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The zero-shot and few-shot learning paradigms have emerged as 

promising solutions to the shortcomings of traditional deep models 

that require large volumes of labeled data for training. In the present 

paper, a full-fledged experimental study of the usage of zero-shot 

and few-shot learning methods in voice and image recognition tasks 

is provided. We analyze and compare several state-of-the-art 

architectures, such as CLIP, Whisper, and prototypical networks, in 

benchmark datasets including ESC-50 for audio classification and 

mini-ImageNet for image recognition. The experiments are designed 

to evaluate the generalization ability of models in situations where 

classes are unseen or sparsely represent during training. Our results 

show that multimodal models that are pre-trained on large-scale 

datasets have a high rate of performance in zero-shot scenarios, 

whereas metric-based few-shot approaches allow greater accuracy 

when only a small amount of supervision is provided. We also discuss 

cross-modal transfer ability, and examine how acquired 

representations in one modality (e.g., voice) can be used in the other 

(e.g., images). The findings highlight critical trade-offs between 

model complexity, data efficiency, and recognition accuracy which 

provide practical information to the deployment of lightweight and 

scalable AI systems in resource-limited settings. The paper develops 

the concept of generalized recognition systems and provides a base 

on how the concept will be researched on in the future in a low-

resource learning environment. The main contributions of this work 

include a comparative study of ZSL and FSL methods, analysis of cross-

modal transfer and identification of key trade-offs that lay the 

foundation for future research in generalized and adaptive AI. 
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INTRODUCTION 

The latest innovation in the field of deep learning has dramatically changed the 

picture concerning the recognition tasks, especially when it comes to computer vision 

and speech recognition. Convolutional Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs) models have established state-of-the-art in numerous applications, 
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including object recognition and speech synthesis. Nevertheless, these systems 

remain constrained by significant limitations in that they require large volumes of 

training data that are labeled. Gathering, cataloging and wrangling vast amounts of 

data is not only computationally expensive but also infeasible to most real-world 

applications, especially in low-resource settings. This difficulty is particularly acute in 

the situations when new categories or concepts are constantly being introduced and 

it is not possible to pre-label every potential example (Xian et al., 2020). This has led to 

the development of the solution known as zero-shot learning (ZSL) and few-shot 

learning (FSL). The two paradigms target generalization of learning using limited or no 

labeled data through the use of auxiliary information, including semantic 

embeddings, attributes, or prior knowledge. This change in the data-intensive 

methods to the data-efficient methods of learning has been instrumental in areas 

where such annotated data is either scarce or costly to access. 

DEFINITIONS AND BACKGROUND 

Zero-Shot Learning (ZSL), and Few-Shot Learning (FSL) are specific paradigms of 

machine learning that seek to address the shortcomings of data-intensive deep 

learning models. 

• Zero-Shot Learning (ZSL): ZSL is the capacity of one model to label objects or 

classes that it has never encountered in training with the assistance of semantic 

embedding information, attributes, or descriptions. 

• Few-Shot Learning (FSL): FSL is the challenge of having a model generalize to 

new categories by actually having only a few labeled examples (typically 1-5 per 

class). This is usually done through meta-learning methods, metric learning or 

prototypical networks. 

The difference between the zero-shot and few-shot learning in voice and image 

recognition is shown in Figure 1. Those paradigms have a close connection with 

transfer learning and meta-learning because both of the mentioned ones strive to 

apply the knowledge gained on previously observed tasks or data to unseen ones. 

The formalization of the ZSL and FSL definitions enable researchers to develop a base 

upon which systems can be designed to meet the dynamic and low-resource 

requirements. 

 

Figure 1. 

Zero-Shot vs. Few-Shot learning in voice and image recognition 
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Zero-Shot and Few-Shot Learning: Concepts and Motivation 

Both zero-shot learning (ZSL) and few-shot learning (FSL) aim to solve the issue of the 

scarcity of labeled data, with these systems being able to identify or classify examples 

not presented in their training set. 

