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Abstract

Nuanced-concept image classification tasks often re-
quire substantial labeled data. The labeling process
for such problems is time-consuming and labor-intensive.
While zero-shot methods like Modeling Collaborator have
shown promising results, they generally lack a versatile
open source pipeline for domain-independent, multi-class
fine-grained classification. We are proposing a classifi-
cation pipeline consisting of weak supervision and open-
source Vision Language Models (VLMs) to be employed in
both binary and multi-class nuanced classification prob-
lems. Our proposed pipeline is domain-independent as it
uses knowledge embedded in the pre-training of VLMs. This
eliminates the need for additional fine-tuning for specific
contexts, as required by methods such as AdaptCLIPZS. In
our proposed pipeline, VLMs serve as weak labelers in the
classification tasks, while a Weak Supervision (WS) model
aggregates those labels and produce a set of pseudo labels
(pseudo ground-truth) to train an end classifier. We have
conducted multiple experiments to demonstrate the valid-
ity of the pipeline in both binary and multi-class classifica-
tion tasks. The experimental results have shown that our
proposed pipeline is capable of producing superior results
in both binary and multi-class problems compared to the
state-of-the-art zero-shot classification methods.

1. Introduction

Obtaining annotated datasets is the bottleneck of a majority
of supervised learning tasks. Traditionally, this crucial step
of generating labels has been recognized as labor-intensive,
time-consuming, and costly, often requiring the hiring of
experts or employing crowdsourcing methods. These prob-
lems are particularly worse for large-scale datasets used in
objective tasks — e.g. labeling a “zebra”, as in [3, 26, 36].
Recently, research efforts have increasingly focused on de-
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veloping models that can handle subjective or nuanced
classification tasks [16, 35, 41]. Labeling data for these
tasks is even more challenging when it involves individ-
ual/subjective judgment or interpretation — e.g., deciding
whether “a meme is hateful or not” [16]. This often leads to
variability among annotators, making the process complex
even for experts. In that sense, the research community has
been working actively to minimize human involvement in
the labeling process of subjective datasets [34, 35, 41]. La-
beling and training frameworks like Agile Modeling (AM)
[35] and Modeling Collaborator (MC) [41] appear to have
successfully achieved this goal by substantially reducing the
human effort involved in labeling to approximately 2000
and just 100 required labels, respectively. However, they
still require a certain amount of human intervention, which
is not ideal for subjective classification tasks.

Weak Supervision (WS) has been successful in address-
ing data labeling challenges by systematically generating
training labels from potentially imperfect, noisy, or impre-
cise sources [45]. These sources, used as labeling functions
(LFs), include heuristics, knowledge-based, and pre-trained
models among others. Collectively, they can produce a large
set of training labels. However, LFs frequently produce
unreliable labels due to their inherent inability to generate
ground-truth labels, while they may also exhibit dependen-
cies among each other — which can cause additional prob-
lems. To address some of these issues, Weak Supervision
employs label models that can aggregate the noisy predic-
tions from LFs into refined, fused training labels, which are
then used to train end models for downstream tasks [30—
33, 45]. In this regard, Snorkel [30, 31, 33] was introduced
as a data programming framework that provides a com-
prehensive system for creating training data in two-stages,
using WS. In the first stage, Snorkel uses a label model
to combine the imperfect labels generated by user-defined
LFs. Then, in the second stage, these aggregated labels are
utilized to train an end model in a supervised manner. No-
tably, LFs are a fundamental component of WS frameworks.

In the meantime, Vision-Language Models (VLMs) have



emerged as a class of multimodal learners to bridge the
gap between language and image, i.e. between Natural
Language Processing (NLP) and Computer Vision (CV).
VLMs can interpret, reason, and generate unimodal or mul-
timodal outputs based on the inputs, which include visual
(e.g., images, videos) and linguistic (text) data. In a re-
cent survey [12], VLMs have been categorized into three
main groups based on their capabilities: (1) models dedi-
cated to vision-language understanding [17, 28, 29, 37], (2)
models focused on unimodal output generation (e.g., text)
derived from multimodal inputs, [2, 18-21] and (3) models
that generate multimodal outputs from multimodal inputs
[4, 23, 39, 40]. Several VLMs have been explored by the
computer vision community, including Flamingo [2, 28],
Llama-vid [18], among others [4, 17, 19-21, 23, 37, 39, 40].
Among VLMs, CLIP [29] certainly stands out for its abil-
ity to perform zero-shot image classification without requir-
ing task-specific training datasets. By leveraging their zero-
shot classification capabilities across various domain tasks,
VLMs emerge as promising candidates for use as LFs to
generate weak labels.

