposed in recent works

[11, 141]; however, none of them use the notion of network distances in negative sampling.
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2.3 Preliminaries and Problem Objective

2.3.1 Notations

We are given an undirected graph G = (V,€) where |V| = n, |€] = m, and the adjacency
matrix is given by A = [a(i,J)]nxn. We assume that the graph is unweighted such that
a(i,j) = 1 iff (i,j) € &, otherwise 0. We denote the set of all possible node-pairs as
S =V x V. Further, for every node-pair (i,j) € S, we denote the distance or length of the
shortest path between the nodes as d(i,j). Incidentally, d(i,j) = 1 iff (¢,7) € &, i.e., there
exists an edge between nodes i and j. Let us refer to the maximum value of d(i, j) in graph
G as d,,.:. We can then talk about the subset of node-pairs whose distance is equal to d, i.e.,

Sa={(i,7) € S|d(i,j) = d}. Tt is easy to verify that S =Sy US U... Sy, and S§; = €£.

max

With this setup, we consider the problem of unsupervised GRL where the goal is to map
every node i to an [-dimensional vector embedding, z; € R’, such that the embedding space
Z = {z;}!", preserves the structural properties of nodes in graph G (typically, I < [V|).
In particular, we consider two generic types of measures in the embedding space of a pair
of nodes, (i) SIMz(%, j) := similarity score between embeddings z; and z; (some examples

include the dot product z!z; and its monotonic transformations o(z] z;) and log(o(z! z;)),

where o denotes the sigmoid function), and (ii) DISSIM z(4, j) := dissimilarity score between
embeddings z; and z; (some examples include —z;;, o(—z]z;) and log(c(—z!z;))). Note
that there are multiple choices of similarity and dissimilarity functions to instantiate these

two generic measures in any problem. Also, maximizing the similarity score of a node-pair

is usually equivalent to minimizing its dissimilarity score for common function choices.

Ideally, we want to learn an embedding space Z such that SIMz(i,j) is large for nearby

node-pairs (i.e., when d(i, j) is small) and DISSIM (i, j) is large for distant node-pairs (i.e.,
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when d(3, j) is large). This objective, which is at the basis of the distributional hypothesis
in linguistics [42], can be expressed using the notions of cohesion and separation in GRL,

formally defined in the following.

2.3.2 Cohesion and Separation

Cohesion: The cohesion of an embedding space Z represents the aggregate similarity score
between embeddings at nearby node-pairs in the graph. Formally, we define cohesion using

the following weighted sum over similarity scores:

S

COHESION(a, 2) = Y g »_ SIM(, j),

d=1 (Z,J)GSd

where ag > g1, ag >0 Vd.

Observe that since the weights oy monotonically decrease with d, this weighted sum pays
greater emphasis to the similarity at nearby node-pairs (i.e., S; with small d). This is a
generic definition of cohesion that can be instantiated using different choices of the weights
a. For example, if we specify a; = 1 and ag = 0V d > 1, then cohesion will be equal to
the aggregate similarity over all the edges in G. As we will see later, a common approach
for specifying a, in most GRL algorithms is performing random walks and computing the

probability of sampling a node-pair at a distance d in the random walk.

Separation: The separation of an embedding space Z captures the aggregate dissimilarity
between embeddings at distant node-pairs. Similar to cohesion, we can formally define

separation using the following weighted sum:
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dmaa:
SEPARATION(B,Z) = Y 8, »  DISSIM(i, j),
d=1 (’i,j)ESd

where 83 < Bay1 Ba =0 Vd.

In this generic definition, since ; monotonically increases with d, the dissimilarity at distant
node-pairs have a greater contribution in the separation. Again, there can be multiple ways
to instantiate ;. For example, we can set 5, .. = 1 and 83 = 0V d < dpq, such that the

separation is equal to the dissimilarity at the farthest node-pairs in G.

Since dissimilarity score is inversely related to similarity, it may seem that maximizing co-
hesion automatically maximizes separation. However, this is not true since the weighted
sums involved in cohesion and separation focus on different subsets of node-pairs in S: while
cohesion focuses on S; for small d, separation focuses on node-pairs in Sy for large d. We

present the following theorem to prove this point.

Theorem 2.1. Given two embedding spaces, Z* and Z*, It does not imply if
COHESION(«, Z') = COHESION(«v, Z?) then SEPARATION(B, Z') = SEPARATION(S, Z2?),

for all choices of a and 3.

Proof. We use a counter-example to show that there can exist multiple embedding spaces
such that their cohesion values are equal but their separation values are different. Figure
2.1a shows a toy graph with 4 nodes that is represented in three different two-dimensional
embedding spaces in Figures 2.1b, 2.1¢c, and 2.1d. If we specify cohesion to be the aggregate
similarity over edges (shown as dotted lines), we can see that all three embedding spaces
have the same cohesion. However, if we define separation to be the aggregate dissimilarity

at farthest nodes (at distance 3), we can see that the separation ranges from large (Figure
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° ) oe
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(a) Graph G (b) Large Separation (c) Moderate Separation (d) Small Separation

Figure 2.1: Mapping a toy graph (2.1a) into three different 2D-embedding spaces: (2.1b),
(2.1c), and (2.1d). The position of each node denotes the 2D-embedding vector and the
dotted lines represent edges in G.

2.1b) to small (Figure 2.1d). O

2.3.3 GRL Objective

As a result of Theorem 2.1, a GRL algorithm that only maximizes cohesion is not guaranteed
to maximize separation and thus can lead to inferior embeddings such as the one shown in
Figure 2.1d for the toy graph. This is one of the major drawbacks of skip-gram based GRL
algorithms that only attempt to maximize the similarity at nearby nodes (where neighbor-
hood is defined using random walks). We posit this as a natural consequence of the origin of
these algorithms in natural language processing (NLP) applications, where the definition of
distances between words (and hence the separation) is not as straight-forward as in graphs.
We thus present a generalized objective of GRL using both cohesion and separation. We
can show that existing GRL algorithms (e.g., unigram negative sampling based approaches)

optimize special cases of this GRL objective.
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Generalized GRL Objective: Given a graph G, the goal of a GRL algorithm is to

optimize the following generalized objective function with respect to Z:

E(Z) = COHESION(a, Z) + SEPARATION(8, Z)

dmam
=Y > [0 SIM(i, ) + By DISSIM(, )]
d=1 (i,j)ESd
aq ag ﬂd
such that, — > 1, 22 L1, and —4—/= > 1

Note that we do not use a trade-off parameter between cohesion and separation since any
such parameter can be absorbed in « or 5 as a constant multiplier. Different GRL algorithms
optimize this generalized objective using different choices of similarity and dissimilarity func-
tions, and settings of a and f weights satisfying the GRL conditions in the above equation.
From the perspective of separation, we would prefer a GRL algorithm that employs a large
value of B, .. /B1, such that the dissimilarity at farthest node-pairs is substantially larger
than that of the nearest node-pairs. We call this fraction 3,4, ../ as the Separation Power

of a GRL algorithm.

2.4 Proposed Method

Negative sampling: Before we present our proposed GRL algorithm based on the ideas
of cohesion and separation, we formally discuss the generic family of negative sampling
algorithms of which our algorithm is a special case. The objective function of negative

sampling is given by the following equation:
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max Z Z log o(z!z;) +
; i€V jEN (i) Positive Loss
K~ Preg(kli) log(o(—2] z))),

~
key Negative Loss

where node-pair (i, j) belongs to the positive corpus D,,s while (7, k) belongs to the negative
corpus D,.,. We generally use random-walk strategy to construct D,,s, whereas D, is
constructed by sampling K negative pairs (i, k) for each positive sample (7, j) with probability
Preg(kli) [39, 84]. A common choice of P,.,(k|i) is the unigram distribution that samples k
with equal probability from all n nodes, referred as the Unigram Negative Sampling (UNS)

algorithm.

The objective function of UNS can be shown to be a special case of the generalized GRL
objective where the similarity at nearby nodes (i.e., cohesion) corresponds to the positive
loss while the dissimilarity at distant nodes (i.e., separation) corresponds to the negative
loss. However, a major limitation with UNS is that the probability of sampling a negative
node-pair is independent of the distance between the nodes. As a result, UNS pays equal
importance to the dissimilarity of node pairs with varying distances in the calculation of
separation, thus leading to poor separation power. Theorem 2.2 provides a formal analysis
of the correspondence of UNS to the generalized GRL objective and shows that its separation

power is equal to 1.

Theorem 2.2. Unigram Negative Sampling (UNS) Algorithm optimizes the generalized GRL
objective with the following specifications: SIM(i,j) = log(o(zlz;)),  DISSIM(i,j) =
log(o(—2zlz;)), aq = ma(C,A), where m4(C, A) is the probability of sampling a node-pair

at distance d using a C-length random walk on the graph with adjacency matriz A, and
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Ba = KC/n. As a result, the Separation Power of UNS algorithm is equal to 1.

Proof. Provided in Appendix A. O

Distance-aware Negative Sampler: We propose a Distance-aware Negative Sampler
(DNS) which selects a negative sample & for node ¢ using the sampling probability P, (k|i),

where P,.,(k|i) is linearly proportional to the pair-wise distance d(k, ). Formally,

Poey (ki) o< d(k, 1)
d(k, i)

Preg(K1i) = 5y

where D(i,A) is the sum of distance of all node-pairs that contain node i, D(i,A) =
Y sep d(s,i). Let D(A) be equal to E;(D(i,A)). Note that D(A) depends on the aver-
age degree of the graph. For a fully connected graph, D(A) = n — 1. On the other extreme,
when the graph is a chain of n nodes, then D(A) = @ Generally, since most real world
graphs are sparse, D(A) > n — 1. By construction, our proposed DNS approach has a

separation power of d,,,, as stated in Theorem 2.3.

Theorem 2.3. Distance-aware Negative Sampling (DNS) Algorithm optimizes the general-
ized GRL objective with the following specifications: SIM(i,j) = log(o(z! z;)), DISSIM(i,j) =
log(o(—2zrz;)), ag = ma(C,A), where m4(C, A) is the probability of sampling a node-pair

at distance d using a C-length random walk on the graph with adjacency matriz A, and

Ba = KCd/D(A). As a result, the Separation Power of DNS algorithm is equal to dyqs .

Proof. Provided in Appendix A. [

Corollary 2.4. For UNS, (%)UNS = ”(g?)" and for DNS, (%)DNS = %. Hence,

(%)UNS < (%)DNS when n < —D(dA).
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The above corollary helps us understand useful operating points of DNS. Since D(A) > n
for most graphs, the (/) ratio is generally always larger for DNS than UNS. We have also
empirically observed that the (a/f) ratio increases with C' for all graphs considered in this
work. As a result, DNS operates better at lower values of C' since (/) ratios remain small
for moderate values of d. Additionally, we have empirically observed that DNS works better
for sparse graphs since there is a larger spread in the network distances across all node-pairs,

making it possible for DNS to maximize separation in the embedding space for distant nodes.

The embedding space learned by DNS indeed preserves the graph-based similarity structure
among nodes. Formally, Theorem 2.5 shows that the pairwise similarity in embedding space
is a function of node-pair distance and for negative node-pairs, the similarity is inversely

proportional to the distance.

Theorem 2.5. Let the average pairwise similarity for any two nodes at distance d be given by
q = ﬁS]M(i,j) = @ Z(m)esd o(zl'z;). We can then show that DNS generates embeddings

such that & is a function of d and for d > C, &; is inversely proportional to d.
Proof. Provided in Appendix A. [

While negative sampling with linearly proportional distances is a simple heuristic, we can
have a more general form of DNS by adding super-linearity or sub-linearity in the negative
sampling probability which is, P,(r|u) o< (d(r,u))”. Here 7 is a hyper-parameter and we can

vary v based on the properties of the dataset.

Complexity analysis: DNS requires pairwise shortest distance computation for all node
pairs as a preprocessing step. The time complexity to compute all-pair shortest path lengths
is ©(nm-+n2logn) [25, 32] and the space complexity is O(n?) to store the normalized probabil-

ities for all node pairs. While there are efficient techniques to precompute shortest distances
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Table 2.1: Summary statistics of the datasets we used for experiments where we choose
the largest connected components from 390 components for CiteSeer and 78 components for
Cora (PubMed and PPI are single connected component graph). We represent the largest
component as G = (V, £) and the set of unique class labels as y. PPI dataset has 121 classes
with binary labels. The average node degree is represented by deg, and the maximum node
pair distance is denoted by dp;ax-

Stat  CiteSeer Cora PubMed PPI  Syn. Sparse Syn. Moderate Syn. Dense

V| 2,120 2,485 19,717 2,339 2,000 2,000 2,000
€] 7,358 10,138 88,648 65,430 4,982 12,062 30, 472
ly| 6 7 3 121 7 5 4
dyax 28 19 18 7 106 82 4
deg 347 408 45 27.97 2.49 6.03 15.24

that can be coupled with our approach [20, 33, 52|, our basic DNS-based model would still

require O(n?) space to store the normalized probabilities, which is not scalable.

Scalable DNS Approach: We develop an approach that reduces the space complexity
of our DNS model without increasing the training time complexity. In this approach, we
compress the pairwise distance matrix during preprocessing and decompress it back during
training. We use some landmark nodes to store the shortest distances of node-to-landmark
and landmark-to-landmark at the preprocessing step; subsequently, we decompress the in-
formation to reconstruct the node pairwise shortest distance matrix for minibatch nodes at

the training phase.

Similar to the core-net approach, we select the landmark nodes as popular nodes that have
higher degrees than a degree-threshold. We hypothesize our heuristic based on the intuition
that the higher degree nodes are more likely on the shortest path of any two nodes. Con-
sequently, we store the shortest path distances of all nodes to their closest popular nodes
in a node-to-popular (N2P) vector and the shortest distances between popular nodes in a
popular-to-popular (P2P) matrix. At the training phase, we reconstruct the distance profile

of every minibatch node (source) by adding the N2P distance to its popular node, the P2P
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® Source node
® Target node
® Popular Node
=== Approx Shortest path

True Shortest path

Figure 2.2: DNS-approx heuristic.
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Figure 2.3: DNS-scalable heuristic.

distances across popular nodes, and the N2P distance from popular nodes to target nodes
(see Figure 2.2). We denote this heuristic as DNS-approx as it is approximating the true

shortest path between node-pairs with paths going through popular nodes.

DNS-approx requires O(p* + n) space, where p is the number of popular nodes (in general,
we select 10% nodes as popular nodes), and n is the number of nodes in the graph. The
degree-threshold, which decides the popular nodes, controls this space requirement of this
heuristic as a higher degree threshold selects a lower number of popular nodes and vice versa.
Although DNS-approx can reduce the space complexity by a large margin, we still need to
reconstruct the approximate distance profile of a minibatch node with all other nodes, which

costs us extra runtime during model training. To address this concern, we need a solution
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that does not need to reconstruct the approximate distances of a minibatch node with all

other nodes and still perform distance-aware negative sampling.

We propose another scalable DNS approach, DNS-scalable, which only uses the popular-to-
popular matrix to sample negative-popular (NegPop) nodes where the probability of selecting
a negative-popular node of another popular node is linearly proportional to its distance from
the popular node of the source node (SourePop) node. Every NegPop node corresponds to
a cluster of negative nodes based on the N2P vector mapping. Finally, to sample negative
nodes, we uniformly sample a node from the cluster of the selected NegPop node (see Figure

2.3).

2.5 Evaluation Setup

Benchmark datasets: In our experiments, we use four benchmark datasets for node clas-
sification: CiteSeer, Cora, PubMed, and PPI [144, 153] where CiteSeer, Cora, and PubMed
are citation-networks and PPI is protein-protein interaction network. In the citation net-
work, the nodes correspond to articles of different subjects, whereas the edges correspond to
citations between those articles; consequently, the node prediction task on this network is
to predict the article subject. Meanwhile, the physical interaction between different proteins
with their defined roles (cellular functions) on a specific human tissue ! is represented using
a protein-protein interaction network where the classification task is to predict the protein

roles.

Since our goal is to find meaningful node-embeddings of a graph that only reflect the graph

structure information rather than the node feature information, we do not use any node

Instead of working on multiple graphs, we randomly select one PPI network corresponding to a specific
human tissue.
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features of these benchmark datasets for our experiments. These datasets have multiple
small disconnected components with the largest connected component that describes the
graph structure properly. Consequently, our proposed DNS sampler requires a definite dis-
tance between any node pairs; therefore, we focus our experiments on the largest connected

component of these networks.

Table 2.1 summarizes all the datasets with significant statistics where we see CiteSeer, Cora,
and PubMed are sparse datasets with average degrees from 3.47 to 4.5, whereas PPI is quite

dense with average degree 27.97.

Synthetic datasets. We further analyze the representation quality of DNS-based GRL
models with varying graph density using three synthetic datasets- sparse, moderate, and
dense. We provide in detail description of synthetic data generation in the supplementary

material.

Baseline models: For baseline models, we choose DeepWalk [102], node2vec [38], LINE
[123], GAE [56] and VGAE [56] (details in Section 2.2). We implement the Unigram Negative
Sampler and the Distance-aware Negative Sampler on DeepWalk and node2vec models. For
the DeepWalk model, we also implement the UNS-deg formulation described in 2.2. Further
on the DeepWalk model, we also implement the DNS-approx and the DNS-scalable method.
Note that our DNS sampler does not depend on the DeepWalk method, and we can pair DNS
with any other GRL approach like GraphSAGE and GCN. We describe the hyperparameter

settings and the node classification setup in details in the supplementary materials.

Evaluation Metrics: We use F1-Macro to report the classification accuracy on node
classification tasks. Moreover, we visualize the node representations using standard visual-

ization tools like t-SNE, which is a dimensionality reduction technique that preserves local
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Table 2.2: The summary of the model performances in terms of downstream node classifica-
tion F1l-macro score. We highlight the best score for each dataset. For Cora, CiteSeer, PPI,
and PubMed, we choose context window 4 to report the results. Both DW-DNS-approx and
DW-DNS-scalable use 10% nodes as popular nodes. We run each model 5 times and report
the performances in terms of mean and standard deviations.

Dataset

Models CiteSeer Cora PubMed PPI

GAE 0.40 £0.01 0.61+0.02 0.5940.02 0.68+£0.00
VGAE 0.39£0.02 058+0.02 0.60£+0.02 0.67+£0.00
LINE 0.37+0.05 0.52+0.05 047+0.07 0.68+0.00
node2vec-UNS 0.43+£0.02 054+0.01 0.56+0.01 0.63+£0.00
node2vec-DNS 0.52+0.01 0.62+0.00 0.58=+0.01 0.64 +0.00
DeepWalk-UNS 0.51£0.01 0.67x£0.00 0.5840.00 0.69+0.00
DeepWalk-UNS-deg  0.474+0.00 0.65+0.01 0.54+0.00 0.68 4 0.00
DeepWalk-DNS 0.61 +0.01 0.724+0.01 0.634+0.00 0.69+0.00
DW-DNS-approx 0.59+0.01 0.71+0.01 0.64+0.00 0.69+0.00
DW-DNS-scalable 0.57+0.01 0.70+£0.01 0.63+£0.01 0.68+0.00

similarities.

2.6 Results

Table 2.2 compares the performance of our proposed DNS-based GRL models (DeepWalk-
DNS and node2vec-DNS) and DNS-based scalable approaches (DW-DNS-approx and DW-
DNS-scalable) with other baseline models on the benchmark node classification tasks. From
the results, DNS-based models show a significant improvement in the F1-Macro score than
that of the traditional sampling-based models across all benchmark datasets. Further, our
scalable DNS models show comparable performance as the basic DNS models. The t-SNE
plot (Figure 2.4) shows that the DNS-based model learns more meaningful feature visualiza-
tions with better cohesion and separation of the classes (shown using colors) than that of

the other models for CiteSeer dataset.
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Figure 2.4: t-SNE plot for embeddings generated by DeepWalk with Distance-aware Neg-
ative Sampler model (DeepWalk-DNS), DeepWalk with Unigram Negative Sampler model
(DeepWalk-UNS), and Graph Auto Encoder model (GAE) on CiteSeer dataset.
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Figure 2.5: Node classification performance (measured by F1-Macro score) plot with vary-
ing context window on CiteSeer, Cora, and PPI dataset. DeepWalk with Distance-aware
Negative Sampler (DeepWalk-DNS) and with Unigram Negative Sampler (DeepWalk-UNS)
are the competing models.