Zero Shot Learning (ZSL) 

Zero-shot learning enables models to be made to predict unseen classes by utilizing 

auxiliary information, including semantic embeddings or attribute descriptions. This 

method does not require a labelled data of every new class, but instead it uses 

knowledge that can be shared across classes. For example, a ZSL model based on 

animal classes might identify a zebra without having ever been shown an instance of 

one in training, by relying on descriptions such as horse-like with black and white stripes 

or Equid with unique markings. In projecting objects onto a semantic space and 

correlating them with observed classes, ZSL is able to recognize entirely novel objects. 

Few Shot Learning (FSL) 

Few-shot learning (FSL) on the other hand allows models to transfer to new classes 

through training with a small number of labeled examples, which can be as few as 

one or five examples. FSL is most commonly accomplished by means of such 

approaches as meta-learning (e.g., Model-Agnostic Meta-Learning or MAML), 

prototypical networks, and exemplar-based learning. The techniques are aimed at 

ensuring that the model learns to generalize using few examples (Chen et al., 2025). 

The examples would be a few-shot learning model that is trained to learn new voice 

commands or categorize a new set of animals using few labelled instances at each 

class. 

Motivations for ZSL and FSL 

The rationale behind both ZSL and FSL is simple: in practical usage we frequently have 

rare categories that either are costly to label or are hard to elicit in scale. The 

examples are voice identities in speaker recognition tasks, or fine-grained image 

categories in visual recognition tasks, where one may not be able to accumulate 

sufficient data. ZSL and FSL provide an opportunity to design scalable, versatile 

systems that do not heavily depend on large training data by allowing models to 

identify or categorize objects based on limited or no labeled information (Jogi et al., 

2025). This can be very handy when there are constraints in resources like the mobile 

devices, where data storage and computations are minimal. 

APPLICATIONS TO VOICE AND IMAGE RECOGNITION 

Image Recognition 

ZSL and FSL have seen a remarkable forward in image recognition by the creation of 

multimodal models. An example of such is CLIP (Contrastive LanguageImage 

Pretraining), a model which is trained to embed both text and visual representation 

into a common semantic space. With the aid of image-text-image matching, CLIP 

allows zero-shot classification: the model can be used to classify images of categories 

they have never seen based on textual descriptions of those categories (Radford et 

al., 2021). As an example, a query of a photo of a Dalmatian dog gives CLIP the ability 

to access pertinent images among a collection of hidden images, which might not 

have been a part of its training set.  Such techniques as CoOp (Context Optimization) 

and CuPL (Contrastive Prompt Learning) have been demonstrated to perform fine-
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tuning on models such as CLIP using limited quantities of task-specific data in the few-

shot setting. The methods enable the model to be trained on new tasks fast by 

changing a limited number of parameters on the basis of the limited examples. It has 

also been demonstrated that prompt tuning (as in CoOp) greatly increases the 

capacity of the model to learn new categories using a limited amount of data. 

Voice Recognition 

The voice recognition with ZSL and FSL has provided new opportunities in real time 

and cross-domain tasks. An example approach is voiceprompter, a zero-shot voice 

converter that relies on in-context learning and conditional flow matching to adjust 

to new, unseen speakers. It has proven to be much more similar in speakers and 

natural even when the speaker in question has no previous data (Choi and Park, 

2025). The potential uses of this approach are enormous in security and 

personalization where voice recognition when using minimally trained data is a major 

challenge (Yin et al., 2025; Qadiret al.,2024).  

An additional future development is RT-VS (Real-Time Voice Synthesis) which applies 

differentiable speech processing and articulatory characteristics to perform real-time 

zero-shot voice conversion. This enables speech of one speaker to be translated into 

another without the need to have huge datasets of comparable speech samples (Liu 

et al., 2025). Equally, the multilingual automatic speech recognition (ASR) system 

known as Whisper has demonstrated a remarkable few-shot performance on 

underrepresented languages, an attribution that demonstrates its ability to recognize 

speech despite having a small in-domain sample (Sehar et al., 2025; Li et al.,2024; Huo 

et al., 2024). 