In this work, we exploit the use of VLMs as LFs in a
Weak Supervision (WS) framework for subjective classifi-
cation tasks. The main contributions of our work are the
following:

1. We propose Labeling Collaborator (LC), a unified WS
domain-independent pipeline that employs open-source
Vision-Language Models (VLMs) as labeling functions
(LFs) for unlabeled image classification problems.

Unlike the Modeling Collaborator’s pipeline (MC)

[41], which utilizes the combined strengths of VLMs,

Large Language Models (LLMs), Visual Question-

Answering (VQAs), and Image Captioning (IC) mod-

els, our pipeline only relies on generic, open-source

VLMs —i.e. which do not need to be state-of-the-art

models nor fine-tuned on specific downstream tasks.

Unlike Agile Modeling (AM) [35], which relies on

user input, our pipeline is end-to-end and does not re-

quire any user input or machine learning expertise.

Unlike AdaptCLIPZS [34], which uses labeled

datasets for fine-tuning CLIP [29], our method auto-

matically generates labels for a given dataset by lever-
aging WS and open-source VLMs as labeling func-
tions without requiring prior labeled datasets.

Also, because our pipeline uses open-source VLMs,

we do not require knowledge distillation as MC [41]

did; making our pipeline simpler, faster, and easier for

non-experts to use;

We demonstrate that by using several VLMs with weak

prediction accuracy as labeling functions (LFs) on two

challenging datasets (Hateful Memes [16], and EuroSAT

[14]), we can train a lightweight end classifier with a

prediction accuracy higher than the accuracies of the

L]
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weak LFs themselves. Furthermore, we show that our la-

bel model produces superior/comparable performances

compared to other closed/open source methods in 14

different nuanced concept binary datasets introduced by

Agile Modeling [35];

. While Agile Modeling [35] and Modeling Collaborator
[41] are binary classification-based frameworks, ours is
multi-class; and

. To the best of our knowledge, our research is the first to
propose a unified framework for fine-grained and sub-
jective concept classification.

The remaining of this paper is structured as follows: Sec-
tion 2 provides a brief survey of WS and VLMs, including
early attempts to leverage VLMs for data labeling. Section
3 describes and details the components of our proposed LC
framework for developing subjective classification models
in the presence of unlabeled data. Section 4 summarizes
and discusses our experimental results. Finally, Section 6
concludes the paper and outlines potential future research
directions based on our work.

2. Background and Related Work

Weak Supervision (WS): WS approximates supervision by
using various forms of “weak" labels to achieve strong per-
formance [30, 33, 45]. Ratner et al. [33] initially introduced
data programming as a WS framework for programmati-
cally generating labels for unlabeled training datasets using
various sources, significantly reducing the need for manual
labeling. Building on this concept, Ratner et al. [30] devel-
oped Snorkel, an enhanced data programming framework
that serves as a comprehensive two-stage system for creat-
ing training data using WS. First, Snorkel allows users to
define labeling functions that encode heuristics, patterns, or
leverage external knowledge bases. These functions, which
may be noisy and have overlaps, create a matrix of prob-
abilistic labels without requiring ground-truth data. The
framework employs a generative model to estimate the ac-
curacies and correlations among these labeling functions,
synthesizing them into probabilistic labels. These proba-
bilistic labels are then used to train a discriminative model,
such as a deep neural network, which generalizes beyond
the labeling functions and achieves improved predictive per-
formance on unseen data.

To tackle the challenge of combining multiple weak su-
pervision (WS) sources into a reliable training signal, Rat-
ner et al. [31, 32] introduced MeTaL, a framework for
multi-task WS that models the accuracies and dependencies
of noisy sources using a matrix completion approach. This
improves label quality and enhances downstream model
performance. Building on this, Sala et al. [42] proposed
Dugong, a framework for sequential data (e.g., videos)
that fuses multi-resolution WS signals—such as frame-
, window-, and scene-level labels—using a probabilistic



graphical model. Without relying on ground truth, Dugong
estimates source reliability to generate high-quality proba-
bilistic labels, achieving strong results on video and sensor
tasks.