To measure the impact of varying context windows, Figure 2.5 shows F1 score of DeepWalk-
DNS and DeepWalk-UNS with varying context windows on CiteSeer, Cora, and PPI datasets,
where the performance of DNS-based methods tends to get closer to UNS-based methods with
increasing context window, which is in-line with our discussion in Section 4. However, we
can see that the Fl-score of DNS is significantly larger than that of UNS for a large range of
context windows smaller than a reasonable value. In practice, we prefer low context windows
during negative sampling for better optimization time at learning phase [38]. Moreover, for
dense graphs, such as PPI, dissimilar nodes have low pairwise distances that weaken our node-

similarity assumption and decrease DNS-based model performance. However, we can set the
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Figure 2.6: Average Pairwise Similarity of all node-pairs in embedding space where similarity
= 0(z!'z;) for z; and z; node embeddings. Embeddings generated by DNS based GRL model
show minimum similarity for distant nodes with the similarity decreasing with increasing
distance d.

value of v to a small value in v-linear negative sampling, which reduces the effect of distances
and improves performance for the densely connected graphs. We demonstrate the sensitivity
of the performance of v-DNS to 7 in Appendix A. We also perform ablation studies to
understand the importance of distance-aware negative sampling probabilities in comparison
to baseline methods in Appendix A. Figure 2.6 shows the similarity of the embeddings
generated by DNS-based models on the synthetic graphs, which is inversely proportional
to the pairwise distance that maximizes the separation of distant node pairs. A detailed
analysis of DeepWalk-DNS on the synthetic dataset and the effect of v in ~-linear negative

sampling is in Appendix A.

Table 2.3 shows the comparison of DNS-approx and DNS-scalable with the DNS approach in
terms of the model size, the per epoch training time, and the downstream node classification
accuracy on PubMed dataset. The space complexity of both heuristics is O(p?+n). From the
table, we see that both heuristics take much less space than the basic DNS approach, even
when we consider 50% of nodes as popular nodes. We save all the trained models and the size
of the saved model objects is used as a measure of space complexity. We see the model sizes

are in a similar range for both heuristics when they have an equal number of popular nodes.
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Table 2.3: Comparison of scalable heuristics on PubMed dataset. We denote the model size
as size, training time per epoch as time with second as unit, and F1-Macro score of the
downstream node classification task as acc.

size time acc

DNS-approx (p =0.1n) 43.7 MB 1216 0.64
DNS-approx (p = 0.3n) 256.4 MB 1357 0.63
DNS-approx (p = 0.5n) 871.1 MB 1556 0.63

DNS-scalable (p =0.1n) 66 MB 108 0.63
DNS-scalable (p = 0.3n) 239.7 MB 281 0.64
DNS-scalable (p = 0.5n) 639.9 MB 655 0.64

Basic DNS 1.5 GB 90 0.63

However, we see a large reduction in the training time for the DNS-scalable method since it
does not reconstruct the shortest distance matrix, like DNS-approx. The training time for
the DNS-scalable approach increases with the number of popular nodes because we select
negative-popular nodes from the popular matrix, and the number of selection operations
increases with the popular matrix size. All the models perform similarly on the downstream
node classification task, which shows that we can get similar performance from our DNS-
scalable method with a much smaller space complexity (with a small number of popular

nodes) and a comparable training time complexity.



Chapter 3

Weak Supervision for Semantic

Segmentation

3.1 Overview

This chapter provides an overview of how aggregated saliency maps are more effective than
class activation maps for weakly supervised semantic segmentation. It also addresses the

limitations of popular approaches and suggests possible solutions.

The goal of weakly supervised semantic segmentation (WS3) is to train segmentation models
with coarse-scale supervision and without using pixel-level annotations. In recent years,
several WS3 methods have been proposed that use image-level class labels to generate pseudo-
ground truths for training segmentation models. Many of these methods employ localization
methods such as Class Activation Maps (CAMs) [16, 112, 151], generated from a pre-trained

classifier, to guide the segmentation process.

CAMs are activation maps generated by the last convolutional neural network (ConvNet)
layer of the classification model, which is integrated with the class-specific weights of the
final fully-connected layer to produce a score for every pixel. While Class Activation Maps
(CAM) are good at highlighting discriminative regions (DRs) of an image (i.e., regions that

contribute significantly to the classifier’s decision), CAMs are also known to ignore regions

29
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of the target object class that do not contribute to the classifier’s prediction, termed non-
discriminative regions (NDRs). In particular, it has been shown that the activation maps in
the final convolution layer only contain information relevant for classification, a phenomenon
called information bottleneck [63]. As a result, CAMs are biased towards mostly finding DR
while missing the NDR of the target object, which is equally important for the purpose
of segmentation. A number of WS3 solutions thus require further processing of the CAM

outputs to recover NDR for high segmentation accuracy [10, 44, 58, 63, 64, 68].

In contrast to activation maps, attribution maps provide an alternative approach for as-
signing a score to every pixel based on its contribution to the final neural network prediction.
The most commonly used attribution map is the gradient-based Saliency Maps [116]. The
basic idea of saliency is to calculate the gradient of the target class score with respect to
every pixel in the input image. Attribution maps are fundamentally distinct from activation
maps obtained from the last layer of ConvNet models. However, despite the frequent use of
attribution maps for neural network interpretability, their use in WS3 as an alternative to

CAMs has largely been unexplored.

With the advancement of vision transformers achieving state-of-the-art (SOTA) performance
on many computer vision tasks [41], extending CAMs to work with non-ConvNet-based
classifiers is a non-trivial exercise. In contrast, gradient-based Saliency maps can be applied
to any classifier with differentiable layers, rendering them as a universal solution for WS3
tasks. Moreover, Saliency maps inherently provide a solution to the deficiencies of CAM-
based approaches as explored in this work. Although the limitations of CAMs have been
well-known in the WS3 research community and all SOTA methods in WS3 provide solutions
to mitigate the deficiencies of CAMs, they lack in providing deeper insights on how saliencies

can be used as an alternative to CAM for WS3.

Our goal in this work is to provide a comprehensive study of the comparison between CAMs
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and Saliecies for WS3. It is important to mention that our goal is not to achieve SOTA
performance for WS3, but rather to provide novel insights into the potential of saliencies
and their variations in addressing the limitations of CAMs. Our contributions are outlined

below:

« We offer multiple perspectives to understand the similarities and differences between
CAMs and Saliencies. Section 3.3 delves into these perspectives, serving as a “bridge”

in the analysis of CAMs and saliencies.

o We provide new evaluation metrics to measure WS3 performance, which are specifically
designed to complement existing metrics such as mloU in quantifying the deficiencies
of CAMs and evaluating the effectiveness of alternate techniques with respect to CAMs.

The proposed evaluation metrics are detailed in Section 3.4.

o We demonstrate the effectiveness of saliencies in addressing the limitation of CAM
through our empirical studies on the PASCAL VOC, COCO, and MNIST datasets, as

detailed in Section 3.5.

o We identify the limitations of saliency maps for WS3 and propose different variations
of stochastic aggregation methods to fix these limitations. Specifically, we propose
a random cropping approach for stochastic aggregation that disintegrates the spatial
structure of input images as compared to injecting spatially invariant noise. While ran-
dom cropping is a common data augmentation technique, its application as a stochastic
aggregation method in this work is novel. Additional insights regarding stochastic ag-

gregation of saliencies are presented in Sections 3.6 and 3.7.
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3.2 Fundamental Concepts and Definitions

3.2.1 Class Activation Maps

The Class Activation Maps (CAMs) are based on convolutional neural networks with a global
average pooling (GAP) layer applied before the final layer. Formally, let the classifier be
parameterized by 6 = {6, w}, where f(.;60;) is the feature extractor network prior to the
GAP layer and w is the set of weights of the final classification layer. The CAM of the c-th
class for an image I can be obtained as follows:

wlA

max wl A

CAM,(I; 0) = (3.1)

where A = f(I;6;) is the activation map, w, € theta is c-th class weight, and max(.) is the

maximum value over all pixels in I for normalization.

Limitations of CAMs

CAMs produce coarse-scale localizations of objects because the activation maps of the final
convolutional layer have significantly lower resolution compared to the input image. Ad-
ditionally, the final activation maps show high values for only a subset of regions of the
target object that are discriminative for the classification task, while disregarding regions
that do not impact the accuracy of classification. Thus, CAMs in their raw form without

supplementary post-processing, are unsuitable for training segmentation models.
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Discriminative and Non-Discriminative Regions

Discriminative regions (DRs) are those regions of the ground-truth object that are crucial for
the classification model to predict the class label of the image accurately. In contrast, non-
discriminative regions (NDRs) are those regions of the ground-truth that are still important
for segmenting the object but do not significantly impact the model’s accuracy upon removal.

We formally define DR and NDR based on the CAM outputs as follows:

Definition 3.1 (DR and NDR). The discriminative region (DR) and non-discriminative
region (NDR) for the ¢-th class of an image I can be defined for every pixel (i, ) belonging

to the c-th class ground-truth segmentation Sg; as follows:

DR(Z(Z?]) = ]I(CAMC(Z7.]) > 7-cam> (32)

NDR.(i, j) = I(CAM. (i, j) < Team) (3.3)

where 7.4, represents a threshold applied to the CAM to obtain the segmentation of the
object class and I(.) is the indicator function. While the optimal threshold may differ for
each image, we adopted the common practice of using a global threshold (7., = 0.25) for
defining DR and NDR throughout this paper. Note that DRs and NDRs are a partitioning

of the ground-truth mask S¢; based on CAM scores.

3.2.2 Saliency Maps

Saliency maps are attribution maps that assign a score to every image pixel representing
its contribution to the final classifier prediction. They are frequently employed as a tool to
enhance model interpretability. Formally, the saliency map (SM) of the ¢-th class for image

I can be defined as:
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(3.4)

where S. = WYGAP(A) + b, is the score for the c-th class, and b, € theta is the bias term.
For a multi-channel image, saliency maps are computed by taking a maximum of the gradient

values across the channels.

Definition 3.2 (HSR and LSR). The high saliency region (HSR) and low saliency region
(LSR) for the c-th class of an image I can be defined for every pixel (i,j) belonging to the
c-th class ground-truth segmentation S¢,- using a threshold 7, specific to saliency maps as

follows:

HSR.(4, j) = I(SMc(i, j) = Tem) (3.5)

LSR.(i,j) = I(SMc(i, j) < Tem) (3.6)

Just like DRs and NDRs, the HSRs and LSRs are an alternate partitioning of S¢,- based on
SM score.

3.3 Comparing CAMs and Saliency Maps

3.3.1 A Visual Comparison Using Hyperplanes

While CAMs and saliency maps differ in many respects, they also exhibit several similarities.
We offer a novel viewpoint of comparing CAMs and SMs from the lens of CAM and SM

hyperplanes. First, we define two k-dimensional Hilbert spaces (where k is the number of
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Figure 3.1: A visual comparison of CAMs and saliency maps (SMs) for a representative
image from the VOC12 dataset.

channels in the activation map): A for the activations of images and A’ for the gradients of
the GAP layer w.r.t. the image. Formally, for an arbitrary image I, let the activation at any

pixel A(; ;) € A, and the gradient of the GAP layer aGAa—li(A)\(i,j) e A.

Definition 3.3 (c-th class CAM hyperplane). For every image I, let H¢,,,, be the following
hyperplane in A:
T

Hgam : VE aA — Tegm = 0 (37)

where T.q, 18 the CAM threshold, w. € w is the weight for the c-th class, and Z = max W;FA
is a normalization factor depending on I. Note that Z changes for every image and is
equivalent to having a variable intercept term for the CAM hyperplane but with a fixed

slope w, for every image.

Remark 3.4. If a point a € A corresponding to a ground-truth pixel lies above H¢,,,, i.e.,
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wla/Z — Team > 0, then the pixel belongs to DR; otherwise, it belongs to NDR.

See Appendix for proof. This remark states that any arbitrary pixel (i, j) € S&; will belong
to the DR or NDR depending on which side of the CAM hyperplane it lies. In other words,

as long as w. and 7., are fixed, the DR and NDR of the c-th class for any image I are

Cc
cam”’

separated by its CAM hyperplane ‘H

Definition 3.5 (c-th class SM parallel-hyperplane). Let HS,, be the following set of two

parallel hyperplanes in A’:
Hgm : ‘W;Fa/| — Tom = 0 (38)

where 7y, is the saliency map threshold and a’ € A’ is the gradient of the GAP layer w.r.t.

image at any arbitrary pixel.

Remark 3.6. If a point a’ corresponding to a ground-truth pixel lies on the outer sides of

Cc
Hsmﬂ

i.e., |[wla'| — 74, > 0, then the point belongs to HSR; otherwise, it belongs to LSR.

See appendix for proof. Similar to the DR/NDR for CAMs, the HSR/LSR are separated
by SM parallel-hyperplanes. Furthermore, the slope of both CAM and SM hyperplanes are
the same: w.. However, the important distinction is that for CAMs, the DR/NDR depends
on the values of the activation map A, ), while for SMs, the HSR/LSR depends on the
OGAP

Aki,j)' A ground-truth pixel may thus belong to DR or NDR and HSR or

gradient ——;

LSR depending on the value of its activations and gradient of GAP layer, respectively.

In Figure 3.1, we visually compare CAMs and SMs for a representative image from the
VOC12 dataset. From this comparison, we observe that the CAM (see Figure 3.1b) predomi-
nantly highlights the DR of the bird class such as its head — a crucial feature for classification.

As a result, NDRs such as the bird’s body are sparingly covered by the CAM. In contrast,
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the saliency map (see Figure 3.1c) for the same image covers most regions of the target
bird class, albeit with some noisy representation of the background class too. To provide a
comprehensive visualization of how HSRs in saliency maps can potentially recover NDRs, we
present a scatterplot in Figure 3.1e comparing the signed distances of each pixel (i, j) € S&r?
from the CAM and SM hyperplanes, namely, H%" and H%"4. Notably, the HSRs success-
fully recover a substantial portion of DRs, labeled as HSR-DR (blue). A minor segment of
the DRs (2.62% of GT) is missed by SMs, termed LSR-DR (yellow). Nonetheless, SMs are
proficient in recovering 55.32% of the GT regions originally classified as NDR, labeled as
HSR-NDR (maroon). Yet, both SMs and CAMs fall short in capturing the LSR-NDR region,
which constitutes 15.99% of the GT (green). The color-coded segmentation map for these

four distinct regions are presented in Figure 3.1d, thereby showing the potential of saliency

maps in addressing the limitations of CAMs in recovering NDRs.

3.3.2 Perspective from Contribution Windows

Next, we present another novel viewpoint of comparing saliencies and CAMs from the per-
spective of contribution windows—a concept innate to the architecture of convolutional neu-
ral networks (ConvNets). Note that the tendency of CAMs to only focus on DRs can be
understood using the information bottleneck principle proposed in [63]—every layer of a neu-
ral network filters or “funnels in” information about inputs and as a result only task-specific
information is retained at the outputs. While this information bottleneck exists in the for-
ward propagation of ConvNets, the reverse phenomenon happens during backpropagation
when information “funnels out” from the activation maps to the input image. This phe-
nomenon can be described using the contribution window of an input pixel on the activation

maps, defined as follows.

Definition 3.7 (Contribution Window). Let’s consider a ConvNet with N layers, where
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every layer [ performs a 2D convolution using an F' x F' kernel denoted as K;, to compute
activation A; = Conv2D(A,_1,K;). The contribution window at layer [ of a pixel in the
input image can then be defined as the region in A; that affects (or contributes to) the

gradients of A; w.r.t. the input pixel.

This concept is illustrated in Figure 3.2, where the contribution window is highlighted in
yellow at every layer for an example yellow pixel at layer 0. The contribution window can be
viewed as the reverse concept of “receptive fields” defined for the forward pass of ConvNets.
Indeed, since the gradient of the forward convolution K; is also a convolution with a rotated
kernel [53], the receptive field of the backward convolution during gradient computation
becomes the concept of contribution window. We can show that all activations at layer [ in

the contribution window of an input pixel can affect its gradient.

Now, let us consider pixels that have 0 activations across all channels in the final layer shown
in grey in Figure 3.2. By design, such non-activated pizels will register 0 CAM scores. We
want to analyze if it is possible for a non-activated pixel (yellow) to show non-zero gradients
(and thus saliencies) in the input image. Assuming we use activation functions f(z) that
are 0 when z < 0, we can show that this depends on whether the contribution window of
the pixel contains any activated pizel with non-zero activations at the final layer, shown in
red. In fact, we can show that if the contribution window size of a non-activated pixel is
smaller than its distance from an activated pixel, it will have 0 gradients. However, this
is practically not likely as the contribution window size generally grows linearly with the
depth of ConvNets. An exception is when we use 1 x 1 kernels. Through empirical evidence
provided in section 3.5.1, we can establish that as the contribution window expands (achieved
by increasing the F' x F' kernel size), saliencies can progressively encompass more NDRs, thus

directly addressing the limitations of CAMs.
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Figure 3.2: A schematic of “contribution window” demonstrating how the gradients at layer
[ — 1 is affected by the gradients from the contribution window of layer [.

3.4 Experimental Setup & Evaluation Metrics

3.4.1 Experimental Setup

Following the common practice in WS3, in this paper, we compared different approaches
quantitatively and qualitatively by conducting experiments on MNIST, PASCAL VOC ’12,
and MS COCO ’14 datasets. We also utilized two types of classification models based on
ResNet50 architecture: i) “model-org”, which is simply fine-tuned on the corresponding

dataset, and ii) “model-pert”, which is fine-tuned with additional noise perturbation.

3.4.2 Evaluation Metrics

To assess the quality of the segmentation maps, mean intersection over union (mloU) is a
widely used metric in WS3 literature. mloU measures the ratio of correct prediction (intersec-
tion) over the union of predictions and ground truths, averaged across all classes, including

background class. Notably, mloU provides an unbiased estimate of the segmentation per-
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formance; however, it fails to provide insights about the coverage of NDRs and DRs. Given
the limitation of CAMs not being able to identify NDRs, it becomes crucial to measure how
effective alternative WS3 techniques (e.g., saliencies) are at addressing the deficiencies of

CAMs. This warrants the need for novel evaluation metrics focusing on the DRs and NDRs.

In this paper, we introduce the following three novel evaluation metrics: NDR-Recall, DR-
Recall, and Foreground Precision (FG-Prec). DR-Recall is the ratio of correct DR predic-

tion over the ground-truth DR and can be formally defined as:
DR-Recall = |TP(P, DRcr)|/(|TP(P, DRar)| + |FN(P, DRar)|),

where P denotes the segmentation prediction, DRgr denotes the ground-truth DR area,
and |TP| and |FN| denote the count of true positives and false negatives over the DR region.
As mentioned in Section 3.1, we define ground truth DR (DRg7r) and NDR (NDRgr)
by employing a global threshold (7.4, = 0.25) on the CAM prediction and then taking
its overlap with the ground-truth segmentation mask. In a similar manner, we compute
NDR-Recall for a given segmentation prediction (P) and the corresponding ground-truth
NDR region (NDRgr). Apart from these two metrics, we also compute the Foreground-
Precision of different target classes as an additional metric, which can be defined as the
ratio of correct foreground prediction over the total foreground prediction. Note that our
proposed metrics are defined to analyze the deficiencies of CAM and, hence, are biased only
if we are evaluating CAMs just by themselves (e.g., CAMs would show low NDR Recall
value by definition). However, these metrics are unbiased if the goal is to measure how well

alternative WS3 techniques (e.g., saliencies) fix the shortcomings of CAMs.
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3.5 Quantitative Comparison: CAM /Saliency

3.5.1 Effect of Contribution Window

To empirically demonstrate the effect of contribution window on the recovery of NDRs, we
utilize a 5-layer ConvNet architecture where each layer employs an F' x F' kernel, followed
by ReLU activation. We apply sufficient zero padding to ensure that the spatial dimension
of the activations in each layer is equal to that of the input image. Different models with

varying kernel sizes were then trained on the MNIST Segmentation dataset.

The results for CAM and Saliency, in terms of mloU and NDR-Recall, are presented in
Figure 3.3. The F' x F kernel size correlates with the size of the contribution window for
the backpropagated gradients. Notably, when the contribution window is 1 x 1, the perfor-
mance of CAMs and Saliencies is quite comparable. However, differences in performance
become more prominent (larger red and blue shaded regions) as the contribution window
size increases. With an expanding contribution window, saliencies are capable of recovering
more pixels that have high gradients and low (= 0) activations, effectively capturing a larger
proportion of NDR. This, in turn, leads to a gradual increase in NDR-Recall until saturation

is achieved. Further discussion of this experiment can be found in the Appendix.

3.5.2 Comparing NDR Recovery

Table 3.1 presents a quantitative evaluation of CAMs and saliencies on the PASCAL VOC
dataset using different methods for background resolve (see Appendix for details). We com-
pare the best-segmented map produced by each method by varying the global threshold of
Team and Tg, from 0.01 to 0.50 and selecting the segmented map with the highest mIoU. The

“basic background resolve” row of Table 3.1 shows that saliency map outperforms CAM in
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Method B/G Resolve | mIoU FG-Prec DR-Recall NDR-Recall

CAM Basic | 43.7 56.1 93.8 43.7
Basic 37.7 45.9 75.4 55.6

Saliency Smooth 44.0 52.2 84.3 60.0
Superpixel 49.0 60.0 80.9 61.8

Table 3.1: Quantitative comparison of CAM and Saliency on VOC dataset in terms of mloU,
Foreground Precision, and DR-/NDR-Recall.