Inspired by the work mentioned above, our proposed LC
framework employs multiple VLMs as labeling functions to
generate weak labels for unlabeled data across diverse do-
main knowledge, and leverages WS to generate fused prob-
abilistic labels, which are then used to train an end model
for downstream tasks.

Vision-Language Models (VLMs): Radford et al. in-
troduced CLIP (Contrastive Language-Image Pre-training)
[29] as a method to learn visual representations based on
natural language guidance. This approach leverages a large
dataset of image-text pairs collected from the internet and
employs a contrastive learning objective to train image and
text encoders jointly. CLIP [29] and its variants [17, 28, 37]
focus on aligning image and text embeddings in a shared
multimodal space, enabling robust zero/few-shot transfer
capabilities to downstream vision tasks without additional
training. Alayrac et al. [2] introduced Flamingo, a frame-
work for few-shot learning that combines pre-trained vision
and language models to handle sequences of text and im-
ages/videos and produce text outputs. The model converts
visual data into fixed-length representations and uses gated
cross-attention layers within a frozen LLM to take into ac-
count visual context during text generation. This design
helps Flamingo adapt to different multimodal tasks with
minimal data, achieving top performance in few-shot sce-
narios across various benchmarks.

Liu et al. [19, 20] introduced Visual Instruction Tun-
ing through their LLaVA (Large Language and Vision As-
sistant) model, aiming to build a general-purpose vision-
language assistant. The model uses a combination of a
CLIP-based visual encoder and a language model (Vicuna
[10, 27]) trained with multimodal instruction-following
data generated using GPT-4 [1]. This framework enables
LLaVA to handle diverse vision-language tasks by follow-
ing specific instructions, allowing it to generalize across
various multimodal applications. Mu et al. [24] intro-
duced SLIP, a multi-task learning framework that combines
self-supervised learning and language-image pre-training
to enhance visual representation learning. By integrat-
ing CLIP [29] pretraining, (SimCLR) [5, 6], and and self-
supervised learning; SLIP leverages the strengths of both
methods. This approach improves performance across var-
ious evaluation tasks, including zero-shot transfer, linear
classification, and fine-tuning. A new class of VLMs has
taken a step toward performing any-to-any input/output
modalities[4, 23, 39, 40]. Notably, Mizrahi et al [23] pro-
posed 4M, as a framework for training a single unified
Transformer encore-decoder using a masked modeling ob-
jective across a variety of input/output modalities including
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text, images, and videos. This approach results in founda-
tional models that train for any-to-any modalities, learn rich
representations, and provide reliable performance across di-
verse vision tasks. All the VLMs discussed above rely on
large-scale labeled datasets with aligned image-text pairs
tailored to their training domains. Moreover, they often
struggle with fine-grained categorization, where obtaining
sufficient labeled image-text pairs is particularly challeng-
ing.

VLM-based Subjective Data Labeling: Stretcu et al.
[35] introduced Agile Modeling (AM), a human-in-the-
loop model training framework for subjective visual con-
cepts. Users start by defining a concept using text descrip-
tions, which are used to select images from large unlabeled
datasets using VLMs models like CLIP [29]. Then, the
users label these images, which are used to train a classi-
fier. Through an active learning process, the system interac-
tively selects uncertain images for the users to label, and re-
fines the classifier via one or more rounds. This framework
allows non-machine learning experts to rapidly build cus-
tomized classifiers for nuanced concepts with minimal ef-
fort and has shown improved performance for fine-grained
classification tasks.

Toubal et al [41] aimed at reducing the human effort
required for subjective or nuanced data labeling by intro-
ducing, MC (Modeling Collaborator) with significantly re-
duced human effort compared to AM [35]. MC reduces
the typical requirement of manually annotating thousands
of images to just 100 labeled samples plus some natural
language interactions. The framework integrates compo-
nents like LLMs, a VQA model, and a captioning VLM
to generate and process questions, perform reasoning, and
produce reliable image annotations for training purposes.
MC demonstrates good performance in classifying subjec-
tive visual concepts compared to existing zero-shot and AM
methods. To automate the process of labeling vast amounts
of unlabeled data without any human intervention, Saha
et al [34] proposed AdaptCLIPZS, a framework that en-
hances zero-shot classification performance of VLMs in
fine-grained domains. AdaptCLIPZS leverages LLMs to
generate detailed category-specific descriptions (e.g., vi-
sual attributes). These generated descriptions are combined
with existing image datasets and employed in context-rich
prompts to fine-tune VLMs. This approach demonstrated
consistent improvements in zero-shot classification accu-
racy across multiple benchmarks.