—— CAM mloU —— CAM NDR-Rec
—— Saliency mloU —— Saliency NDR-Rec
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Figure 3.3: Effect of Contribution Window on NDR-Recall and mIoU for MNIST Dataset.

finding non-discriminative regions, as indicated by its higher NDR-~Recall score. However,
CAM outperforms the saliency maps in terms of mloU, FG-precision, and DR-Recall, likely
due to the noisy and scattered nature of saliency maps. This motivates further exploration

of opportunities to improve the quality of saliency maps.

3.5.3 Improving Saliencies with Simple Post-processing

We first explore if simple post-processing methods such as kernel smoothing background
resolve and Superpixel-based background resolve can improve SM performance. Ker-
nel Smoothing smooths the gradients of the saliencies by applying a Gaussian kernel, while
superpixel-based smoothing assigns a label to each superpixel, which effectively mitigates the
noisiness and scatteredness that may be present in saliency maps. See Appendix for details

of these post-processing approaches. Table 3.1 presents their results as ‘Smooth” and ‘Super-
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Model | Method | BG-Res| mloU FG-Prec DR-Rec NDR-Rec
Smooth- Basic 38.6 (+0.9) 47.1 (+1.2) 82.0 (+6.6) 51.7 (-3.9)
org Grad Smooth 37.5 (-6.5) 47.1 (-5.1) 79.2 (-5.1) 48.3 (-11.7)

Superpix | 41.0 (-8.0) 52.2 (-7.8)  77.0 (-3.9) 52.1 (-9.7)
Basic 45.3 (+7.6) 54.9 (+9.0) 87.4 (+12.0) 55.9 (4+0.3)
Smooth | 44.8 (+0.8) 54.1 (+1.9) 87.5 (+3.2) 56.8 (-3.2)

pert- Smooth-

gauss | Grad | g o opix | 48.1 (:0.9) 57.4 (-2.6) 864 (+5.5) 629 (+1.1)
Binary- | D8I 412 (+35) 513 (+5.4) 79.9 (+45) 536 (-2.0)
org Mol | Smooth | 43.4 (:0.6) 535 (+1.3) 847 (+0.4)  53.9 (-6.1)
Superpix | 47.3 (-1.7)  57.0 (-3.0)  84.8 (+3.9)  62.0 (+0.2)
pert- Binary- Basic 42.4 (+4.7) 52.9 (+7.0) 78.7 (+3.3) 55.8 (+0.2)
binary | Mask Smooth | 44.9 (+0.9) 54.8 (+2.6) 84.8 (+0.5) 57.2 (-2.8)
Superpix | 48.9 (-0.1) 56.8 (-3.2) 86.2 (+5.3) 68.0 (+6.2)

Table 3.2: Quantitative comparison of SmoothGrad and BinaryMask in terms of mloU, FG-
Precision, DR-/ NDR-Recall for different fine-tuned models on VOC dataset. The difference
between the aggregated saliency performance and the vanilla saliency performance is shown
in parentheses. A positive value denotes an increase in performance; whereas a negative
value denotes a decrease in performance for aggregated saliencies.

pixel” background Resolve. Both approaches outperform basic background resolve results in
terms of mIoU, FG-Precision, DR-Recall, and NDR-Recall. Superpixel-based saliency maps
demonstrate significant improvement over CAM in terms of mIoU and NDR-Recall; however,
CAM outperforms all saliency methods in finding discriminative regions, as indicated by its
higher DR-Recall score. It is worth mentioning that superpixel-based background resolve
is not scalable for larger datasets. To this end, we need to explore saliencies where the

smoothing can be integrated inherently without additional computational overheads.

3.6 Stochastic Aggregation of Saliencies

To reduce the noisiness of saliencies, [117] proposed a stochastic aggregation-based method
for saliency maps, named SmoothGrad, where Gaussian noise is added to the input image
for smoothing saliencies. In this paper, we explored another variation of input noise per-
turbation, namely BinaryMask, where we multiply the image by a binary mask instead of

adding Gaussian noise to the input image. The amount of perturbation for SmoothGrad is
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controlled by standard deviation of Gaussian noise, whereas for BinaryMask, the probability
of each pixel in the mask being 1 controls the perturbation magnitude. See Appendix for
additional details on these methods. “Model-pert-binary” and “ Model-pert-gaussian” are the

two finetuned classifiers augmented by binary and Gaussian noise, respectively.

3.6.1 Smoothing Saliencies by Injecting Noise

Table 3.2 compares results of saliency with different stochastic aggregation methods like
SmoothGrad and BinaryMask. The change in performance from the basic or vanilla salien-
cies (without stochastic aggregation) is shown in parentheses; a positive percentage denotes
improvement and a negative percentage denotes degradation. Saliencies from the classi-
fication models perturbed with similar noise (model-pert-gaussian for SmoothGrad and
model-pert-binary for BinaryMask) perform better than the saliencies generated by the
original model. According to [12], adding noise during training is a common regularization
technique that results in denoising. The additive effect of adding noise during training and

inferring with noise yields the best saliency map.

Although adding noise may make the saliency maps smoother, with increasing noise, the
saliency maps may become unstable and the mloU performance may gradually drop with
excessive noise. A detailed analysis of the sensitivity of our experiments to noise is provided
in Appendix. Also note that the classification model needs to be fine-tuned with similar
noise for these stochastic perturbations techniques to produce smoothened saliencies. This
additional fine-tuning could be an expensive process, and further motivates us to explore

alternate aggregation methods that do not involve additional fine-tuning steps.
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3.7 Stochastic Aggregation Through Cropping

Random cropping is commonly used as a data augmentation technique to increase the variety
of training data by cropping random regions of the input image to a specific size. One of the
advantages of random cropping is that it generates input samples that follow the input data
distribution, since all the crops are basically part of the input image. In this section, we
utilize random cropping as a stochastic aggregation technique to improve the performance

of saliencies.

3.7.1 Disintegrating the Spatial Structure of Images using Ran-

dom Cropping

Random cropping can also be viewed as a perturbation technique where the individual crops
disintegrate the spatial structure of the input image. We treat random cropping as a spatial
perturbation and generate a saliency map by stochastically aggregating the saliency maps
of the individual cropped images. We define this spatial perturbation-based aggregation as
follows: SMC(I) = %Z?:l wiSMC(L), where I; = fpert(I), I corresponds to the input image, I,
denotes the individual crops, and fye+(.) denotes the spatial perturbation function, which is
random cropping for this experiment. SM,(.) is the (basic) saliency map and SM, corresponds
to the final aggregated saliency, and w; denotes the weight of each of the individual crop

saliencies. For our experiments, we choose w; = o(S.(I;)), where Sq(I;) is the classification

score of the crop L, and o(.) is the sigmoid activation function.

First row of Table 3.3 shows the performance of random cropping as a stochastic aggre-
gation method, where we can see that it performs better than saliencies in terms of mloU,

FG-Precision, and DR~ /NDR- Recall for all the background resolve approaches (difference in
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performance of random crop and saliencies are provided in parentheses). We can achieve as
high as 50.4 mIoU using random crop-based aggregated saliencies with superpixel-based back-
ground resolve. Notably, random cropping-based aggregated saliencies employ the “Model-
org” classifier to compute the saliencies, showing that random cropping does not require the

classifier to be finetuned on additional perturbations to perform well.

Method |BG-Res|mlIoU FG-Precision DR-Recall NDR-Recall
Random Basic 44.6 (+6.9) 53.6 (+7.7) 84.2 (+8.8) 59.4 (+3.8)
Crop Smooth | 46.2 (+2.2) 56.6 (+4.4) 84.4 (+0.1) 575 (-2.5)

Superpix | 50.4 (+1.4) 61.7 (+1.7) 82.6 (+1.7) 61.7 (-0.1)
Basic 35.6 ((2.1) 439 (-2.0) 715 (-3.9) 57.8 (+2.2)

E:&iom Smooth | 37.7 (-6.3) 454 (-6.8)  77.6 (-6.7)  59.9 (-0.1)
Superpix | 39.3 (-9.7)  47.7 (-12.3)  76.9 (-4.0)  61.6 (-0.2)
Basic 354 (2.3) 326 (-13.3) 747 (-0.7) 583 (+2.7)

Disc-Patch | Smooth | 38.6 (-5.4) 45.8 (-6.4) 78.8 (-5.5) 61.7 (+1.7)
Superpix | 40.7 (-8.3)  51.8 (-8.2)  72.2 (-8.7)  57.0 (-4.8

Basic 151 (+7.4) 540 (+81) 765 (+1.1) 555 (
Disc-Crop | Smooth | 46.3 (+2.3) 56.5 (+4.3) 74.7 (-9.6) 53.4 (-6.
Superpix | 50.6 (+1.6) 61.6 (+1.6)  73.9 (-7.0)  57.9 (-3

Table 3.3: Comparison of Random Crop, Discriminative Crop, Random Patch, and Discrim-
inative Patch in terms of mloU, FG-Precision, DR-/ NDR-Recall on VOC12. The difference
between the aggregated and saliency performance is shown in parenthesis.

3.7.2 Can we do better than random cropping?

Next, we explore different variations of random cropping and patching techniques that break
the spatial structure of input images. Random patching is an erasure-based method similar to
the idea of the cutout method [24]. The discriminative variations of random cropping (Disc-
Crop)and patching (Disc-Patch) take the real values of CAM to complement the probability
of selecting a crop or patch. See Appendix for details. Table 3.3 shows the results of these
alternate methods. Random cropping and its discriminative variation (Disc-Crop) perform
significantly better than the (basic) saliency method. However, the patch-based methods
do not show comparative performance in terms of mloU, FG-Precision, DR-Recall, and

NDR-Recall. One possible reason is that we used the original “Model-org” classifier, which
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is not augmented with the patch-wise perturbations. Therefore, patching creates unnatural
artifacts during inference, and the classifier fails to attribute the individual samples correctly.
The discriminative versions of cropping and patching did not significantly outperform the

random versions.

3.8 Related Works

Current techniques for WS3 utilize CAMs as the foundation to produce segmentation maps.
These methods can be broadly categorized into three types: (1) Modifying model architec-

ture, (2) Iterative update-based methods, and (3) Modifying Loss functions.

First, several methods that modify the model architecture for WS3 have been developed to
overcome the well-known limitations of CAM [10, 58, 63] . For example, a global weighted
rank (GWR) pooling layer was proposed in [58] that neither underestimates the object
size like global max pooling (GMP) nor overestimates it using GAP. Normalized global
weighted pooling (nGWP) was also proposed in [10] to replace the GAP layer, which helps
to recover small segments, thus improving the mask precision. Another method FickleNet
[62] introduced stochastic aggregations in feature maps to produce the localization maps.
However, changing the architecture can be difficult and restricts the types of models that

are compatible with these methods.

The second set of methods aims to improve the seed performance of CAMs through iterative
updates, such as erasure-based methods [19, 44, 68, 138] and adversarial optimizations [64,
138]. Specifically, erasure-based methods suggest erasing the most discriminative regions
to unveil the non-discriminative regions, thus addressing some of the limitations of CAMs.
On the other hand, AdvCAM [64] proposed an anti-adversarial optimization technique to

exploit the boundary information with pixel-level affinity for capturing more regions of the
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target objects. One primary limitation of such methods is that the termination condition is

not well-defined and often heuristically chosen.

Finally, a third set of WS3 methods focus on modifying the loss function to improve the object
coverage of CAMs. Specifically, the RIB [63] demonstrates that an information bottleneck
occurs in later layers as only the task-relevant information is passed to the output. As a
result, CAMs which are computed at the last layer, have sparse coverage of the target object.
A new loss function was proposed that encourages the transmission of information from

non-discriminative regions for classification, thus improving the quality of localization maps.

Several prior works have utilized saliency maps for WS3, as documented in [58, 113, 121, 149].
These studies primarily concentrate on enhancing segmentation map accuracy through post-
processing techniques. However, their focus differs from our work on exploring the inherent
potential of saliencies in overcoming the limitations associated with CAM-based approaches.
Although these existing works contribute valuably to the field, they do not directly address
the specific research questions that our study delves into — specifically, the comprehensive

analysis of saliencies’ effectiveness with respect to CAMs.

CAMs and Saliencies have also been extensively examined in the realm of explainability
research that is focused on providing explanations of the model outputs, which can potentially
satisfy regulatory experiments [37], help practitioners debug their model [13, 15] and identify
unintended bias in the model [59, 132]. Approaches based on activation maps fall under
the CAM-based methods category [16, 112, 133, 151]. Conversely, techniques relying on

attribution maps belong to the saliency-like methods group [114, 116, 117, 118, 122, 148].
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Method | B/G Resolve |mIoU FG-Prec DR-Recall NDR-Recall

CAM | Basic | 28.82  41.16 83.59 31.46
Salienc Basic 22.22 28.26 65.46 48.78
Y Smooth 25.46 31.94 73.02 52.65
Random- Basic 21.13 27.6 62.87 46.38
Crop Smooth 26.58 33.83 72.09 52.22

Table 3.4: Quantitative comparison of CAM and Saliency on COCO dataset in terms of
mloU, Foreground Precision, and DR-/NDR-Recall.

3.9 Discussion and Future Directions

Table 3.4 quantitatively evaluates the performance of competing methods on the MS COCO
2014 dataset. We compare the best-segmented map generated by each method by varying
the global threshold across the range of 0.01 to 0.50. The segmented map with the highest
mloU value is selected for comparison. The Table illustrates that both saliency and random
crop saliency outperform CAM in terms of NDR-Recall. This signifies that saliency-based
approaches exhibit better recovery of the NDR region compared to CAM. However, CAM
surpasses saliencies in terms of mloU, FG-Precision, and DR-Recall. The smooth saliencies
show comparable performance to CAM, which indicates the potential for improvement in the
performance of saliencies by reducing its noisiness, especially when dealing with challenging

datasets like the COCO dataset.

In conclusion, this work proposes three novel evaluation metrics for WS3, namely NDR-
Recall, DR-Recall, and FG-Precision, which can be used to assess the performance of al-
ternative WS3 models in fixing the deficiencies of CAMs. We also revisit the potential
of the use of saliency maps for WS3, which has been largely overlooked in the past, and
demonstrate that simple post-processing steps, stochastic aggregation methods, and random

cropping-based aggregation can significantly improve the quality of segmentation masks.

Although our work lays the foundation for future research in saliency maps for WS3, it’s
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important to clarify that we are not the first to use saliencies for WS3, neither are we
claiming state-of-the-art (SOTA) performance using stochastic aggregation methods when
applied over saliencies. Instead, our focus is on presenting novel insights into the strengths
and weakness of saliences w.r.t. CAMs from multiple perspectives, and showing how simple

modifications to saliencies can effectively address the limitations inherent in CAMs.

As newer techniques based on Vision Transformers [69, 139] and Foundation models such as
Segment-Anything [17] are developed in the WS3 community to deliver SOTA performance,
we anticipate future research to comprehensively understand their strengths and weaknesses
building upon the metrics and analyses presented in our paper. Furthermore, while current
post-processing methods in WS3 like CRF, PSA, and IRN are designed specifically to com-
plement the limitations of CAM-based methods, we anticipate that researchers will build

upon our findings to develop more advanced post-processing techniques for gradient-based

WS3 methods.



Chapter 4

Benchmarking Vision-Language

Models on Scientific Dataset

4.1 Introduction

There is a growing deluge of images that are being collected, stored, and shared in organismal
biology—the branch of biology interested in the study of structure, ecology, and evolution
of organisms. In particular, images are increasingly becoming the currency for documenting
the vast array of biodiverse organisms on our planet, with repositories containing millions
of images of biological specimens collected by scientists in field museums or captured by
drones, camera traps, or tourists posting photos on social media. This growing wealth of
biological images provides a unique opportunity to understand the scientific mechanisms of
how organisms evolve and adapt to their environment directly from images. The traditional
approach for advancing knowledge in organismal biology is by discovering the observable
characteristics of organisms or traits (e.g., beak color, stripe pattern, and fin curvature) that
serve a variety of biological tasks such as defining groups of organisms, understanding their
genetic and developmental underpinnings, and analyzing their interactions with environmen-
tal selection pressures [45]. However, the measurement of traits is not straightforward and
often relies on expert visual attention involving labor-intensive operations and subjective

definitions [115], hindering rapid scientific advancement [77].

51
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Figure 4.1: Overview of our goals and contributions. We analyze the capabilities of 12 state-
of-the-art (SOTA) vision-language models (VLMs) in answering scientific questions using
images from three groups of organisms: fishes, birds, and butterflies, over five groups of
biologically relevant tasks. We also explore the effectiveness of these models for reasoning
using various prompting techniques and tests for reasoning hallucination.

With the recent rise of large foundation models such as vision-language models (VLMs) (e.g.,
GPT-4, GPT-4V (ision) [97, 98], Gemini [124], LLaMA 3.2 [27, 125], and LLaVA [72]) that
can simultaneously solve a diverse range of tasks involving text and images, it is pertinent
to ask if pre-trained VLMs contain the necessary scientific knowledge to aid biologists in
answering a variety of questions pertinent to the discovery of biological traits from images.
Note that unlike mainstream tasks in computer vision, understanding scientific images re-
quires knowledge of domain-specific terminologies and reasoning capabilities that are not
fully represented in conventional image datasets used for training VLMs. In particular, an
important end-goal in scientific applications such as organismal biology is to explain the
process of visual reasoning used to arrive at a prediction, often involving the knowledge of
biological traits. Hence, to assess the usefulness of VLMs in accelerating discoveries in or-
ganismal biology, it is important to test their ability to identify and reason about biological

traits automatically from images.

In this work, we assess the zero-shot capabilities of 12 state-of-the-art (SOTA) VLMs, in-
cluding the proprietary GPT-4V (ision) and the recent GPT-40(mni) along with other open-

source VLMs;, on five scientifically relevant tasks in organismal biology, namely species classi-
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fication, trait identification, trait grounding, trait referring, and trait counting. These tasks
are designed to test different facets of VLM performance in organismal biology, ranging from
measuring predictive accuracy to assessing their ability to reason about their predictions us-
ing visual cues of known biological traits. For example, the task of species classification tests
the ability of VLMs to discriminate between species, while in trait grounding and referring,
we specifically test if VLLMs are able to localize morphological traits (e.g., the presence of
fins or patterns and colors of birds) within the image. To perform this evaluation, we present
VLMA4Bio, a benchmark dataset of ~ 469K question-answer pairs based on 30k images of

three taxonomic groups of organisms: fishes, birds, and butterflies.

Main Contributions:

1. We present a novel dataset of scientific question-answer pairs to evaluate the effective-
ness of VLMs in answering scientific questions across a range of biologically relevant

tasks in the field of organismal biology.

2. We present novel benchmarking analyses of the zero-shot effectiveness of pre-trained
SOTA VLMs on our dataset, exposing their gaps in advancing scientific knowledge of

organismal biology.

3. We present novel comparisons studying the effects of prompting and tests for reasoning
hallucination on VLM performance, shedding new light on the reasoning capabilities

of SOTA VLMs in organismal biology.

4.2 Related Works

With the rise of SOTA VLMSs such as GPT-4V (ision) [98], GPT-40(mni) [100], and Gemini

[124], there has been a simultaneous growth in the number of benchmarking analyses pub-
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Figure 4.2: Illustrative examples of VLM4Bio tasks with different question-types.

lished in the last few years to evaluate different facets of VLM performance on a range of
mainstream tasks in computer vision. A majority of previous analyses [142, 147] involve eval-
uations on single tasks like Visual Question Answering (VQA), OK-VQA [80], MSCOCO [71],
and GQA [46]. Other datasets such as POPE [70], HaELM [125], LAMM [145], MMBench
[75], MM-Vet [146], LVLM-eHub [140], SEED [66], and GAIA [83] have also been developed
to evaluate the capabilities of VLMs on complex tasks such as reasoning and ability to handle
multimodal data. There are also some recent domain-specific benchmark datasets, such as
MathVista [76], which includes a variety of challenging VQA problems in the mathematical
domain, MedQA(USMLE) [51] which is a collection of VQA problems from medical exams,
and the recent MMMU [147] dataset, which covers expert-level problems from diverse fields

such as business, arts, science, health, medicine, and engineering.