Our work draws inspiration from the recent advances in
WS and VLMs mentioned above to propose a unified WS-
based framework that employs multiple open-source VLMs
as weak labeling functions to address subjective binary and
multi-class image classification problems relying on unla-
beled datasets. Furthermore, it provides an improved ap-
proach compared to the recently proposed AM [35] and MC
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Figure 1. Overview of our proposed Labeling Collaborator (LC) training pipeline. Our approach utilizes a Weak Supervision (WS) frame-
work that leverages multiple open-source Vision-Language Models (VLMs) as labeling functions to generate pseudo-labels for unlabeled
input images. Then, these pseudo-labels are used to train the end model in a supervised learning setup.

[41] labeling frameworks with absolutely no human label-
ing effort involved.

3. Methodology

As shown in Figure 1, the proposed Labeling Collaborator
(LC) pipeline consists of four main components: Domain
Selection; Prompting, Label Modeling, and End-Classifier.

3.1. Domain Selection

Consider a dataset 7| = {x; i, consisting of unlabeled im-
ages x; defining the domain for which we would like to train
a classification model. We refer to this first step of our LC
framework as domain selection where the user gathers a
subjective dataset of interest without the need for the cor-
responding label.

3.2. Prompting

LC leverages weak LFs to annotate unlabeled training data.
In other words, instead of designing LFs coined from spe-
cific heuristics, LC prompts open-source VLMs to generate
weak labels for the selected images. For instance, when
working with the Hateful Memes dataset [16], one could
prompt multiple VLMs with a generic query such as: “is
this a hateful meme or not?". We refer to these labels as
noisy or weak because VLMs do not always produce per-
fect annotations. At this point, a user has created a dataset
D> = {(xi,(Ai1s-- - Aim)) Y1, where (Aj1,...,Ain) are
the m generated labels from m employed VLMs for each
x; of the unlabeled training images. Subsequently, LC will
combine the labels originating from multiple weak label-
ing sources to generate more accurate aggregated pseudo-
labels. The same pseudo-labels are then used as ground
truths to train an end model for downstream tasks in a su-
pervised learning manner.
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3.3. Label Modeling

We employ Snorkel [30] as our WS-based labeling model to
fuse multiple weak labels into single, probabilistic pseudo-
labels. Snorkel uses the generative model p,,(A,Y) in Equa-
tion (1) to combine these weak labels:

where Z,, is a normalizing constant, w is a vector of
weight parameters, A is the label matrix where each entry
A j = Aj(x;) is obtained by applying a labeling function 4;
(VLMs) to a training image x;, Y is the ground truth labels,
and ¢; represents the concatenation of three different factors
given by the following equations:

Y 6i(A )

i=1

pw(AY) :Z;lexp< (1)

iI:jab(AaY) = l{Alj # 0}
ACAY) = 1Ay =i}

TRAY) =M= A} (k) eC

It is important to note that users do not need to know
those ground truths as Snorkel uses a generative approach
to compute the weight for each labeler (VLM).

To find the parameters w essential to combine noisy la-
bels into weighted probabilistic ones, p,,(A,Y) is trained
by minimizing the negative log marginal likelihood [30] in
Equation (2):

W = argmin—log )" p(A,Y) )
w Y

At this stage, WS-based labeling modeling has created
a pseudo labeled dataset 23 = {(x;,9;)}!, where J;



Pw(yi|A) represents the final aggregated probabilistic train-
ing labels required to train the end model.

3.4. End Model

Once final annotations for the selected image domain are
created, the proposed LC pipeline can employ 25 to train
any classifier for downstream tasks in a supervised learn-
ing manner. Similar to other classification models [13, 15,
29, 38], our end classifier model has two parts: the image
encoder and the projector. The image encoder extracts rele-
vant features from an input image x; to produce feature em-
beddings f(x;) that are provided to the projector to generate
the final classification prediction J;. In our experiments, we
investigated the use of ResNet [13] and CLIP [29] as im-
age encoders and a simple lightweight Multilayer Percep-
tron (MLP) as a projector. We optimized our end model
with the cross-entropy loss function [22].

4. Experimental Results

As explained earlier, the proposed LC relies on open-

source, domain agnostic VLMs and Weak Supervision to

deliver fine-grained, multi or binary class, and subjective
classification of images using a lightweight end classifier.

In order to demonstrate those claims, the following research

questions must be addressed:

1. Can open-source VLMs provide weak (noisy) labels,
which yet lead to aggregated labels strong enough for
challenging subjective or nuanced (fine-grained) public
datasets?

. How many VLM labelers are required for such task?

. How does the proposed framework perform with respect
to binary and multi-class classification problems?

. How does the LC with a lightweight end classification
model perform in comparison to state-of-the-art models
in subjective datasets?

To answer these questions and showcase the contribu-
tions of the proposed LC, we devised and executed a se-
ries of associated experiments. In this section we will first
present the experimental setup for each of the experiments
and then their individual results.

4.1. Experimental Setup
4.1.1 Datasets

For binary classification, we used two sets of subjective
datasets; Hateful Memes [16] and the Agile Modeling [35]
datasets. Hateful Memes [16] is a multimodal dataset cre-
ated by Facebook Al to advance research on hate detection
in memes. It consists of 10000 image-text pairs belonging
to two categories “Not Hateful” or “Hateful”. Agile Mod-
eling [35] dataset comprises 14 sub-datasets referred to as
concepts, each with “Positive” and ‘“Negative” classes. Ta-
ble 1 shows the number of samples in train/test sets of each
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Concept Train  Test
arts-and-crafts 3001 707
dance 4051 730
emergency-service 6764 675
Easy concepts  hair-coloring 4108 645
in-ear-headphones 3687 687
pie-chart 2994 594
single-sneaker 4216 556
astronaut 3759 637
block-tower 3942 669
gourmet-tuna 3543 576
Hard concepts  hand-pointing 2811 832
healthy-dish 8715 633
home-fragrance 4050 716
stop-sign 3758 704

Table 1. Number of train/test samples in each binary sub-dataset
(concept) in the Agile Modeling dataset [35].

of the 14 sub-datasets used from Agile Modeling dataset
[35]. For multiclass classification, we use EuroSAT [14]
which is a dataset designed to address the challenge of land
use and land cover classification. This dataset has 27000
images organized by ten classes (with their class index in
parentheses): “Annual Crop” (0), “Forest” (1), “Herbaceous
Vegetation” (2), “Highway” (3), “Industrial Buildings” (4),
“Pasture” (5), “Permanent Crop” (6), “Residential Build-
ings” (7), “River” (8), and “Sea & Lake” (9).

4.1.2 Weak Labelers

We chose Ollama [25] as the framework to interact with
various open-source VLMs to generate noisy labels in the
proposed LC. In Ollama, a combination of different multi
modal Large Language Models (or VLMs) were used and
are listed below [25]:

Llava models (7B, 13B, 34B) [20]: A novel end-to-end
trained large multi modal model that combines a vision
encoder and Vicuna for general-purpose visual and lan-
guage understanding.

Llava-Phi3 [11]: A new small LLaVA model fine-tuned
from Phi 3 Mini.

Llava-Llama3 [11]: A LLaVA model fine-tuned from
Llama 3 Instruct with better scores in several benchmarks.
BakLlava [20]: BakLLLaVA is a multi modal model con-
sisting of the Mistral 7B base model augmented with the
LLaVA architecture.

MoonDream [43]: moondream?2 is a small vision lan-
guage model designed to run efficiently on edge devices.
MiniCPM [44]: A series of multi modal LLMs
(MLLMs) designed for vision-language understanding.

4.1.3 End Classifier Model

As discussed in Section 3.4, we used a simple lightweight
MLP as our projector model. The MLP took as input the
features extracted by either CLIP [29] or ResNet[13] —i.e.