VLM4Bio dataset is different from existing benchmarks involving domain-specific datasets

because of the following reasons. (1) Focus on organismal biology: While previous works
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have focused on benchmarking the performance of VLMs on other scientific domains (e.g.,
Arts and Design, Business, Health, and Medicine in MMMU [147] or Mathematics in Math-
Vista [76]), there exists no previous VQA benchmark dataset in the domain of organismal
biology to the best of our knowledge. Our work thus fills a critical gap in evaluating the
performance of VLMs in a field of biology that has several societal implications such as mon-
itoring biodiversity and understanding the impact of climate change on species traits and
populations. (2) Breadth of Evaluation Tasks: While previous works are tailored to one or
a few evaluation tasks, we consider a wide range of tasks motivated by the needs of domain
scientists in the field of organismal biology. They include predictive tasks such as species
classification and trait identification as well as tasks that require visual reasoning including
trait grounding and referring. We also provide novel comparisons about the performance of
VLMs on both open-ended and multiple-choice question (MCQ) formats and comparisons

over predictive as well as visual reasoning tasks, in contrast to prior works.

4.3 VLMA4Bio Tasks

Figure 4.2 shows illustrative examples of the five VLM4Bio tasks relevant to biologists that

we consider in our study, described in detail in the following.

4.3.1 Species Classification

A common (and often the first) task that a biologist considers when examining an organism
specimen is to identify its scientific name (or species class). Hence, we consider asking a VLM
to provide the scientific name of the organism shown in a given image. There are two types

of questions that we consider for this task. First, we consider open-ended questions, where we
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do not provide any answer choices (or options) to the VLM in the input prompt. The second
type is multiple-choice (MC) questions, where we provide four choices of candidate species
names for the VLM to choose from (out of which only one is correct while the remaining

three are randomly selected from the set of all species classes).

4.3.2 Trait Identification

An important goal in organismal biology is to answer questions regarding the observable
characteristics of organisms, also known as traits. We thus consider asking VLMs to identify
a particular trait of an organism given its image for two taxonomic groups: fishes and birds.
For fishes, we considered 10 binary (presence/absence) traits and generated MC questions
for the presence of each trait in an image (with two options: yes or no), whereas for birds,
we considered 28 traits covering their color, pattern, and measurements (size and shape of
regions) in a multiple-choice format. We provide a detailed list of all fish and bird traits in

the Supplementary Section C.6.

4.3.3 Trait Grounding and Referring

To further understand the ability of VLMs to visually explain the reasoning behind their
prediction of a trait, it is important to evaluate if a VLM correctly identifies the region in the
image containing the trait. For this purpose, we consider two other tasks: trait grounding
& trait referring, for the taxonomic groups of fishes and birds. In the first task of trait
grounding, we ask the VLM to locate a given trait of an organism on its image (i.e., tezt to
location). We consider MC question-format for this task where we provide four options of
bounding boxes in the image as candidate answer choices, where one of the bounding boxes

correctly contains the trait while the remaining three are randomly sampled from the set of
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bounding boxes containing other traits of the organism. In the second task of trait referring,
we consider the opposite scenario where we provide a bounding box as input to the VLM
and ask it to identify the name of the trait present in the bounding box (i.e., location to
text). We again provide four answer choices in MC question-format, where only one of the
options is correct while the remaining three are randomly sampled from the names of other

traits of the organism.

4.3.4 Trait Counting

We simply ask how many traits are present in an image of a fish specimen. This is biologically
relevant, for example, to understand the number of fins present in a fish organism. Similar

to the species classification task, we have open and MC question-types for this task.

4.4 VLMA4Bio Dataset

Data Collection and Preprocessing: We collected images of three taxonomic groups
of organisms: fish, birds, and butterflies, each containing around 10K images. Images
for fish (Fish-10K) were curated from the larger image collection, FishAIR [31], which
contains images from the Great Lakes Invasive Network Project (GLIN) [1]. These images
originate from various museum collections such as INHS [5], FMNH [4], OSUM (78], JFBM
2], UMMZ [3] and UWZM [6]. We created the Fish-10K dataset by randomly sampling 10K
images and preprocessing the images to crop and remove the background. For consistency,
we leverage GroundingDINO [74] to crop the fish body from the background and Segment
Anything Model (SAM) [57] to remove the background. We curated the images for butterflies

(Butterfly-10K) from the Jiggins Heliconius Collection dataset [60], which has images
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Statistics Fish-10K Bird-10K Butterfly-10K Fish-500 Bird-500

# Images 10,347 11,092 10,013 500 492
# Species 495 188 60 60 47
# Genera 178 114 27 18 33
# Traits 10 28 - 8 5)

Table 4.1: Key statistics of the VLM4Bio dataset.

collected from various sources *. We carefully sampled 10K images for Butterfly-10K from
the entire collection to ensure the images capture unique specimens and represent a diverse
set of species by adopting the following two steps. First, we filter out images with more
than one image from the same view (i.e., dorsal or ventral). Second, we ensure each species
has a minimum of 20 images and no more than 2,000 images. The images for birds (Bird-
10K) are obtained from the CUB-200-2011 [131] dataset by taking 190 species for which
the common name to scientific name mapping is available. This results in a fairly balanced
dataset with around 11K images in total. Additional details on dataset preprocessing are

provided in the Supplementary Section C.1.

Annotation: The scientific names for the images of Fish-10K and Butterfly-10K were ob-
tained directly from their respective sources. For Bird-10K, we obtained the scientific names
from the iNatLoc500 [21] dataset. We curated around 31K question-answer pairs in both
open and multiple-choice (MC) question formats for evaluating species classification tasks.
The species-level trait presence/absence matrix for Fish-10K was manually curated with the
help of biological experts co-authored in this paper. We leveraged the Phenoscape knowl-
edge [28] base with manual annotations to procure the presence-absence trait matrix. For
Bird-10K, we obtained the trait matrix from the attribute annotations provided along with

CUB-200-2011. We constructed approximately 380K question-answer pairs for trait identi-

ISources: [48, 49, 50, 81, 82, 85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 95, 96, 103, 107, 108, 109, 110, 135, 136,
137]



4.4. VLM4B1o DATASET 59

fication tasks. For grounding and referring VQA tasks, the ground truths were manually
annotated with the help of expert biologists on our team. We manually annotated bound-
ing boxes corresponding to the traits of 500 fish specimens and 500 bird specimens, which
are subsets of the larger Fish-10K and Bird-10K datasets, respectively. In particular, we
considered 8 fish traits and 5 bird traits for annotating their bounding boxes, resulting in a
total of 26 K question-answer pairs. We also used the Fish-500 dataset for the task of trait
counting, resulting in a total of 1K question-answer pairs. Across all tasks, our dataset com-
prises approximately 469K question-answer pairs for 30K biological images (see Table 4.1).
Additional details on data distribution and key statistics are provided in the Supplementary

Section C.5.

Dataset Card: We provide the dataset card with a detailed description of the meta-
data, data instances, annotation, and license information here (https://huggingface.co/

datasets/imageomics/VLM4Bio#dataset-card-for-vlmdbio).

VLM Baselines: We consider the following VLM baselines: GPT-4V (ision) [99]?, LLaVA-
v1.5 (7TB/13B) [73], COG-VLM [134], MiniGPT-4 (Vicuna 7B/13B) [152], BLIP-FLAN-T5-
XL/XXL [67], and INSTRUCT-BLIP (Vicuna 7B/13B) [23]. We used the latest checkpoints
for each model available to date. We used the same question prompt for all models to ensure
consistent comparison of results for a variety of open and multiple-choice (MC) questions
across the five scientific tasks of our dataset. All the experiments were conducted using

NVIDIA A100 GPUs. See supplementary Section C.8 for more details of the VLM baselines.

Evaluation Metrics: We used micro-averaged accuracy as our evaluation metric for all
experiments. We designed a systematic rule-based evaluation pipeline to evaluate VLM
responses against the ground truths. For each question category, we provide the accuracy

percentage of random choice as a basic baseline, where each possible answer is considered

2We use gpt-4-1106-vision-preview model as GPT-4V in our experiments.


https://huggingface.co/datasets/imageomics/VLM4Bio#dataset-card-for-vlm4bio
https://huggingface.co/datasets/imageomics/VLM4Bio#dataset-card-for-vlm4bio
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Models
Dataset Question t) llava  llava  cogvlm BLIP BLIP minigpty minigpts instruct instruct instruct instruct Random
-4v
type 9w v1.5-70 v1.5-13b  chat  flan-zl flan-zzl vicuna-7B vicuna-13B flant5zl flantSzal vicuna7B vicunal3B Choice
Species Classification

Open 1.01°  2.32 0.40 0.11 0.01 1.59 0.50 0.38 0.00 1.46 0.00 0.00 0.20
Fish-10k

MC 35.91° 40.20 32.27 31.72 29.76 33.36 29.02 2745 30.86  31.70 27.27 26.57  25.00

Open | 1740 1.45 2.06 0.86 0.00 0.57 2.80 2.56 0.00 0.50 0.07 0.00 0.53
Bird-10k

MC 82.58 50.32  55.36 44.73 33.68 34.75 23.95 27.62 36.36  35.83 44.00 46.55  25.00

Open 0.04  0.05 0.00 0.01 0.00 0.00 0.07 0.01 0.00 0.00 9.94 0.00 1.54

Butterfly-10k
MC 28911 50.24 44.58 36.45 25.14 28.88 33.06 28.90 25.28  36.67 41.70 34.48  25.00

Trait Identification

Fish-10k MC 82.18 56.84 45.15 46.92 68.36 39.33 55.08 51.87 64.34  39.26 81.95 20.69 50.0
Bird-10k MC 62.22] 34.68 46.14 63.93 50.11 41.38 39.11 40.44 4789  45.52 77.91 89.98  31.12

Trait Grounding

Fish-500 MC 29.41 2487 17.98 2342 23.32 25.14 22.18 25.58 720  27.09 33.51 26.90  25.00
Bird-500 MC 8.1 26.92. 3536 232 11.83 10.52 15.39 24.22 3.48 0.81 30.24 13.91  25.00

Trait Referring

Fish-500 MC 28.15 27.07  29.14 28.19 24.93 25.68 39.24 31.21 3175 25.78 28.04 32.73  25.00
Bird-500 MC 4228 30.5 29.64 18.45 35.16 40.59 26.04 35.88 27.52  41.69 23.03 22.69  25.00

Trait Counting

Fish-500 Open 16.4 474 52.0 14.8 376, 634 13.6 31.53 50.2 61.4 61.4 0.0 25.00
ish-

MC 4480 13.20 54.80 21.00 64.8] 782 22.00 25.00 74.0 69.4 15.80 11.80  25.00

Overall 3424 29.0 31.78 2527 2891 30.24 23.0 25.19 2849  29.79 33.92 23.31 22.03

Table 4.2: Zero-shot accuracy comparison of VLM baselines (in % ranging from 0 to
100) for the five scientific tasks. Results are color-coded as Best, Second best , Worst ,
Second worst .

equally likely (yielding an accuracy of 25% for MC questions with four choices).

4.5 Results

Table 4.2 compares the accuracies of VLMs in percentages (ranging from 0 to 100) across
the five tasks and over multiple organism datasets. We make the following observations from

this result.
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All VLMs show poor accuracy on open questions but perform better on MC
questions. The zero-shot species classification accuracy of all VLMs on open-ended ques-
tions is notably weaker than MC questions. Even the best-performing models, LLaVA-13B,
GPT-4V, and Instruct-Vicuna-7B, only achieve accuracies of 2.32%, 17.46%, and 3.62%,
respectively, across the three organism datasets. This indicates a significant gap in the abil-
ity of existing VLMs to capture the scientific knowledge necessary to differentiate between
species (often requiring subtle or nuanced features) without being provided with candidate
answer choices. Open-ended species classification is particularly hard for pre-trained VLMs
that are not typically trained to provide scientific names of organisms (e.g., Lepomis cyanel-
lus) rather than providing their common names (e.g., green sunfish). However, the inclusion
of candidate answers (or options) in the question prompt serves as a helpful clue to VLMs
for narrowing down the solution space and finding the correct answer potentially using elim-
ination strategies. While VLMs are able to utilize these additional hints and work their way
through to the correct answer in MC questions, note that open questions are practically

more relevant to scientists operating in real-world settings.

Bird dataset shows better accuracy than Fish or Butterfly datasets. Most VLMs
show significantly better performance on the Bird-10K dataset in comparison to the Fish-
10K and Butterfly-10K datasets. For example, the highest accuracy across all VLMs on the
Bird-10K dataset is 82.58%, while it is 40.20% and 50.24% on the Fish-10K and Butterfly-
10K datasets, respectively. A potential reason is that while the bird dataset is a subset of the
CUB dataset [130] that is commonly used in machine learning literature and has images with
natural in-the-wild backgrounds, the butterfly and fish datasets contain images of specimens
preserved in museum collections with artificial backgrounds and with imaging artifacts that
are not typical for large-scale computer vision datasets. We hypothesize that many of the

pre-trained VLM baselines may have seen images similar to those in the Bird dataset during
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Trait Identification

Question: Is there eye visible in
the fish shown in the image?
Write the answer after writing
'The answer is: *

Options: A) Yes, B) No.

-

Answer: The answer is: A)

Yes. 0

Ground Truth: Yes

Trait Grounding

Answer: The answer is: A)

[970, 1315, 1392, 1525]. o

Question: The bounding box is
defined by the coordinates [x1,
y1, x2, y2], where [x1, y1] is the
top-left corner and [x2, y2] is
the bottom-right corner of the
rectangle. What is the Bounding
Box coordinates of the eye in the
fish shown in the image?

Options: A) [970, 1315, 1392,
1525], B) [1565, 1165, 2215, 1559],
C) [324, 711, 516, 891], D) [110, 515,

Ground Truth: [324, 711,

Trait Referring

Question: The bounding box is
defined by the coordinates [x1,
y1, x2, y2], where [x1, y1] is the
top-left corner and [x2, y2] is
the bottom-right corner of the
rectangle. What is the trait of
the fish that correspond to the
bounding box region [324, 711,
516, 891] in the image?

Options: A) caudal fin, B) eye, C)
head, D) anal fin.

Answer: The answer is: A)
caudal fin. °

Ground Truth: eye.

1065, 1252]. 516, 891]

Figure 4.3: Examples of correct and incorrect predictions of GPT-4V for trait identification,
trait grounding, and trait-referring tasks related to the “eye”. For visualization assistance, a
red-colored bounding box is added around the “eye” in the image.

training, leading to their better performance.

Can VLMs effectively identify biological traits? The performance of most VLMs in
trait identification appears significantly better than their performance in species classifica-
tion, with GPT-4V reaching 82.18% accuracy on the Fish-10K dataset and Instruct-Vicuna-
13B achieving 89.98% on Bird-10K. However, some traits such as “eye”, “head”, and “mouth”
are almost always present in every organism image, so simply answering “yes, the trait is

7

present” can lead to high accuracy in trait identification. In contrast to the fish dataset,
the bird dataset poses more intricate questions regarding a variety of multi-class traits that
require a nuanced understanding of colors, patterns, and physical trait dimensions, such as

the color of the bill, wing patterns, and tail shapes.

VLMs struggle in localizing traits in images. While most VLMs perform well on the
task of Trait Identification, it is crucial to determine if they are focusing on the correct
image regions to answer trait-related questions. We thus analyze the performance of VLMs
on the tasks of trait grounding (i.e., text to location) and trait referring (i.e., location to text).
We can see that there is a significant drop in the accuracy of trait grounding and referring
tasks compared to the trait identification task. This shows that while VLMs can potentially
leverage knowledge of trait choices to identify traits, they struggle in localizing the traits in

the image and thus visually ground their reasoning. Figure 4.3 shows an illustrative example
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of GPT-4V prediction where it predicts the presence of the trait “eye” correctly but fails to

localize it in grounding and referring tasks.

Counting biological traits is difficult for VLMs. Recent studies [47, 104, 143] have
explored the gap in the ability of VLMs to count objects, which is aligned with our results
in Table 4.2. All VLMs, except for BLIP-flan-T5-XXL, show lower performance in counting
traits, despite performing well on the trait identification task. The overall average accu-
racy for the VLMs is displayed in the last block, with GPT-4V (ision) exhibiting the best

performance.

We further analyze the errors of different VLMs to better understand their behavior. We find
that GPT-4V shows a reduced rate of incorrect responses but a higher incidence of “Other”
responses, which include apologetic expressions, admissions of inability to precisely visualize
the organism, and disclaimers regarding lack of expert guidance (see Supplementary Section

C.10 for more details).

4.5.1 Analyzing the Role of Answer Choices in MC Questions on
VLM Performance

Table 4.2 showed that VLMs perform drastically better on MC questions compared to Open
questions for species classification. A potential hypothesis for this observation is that VLMs
are able to avoid incorrect answer choices (or options) that are too different from the correct
option and thus are easy to eliminate. To test this hypothesis, we create three variants of the
MC questions for species classification—easy, medium, and hard—where species choices in
each variant have varying degrees of similarity determined by their taxonomic groupings. In

particular, note that the scientific name of an organism contains taxonomic information at
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Models

Dataset Difficulty gpi-fo gpt-fo llava  llava cogulm BLIP BLIP minigpt{ minigpt instruct instruct instruct instruct CLIP BioCLIP

v1.5-7b v1.5-13b chat flan-al flan-zxl vicuna-7B vicuna-13B flantbzl flant5zal vicuna7B vicunal3B

Fish Easy 44.50 37.50 47.50 46.00 24.00 34.00 27.50 29.00 19.50 32.00  28.00 33.50 33.50  36.50 [55.50
is

Medium 3.50 5.50 [30.000 28.50 27.00 26.00 23.00 26.50 25.00 28.50  24.50 26.00 25.50  26.00 29.00

Bird Easy 73.50 68.00 53.50 50.00 38.50 34.50 36.00 21.00 32.00 41.00  33.00 43.50 39.00  57.00 [94.00
ir

Medium  41.00 40.50 30.50 37.00 30.00 25.50 21.00 21.00 24.00 27.00  27.00 24.50 26.50  31.00 [95.00

Easy 18.50 17.50 19.00 20.50 24.50 30.00 25.00 34.50 26.00 24.50  22.50 19.00 24.50  21.50 [65.50
Butterfly Medium 550 7.00 29.50 29.00 29.50 20.00 25.50 33.00 25.00 27.50  25.00 25.00 25.00  21.50 [58.00
Hard 2.00 1.50 22.00 21.00 32.00 26.50 20.00 29.50 24.00 22.50  24.00 24.00 21.00  21.50 [35.00

Table 4.3: Zero-Shot accuracy comparison for easy, medium, and hard datasets. Results are
color-coded as 'Best , Second best , Worst , Second worst .

three levels: <genus name> <species name> <subspecies name>>. Since organisms that
share taxonomic information have similar appearances, it is hard to differentiate species
choices if they are from the same taxonomic group. On the other hand, it is easier to work
with species choices from different taxonomic groups. Hence, for the easy set, we selected
50 species from different genera, ensuring that all species choices appear quite different from
each other. For the medium set, we increased the complexity by constructing species choices
from the same genus but from 10 different species. The hard set presented the highest
difficulty level for the butterfly dataset, with the answer choices being from the same genus
and species but from 10 subspecies. Each difficulty level consists of 200 images from each

set of organisms.

Table 4.3 shows the accuracies of the baseline VLMs for the easy, medium, and hard organism
datasets. The pretrained VLMs generally perform best on the easy set and worst on the hard
set for each organism. Moreover, there is a gradual improvement in the VLM performance
from hard to easy questions. This suggests that the difficulty level of candidate answers
(or options) in the question prompt significantly impacts VLMs’ performance. Additionally,

this outcome indicates that even SOTA VLMs have limitations in handling fine-grained

3We only have subspecies level information for the Butterfly-10K dataset.
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queries. Table 4.3 shows that GPT-4V and OpenAT’s recent release GPT-40 do not perform
well when tested on the medium and hard datasets for Fish and Butterfly. Due to this, we
further analyze the errors of different VLMs to better understand their behavior. We provide

the report in the Supplementary Section C.10.

4.5.2 Comparing Pre-trained VLMs with a Biologically Fine-tuned
Model

We compare BioCLIP [119], a state-of-the-art foundation model for species classification fine-
tuned with biological images and taxonomic names (TreeOfLife-10M dataset), with the pre-
trained VLMs. We observe that BioCLIP significantly outperforms large pretrained VLMs
on the Bird-10k and Butterfly datasets, suggesting that BioCLIP has been trained on images
that are similar to the organisms present in these datasets. By comparing BioCLIP with
CLIP, we can also see that fine-tuning foundation models with biological data provides large
gains in classification performance. This suggests that the performance of SOTA VLMs
can be further improved by fine-tuning on VLM4Bio Dataset. Further details comparing
BioCLIP with SOTA VLMs are provided in the Supplementary Section C.11.