Dataset ‘ Labeler VLM Polarity Coverage Overlaps Conflicts Correct Incorrect Emp. Acc.
Llava-7B [19] [0, 1] 1.00 1.00 0.752 298 202 0.596
é BakLlava [20] [0, 1] 0.95 0.95 0.710 276 199 0.581
) Llava-13B [20] [0, 1] 1.00 1.00 0.752 288 212 0.576
E Llava-Llama3 [11] [0, 1] 1.00 1.00 0.752 278 222 0.556
‘E Llava-Phi3 [11] [0, 1] 0.99 0.99 0.744 267 228 0.540
E Llava-34B [20] [0, 1] 1.00 1.00 0.752 269 231 0.538
MoonDream [43] [0, 1] 1.00 1.00 0.752 246 254 0.492
BakLlava [20] [1,3,4,5,6,7,8,9] 0.188 0.187 0.175 935 585 0.615
Llava-34B [20] [0,1,2,3,4,5,6,7,8,9] 0.901 0.901 0.766 4462 2840 0.611
Q Llava-13B [20] [0,1,2,3,4,5,6,7,8,9] 0915 0.915 0.765 4360 3052 0.588
"é Llava-7B [19] [0,1,2,3,4,5,6,7,8,9] 0974 0.966 0.814 4367 3520 0.554
2 Llava-Llama3 [11] [1,3,4,5,6,7,8,9] 0.908 0.905 0.757 3016 4339 0.410
Llava-Phi3 [11] [0,1,2,3,4,5,6,7,8,9] 0.341 0.338 0.280 1085 1677 0.393
MiniCPM [44] [0,1,2,3,4,5,6,7,8,9] 0.772 0.768 0.646 2414 3841 0.386

Table 2. Combined performance metrics of the labeling VLMs with coverage, overlaps, conflicts (on the training sets), and empirical
accuracy (on the validation sets) for Hateful Memes and EuroSAT datasets. The coverage, overlaps and conflicts are calculated based on

[30]

Concept CLIP [29] CuPL [19] Ours (LC)
Pre Rec F1 Pre Rec F1 Pre Rec F1
arts-and-crafts 068 086 076 068 090 0.77 0.79 068 0.73
dance 051 095 066 052 08 066 0.73 0.67 0.70
emergency-service 0.53 0.87 0.65 054 091 0.67 0.76 0.62 0.68
Easy concepts hair-coloring 070 099 082 070 099 082 076 038 0.51
in-ear-headphones 043 095 059 044 096 060 058 073 0.64
pie-chart 052 080 063 050 092 065 070 087 0.78
single-sneaker 051 099 067 051 100 067 068 085 0.75
Easy concepts avg. 0.68 0.69 0.69
astronaut 040 095 056 042 095 058 061 083 071
block-tower 038 099 055 037 098 054 043 092 0.58
gourmet-tuna 029 1.00 045 029 100 045 042 081 055
Hard concepts hand-pointing 039 087 054 039 094 055 045 087 0.60
healthy-dish 037 099 054 038 100 055 051 066 058
home-fragrance 040 095 056 040 096 057 052 054 053
stop-sign 048 1.00 0.65 049 099 065 057 098 0.72
Hard concepts avg. 0.55 0.56 0.61
Overall avg. 0.61 0.62 0.65

Table 3. Comparison of the performance of our teacher model (LC) with SOTA open-source zero-shot models on nuanced binary easy and
hard concepts classification task [35]. LC is outperforming the second best method (CuPL [19]) by 3% on overall average F1 score.

two sets of pipelines were investigated: CLIP+MLP and
ResNet+MLP. For the MLP architecture, we have used the
same 128x128x128 structure proposed by [41] for compar-
ison.

4.2. Weak Labelers’s Individual Performance

To address research question (/) above, we generate weak
labels using seven VLMs on all the datasets presented in
Section 4.1.1. Table 2 presents the performance of each
weak labeler (or VLM) individually on one of the binary
(Hateful Memes [16]) and the multiclass (EuroSAT [14])
datasets. The Polarity column indicates the class numbers
represented in the labels produced by each labeler (for in-
formation on class indices, check 4.1.1). It is important to
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mention here that for a multi-class dataset like EuroSAT, it
is very possible that some labeling functions (VLMs) may
not cover the entire range of possible classes, making the
generated labels not only weak/noisy, but also incomplete.

4.3. Label Model Optimization

The proposed LC framework produces (aggregated)
pseudo-labels by optimizing the negative log marginal like-
lihood, as presented in Section 3.3. So, regarding research
question (2), we investigated the validity of the LC frame-
work for different numbers of labeling functions (VLMs).
Figures 2a and 2b show the performance of the labeling
model on the Hateful Memes and EuroSAT datasets af-