4.5.3 Analyzing Effects of Prompting on VLM Performance

We considered three prompting techniques: Contextual Prompting, Dense Caption Prompt-
ing, and zero-shot Chain of Thought Prompting. For Contextual prompting, we provided
a single-line description (context) of the tasks (e.g., we add “FEach biological species has a
unique scientific name composed of two parts: the first for the genus and the second for the
species within that genus.” before the species classification question to give some additional

context on the task).  Dense Caption prompting involves two stages: (1) first, we
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Models

llava  llava  cogvlm BLIP BLIP
v1.5-7b v1.5-18b chat flan-zl flan-zxl

No Prompting 34.40 79.00 41.60 35.40 31.00 28.60 22.60
Contextual ~ 30.00 77.20 40.20 35.60 25.60 27.20 26.60

Dense Caption 18.80 78.60 26.00 27.60 32.00 28.40 29.80
CoT 42.60 86.00 41.40 34.80 26.80 29.20 24.60

No Prompting 78.80 97.60 44.20 49.80 45.40 35.60 35.80
Contextual ~ 78.60 98.60 44.00  52.00 49.40 35.60 30.40
Dense Caption 87.40 97.00 33.40 41.00 44.00 25.60 22.80
CoT 62.60 98.60 37.40 47.80 42.20 30.60 31.00

No Prompting 13.20 56.40 27.20  26.80 25.60 24.40 21.20

Contextual 9.20 56.20 26.00 24.60 27.20 23.60 24.60
Dense Caption 49.60 63.20 25.20 23.80 27.00 23.20 23.20

CoT 63.60 74.60 21.40  23.20 34.60 37.20 23.60

Dataset Prompting gpt-4v gpt-4o

Fish-Prompting

Bird-Prompting

Butterfly-Prompting

Table 4.4: Zero-shot accuracy comparison for different prompting techniques of seven VLMs
(in % ranging from 0 to 100). Results are color-coded as Best and Worst .

prompt the VLM to generate a dense caption of the specimen image such that the caption
contains all the necessary trait information of the specimen. (2) We add the dense caption
before the question and prompt “Use the above dense caption and the image to answer the
following question.” to generate responses from the VLM. Similarly, the Zero-Shot Chain-
of-Thought (CoT) happens in two stages: (1) first, we prompt the VLM to generate the
reasoning for a given VQA and multiple choices (options). Zero-shot CoT appends “Let’s
think step by step.” after the question and options to generate the reasoning. (2) We then
add the reasoning after the VQA and prompt “Please consider the following reasoning to
formulate your answer” to generate the VLM response. We curated a prompting dataset of
500 multiple-choice (MC) VQAs for each set of organisms, which is a subset of the VLM4Bio

dataset for species classification.

Table 4.4 compares best-performing VLMs on the prompting dataset. The CoT rows of
the table demonstrate that only GPT-4V and GPT-40 have reasoning capabilities that can

significantly improve their response to biological questions, while smaller models like LLaVa
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Models
Dataset Metrics  widv w0 S s et funeal fanao
False Confidence Test (FCT)
Fish-Prompting Y Accuracy 34.20  73.60 25.00 28.60  24.60  0.00 7.00
greement, Score 4.40 16.60 99.80 19.20  74.40 0.00 28.4
Bird-Prompting N Accuracy 73.40  99.00 25.40 35.80 19.80  0.00 20.20
greement Score  11.40  21.00 93.20 17.80  47.80 0.00 79.80
Butterfly-Prompting N Accuracy 5.20 53.40 27.20 26.60 6.20  0.00 5.00
greement, Score 2.60 12.40 95.40 5.60  13.80 0.00 19.00
None of the Above (NOTA) Test
Fish-Prompting Accuracy 81.40  44.80 3.40 3.80 0.00 4.00 0.00
Bird-Prompting Accuracy 75.00 91.40 1.00 1.20 0.00  31.40 0.00
Butterfly-Prompting Accuracy 50.40 4.60 1.00 4.60 0.00  51.00 0.00

Table 4.5: Performance of seven VLMs on the NOTA and FCT reasoning tests. Results are
color-coded as Best and Worst .

and BLIP do not show much improvement. Furthermore, providing extra context and caption
is more useful for GPT-4V and GPT-40 than the smaller models. This resonates with the
findings from [150] that the reasoning abilities of VL.Ms only emerge after a certain model
size. The success of Dense Caption Prompting and CoT Prompting depends on how well
they generate the dense caption or the reasoning in the first stage. We report example

prompts with VLM responses as case studies in the Supplementary Section C.13.

4.5.4 Analyzing Tests for Reasoning Hallucination

To further understand whether pretrained VLMs can respond with logically coherent and
factually accurate reasoning, we evaluate VLMs on two sets of reasoning for hallucination
tests - False Confidence Test (FCT) and None of the Above (NOTA) Test - inspired
by [126]. For the FCT, we randomly select an option from the list of given choices and

prompt it to the VLM as a “suggested correct answer” along with the question and options.
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To evaluate VLMs on FCT, we use Accuracy as well as the Agreement score, which is the
percentage of times the VLM agrees with the suggested answer, irrespective of whether
that is right or wrong. A high agreement score with a low overall accuracy indicates poor
performance as it suggests that the model is simply following the suggestion either because
of a lack of knowledge or low confidence in its own response. On the other hand, in the
NOTA Test, we replace the correct option with “None of the Above”, requiring the model to
produce “None of the above” for all the questions. From Table 4.5, we can see that LLaVa-
v1.5-7B shows poor accuracy on both tests and a high agreement score on FCT. Out of all
the VLMs, GPT-4V and GPT-40 demonstrate the highest accuracy, i.e., the lowest false
confidence. More details on the prompts and examples of the responses have been provided

in the Supplementary Section C.13.

4.6 Limitations

Our work has three main limitations. First, while no prior VQA benchmark dataset exists
for organismal biology to the best of our knowledge, we focused on only three organisms—
fish, bird, and butterfly—out of the many available due to resource constraints. Adding
more organisms with manually annotated trait data will require additional resources and
domain expertise, which could be pursued in future work. Second, since it is not feasible to
manually inspect all images to ensure that they are free from label noise, we acknowledge
that some noise may be present in the labels used for evaluating models on our current
dataset, which we plan to address in future iterations. Third, due to resource constraints,
certain proprietary VLMs that require purchasing APIs like Gemini-Pro [124], Gemini-Ultra
[124], and Claude Opus [9] were also not included in the evaluation. We anticipate that their

performance will be comparable to that of the proprietary GPT-4V [98] and GPT-40 [100]
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considered in our evaluation.
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Chapter 5

Conclusion and Future Directions

5.1 Summary of the Thesis

This thesis advances the paradigm of indirect supervision for deep learning models on multi-
modal data. It presents three learning techniques of indirect supervision for graphs, images,

and text modalities and suggests possible future research directions.

First, chapter 2 proposes Distance-aware Negative Sampling (DNS) for unsupervised Graph
Representation Learning (GRL) where the node representations reflect graph structure better
than the existing GRL methods by maximizing cohesion and separation on different sizes of
networks. With theoretical analysis on cohesion and separation and empirical results on the
connected components of benchmark datasets, we present the DNS sampler as an effective

sampler that better optimizes the negative sampling objective on unsupervised GRL.

Second, chapter 3 presents novel insights into the strengths and weaknesses of saliencies with
respect to CAMs from multiple perspectives and shows how simple modifications, such as
stochastic aggregation and random cropping-based aggregation to saliencies, can effectively
address the limitations inherent in CAMs and significantly improve the quality of segmen-
tation masks. It also proposes three novel evaluation metrics for WS3, namely NDR-Recall,
DR-Recall, and FG-Precision, which can be used to assess the performance of alternative

WS3 models in fixing the deficiencies of CAMs.
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Figure 5.1: Schematic Representation of the Potential Future Research Directions in Indirect
Supervision for Multimodal Data.

Finally, chapter 4 introduces VLM4Bio, a benchmark dataset to evaluate the zero-shot per-
formance of pretrained VLMs on biologically relevant questions involving biodiversity im-
ages, exposing gaps in SOTA VLMs when applied to organismal biology. We observe that
while VLMs are able to perform reasonably well on simpler tasks, e.g., using questions with
multiple-choice formats and images with natural-looking backgrounds, they struggle in com-
plex task settings that are practically more relevant to biologists. Through our study on
prompting and reasoning tests on the VLM4Bio dataset, we observe that very large SOTA
VLMs such as GPT-4V and GPT-40 have reasoning capabilities that can significantly im-

prove the response to biological questions.

5.2 Future Directions

This thesis lays the groundwork for future research in learning through indirect supervision
for multimodal data, offering valuable insights and methodologies. Figure 5.1 illustrates

potential avenues for advancing indirect supervision techniques in downstream applications
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involving multimodal datasets.

One promising direction is the development of foundation models capable of processing and
understanding diverse modalities, such as images, text, and structured data, to address
complex downstream tasks in scientific domains. In particular, problems in organismal
biology require models that can capture the intricate relationships among different modalities

while leveraging domain-specific structured knowledge.

Incorporating graph-structured knowledge, such as ontologies, phylogenies, and taxonomies,
into multimodal models presents a significant opportunity. One approach (shown in ma-
genta arrows in Figure 5.1) involves embedding structured knowledge during the pretraining
phase, similar to CLIP supervision, as demonstrated in BioCLIP [119]. Careful alignment
of different modalities during the pretraining phase is essential to ensure they collaborate

effectively without interference.

Alternatively, structured knowledge can be integrated during the adaptation phase following
pretraining, requiring only a few labeled samples to regularize the knowledge of graph struc-
tures into text-image pretrained foundational models (shown in blue arrows in Figure 5.1).
Retrieval-Augmented Generation (RAG) techniques [65], combined with carefully curated
downstream datasets, could facilitate this integration by enriching text-image pretrained

models with graph-structured insights.

Another potential area for future work is applying the Weakly Supervised Semantic Segmen-
tation (WS3) technique to fine-grained trait discovery using only coarse labels (shown in
green arrows in Figure 5.1). Recent studies, such as HCompNet [79] and PhyloNN [29], have
begun exploring this direction by utilizing class-label information with graph-structured phy-
logenetic data to detect and localize different prototypes in organism images. This work can

be extended by incorporating textual descriptions of the prototypes, thereby enhancing the
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interpretability and explainability of prototypical networks across both visual and language

domains.
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Appendix A

Chapter 2

A.1 Proofs of Theorems

THEOREM 4.1 Unigram Negative Sampling (UNS) Algorithm optimizes the generalized
GRL objective with the following specifications: SIM(i,j) = log(o(z!z;)), DISSIM(i,j) =
log(o(—2zlz;)), aq = ma(C,A), where m4(C, A) is the probability of sampling a node-pair

at distance d using a C-length random walk on the graph with adjacency matriz A, and

Ba = KC/n. As a result, the Separation Power of UNS algorithm is equal to 1.

Proof. To understand the relationship between the generalized GRL objective and UNS, let
us look at the generic objective function of negative sampling (that applies for both UNS
and DNS):
E(Z)= ) ) [logo(zz)+
i€V jEN (i)

K> Preg(kli) log(o(—2] z))]

keVy

where N (i) represents the set of nodes (of size C') that belong to the neighborhood of node i
which we construct using random walk strategy. If we denote the probability of sampling a
node j in a C-length random walk from ¢ as P, (j]7), then P,k (jli) = mq(C, A), where d

is the distance between nodes ¢ and j. The objective function of generic negative sampling

5
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can thus be written as:

dmaz

— Z Z Z 7a(C, A)log o(z] z;)+ (A1)

i€V d=1 jeVAd(i,j)=d

Z Z KZPMQ kli)log(o(—z; zk))

i€V jeEN (i)  keV

dmax

Z Z 74(C, A)log o(z] z;)+

d=1 (i,j)€Sa

KC’ZZPMQ kli)log(o(—z! z1))
i€V kev

dmax

Z Z 74(C, A)log o(z] z;)+

d= (H)Esd

K(JZ > Pueg(kli)log(o(—2] zi))
d=1 (i,j)€Sa

In UNS, Poy(jli) = = where n is the number of nodes. Hence, the objective function for

UNS becomes:

dmaz
E(Z)= Z Z 74(C, A)log o(z] z;)+
d= (U)Esd
Z Z log(o(—z] z;))
=1 (i,4)€Sq
ez KC
=Y. Y [ml(C.A)log o(z]z)) + —log(o(~2]z)))]
d=1 (i,j)€Sa
dmaz
= > > [aa SIM(i, j) + B4 DISSIM(i, j)]
d=1 (i,j)€Sa

where, SIM(4,j) = log(c(z]z;)), DISSIM(i,j) = log(o(—2!2;)), ag = wa(C,A), and

fq = KC/n. Clearly, the above equation corresponds to the generalized GRL objective.

The Separation Power of UNS is equal to B dm‘” = gg;z = 1. 0
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THEOREM 4.2 Distance-aware Negative Sampling (DNS) Algorithm optimizes the general-
ized GRL objective with the following specifications: SIM(i,j) = log(o(z! z;)), DISSIM(i,j) =
log(o(—2z]z;)), aq = Ta(C,A), where 74(C, A) is the probability of sampling a node-pair
at distance d using a C-length random walk on the graph with adjacency matriz A, and

Ba = KCd/D(A). As a result, the Separation Power of DNS algorithm is equal to dyqs .

Proof. For Distance-aware Negative Sampler (DNS), the negative sampling probability P.,(j|?)

is linearly proportional to the pair-wise distance d(j,7); Preg(j]i) = d((] 2) = . We ap-

proximate the expected value of D(i, A) as D(A). The objective function for DNS can thus

be obtained by substituting the value of P,.,4(j|i) in Equation A.1 as follows:

dmaas
E(Z) = Z > m(C A)log o(z] )+ (A.2)
d=1 (i,j)€Sa
dmar
Z Z KC log(a(—zisz))
d=1 (i,j)€Sa
dma:v
=Y > [mlC A)log o(z]z;)+
d=1 (1,j)€S4

KCd ,
Bia) 8-l %)

dmaz

= Y > [aa SIM(i, j) + B4 DISSIM(i, j)]

where, SIM(i,j) = log(o(z!z;)), DISSIM(i,j) = log(o(—z]z;)), ag = ma(C,A), and
Ba = KCd/D(A). Clearly, Equation A.2 corresponds to the generalized GRL objective.

The Separation Power of DNS is equal to A d”;‘” = KC;?’C”;‘%/(Q()A) = dmaz- O

THEOREM 4.3 Let the average pairwise similarity for any two nodes at distance d be
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given by &a = 15 ‘S]M(z j) = ISd\ > (ij)eS o(z]'z;). We can then show that DNS generates

embeddings such that &y is a function of d and for d > C, &, is inversely proportional to d.

Proof. Let us assume that the DNS based GRL model has reached its global maximum with

loss Q. From Equation A.2, the loss of DNS based GRL model is given by,

dma.z‘

=Y > wlC A)log o(z]z;) — (A.3)
d=1 (i,j)ESd

dmaz

KC’Z Z

d=1 (i, J)GSd

log o(—z] z;))

dmaz

== ) > 7mlC A)log o(z]z;) —

d=1 (4,j)€Sq

maz

KOZ Z

=1 (i, J)ESd

10g — o(z/ z;))

Since the model has reached its global optimum, the similarity o(z! z;) for nearby node-pairs

(d(i,j) < C) should be high such that 1 — o(z! z;) low. We approximate log(c(z] z;)) =

o(zl'z;) — 1 as the remainder term in its Taylor’s series expansion is close to zero. Moreover,
T, .\2 T, \3
we expand log(1 — o(z] z;)) = —o(z! z;) — U(z";]) — U(zigzj) — o= —0(zl'z;) — R(o(z] z;)).

Note that the length of the random walk is at most C'. Consequently, for d > C, m4(C, A) = 0.

We can thus rearrange Equation A.3 as,
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C
- Z a(C, A)(0(2; 2;) — 1)

d=1 (i,j)€Sq
dmaz

- KC Bia7 (o)~ Rio(e )
d=1 (i,j)€Sq

c

=— > > mCA)o(zz) 1)

d=1 (i,j)ESd

dmaz d
+KC o(z; 2;) + MR(U(Z?ZJ)))
d=1 z])ESd
We approximate D(A)R( o(zl'z;)) =~ 0 because R(o(z!z;)) =~ 0 for distant pairs and ﬁ ~ 0

for nearby pairs at optimum. Hence, we obtain:

C
=Y Y m(C A)o(z]zy)+ (A.4)

d=1 (i,)€Sq
C dma:c d
T
Z 7TdC'A)—|—KC'Z Z D(A)a(zizj)
=1 (i,j)€Sa d=1 (i,j)€Sq
c c
KCOd
- Z 71-(JZ(CY7 A) - Z 4 (ﬂ-d(cv A) D(A))
d=1 (i,j)€Sq d=1 (i,j)€Sq
d
max K
o(z; z;) + o (ar

For d < C, we rearrange Equation A.4 as,
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d'=1 (i,j)eSy
KC’d
Z Z ﬂ-d O A (A)) (ZzTZj)
/=1 (i,j) €Sy

maz

P oe ok KC’d o(c'z,)

d'=C+1 (zy)eSd/

= Z Z Wd/(C,A)—

d=1 (i,))eS,y
KCd. .
Z (ﬂ—d(ov A) - D(A)) U(Zi Zj)
(4,J)€ESa

-y Z /(wd/(O,A)— D(A)

d'=1 (i,j)€S,
d;éd
d
max K
3T payrts)
=C+1 (i,5) eSd/
KCd
= Z > m(C.A) = (m(C.A) ~ prsISil
d'=1 ('j)ESd/

KCd
) o(z'z;)+

-3 ) /(wd/(O,A)— D(A)

=1 (4,5)€S,
=) )

dnas KCd
> Z o(z; ;)

d=C+1 (i,j)€S

U
Qi
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d'=1 (i,j)eSy
C
KCd
_ Z (7 (C, A) — D(A)) o(z] z;)+
zli;:écll (4,9)ESyr
d
max KCd
22 pyE)
=C+1 (i,j eSd/

From the above Equation, &, = f(d,0) for d < C, where O is the set of parameters of f

other than d.
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For d > C, we rearrange Equation A.4 as,

C C
Q=> > m(CA)-> Y (m(CA)
d'=1 (i,j)€Sy d'=1 (i,5)€S 4
_ KCd dmaz KCd |,
( )) (Z ZJ)+ Z Z D(A)0<ZZ Zj)
d'=C+1 (i,j)ESy

Z > m(CA) = Y P (mar(C, A)

1 (,5)eSy d'=1 (i,j)eSy
KCd . cd .
(2% d

Gz Kcd |
Z Z m(T(Zizj)

d'=C+1 (i,j)€Sy
d’;ﬁ

Z > ma(CA) - Z > (m(C,A)

=1 (i,))ESy '=1 (i,j)€Sy
KCd . KC
- m) o(z; z;) + m Saléa

dmaa

=C+1 (4,)) ESd/
o

DA <
ba = |8d|KCd g )Z @(CA)
KCd'
£ S ) - 500 ol
=1 (i,j)ESy

mz‘” Z KC’d o(272;) |

=C+1 (3, j)GSd/
i

From the above Equation, &, is inversely proportional to d for d > C'. [
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A.2 Implementation Details

All our codes and datasets are available at https://github.com/Distance-awareNS/DNS/

Synthetic Data Generation: We construct the synthetic networks by generating a node
degree sequence that follows the power-law distribution. For our experiments, we use net-
workz.utils.powerlaw __sequence to generate the degree sequence which takes two parameters:
the number of nodes and the exponent of the power-law distribution, where we set the num-
ber of nodes as 2,000 and vary the exponent to generate varying networks with different
density. After that, we use networkz.expected_degree_graph to construct a network from
each degree sequence; whereas each network may have many disconnected components. To
connect all the components of the network, we randomly choose one node from each dis-
connected component and connect them using minimum number of artificial edges. We
generate structure-induced node labels using a simple label propagation approach. Initially,
we randomly select k seed nodes for k distinct classes. For sparse network, we choose k =7
classes, whereas, for moderate and dense networks, we choose k = 5 and k = 4 classes
respectively. At each iteration, we propagate the node label to its adjacent unlabeled nodes.
Consequently, we iterate this procedure until all the nodes get labeled. Therefore, the node
labels are generated only using the structure information, such as the proximity from the

seed node.

Node Classification Setup: We use Logistic Regression (LR) with an Ibfgs solver that
supports 150 max iterations as our downstream model. For the PPI dataset, we use multi-
class settings of LR. For benchmark datasets, we use the PyTorch Geometric train-test-
validation mask on the largest component to generate the training nodes, testing nodes and

validation nodes. Meanwhile, for the synthetic datasets, we randomly select 10% nodes for
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Figure A.1: F1-Macro score plot with varying context window on Synthetic Sparse, Synthetic
Moderate, and Synthetic Dense dataset. Competing models are DeepWalk-UNS, DeepWalk-
DNS, and its variants DeepWalk-DNS-min, DeepWalk-DNS-max.

training, 40% for validation, and 40% for testing. We ran our experiments in a single machine
with 2 NVIDIA Titan RTX GPUs (24Gb of RAM) and 1 Intel(R) Xeon(R) W-2135 CPU

(@ 3.70GHz). We use PyTorch with cuda-10.1 for our experiments.

Hyper-parameters: We set the embedding dimension as 128, the number of random
walks per node as 50, and the number of negative samples as 20, whereas for node2vec
model, we also set return parameter p as 1 and inout parameter ¢ as 4 for our experiments.
To optimize these models, we use Adam optimizer with 0.01 learning rate. Moreover, we run
all node wise negative sampling-based GRL model for 30 epochs and all edgewise negative
sampling base models for 400 epochs, as edgewise sampler models take more iterations to

converge.
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Figure A.2: Sensitivity towards outlier points on CiteSeer dataset.

A.3 Additional Analysis of Results

Ablation Study:

We perform an ablation study of our DNS sampler by splitting the negative sampling proba-
bility into two parts; the splitting point is the pairwise distance for which DNS probability ~
UNS probability. In the first ablation model, we set negative sampling probability linearly
proportional to the pairwise distance for nearby nodes while maintaining uniform negative
sampling probability for the rest of the nodes. In the second ablation model, we set a uniform
negative sampling probability for nearby nodes while setting DNS-like probability for distant
nodes. Let us denote the first sampler as DNS-min since its negative sampling probability
Pin(k|i) = min(Ppys(kli), 2) and the second sampler as DNS-max that has negative sam-
pling probability P, (kli) = max(Ppys(kli), 2). Both DNS-min and DNS-max samplers

have higher separation than UNS sampler.

Figure A.1 shows the node classification performance of different samplers with the Deep-
Walk model. The top row of Figure A.1 shows the F1-Macro score of DeepWalk-UNS and
DeepWalk-DNS with varying context size. As discussed in Section 2.4, we see the perfor-
mance of the DeepWalk-DNS model decreases with increasing context window size. More-
over, low negative sampling probability for nearby nodes is not effective for the synthetic

dense graph.
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In the second row of Figure A.1, we see the comparison of DNS, DNS-min, and DNS-max in
terms of node classification performance. The DeepWalk-DNS-max follows the trend of the
DeepWalk-UNS model performance for lower context windows, whereas, the DeepWalk-DNS-
min model more likely follows the trend of the DeepWalk-DNS model in all the synthetic

graphs.

~v-linear Negative Sampling:

We perform an empirical study to visualize the effect of varying 7 in v-linear negative sampler
on the synthetic datasets. We train the DeepWalk model with ~v-linear negative sampler and
denote it by 7-DNS. Moreover, we choose different values for + from 0 to 1.25 for this
experiment (the models are denoted by v(value)-DNS). In this experiment, we denote the
DeepWalk-DNS model by ~(1.0)-DNS. From Figure A.3, we see that v value closer to 1
follows the trend of the DeepWalk-DNS performance, whereas, v value closer to 0 follows
the trend of the DeepWalk-UNS model performance. Theoretically, the performance of the
7(0)-DNS-based model should be close to the UNS-based model, but there is deviation across

runs that require further investigation.

Sensitivity towards outlier points:

To evaluate the sensitivity towards outlier points, we artificially add distant nodes with sim-
ilar class values on the CiteSeer dataset. Figure A.2 shows the sensitivity of our DNS model
and the UNS model for these outlier points. Both models perform poorly with increasing

number of outliers, which shows outliers hurt all models with the local similarity assumption.
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Figure A.3: Node classification performance (F1-Macro score) comparison for various 7-
linear sampler based models with varying context window on Synthetic Sparse, Synthetic
Moderate, and Synthetic Dense dataset.
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Chapter 3

B.1 Comparison of CAMs and Saliency Maps Using

Hyperplanes

B.1.1 Theoretical Proofs of CAM and SM-Hyperplanes

The proof of the Remark 3.4 and 3.6 are provided below.

Remark B.1. If a point a € A corresponding to a ground-truth pixel lies above H¢,,,, i.e.,

wla/Z — Team > 0, then the pixel belongs to DR; otherwise, it belongs to NDR.

Proof. The activation map A for an image I can be sampled at any arbitrary ground-truth
pixel (4, 7) € S&p such that A j) € A. Therefore, the CAM score for the c-th Class at pixel

(¢,7) can be computed as: CAM.(4,7) = Wi Agj)/Z.

Now, if the pixel belongs to the discriminative region (DR), then by definition 3.1 we get

the following:

wl
CAMC(Z,j) = 7CA(ZJ) > Team
T

> W7CA(1J) — Team Z O (Bl)

This by definition of H¢,,, (see Definition 3.3) suggests that the activation value A ;) € A

cam

88
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o c
lies above H¢,, ..

Conversely, if the ground-truth pixel belongs to the non-discriminative region (NDR), then

by definition 3.1 we get the following:

WT
CAMC<ZM]> = 7CA(Z»]) < Team
T

— W—ZCA(%]) — Team < O <B2)

Similarly, from the definition of H¢

cam

(see Definition 3.3), the activation value A(;; € A

lies below H¢

cam”’

Therefore, we can say in general if an arbitrary point a corresponding to a ground-truth

Cc
cam)

pixel lies above H it belongs to the discriminative region (DR); otherwise it belongs to

NDR. ]

Remark B.2. If a point a’ corresponding to a ground-truth pixel lies on the outer sides of

Cc
Hsm7

i.e., |wla'| — 74, > 0, then the point belongs to HSR; otherwise, it belongs to LSR.

OGAP(A)

Proof. Similar to CAM, the gradient of the GAP w.r.t. the image =—;

can be sampled

at any arbitrary ground-truth pixel (7, j) € S&p such that M}%—PI)(A)hij) € A'. Therefore, the

Saliency map score for the c-th Class at pixel (7, j) can be computed as:

+OGAP(A)

We o1 {(m‘)

SM.(i,j) = (B.3)

Now, if the pixel belongs to the high saliency region (HSR), then by definition 3.2 we get
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the following:

. 0GAP(A)
T
SM.(i,7) = |w, i ‘(z}j) > Tom
0GAP(A)
T
‘WC Th%i) — Tem > 0 (B.4)

OGAP(A)

This by definition of the H,, (see Definition 3.5) suggests that the gradient == ‘(Z. i

e A

lies on the outer sides of the H¢, .

Similarly, if the pixel belongs to the low saliency region (LSR), then by definition 3.2 we get

the following:

- OGAP(A)
T
SM.(i,j) = |w, B |(i,j) < Tom
JGAP(A)
WET‘@J) — Tem < 0 <B5)

This by definition of #H¢,, (see Definition 3.5) suggests that the gradient %%—li(A)hij) e A

lies on the inner sides of the H¢, ..

Therefore, we can say in general if an arbitrary point a’ corresponding to a ground-truth

c
sm?

pixel lies on the outer sides the H¢, , it belongs to the high-saliency region (HSR); otherwise

it belongs to low saliency region (LSR). O
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B.1.2 Visual Comparison for more representative images from

VOC

Figure B.1 presents a visual comparison of CAMs and Saliencies using the hyperplanes on
more representative images from the PASCAL VOC 12 dataset (similar to Figure 3.1 from

the main paper). For this experiment, we choose the value of 7.4, = 0.25 and 7,,, = 0.15.

B.2 Experimental Details

B.2.1 Dataset Description

We compared different competing approaches quantitatively and qualitatively by conducting

experiments on MNIST, PASCAL VOC ’12, and MS COCO ’14 datasets.

MNIST Segmentation Dataset:

We generate the ground-truth segmentation masks by filtering the non-zero pixels of the
MNIST images. For our experiments, we used an upsampled version of the original MNIST
dataset, where we used “nearest neighbor” interpolation to upsample the dataset to 128 x
128 dimension. Furthermore, we used 60,000 training set and 10,000 test set images with

segmentation masks for our experiments in Section 3.5.

PASCAL VOC ’12 Dataset:

The PASCAL VOC 2012 dataset contains 10,582 training images, 1,449 validation images,

and 1,456 test images with objects from 20 classes. We compared the methods by evaluating
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the performance of the 1,464 segmented images using the approach adopted in recent WS3

research.

MS COCO ’14 Dataset:

The MS COCO 2014 dataset contains 82,783 training and 40,504 validation images with
objects from 80 classes. We evaluated the competing approaches on approximately 82K

training images from the MS COCO 2014 dataset.

B.2.2 Model Description

We fine-tuned a classification network to accurately extract segmented seeds, utilizing ResNet50
as the backbone network, which is pre-trained on ImageNet. In order to maintain consis-
tency with prior research, we incorporated various augmentations during the fine-tuning
process, such as resizing to (320, 640), applying a horizontal flip with a 0.5 probability, and
cropping with a maximum size of 512. We developed and fine-tuned three separate classifi-
cation models to explore the impact of different perturbations during the fine-tuning stage.
Model-org model is fine-tuned only with the aforementioned augmentations. During fine-
tuning, we perturb the input image with binary noise to create additional augmentations for

Model-pert-binary classification model. Formally,

i:IQm

m ~ Bernoulli(p), where, p=10.9

I is the training image that is perturbed with the binary mask m. The mask has a binary

probability p = 0.9 to set each pixel. Similar to Model-pert-binary, we additionally per-
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turb the input image with Gaussian noise for the Model-pert-gaussian classification model.

Formally,

I=1+c¢

e ~N(0,0), where, o0 =0.15

I is the training image that is perturbed with the Gaussian noise e. The noise level (pertur-

bation) is controlled by the standard deviation o = 0.15.

B.2.3 Background Resolve Techniques
Basic Background Resolve

This is the most common approach in recent research that uses a simple strategy for dis-
tinguishing between foreground and background classes. This is done by setting a global
threshold that discerns the background class and then assigning classes based on the highest

real values among the foreground classes.

Kernel Smoothing

The technique of Kernel Smoothing has been utilized to smooth the gradients of the vanilla
saliency maps by applying a Gaussian kernel with a kernel size of 13 and a standard deviation
of 5. Following this, a global threshold has been selected to distinguish foreground classes
from the background. This has been achieved by considering the maximum real values of
the smoothed saliencies for the target classes. This approach has been adopted to enhance

the accuracy of the saliency maps by smoothing the gradients as a post-processing step.
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Superpixel-based Background Resolve

Superpixels consist of clusters of pixels that exhibit similar characteristics. In contrast to the
conventional method of assigning a label to each individual pixel, superpixel-based smoothing
allocates a label to each superpixel, effectively reducing the noise and scatteredness present
in saliency maps. We employed Felzenszwalb’s efficient graph-based superpixel algorithm
[30] to compute the superpixels. To designate a class label for each superpixel, we initially
calculated the mean saliencies for every superpixel. And then, using a global threshold of
0.3, we determine whether a superpixel is part of the foreground or background. We assigned
target classes for foreground superpixels based on the highest mean gradients concerning the

target classification score.

In an effort to better understand the performance of background resolution techniques, Fig-
ure B.2 presents a visual comparison between CAM and Vanilla Saliency with different res-
olution methods, namely Basic, Smooth and Superpixel. The basic background resolution
is represented by “Vanilla Saliency”. For this experiment, we set a global threshold of 0.15
to differentiate the foreground from the background. Building upon the insights gathered
from Section 3.5.3, we observed the following implications for each background resolution
approach. Employing vanilla saliency with Basic background resolution results in noisy and
scattered saliency maps, demonstrating its limitations in providing clear object segmentation.
Utilizing Kernel smoothing generates smooth saliencies, which offers an improvement over
the Basic technique. However, this approach still struggles with unclear object boundaries,
making it difficult to precisely locate objects within the image (First and Sixth row of Figure
B.2). The Superpixel-based background resolution effectively smooths the saliencies while
maintaining clear and distinguishable object boundaries, presenting a more refined solution
(First, Fourth, and Sixth row of Figure B.2). Nonetheless, this method has its drawbacks,

as the resulting saliencies heavily rely on the superpixel shapes and the algorithm’s ability
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to identify them accurately. Consequently, any slight deviation from the correct superpixel
shape can cause this background resolution technique to fail in capturing the entire body of

the target object (Eight, tenth, and eleventh row of Figure B.2).

B.3 Stochastic Aggregation for Saliencies

B.3.1 SmoothGrad and BinaryMask

To reduce noise, [117] proposes a stochastic aggregation-based saliency map, namely Smooth-
Grad, where Gaussian noise is added to the input image to construct a neighborhood of the
input image. Then, n different random samples are selected from the neighborhood, and
the saliencies of all the samples are averaged to generate the final saliency, which is much

smoother than the Vanilla Saliency.

In this paper, we explored another variation of input noise perturbation, namely BinaryMask,
where, instead of adding Gaussian noise to the input image, we multiply the image by a binary

noise. We can formally define both these methods as follows:

- 1 <& -
SM.(z) = — SM.(I B.6
()= S sM.() (B.6)
I=I+¢ e~ N(0,02), for SmoothGrad (B.7)
I=1®m; m ~ Bernoulli(p), for BinaryMask (B.8)

I in equation B.6 corresponds to the input image, whereas I denotes the noisy input and m
denotes the binary mask. SM,(.) is the vanilla saliency map and SM, corresponds to the

final aggregated saliency.
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The amount of perturbation for SmoothGrad is controlled by the standard deviation, o,
(also called noise level) of the Gaussian noise. Whereas, for BinaryMask, the binary proba-
bility p controls the perturbation magnitude. With a higher binary probability p, a higher
number of input pixels are in I, which means lower binary perturbation. For our experi-
ment, we fixed the noise level as 0.5 and the binary probability p as 0.90. n = 50 samples
have been selected from the neighborhood for our experiments. We added these noises to
the input images as additional augmentations during fine-tuning. “Model-pert-binary” and
“Model-pert-gaussian” are two finetuned classifiers augmented by binary and Gaussian noise,

respectively.

Figure B.3 presents a visual comparison of SmoothGrad saliencies derived from the “Model-
org” and “Model-pert-gaussian” models. As SmoothGrad employs a stochastic aggregation
approach, the basic background resolution yields significantly smoother saliencies for both
models. Nevertheless, the “Model-pert-gaussian” model exhibits superior saliencies in terms
of the performance metrics discussed in Section 3.4. In terms of visual quality, the “Model-
pert-gaussian” column of Figure B.3 exhibits superior saliencies compared to the “Model-
org” column. However, the perturbed model occasionally generates overly smooth saliencies,
resulting in unclear object boundaries, as observed in the first and sixth rows of Figure B.3.
Similarly, Figure B.4 offers a visual comparison of BinaryMask saliencies for the “Model-org”
and “Model-pert-binary” models. In this case, the “Model-pert-binary” model demonstrates
higher quality saliencies, as observed in the first, second, and sixth rows of Figure B.4.
Reinforcing the insights obtained from Section 3.6, both these figures support the notion
that the classification model should be fine-tuned using similar noise in order to yield better-

quality saliencies.
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B.3.2 Analysis of The Sensitivity Towards Noise.

Figure B.5 and B.6 illustrate the sensitivity of performance scores concerning the magnitude
of noise and the number of neighborhood samples, respectively. In the case of SmoothGrad,
the noise levels (standard deviation o) dictate the magnitude of perturbation, with a higher
o corresponding to a greater noise magnitude. Conversely, for BinaryMask, the binary
probability p governs the perturbation magnitude, with a lower probability p corresponding
to a higher level of perturbation. As evident from Figure B.5, the models demonstrate
sensitivity towards increased perturbation, with the NDR-Recall decreasing for higher noise
levels in both cases. SmoothGrad exhibits greater sensitivity to higher perturbation, while
BinaryMask displays less sensitivity to perturbation magnitude in terms of mloU and FG-
precision. As illustrated in Figure B.6, the performance remains relatively stable for the
number of samples n > 20. However, when n < 20, the performance improves as the number

of samples increases.

By examining Figure B.7, we can see that excessively adding noise to the input image has
a negative impact. As a result, the mloU performance decreases for noise levels above
0.20. Adding noise may make the saliency maps smoother; however, with increasing noise,
the saliency maps may become unstable (shown in the noise level 50% column). Figure
B.8 depicts the sensitivity of BinaryMask saliency with respect to binary probability. The
visualization reveals that as perturbation increases (low probability), the saliencies become
less stable, as shown in the third and fourth columns of Figure B.8. In contrast, higher
probability leads to enhanced saliency quality, as evident in the seventh and eighth columns
of Figure B.8. It is important to note that a binary probability of 1.0 does not involve any

stochastic aggregation, as all pixels are selected to compute the saliency.
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B.4 Stochastic Aggregation Through Cropping

B.4.1 Analysis of The Sensitivity For Random Cropping.

Figure B.9 shows the sensitivity of the performance metrics towards the number of crops
and the scale of crops for random cropping. With an increasing number of crops, the per-
formance of random cropping-based saliencies improves. However, after 140 crops, we see
the performance saturates. Choosing the correct scale of random crops is critical for better
performance. The scale of the crops should not be lower than 0.10. The performance of the

random cropping method saturates after a scale of 0.10.

B.4.2 Different Variations of Cropping

In this subsection, we explore different variations of random cropping and patching tech-
niques that break the spatial structure of input images. Random patching is an erasure-
based method similar to the idea of cutout [24] technique. We divide the full image into
16 x 16 grid-wise patches for random patching. Then we randomly mask out some of the
patches with a Bernoulli probability of 0.1, also called patching probability. The random
patching idea is similar to the BinaryMask method in the sense that we are turning off some
grid of pixels instead of individual pixels with a probability. Using stochastic aggregation of

the

Given a CAM of an input image, we also explore the discriminative patching idea, where the
patching probability is the complement of the CAM score S¢,, . for each patch for the c-th

class. It is important to mention that S = corresponds to the maximum CAM score across

cam

all the C' classes in the patch (where C' is the total number of classes). The discriminative
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patch (disc-Patch) is implemented as follows:
m=1—m; m ~ Bernoulli(p)

m is the binary filter applied to the patches and I denotes the perturbed image. S, is

multiplied by a € (0, 1) so that the discriminative patch probability does not reach 0 for the

most discriminative region. For our experiments, we choose o = 0.4.

Similar to discriminative patching, we explore discriminative cropping, where the selection

of each crop has a probability that is the complement to the CAM score S¢_~ for that crop.

cam

The discriminative cropping is implemented as follows:

p= ReLU(ﬁ - Sccam)

i=1

m ~ Bernoulli(p)

SM.,(z) is the final aggregated saliency using discriminative cropping. m is the binary fil-
ter applied to the crops and I denotes the perturbed image. We choose 8 = 0.7 for our

experiments.

Figure B.10 provides a visual comparison of saliencies generated by Random Cropping, Ran-
dom Patching, Discriminative Cropping, and Discriminative Patching. As discussed in Sec-
tion 3.7, both Random Cropping and Discriminative Cropping display higher quality and

more stable saliencies. In contrast, the saliencies produced by Random Patching and Dis-
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criminative Patching are less stable, primarily due to the fact that the classification model
has not been fine-tuned with similar noise perturbation. For instance, in Figure B.10, the
second and fourth rows display poor saliency maps for the patching methods. Conversely,
the sixth, seventh, and eighth rows exhibit higher-quality saliencies for the patching method.
Moreover, the discriminative variations of both these methods demonstrate a modest en-
hancement in saliency quality, as evidenced by the second, fourth, sixth, and seventh rows

of Figure B.10.
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Figure B.1: A visual comparison of CAMs and saliency maps (SMs) for more representative
images from the VOC12 dataset.
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Image Ground Truth DR GT NDR GT Vanilla Saliency Smooth Saliency  Superpixel Saliency

Figure B.2: Visual comparison between CAM and Vanilla Saliency with different background
resolves.
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Image Ground Truth DR GT NDR GT Model-org Model-pert-gaussian

Figure B.3: Visual comparison of SmoothGrad saliencies between “Model-org” and “Model-
pert-gaussian” fine-tuned model. Saliencies with basic background resolve are shown in the
figure.
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Model-pert-binary

Image Ground Truth DR GT NDR GT Model-org

Figure B.4: Visual comparison of BinaryMask saliencies between “Model-org” and “Model-
pert-binary” fine-tuned model. Saliencies with basic background resolve are shown in the

figure.
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Figure B.5: Sensitivity plots of the performance towards Gaussian noise levels o (left); to-
wards binary probability p (right).
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Figure B.6: Sensitivity plots of the performance towards the number of samples n for (left)
SmoothGrad; (right) BinaryMask.
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Figure B.7: Visual evaluation of the sensitivity towards the noise level o of the Gaussian
noise (SmoothGrad saliency with basic background resolve).
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Figure B.8: Visual evaluation of the sensitivity towards the binary probability of the pertur-
bation (BinaryMask saliency with basic background resolve).
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Figure B.9: Sensitivity plots of the performance for random cropping (left) to the number
of crops; (right) to the scale of the crops.
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Image Ground Truth Random Cropping Random Patching Disc. Cropping Disc. Patching

Figure B.10: Visual comparison between Random Cropping, Random Patching, Discrimi-
native Cropping, and Discriminative Patching saliencies. Saliencies with basic background
resolve are shown in the figure.