Concept Machine Annotators
CuPL PaLI-X MC Ours (LC)
arts-and-crafts 0.78 0.77 0.78 0.81
‘2 dance 0.72 0.68 0.68 0.82
2 emergency-service 0.59 0.66 0.72 0.86
S hair-coloring 0.77 0.58 0.80 0.65
? in-ear-headphones 0.65 0.73 0.72 0.83
B pie-chart 0.72 082  0.82 0.89
single-sneaker 0.51 0.61 0.56 0.86
Easy concepts avg. 0.68 0.69 0.73 0.82 (+9%)
astronaut 0.60 0.65 0.65 0.89
ﬁ block-tower 0.48 0.49 0.50 0.56
2 gourmet-tuna 0.54 0.52 0.52 0.60
S hand-pointing 0.56 0.81 0.81 0.59
T healthy-dish 0.42 045 053 0.83
T home-fragrance 0.56 0.53 0.53 0.68
stop-sign 0.62 0.51 0.64 0.73
Hard concepts avg. 0.54 0.57 0.60  0.70 (+10%)
Overall average 0.61 0.63 0.66 0.76 (+10%)

Table 4. Comparison of machine annotators across easy and hard
concepts datasets (obtained from [35]) in terms of the auPR on
the training set. Our method outperforms all the SOTA machine
labelers by a margin of 10%.

Model Labeler Acc. Rec. Prec. Fl

Majority Vote - 0.58 043 0.61 0.50
Ours (TM: Label Model) - 0.58 052 0.59 0.55
Ours (SM: ResNet+MLP) LC 0.54 048 0.55 0.51
Ours (SM: CLIP-B+MLP) LC 0.53 092 051 0.66

Table 5. Performance of our proposed framework on the Hateful
Memes [16] dataset and its comparison with doing a majority vote
among the labelers. TM, SM, and CLIP-B respectively stand for
Teacher Model, Student Model, and CLIP-Base model.

ter 1000 epochs, for 4 to 7 labeling functions. The specific
labeling function (VLM) used in each sequence was based
on their individual performance on the validation sets. As
the figures demonstrate, even with a small number (4) of
labeling functions, the labeling model still performed rea-
sonably well on those challenging (subjective, binary and
multi class) classification tasks.

4.4. Label Model Performance

In order to address research question (3), we have compared
our label model performance on the Agile Modeling [35]
datasets. Table 3 compares LC with two open-source state-
of-the-art zero-shot methods (CLIP [29] and CuPL [19]) on
nuanced binary easy and hard concepts described in Sec-
tion 4.1.1. For easy concepts, LC outperformed other meth-
ods in five out of seven cases, while for hard concepts, it
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Model Labeler Acc. Rec. Prec. ‘ F1

Llava-7B [19] - 0.59 0.61 0.59 0.60
BakLlava [20] - 0.58 046 0.60 0.52
Llava-13B [20] - 0.57 045 0.60 0.51
Llava-Llama3 [11] - 0.55 0.70 0.54 0.61
Llava-Phi3 [11] - 0.53 050 0.53 0.52
Llava-34B [20] - 0.53 0.11 0.75 0.19
MoonDream [43] - 0.49 0.03 040 0.05
CLIP [29] - 0.53 0.65 0.51 0.57
CuPL [28] - 0.64 087 0.50 0.64
PaLI-X [8] - 0.61 042 0.66 0.51
MC (SM) [41] MC 0.52 0.64 0.50 0.56
Ours (SM: CLIP-B+MLP) LC 053 092 0.51 0.66
CLIP+MLP [41] Human 0.60 0.38 0.65 \ 0.48

Table 6. Performance of our best model compared to other state-
of-the-arts in the literature and the labelers themselves on the Hate-
ful Memes [16] dataset. MC, SM, and CLIP-B, respectively stand
for Modeling Collaborator [41], Student Model, and CLIP-Base
model.

Label Model Performance After Optimizing for 1000 Iterations
0.540 -
0.520 -

0.500 -

F1 Score

0.480 +

0.460 -

0.440 +

4.5 5 5.5 6 6.5

Number of Labeling Functions

(a) F1 Score on Hateful Memes [16]

Label Model Performance After Optimizing for 1000 Iterations
0.600 F

0.590 -

0.580 -

Accuracy

0.570
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Number of Labeling Functions

(b) Accuracy on EuroSAT [14]

Figure 2. The performance of the Label Model using different
numbers of labeling functions (VLMs) on both binary and multi-
class classification tasks. The labeling functions have been incor-
porated into the labeling model in order based on their individual
performance on each dataset.

achieved superior performance in six out of seven cases
based on the F1 score with CuPL [19] coming second. In