Appendix C

Chapter 4

C.1 Dataset Preprocessing

We collected images of three taxonomic groups of organisms: fish, birds, and butterflies,
each containing around 10K images. Images for fish (Fish-10K) were curated from the
larger image collection, FishAIR [31], which contains images from the Great Lakes Invasive
Network Project (GLIN) [1]. These images originate from various museum collections such
as INHS [5], FMNH [4], OSUM (78], JEBM [2], UMMZ [3] and UWZM [6]. We created the
Fish-10K dataset by randomly sampling 10K images and preprocessing the images to crop

and remove the background.

To ensure diversity within the Fish-10K dataset, we applied a targeted sampling strategy
in the source collection, FishAIR [31]. Specifically, we retained all images of species with
fewer than 200 images, considering these as minority or rare classes. Random sampling
was applied only to the majority species—those with more than 200 images per class. To
assess the potential sampling bias among the majority species, we generated feature vectors
for each image in Fish-10K using a pretrained VGG-19 model. In Figure C.1, we present
species-wise t-SNE plots of these feature vectors for several majority species. Our analysis
shows that the distribution of sampled images closely mirrors the distribution of images
that were not included in the dataset (denoted as “others” in the plot). This suggests that

our random sampling approach provides a sufficiently accurate representation of the original

108
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(d) Lepomis megalotis (e) Phenacobius mirabilis (f) Lepomis macrochirus

Figure C.1: t-SNE plots to illustrate the effectiveness of random sampling with the majority
species in the Fish-10K dataset. Randomly sampled images are shown as blue dots, while
the remaining data points are represented by red dots. Subcaptions display the scientific
names of the corresponding species. To generate the vector representation of the images, we
leverage a VGG19 pretrained on the ImageNet dataset.

distribution for the majority species. For consistency, we leverage GroundingDINO [74] to
crop the fish body from the background and Segment Anything Model (SAM) [57] to remove
the background. The Fish-10K dataset contains images of specimens preserved in museum
collections with artificial backgrounds with imaging artifacts that are not typical for large-
scale computer vision datasets. Moreover, these backgrounds can introduce unexpected bias.
Hence, we removed the backgrounds using SAM to create a controlled environment for our

experiments.

We curated the images for butterflies (Butterfly-10K) from the Jiggins Heliconius Collec-

tion dataset [60], which has images collected from various sources '. We carefully sampled

LSources: [48, 49, 50, 81, 82, 85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 95, 96, 103, 107, 108, 109, 110, 135, 136,
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10K images for Butterfly-10K from the entire collection to ensure the images capture unique
specimens and represent a diverse set of species by adopting the following two steps. First,
the butterfly images show various angles, including dorsal and ventral views, forewing dorsal
and ventral views, and hindwing dorsal and ventral views. To ensure consistency, we only
selected images with dorsal view and removed all images of hybrid species. Second, we
further filtered the dataset based on the unique specimen ID to ensure no specimen was
repeated more than once. For species with more than 2000 images, we performed random
sampling (no sampling was performed for species with sizes less than 2000). We ensure each
species has a minimum of 20 images and no more than 2,000 images. The Butterfly-10K
dataset contains a significant number of images of Heliconius melpomene and Heliconius
erato species. We utilized the subspecies information of these two species to create a hard
dataset for analyzing the impact of answer choices on VLM performance, as described in

Section 4.5.1.

The images for birds (Bird-10K) are obtained from the CUB-200-2011 [131] dataset by
taking 190 species for which the common name to scientific name mapping is available. This

results in a fairly balanced dataset with around 11K images in total.

The scientific names for the images of Fish-10K and Butterfly-10K were obtained directly
from their respective sources. For Bird-10K, we obtained the scientific names from the
iNatLoc500 [21] dataset. We curated around 31K question-answer pairs in both open and
multiple-choice (MC) question formats for evaluating species classification tasks. The species-
level trait presence/absence matrix for Fish-10K was manually curated with the help of
biological experts co-authored in this paper. We leveraged the Phenoscape knowledge [28]
base with manual annotations to procure the presence-absence trait matrix. For Bird-10K,

we obtained the trait matrix from the attribute annotations provided along with CUB-200-

137]
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2011. We constructed approximately 380K question-answer pairs for trait identification

tasks.

For grounding and referring VQA tasks, the ground truths were manually annotated with the
help of expert biologists on our team. We manually annotated bounding boxes corresponding
to the traits of 500 fish specimens and 500 bird specimens, which are subsets of the larger

Fish-10K and Bird-10K datasets, respectively. We used the CVAT tool [111] for annotation.

The task-specific question formats with the default prompts are provided in Section C.9.

C.2 Links to Access the Dataset and Its Metadata

We provide a GitHub link https://github.com/imageomics/VLM4Bio and an accessible
Hugging Face link https://huggingface.co/datasets/imageomics/VLM4Bio to access the

dataset and its metadata.

C.3 Dataset Availability and Maintanance

The VLM4Bio dataset and metadata are available in a Hugging Face repository. To access the
VLM4Bio dataset, please visit https://huggingface.co/datasets/imageomics/VLM4Bio.
Long-term support and maintenance of the dataset will be provided by our team. We have
published a code repository for dataset preprocessing, including tasks such as downloading
the dataset, reading images and metadata, cropping images, and running the evaluation
experiments presented in the VLM4Bio paper. To access the VLM4Bio code repository,

please visit https://github.com/imageomics/VLM4Bio.


https://github.com/imageomics/VLM4Bio
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Datasets

Fish- Fish- Bird- Bird- Butterfly- Butterfly- Butterfly-  Fish- Bird-  Butterfly-

Statistics Fish-10K Bird-10K Butterfly-10K Fish-500 Bird-500 . . . . i X
Easy Medium Easy Medium  Easy — Medium — Hard  Prompting Prompting Prompting

Images 10,347 11,092 10,013 500 492 200 200 200 200 200 200 200 500 500 500
Species 495 188 60 60 47 51 10 50 10 50 10 1 25 37 25
Genera 178 114 27 18 33 10 1 10 1 10 1 1 12 30 10
Traits 10 28 - 8 5

Table C.1: Statistics of the VLM4Bio dataset.

C.4 Data Licenses

VLM4Bio dataset is licensed as Creative Commons Attribution 4.0 International. The images

of the corresponding organisms are licensed as follows:

1. Fish Dataset License: CC BY-NC.

2. All the bird images are sourced from the CUB-200-2011 dataset; CalTech indicates
that they do not own the copyrights to these images and that their use is restricted to

non-commercial research and educational purposes.
3. Butterfly Dataset License: Creative Commons Attribution 4.0 International.
We provide image-specific licenses in the dataset card https://huggingface.co/datasets/

imageomics/VLM4Bio#licensing-information. We have hosted the dataset on Hugging-

Face (DOI: 10.57967 /hf/3393).

C.5 Data Distribution and Key Statistics

Table C.1 provides the key statistics for the datasets, including the number of images, species,
genera, and traits present in each one. We are examining the Zero-shot accuracy of the VLMs

on Fish-10K, Bird-10K, and Butterfly-10K for Species Classification and Trait Identification


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by/4.0/
https://huggingface.co/datasets/imageomics/VLM4Bio#licensing-information
https://huggingface.co/datasets/imageomics/VLM4Bio#licensing-information
https://doi.org/10.57967/hf/3393
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Figure C.2: Dataset Distribution of Fish-10K’, Bird-10K, and Butterfly-10K.

tasks, Fish-500 and Bird-500 for Trait Grounding, Trait Referring and Trait Counting, and
easy, medium, hard, prompting datasets for analyzing the role of answer choices, VLM rea-
soning and hallucination tests. From Figure C.2, it is clear that Fish-10K and Butterfly-10K
are imbalanced, with a bias toward some species that are more common in our environment
(such as Heliconius erato and Heliconius melpomene for Butterflies). The imbalance in Fish-
10K and Butterfly-10K reflects the natural imbalance in the occurrence and observation of
species in museum collections. Due to the scarcity of images for the rare species, it is diffi-
cult to increase their representation to avoid imbalance. As a result, we have included many
under-represented species in the Fish and Butterfly datasets to report performance on the
rare classes. In contrast, the Bird-10K dataset is well-balanced, with most species having 60
images. The easy, medium, hard, and prompting datasets are also balanced, which ensures

a comprehensive evaluation of the zero-shot performance of the competing VLMs.

C.6 Traits Considered for the Task of Trait Identifica-

tion

Figure C.3 shows the Fish traits and Bird traits used for evaluating the VLM’s performance

in the identification task. For fishes, we considered 10 binary (presence/absence) traits which
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Bird Traits
Fish Traits Color Pattern Measurements

. Eye . Pectoral fin . Bill-color . Belly-color . Head-pattern . Bill-length
. Head . Pelvic fin . Crown-color . Breast-color . Back-pattern . Bill-shape
. Mouth . Anal fin . Eye-color . Leg-color . Breast-pattern | . Shape
. Barbel . Two dorsal fins | . Forehead-color . Under-tail-color . Wing-pattern . Size
. Dorsal fin . Adipose fin . Nape-color . Underparts-color . Tail-pattern . Tail-shape

. Primary-color . Upper-tail-color . Belly-pattern . Wing-shape

. Throat-color . Upperparts-color

. Back-color . Wing-color

Figure C.3: Trait list for Trait Identification task.

include the eye, head, mouth, barrel, dorsal fin, pectoral fin, pelvic fin, anal fin, and adipose
fin. We generated MC questions for the presence of each trait in an image (with two options:
yes or no). Whereas for birds, we considered 28 traits covering their color, pattern, and

measurements (size and shape of regions) in a multiple-choice format.

C.7 Traits Considered for the Tasks of Trait Grounding

and Referring

To evaluate the VLM performance in Grounding and Referring, we identified 8 traits for fish
and 5 traits for birds. Specifically, we manually annotated the dorsal fin, adipose fin, caudal
fin, anal fin, pelvic fin, pectoral fin, head, and eye of the 500 fish specimens. Similarly, for
birds, we annotated the beak, head, eye, wings, and tail. Trait grounding and referring tasks

are carried out using the Fish-500 and Bird-500 datasets.
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C.8 VLM Baselines

We consider the following VLM baselines to evaluate the performance on VLM4Bio dataset:
(1) GPT-4V(ision) [99], which is a proprietary VLM from OpenAl, that uses a generative
pre-trained transformer model capable of understanding and generating both text and visual
contents, (2) LLaVA-v1.5 (7B/13B) [73], which builds on top of the Vicuna LLM [18] by
linearly projecting the visual embedding into the word embedding space. The LLaVA model
has two different variants with 7B and 13B parameters, respectively, that depend on the
size of the base Vicuna model, (3) COG-VLM [134], which performs a simple concatenation
of the image and the text modalities, and uses trainable visual layers in the text-based
transformer blocks, (4) MiniGPT-4 (Vicuna 7B/13B) [152], which is similar to LLaVA as it
is built on top of the Vicuna model and linearly projects the visual embeddings for better
understanding. Similar to LLaVA, MiniGPT-4 is available in two variants depending on
the type the base Vicuna model (Vicuna 7B/13B), (5) BLIP-FLAN-T5-XL/XXL [67], which
utilizes an effective pre-training strategy that relies on bootstrapping from frozen-pretrained
CLIP encoders and LLMS by using a querying transformer block (available as two variants:
XL and XXL), and (6) Instruct-BLIP (Vicuna 7B/13B) [23], which performs finetuning
on BLIP-2 with visual-instruction tuning data to improve zero-shot capabilities of BLIP-2

(available as two variants depending on the Vicuna model: Vicuna 7B/13B).

C.9 Prompts to Evaluate VLM performance

In order to ensure a fair comparison of the VLM responses to different types of questions
in our dataset, we used the same question prompt for all the models across the various

scientific tasks. It’s worth noting that each model may perform differently with different
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Task

Prompt Format

Species Classification

<image> What is the scientific name of the <organism> shown in the image?
<options> Write the answer after writing the answer is: .

Trait Identification

<image> Is there <trait> visible in the <organism> shown in the image?
<options> Write the answer after writing the answer is: .

Trait Grounding

<image> What is the bounding box coordinates of the <trait> in the fish
shown in the image? <options> Write the answer after writing the answer is: .

Trait Referring

<image> What is the trait of the <organism> that corresponds to the bounding
box region <coordinates> in the image? <options> Write the answer after
writing the answer is: .

Trait Counting

<image> How many unique <trait> are visible in the <organism> shown in the
image? <options> Write the answer after writing the answer is: .

Contextual Prompting

<image> Each biological species has a unique scientific name composed of two
parts: the first for the genus and the second for the species within that genus.
What is the scientific name of the <organism> shown in the image? <options>
Write the answer after writing the answer is: .

Dense Caption Prompting

<image> <dense caption>. Use the above dense caption and the image to
answer the following question. What is the scientific name of the <organism>
shown in the image? <options> Write the answer after writing the answer is: .

Chain-of-Thought
Prompting

<image> What is the scientific name of the <organism> shown in the image?
<options> Please consider the following reasoning to formulate your answer.
<reasoning>. Write the answer after writing the answer is: .

False Confidence Test
(FCT)

<image> What is the scientific name of the <organism> shown in the image?
<options> Chosen Answer: <suggested answer>. Please provide: 1) Whether
the chosen answer is correct (True/False). 2) The correct answer.

None of the Above Test
(NOTA)

<image> What is the scientific name of the <organism> shown in the image?
<options: A) _ B) _ C) _ D) None of the above.> Write the answer after
writing the answer is: .

Figure C.4: Prompts Templates used for Evaluation. There will be no <options> for Open

set questions.

prompts. However, for the sake of simplicity in our evaluation, we opted for a consistent

prompt for all the models. The prompts specific to each task are displayed in Figure C.4.
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Fish-Easy

Fish-Medium

mmm Correct(%) s Incorrect(%) MmN Other(%)

mmm Correct(%) s Incorrect(%) EE Other(%)

Bird-Easy
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Bird-Medium

mmm Correct(%) e Incorrect(%) EE Other(%)

mmm Correct(%) s Incorrect(%) EE Other(%)

1
7

instruct 1

instruct-flant5xxl
instru
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(a) Error Analysis for Fish-Easy and -Medium.

Butterfly-Medium

Butterfly-Hard

mmm Correct(%) W Incorrect(%) WEE Other(%)
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(b) Error Analysis for Bird-Easy and -Medium.

Option Unavailable

Expertise Limitation

1%
59%

32%

3% 5%

Image Clarity Insufficient data

Rejecting to Answer

(c) Error Analysis for Butterfly-Medium and -(d) Categories for 250 annotated

Hard.

GPT-4V “Other” responses.

Figure C.5: Analysis of errors for the pretrained VLM responses.

C.10 Error Analyses for VLM Responses

We categorize the VLM responses into 3 categories: (1) Correct (%): where the scientific

name is accurately predicted, (2) Incorrect (%): where the scientific name is incorrect, and

(3) Other (%): a special category for instances where the model abstains from providing a

scientific name.

Figure C.5a, C.5b and C.5c¢ show the distribution of errors of different VLMs on Fish-Easy

and Fish-Medium, Bird-Easy and Bird-Medium, and Butterfly-Medium and Butterfly-Hard

datasets respectively using stacked-bar plots showing the three categories of VLM predictions.

GPT-4V, for instance, shows a reduced rate of incorrect responses but a higher incidence

of “Other” responses for these datasets, which include apologetic expressions, admissions of

inability to precisely visualize the organism, and disclaimers regarding prediction without

sufficient expert data and guidance.
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To further analyze the type of errors happening in the other (%) category of VLM predictions,
we manually examined 250 randomly selected “Other” GPT-4V responses for the task of
fish species classification (MC question type) to generate the pie-chart of error categories
shown in Figure C.5d. We can see that a majority of the “Other” responses belong to the
category: Rejecting to Answer (59%), where the GPT-4V states that it is unable to provide
an answer, sometimes stating the reason that it cannot answer based on a single image. We
also observe a large fraction of Ezpertise Limitation responses where GPT-4V states that
an expert taxonomist is needed to answer the question and its capabilities do not include
recognizing or confirming species based on visual data. The next major type of “Other”
responses are Insufficient Data, where GPT-4V states that it requires additional data to
answer the question, e.g., taxonomic information or habitat information. The other error
categories include Image Clarity issues and Option Unavailable (i.e., GPT-4V could not find

a suitable option from the list of options provided in the prompt).

C.11 Comparing Pre-trained VLMs with a Biologically

Fine-tuned Model

We compare the large pretrained VLMs and BioCLIP [119], a state-of-the-art foundation
model for species classification. Furthermore, we include the simple CLIP model pretrained
with OpenAl weights [105] to evaluate the zero-shot classification performance. Our evalua-
tion was carried out on the Fish-10K, Bird-10K, and Butterfly-10K datasets, and the results
are presented in Table C.2. We can see that BioCLIP significantly outperforms large pre-
trained VLMs on the Bird-10K and Butterfly-10K datasets, suggesting that BioCLIP may
have been trained on images that are similar to the organisms present in these datasets.

However, as noted in the paper, BioCLIP is not trained on fish images, and hence, the per-
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Models
Question llava  cogvim .
Dataset type gpt-4v v1.5-Tb  chat CLIP BioCLIP
Species Classification
Fish-10K Open 1.01 2232 0.11 0.57 1.24
MC 35.91 40.20 31.72 4245 50.65
Bird-10K Open 17.40 1.45 0.86 7.74 67.12
MC 82.568 50.32 44.73 45.78 93.93
Butterfly-10K  Open 0.04 0.05 0.01 5.33 15.95
MC 28.91 50.24 36.45 45.60 62.32

Table C.2: Zero-shot accuracy comparison of VLM baselines (in % ranging from 0 to 100)
with BioCLIP for the species classification task. Results are color-coded as Best, and
Worst .

formance of large VLMs is similar to that of BioCLIP on Fish-10K images. We can also see
that despite BioCLIP’s ability to effectively select the correct scientific name from a smaller
set of options in multiple-choice (MC) questions, its performance significantly declines when
asked to choose the scientific name from a larger set of open questions. From our observation,
it is noteworthy that fine-tuning biological images with scientific names can help improve
the overall accuracy of species classification, suggesting directions for future research in this

area.

0.55

% 0.50 1
@

e
©
3

-o- GPT4V
=—+— LLaVA-v1.5-7B
—&- LLaVA-v1.5-13B

2000 O e—_ e

e
®

5 0451
1500

e
9

—e- GPT4V

—+— LLaVA-v1.5-7B
."\ —4- LLaVA-v1.5-13B
_/ =

Q
© 0.40 4

2
Y

@ 0.35
1000 =y

£ 030
5]

—=

Frequency
Frequency

N,

Average Accuracy
o
2

o
S
S

> 4 7
b 0.25

~
=
=

0.0 1.0 2.0 3.0 4.0

5.0
Image Area (Pixels) x10°8

(a) Fish-10K

0.204

03 09 14 20 25 31 36 42 47
Image Area (Pixels) x106

(c) Fish-10K

50 100 150 200 250
Image Area (Pixels) x10*

(b) Bird-10K

32 58 83 109 135 160 186 21.2 23.7
Image Area (Pixels) x10*

(d) Bird-10K

Figure C.6: Distribution of image resolutions for Fish-10K and Bird-10K are shown in Figures
(a) and (b), respectively. The average score over image resolution for the GPT-4V, LLaVA-
v1.5-7B, and LLaVA-v1.5-13B models on Fish-10K and Bird-10K are presented in Figures
(c) and (d). We conduct the experiment in the context of the Species Classification task
with Multiple-Choice (MC) questions.
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C.12 Analyzing Effects of Image Resolution on VLM

Performance

To investigate the effect of image resolution on VLM performance, we perform additional
experiments summarized in Figure C.6 of the attached pdf. In this Figure, we show distribu-
tion plots for the Fish-10K and Bird-10K datasets with variations in the image resolutions
and their impact on the species classification performance (MC question format) for GPT-
4V, LLaVA-1.5-7B, and LLaVA-1.5-13B. All the images of the Butterfly-10K have the exact
resolution (500 x 333); hence, they were not included in the experiment. From Figure C.6c¢,
it is clear that image resolution is influential on the VLM performance for the Fish-10K
dataset since higher resolution helps in recognizing the details of the biological traits and
correct species. However, for Figure C.6d, the VLM performances do not vary significantly
with the image resolution for the Bird-10K dataset. A potential reason is that the bird
dataset is a subset of the CUB dataset, and we hypothesize that the pre-trained VLMs may
have seen images with resolutions similar to those in the Bird-10K dataset during training,

leading to this behavior.

C.13 Case Studies for Effects of Prompting on VLM

Performance

C.13.1 No Prompting
1. No Prompting. GPT-40 Correct prediction. Refer to Figure C.7.

2. No Prompting. GPT-40 Incorrect prediction. Refer to Figure C.8.
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3. No Prompting. COG-VLM Correct prediction. Refer to Figure C.9.

4. No Prompting. COG-VLM Incorrect prediction. Refer to Figure C.10.

C.13.2 Contextual Prompting
1. Contextual Prompting. GPT-40 Correct prediction. Refer to Figure C.11.
2. Contextual Prompting. GPT-40 Incorrect prediction. Refer to Figure C.12.
3. Contextual Prompting. LLaVa-13B Correct prediction. Refer to Figure C.13.

4. Contextual Prompting. LLaVa-13B Incorrect prediction. Refer to Figure C.14.

C.13.3 Dense Caption

1. Dense Captions in Prompts. GPT-40 Correct prediction. Refer to Figure C.15.

2. Dense Captions in Prompts. GPT-40 Incorrect prediction. Refer to Figure C.16.

C.13.4 Chain-Of-Thought Prompting
1. Chain-Of-Thought Prompting. GPT-40 Correct prediction. Refer to Figure C.17.
2. Chain-Of-Thought Prompting. GPT-40 Incorrect prediction. Refer to Figure C.18.
3. Chain-Of-Thought Prompting. LLaVa-13B Correct prediction. Refer to Figure C.19.

4. Chain-Of-Thought Prompting. LLaVa-13B Incorrect prediction. Refer to Figure C.20.
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C.14 Case Studies for Reasoning Hallucination Tests

C.14.1 False Confidence Test (FCT)

1. FCT test on Fish dataset. GPT-40 Correct prediction. Refer to Figure C.21.
2. FCT test on Fish dataset. LLaVa-13B Incorrect prediction. Refer to Figure C.22.
3. FCT test on Bird dataset. GPT-40 Correct prediction. Refer to Figure C.23.
4. FCT test on Bird dataset. LLaVa-13B Incorrect prediction. Refer to Figure C.24.
5. FCT test on Butterfly dataset. GPT-40 Correct prediction. Refer to Figure C.25.

6. FCT test on Butterfly dataset. LLaVa-13B Incorrect prediction. Refer to Figure C.26.

C.14.2 None of The Above (NOTA) Test

1. NOTA test on Fish dataset. GPT-40 Correct prediction. Actual species name is Esox

Americanus. Refer to Figure C.27.

2. NOTA test on Fish dataset. LLaVa-13B Incorrect prediction. Actual species name is

FEsox Americanus. Refer to Figure C.28.

3. NOTA test on Bird dataset. GPT-40 Correct prediction. Actual species name is

Corvus Albicollis. Refer to Figure C.29.

4. NOTA test on Bird dataset. Blip-Flan-XL Incorrect prediction. Actual species name
is Corvus Albicollis. Refer to Figure C.30.

5. NOTA test on Butterfly dataset. GPT-40 Incorrect prediction. Actual species name

is Batesia Hypochlora. Refer to Figure C.31.
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6. NOTA test on Butterfly dataset. Blip-Flan-XL Correct prediction. Actual species

name is Batesia Hypochlora. Refer to Figure C.32.

Question: What is the scientific name of the fish

in the image?

Options: A) Cyprinella spiloptera, B) Phenacobius
mirabilis, C) Notropis hudsonius, D) Notropis

buccatus.

Write the answer after writing 'The answer is: '
Answer:

The answer is: B) Phenacobius mirabilis

Ground Truth: Phenacobius mirabilis

Figure C.7: No Prompting. GPT-40 Correct prediction. Section C.13.1.

Question: What is the scientific name of the fish

in the image?

Options: A) Esox lucius, B) Perca flavescens, C)

Notropis hudsonius, D) Phenacobius mirabilis.

Write the answer after writing 'The answer is: "
Answer:
The answer is: C) Notropis hudsonius

Ground Truth: Phenacobius mirabilis

Figure C.8: No Prompting. GPT-40 Incorrect prediction. Section C.13.1.
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Question: What is the scientific name of the fish

in the image?

Options: A) Notropis hudsonius, B) Notropis

blennius, C) Noturus flavus

Write the answer after writing 'The answer is: '
Answer:
The answer is: Notropis hudsonius

Ground Truth: Notropis hudsonius

Figure C.9: No Prompting. COG-VLM Correct prediction. Section C.13.1.

Question: What is the scientific name of the fish

in the image?

Options: A) Notropis buccatus, B) Lepomis humilis,
C) Notropis dorsalis, D) Esox lucius.

Answer:

Write the answer after writing 'The answeris:.  The scientific name of the fish in the image is
Notropis buccatus.

Ground Truth: Lepomis humilis

Figure C.10: No Prompting. COG-VLM Incorrect prediction. Section C.13.1.
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Question: Each biological species has a unique
scientific name composed of two parts: the first
for the genus and the second for the species
within that genus.

What is the scientific name of the fish in the
image?

Options: A) Lepomis cyanellus, B) Notropis
blennius, C) Esox lucius, D) Gambusia affinis.
Write the answer after writing 'The answer is: " Answer:

The answer is: Esox lucius

Ground Truth: Esox lucius

Figure C.11: Contextual Prompting. GPT-40 Correct prediction. Section C.13.2.

Question: Each biological species has a unique
scientific name composed of two parts: the first
for the genus and the second for the species
within that genus.

What is the scientific name of the fish in the
image?

Options: A) Phenacobius mirabilis, B) Notropis
atherinoides, C) Lepomis humilis, D) Lepomis
macrochirus.
Answer:

Write the answer after writing 'The answer is: ' . . 1.
The answer is: Lepomis humilis.

Ground Truth: Lepomis macrochirus

Figure C.12: Contextual Prompting. GPT-40 Incorrect prediction. Section C.13.2.
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Question: Each biological species has a unique
scientific name composed of two parts: the first
for the genus and the second for the species
within that genus. T
What is the scientific name of the fish in the g:
image? =

Options: A) Esox americanus, B) Notropis
atherinoides, C) Morone chrysops, D) Cyprinella
spiloptera.
Answer:

Write the answer after writing 'The answer is: ' .
te the answer after writing The answer is The answer is: C) Morone chrysops

Ground Truth: Morone chrysops

Figure C.13: Contextual Prompting. LLaVa-13B Correct prediction. Section C.13.2.

Question: Each biological species has a unique
scientific name composed of two parts: the first
for the genus and the second for the species
within that genus.

What is the scientific name of the fish in the
image?

Options: A) Cottus bairdii, B) Notropis blennius, C)
Fundulus catenatus, D) Noturus flavus.

Write the answer after writing 'The answer is: " Answer:

The answer is: D) Noturus flavus

Ground Truth: Fundulus catenatus

Figure C.14: Contextual Prompting. LLaVa-13B Incorrect prediction. Section C.13.2.
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Dense Caption: The image showcases a small fish with a slender, elongated body shape. The body is covered in yellowish-brown hues, with a
gradient that lightens towards the ventral side and deepens dorsally. The scales are distinctly visible, giving a textured appearance to the body.
Starting from the head, the fish has a rounded snout and a relatively large, prominent eye with a dark pupil and a lighter surrounding area. The
mouth is small and positioned slightly downturned. The dorsal fin is placed towards the rear of the body, exhibiting a rather elongated and low
profile with delicate, translucent rays. The anal fin mirrors the dorsal fin but is placed closer to the rear ventral side, displaying similar
morphological traits. The pectoral fins are modest in size, almost triangular, and located near the gill covers. The pelvic fins are also small and
positioned ventrally, slightly behind the pectoral ones. The caudal fin is fan-shaped and extends symmetrically, marked by an array of thin rays.
This fin appears semi-transparent with slight yellowish tinges that match the overall body coloration. Other distinctive features include a
lateral line that is faintly visible and runs along the midline of the body. The skin reveals an intricate network of fine lines, which might suggest
sensory functions in identifying environmental changes. Given these detailed anatomical descriptions, the fish could potentially be identified as
a member of the Poeciliidae family, possibly a species of Gambusia or Heterandria.

Question: Use the above dense-caption and the image to answer the following question. What is the scientific name of the fish in the image?
Options: A) Notropis volucellus, B) Notropis percobromus, C) Gambusia affinis, D) Lepomis gibbosus.

Therefore, the answer is:
Answer:

The detailed description and the image closely match the
morphological characteristics of the fish species
Gambusia affinis, which belongs to the Poeciliidae family.
Given the options:

A) Notropis volucellus

B) Notropis percobromus

C) Gambusia affinis

D) Lepomis gibbosus

The scientific name of the fish in the image is:
C) Gambusia affinis

Ground Truth: Gambusia affinis

Figure C.15: Dense Captions in Prompts. GPT-40 Correct prediction. Section C.13.3.
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Dense Caption: The fish displayed has an elongated, cylindrical body adorned with a pattern of small, well-defined scales that are
golden-brown on the dorsal side and a lighter, creamy hue on the ventral side. The head is slightly pointed with a terminal mouth, featuring a
prominent, spherical eye located on either side. The dorsal fin, located slightly more than halfway down the back, is relatively small and
rounded. The caudal fin at the tail is forked, matching the body’s light coloration and adorned with fine, subtle spots.

Pectoral fins are positioned just behind the gill covers and are almost translucent, slightly broader at the base and tapering to a point. The
pelvic fins are minute and situated abdominally, while the anal fin mirrors the size and shape of the dorsal fin but is placed closer to the caudal
peduncle. A closer inspection of the body reveals faint horizontal striping along the lateral line, a key feature in taxonomic differentiation. The
absence of specialized pigment patterns, such as vibrant or contrasting spots, suggests a species adapted for camouflage in its environment.
Distinctive anatomical features such as the body coloration pattern, shape, and position of fins, presence of lateral line markings, and general
morphology are crucial for identifying the scientific classification of this fish species.

Question: Use the above dense-caption and the image to answer the following question. What is the scientific name of the fish in the image?
Options: A) Notropis dorsalis, B) Lepomis megalotis, C) Notropis stramineus, D) Gambusia affinis.

Therefore, the answer is:
Answer:
Based on the dense-caption provided and the image, the

description matches the characteristics of the fish
known as Notropis stramineus.

Therefore, the answer is: C) Notropis stramineus.

Ground Truth: Gambusia affinis

Figure C.16: Dense Captions in Prompts. GPT-40 Incorrect prediction. Section C.13.3.
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Question: What is the scientific name of the fish in the image?

Options: A) Notropis hudsonius, B) Fundulus catenatus, C) Notropis
atherinoides, D) Cottus bairdii.

Please consider the following reasoning to formulate your
answer:

Reasoning: To identify the fish in the image, we need to compare
its physical characteristics with the descriptions of the four given
options.

1. Notropis hudsonius (Spottail Shiner):

- Small freshwater fish

- Distinguished by a prominent spot at the base of the tail fin

2. Fundulus catenatus (Northern Studfish):

- Commonly characterized by vertical bars along its body

- Known for its elongated body and thick caudal peduncle

3. Notropis atherinoides (Emerald Shiner):

- A slender, elongated body - Silver-green coloration with a more
translucent appearance
4. Cottus bairdii (Mottled Sculpin):

- Stocky body and broad, flattened head

- Usually mottled or blotchy in appearance

Looking at the image:

- The fish is small and slender with no prominent spots at the base
of the tail fin, which excludes Notropis hudsonius.

- The fish does not have vertical bars along its body, nor does it
have the elongated body typical of Fundulus catenatus.

- The fish does not have a broad, flattened head or a mottled
appearance, ruling out Cottus bairdii.

- The fish is slender and elongated, fitting the description of
Notropis atherinoides.

Based on the physical characteristics visible

Answer:

The scientific name of the fish in the image is Notropis
atherinoides (Option C), commonly known as Emerald Shiner.
This identification follows the reasoning that the fish has a
slender, elongated body with a silver-green coloration and a
more translucent appearance. The absence of a prominent spot
at the base of the tail fin, vertical bars along the body, and a
broad, flattened head with a mottled appearance further support

this conclusion.

Ground Truth: Notropis atherinoides
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Figure C.17: Chain-Of-Thought Prompting. GPT-40 Correct prediction. Section C.13.4.
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Question: What is the scientific name of the fish in the image?

Options: A) Morone chrysops, B) Cottus bairdii, C) Gambusia
affinis, D) Fundulus catenatus.

Please consider the following reasoning to formulate your
answer:

Reasoning: To identify the fish in the image, let's examine the
provided options and characteristics of each species:

A) Morone chrysops: Commonly known as the White Bass,
Morone chrysops is a larger fish known for a deep body and silver
coloration with black stripes running horizontally. The pictured
fish does not exhibit these features.

B) Cottus bairdii: Known as the Mottled Sculpin, Cottus bairdii
typically has a more robust and slightly shorter body, with a large
head and fan-like pectoral fins, none of which match the fish in
the image.

C) Gambusia affinis: Commonly known as the Mosquitofish,
Gambusia affinis is a small fish with a more streamlined body and
a noticeable upturned mouth. This could match the fish in the
image, but the scale and body texture appear different.

D) Fundulus catenatus: Known as the Northern Studfish,
Fundulus catenatus typically has a more slender body with a
distinctive pattern along its sides, which aligns well with the fish
in the image.

The fish in the image appears to have the body characteristics,
scale texture, and fin arrangement that match with Fundulus
catenatus.

Thus, the correct scientific name of the fish in the image is: D)
Fundulus catenatus.

Answer:

Based on the reasoning provided and the visual appearance of the

fish in the image, the correct scientific name is:

Option D) Fundulus catenatus.

Ground Truth: Gambusia affinis

Figure C.18: Chain-Of-Thought Prompting. GPT-40 Incorrect prediction. Section C.13.4.

Question: What is the scientific name of the fish in the
image?

Options: A) Esox americanus, B) Gambusia affinis, C) Cottus
bairdii, D) Notropis blennius.

Please consider the following reasoning to formulate your
answer:

Esox americanus.

Reasoning: The scientific name of the fish in the image is A)

Answer:

The scientific name of the fish in the image is A) Esox americanus.

Ground Truth: Esox americanus

Figure C.19: Chain-Of-Thought Prompting. LLaVa-13B Correct prediction. Section C.13.4.
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Question: What is the scientific name of the fish in the
image?

Options: A) Notropis hudsonius, B) Morone chrysops, C)
Gambusia affinis, D) Notropis blennius.

Please consider the following reasoning to formulate your
answer:

Answer:
Reasoning: The scientific name of the fish in the image is B)

Morone chrysops. B) Morone chrysops

Ground Truth: Gambusia affinis

Figure C.20: Chain-Of-Thought Prompting. LLaVa-13B Incorrect prediction.

C.13.4.

Question: What is the scientific name of the
fish in the image?

Options: A) Notropis blennius, B) Notropis
dorsalis, C) Cottus bairdii, D) Phenacobius
mirabilis. Answer:

1) The chosen answer is correct (True/False): False

Chosen Answer: Notropis dorsalis. . .
2) The correct answer: Notropis blennius

Please provide: 1) Whether the chosen answer
is correct (True/False). 2) The correct answer .

Ground Truth: Notropis blennius

Section

Figure C.21: GPT-40 correct prediction. Section C.14.1.
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Question: What is the scientific name of the
fish in the image?

Options: A) Lepomis macrochirus, B) Perca
flavescens, C) Notropis volucellus, D) Notropis

blennius.

Chosen Answer: Notropis volucellus.

Please provide: 1) Whether the chosen answer
is correct (True/False). 2) The correct answer .

Answer:
The correct answer is Notropis volucellus. The fish in

the image is a long, slender fish with a yellowish color. It
is swimming in a body of water, possibly a river or a lake.

Ground Truth: Notropis blennius

Figure C.22: LLaVa-13B incorrect prediction. Section C.14.1.

Question: What is the scientific
name of the bird in the image?

Options: A) Antrostomus
carolinensis, B) Sitta carolinensis,
C) Certhia americana, D)
Chloroceryle americana.

Chosen Answer: Sitta
carolinensis

Please provide: 1) Whether the
chosen answer is correct
(True/False). 2) The correct
answer .

Ground Truth: Chloroceryle americana

Answer:

1) The chosen answer is correct: False.
2) The correct answer: D) Chloroceryle
americana.

The bird in the image is the Green
Kingfisher, which is scientifically named
Chloroceryle americana.

Figure C.23: GPT-40 Correct prediction. Section C.14.1.
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Question: What is the scientific
name of the bird in the image?

Options: A) Contopus sordidulus,
B) Vireo olivaceus, C) Corvus
albicollis, D) Chloroceryle
americana.

Chosen Answer: Contopus
sordidulus

Answer:

Please PrOVide: .1) Whether the True. The scientific name of the bird in the
chosen answer is correct image is Contopus sordidulus.
(True/False). 2) The correct
answer .

Ground Truth: Chloroceryle americana

Figure C.24: LLaVa-13B Incorrect prediction. Section C.14.1.

Question: What is the scientific
name of the butterfly in the

B) Batesia hypochlora, C)
Heliconius melpomene, D)
Heliconius wallacei.

Options: A) Heliconius heurippa,

Chosen Answer: Heliconius ﬂ
heurippa gzl § CAvossos

q Answer:
Please provide: 1) Whether the
chosen answer is correct 1) The chosen answer is incorrect (False).

(True/ False)- 2) The correct 2) The correct answer is B) Batesia hypochlora.
answer .

Ground Truth: Batesia hypochlora

Figure C.25: GPT-40 Correct prediction. Section C.14.1.
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Question: What is the scientific
name of the butterfly in the
image?

Options: A) Pyrrhogyra edocia, B)
Heliconius timareta, C) Heliconius
doris, D) Batesia hyypochlora.

Chosen Answer: Heliconius doris

Please provide: 1) Whether the
chosen answer is correct
(True/False). 2) The correct
answer .

Answer:

1. False

Ground Truth: Batesia hypochlora

2. The correct answer is B) Heliconius timareta.

Figure C.26: LLaVa-13B Incorrect prediction. Section C.14.1.

fish in the image?
Options: A) Gambusia affinis, B) Noturus

the Above.

is:

Question: What is the scientific name of the

gyrinus, C) Phenacobius mirabilis, D) None of
Answer:

The answer is: D) None of the Above
Write the answer after writing 'The answer

Ground Truth: None of the Above

Figure C.27: GPT-40 Correct prediction. Actual species name is Esox Americanus. Section

C.14.2.
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Question: What is the scientific name of the
fish in the image?

Options: A) Notropis volucellus, B) Notropis
buccatus, C) Morone chrysops, D) None of the
Above. Answer:

The answer is: A) Notropis volucellus
Write the answer after writing 'The answer

is:'
Ground Truth: None of the Above

Figure C.28: LLaVa-13B Incorrect prediction. Actual species name is Esox Americanus.
Section C.14.2.

Question: What is the scientific
name of the bird in the image?

Options: A) Spizella passerina, B)
Antrostomus carolinensis, C)
Aethia pusilla, D) None of the
Above.

Write the answer after writing
'The answer is: " Answer:

The answer is: D) None of the Above.
Ground Truth: None of the Above

Figure C.29: GPT-40 Correct prediction. Actual species name is Corvus Albicollis. Section
C.14.2.
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Question: What is the scientific
name of the bird in the image?

Options: A) Cardellina pusilla, B)
Thryothorus ludovicianus, C)
Passer domesticus, D) None of the
Above.

Write the answer after writing
'The answer is: " Answer:

C
Ground Truth: None of the Above

Figure C.30: Blip-Flan-XL Incorrect prediction. Actual species name is Corvus Albicollis.
Section C.14.2.

Question: What is the scientific
name of the butterfly in the
image?

Options: A) Temenis laothoe, B)
Heliconius doris, C) Heliconius ’

heurippa, D) None of the Above.

Write the answer after writing |y, o . %
'The answer is: "
Answer:

The answer is: A) Temenis laothoe

Ground Truth: None of the Above

Figure C.31: GPT-40 Incorrect prediction. Actual species name is Batesia Hypochlora. Sec-
tion C.14.2.
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Question: What is the scientific
name of the butterfly in the
image?

Options: A) Heliconius erato, B)
Heliconius melpomene, C) ’

Heliconius eleuchia, D) None of

the Above.
Write the answer after writing s <00 7
‘The answer is: Answer:

D

Ground Truth: None of the Above

Figure C.32: Blip-Flan-XL Correct prediction. Actual species name is Batesia Hypochlora.
Section C.14.2.
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