Method | Model Labeler Acc.
Zﬁ RNS50 - 0.41
@ RN101 - 0.33
~ RN50x4 - 0.35
5 RN50x16 - 0.40
o RN50x64 - 0.59
= B/32 - 0.49
= B/16 - 0.54
5 L/14 - 0.59
@) L/14-336px - 0.59

Majority Vote - 0.60
» (TM: Label Model) - 0.62
] (SM: RN18+MLP) LC 0.60
© (SM: CLIP-B+MLP) LC 0.68

Table 7. Comparison of the performance of our proposed frame-
work and a majority vote of the proposed labelers on the EuroSAT
dataset [ 14] with the state-of-the-art Zero-Shot method CLIP [29].
TM stands for Teacher Model.

Table 4, we compare the labeling capabilities of the two
best-performing open-source methods from Table 3 against
two closed (non open-source) methods — PaLLI-X [7, 9] and
MC [41] — in terms of Area Under the Precision-Recall
Curve (auPR) on the training set. It can be observed that
LC outperforms all other methods in five out of six easy
concepts and six out of seven hard concepts, showcasing
that LC is a better labeler. Furthermore, when averaging
across all easy and hard concepts, our LC model surpasses
all other methods in each case by a margin of 10%.

4.5. End Model Performance

Finally, to address research question (4), we performed the
end classification using an MLP. Table 5 shows the per-
formance of the proposed LC framework for both the la-
bel model (teacher) and the end models (students), using
the Hateful Memes [16] dataset and compares them with
the majority vote performance across the weak labelers. In
Table 6, we have also compared our best model’s perfor-
mance (SM: CLIP-B+MLP) with the state-of-the-art zero-
shot methods on the same Hateful Memes [16] dataset. Ta-
ble 5 also shows the performance of the weak labelers on the
Hateful Memes [16] dataset. Our student model surpasses
all the other methods in terms of F1 score performance in-
cluding the weak labelers themselves, showcasing the value
of using the WS framework to train an end classifier.

For the EuroSAT [14] dataset, Table 7 also shows the
comparison between the performances of the proposed LC
framework and one of the state-of-the-art zero-shot methods
(CLIP [29]) using different feature extraction backbones.
All of our teacher and student models showed superior per-
formances compared to CLIP with different feature extrac-
tion backbones. In fact, our best model presented a 9%
improvement over the best CLIP performance.
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5. Limitations

Our proposed framework relies solely on open-source
VLMs to generate pseudo-labels for subjective classifica-
tion tasks. As a result, it may be limited by the VLM-
based labeling functions employed to address the subjec-
tive task of interest. A potential issue that may arise is re-
lated to the complexity of the prompting framework, partic-
ularly for multiclass classification tasks. We observed that
as the number of classes increases, the VLM prompts be-
come more complex, which can lead to a higher likelihood
of incorrect VLM predictions. For example, the VLMs
were prompted with a simple question for the binary Hate-
ful Memes [16] dataset:

Is this image a hateful meme?

In contrast, for the the 10-class EuroSAT [14] dataset, the
prompt specify each class explicitly, resulting in a more
complex sentence:

Classify the satellite image into one of the following
categories: Seal.ake, PermanentCrop, River, Residen-
tial, Pasture, Industrial, Highway, HerbaceousVegeta-
tion, Forest, or AnnualCrop. Provide only the class name
as your answer.

That is, the prompting framework can become a chal-
lenge for multiclass classification problems as the number
of classes grows, leading to increased prompt complexity
and potentially impacting the prediction accuracy of VLM-
based labeling functions and subsequently the performance
of the WS-based label model.

6. Conclusion

In this paper, we introduced Labeling Collaborator: a
novel Weak Supervision (WS)-based framework designed
to eliminate human involvement in the labeling process of
nuanced or subjective classification datasets. LC exploits
open-source Vision-Language Models (VLMs) as labeling
functions (LFs) to generate pseudo-labels for unlabeled
data. We demonstrated the effectiveness of our proposed
pipeline for both binary and multi-class classification tasks
involving subjective concepts. In the end, a lightweight end
classifier model trained with the WS-generated labels out-
performed other SOTA methods by up to 10% in most cases,
and in the other cases it achieved accuracies comparable to
the same SOTA models under zero-shot classification sce-
narios. For future work, we aim to extend the proposed LC
framework to more complex, nuanced multiclass classifica-
tion problems (e.g. with more than 10 classes).
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