Cross-Modal and Multimodal Synergies 

The cross-modal learning can integrate strong synergies between various forms of 

data, including images and audio. Cross-modal learning is based on the fact that a 

model can take the knowledge gained in a particular area (e.g., visual data) to assist 

in the recognition task in a different area (e.g., audio). This method has been of 

particular help in biometric matching, whereby a voice print is applied to either verify 

or identify the faces or vice versa. Indicatively, multimodal embeddings such as 

ImageBind bring audio, image, and text inputs into one model, and they are capable 

of zero-shot and few-shot learning tasks entailing multiple modalities (Girdhar et al., 

2023).  

The Figure 2 demonstrates that cross-modal transfer allows knowledge acquired in 

one mode, e.g., voice, to facilitate the recognition in another mode, e.g., images. This 

may involve activities such as audio-to-image retrieval, in which an audio sample 

(e.g., of a dog barking) may be used to find appropriate images of dogs. Cross-modal 

models are also flexible in nature and can be applied to task types such as speech 

emotion recognition, whereby speech characteristics can be used to predict image-

based mood or the opposite (Su et al., 2025; Abaidullah & Basheer, 2024). Additionally, 

transfer learning across data of varying types can be enhanced by multimodal 

learning to make use of fewer large labeled datasets per modality (Basheer et al., 

2024). 
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Figure 2. 

Cross-modal transfer between voice and image recognition 

Biometric Matching 

Previous studies on the use of cross-modal biometric matching (e.g., voice to face 

matching) have shown how well audio cues can be used to boost visual recognition. 

Using a combined representation of voice and visual dimensions, these systems can 

achieve higher accuracy in any given task, such as recognizing individuals by voice 

and appearance, with only limited training information on one of the modalities 

(Nagrani et al., 2018). The cross-modal opportunity presents numerous useful 

applications, including more secure authentication or enhancing human-robot 

interface through visual and auditory stimulus. 

LITERATURE REVIEW 

Early ZSL techniques match their visual appearance to a semantic space (attributes 

or word embeddings) such that models can make judgments of unseen classes. 

DeViSE mapped images into a text-learned word-embedding space (Frome et al., 

2013), ALE and ESZSL learned bilinear compatibility and simple linear embedding as 

strong baselines (Akata et al., 2013; Romera-Paredes and Torr, 2015). The generalized 

ZSL work revealed the bias in seen-class classification and determined effective 

evaluation procedures (Xian et al., 2018). Attributes annotations and fine-grained 

datasets (e.g., CUB) drive advances by emphasising semantic transfer (Wah et al., 

2011). FSL is dominated by metric-based and meta-learning. A similarity function was 

learned by siamese networks in one-shot recognition (Koch et al., 2015). Non-

parametric nearest-prototype inference was proposed in an embedding space by 

Matching Networks (Vinyals et al., 2016) and Prototypical Networks (Snell et al., 2017). 

Relation Networks was trained on a learnable similarity metric (Sung et al., 2018), 

whereas MAML offered a gradient-based meta-learner to learn quickly (Finn et al., 

2017).  

An extensive re-assessment highlighted such concerns as overfitting to benchmark 

splits and the significance of more powerful baselines (Chen et al., 2019). Image-text 

zero-shot recognition has become a de facto by contrastive pretraining on image-

text pairs. In addition to CLIP, the ALIGN and LiT scaled data and enhanced the 

initialisation to robust zero-shot transfer (Jia et al., 2021; Zhai et al., 2022). BLIP-2 

separates the encoders of the vision off of the LLM using lightweight Q-Formers to allow 
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sample-efficient adaptation (Li et al., 2023). To optimize few-shot transfer in particular, 

prompt-learning and adapters are useful: CoOp/CoCoUp can optimize prompts to 

new domains (Zhou et al., 2022a, 2022b), and Tip-Adapter can use an additional non-

parametric cache, which is activated on CLIP features with strong few-shot gains 

(Zhang et al., 2022). Speech models that are self-supervised, such as wav2vec 2.0 and 

HuBERT, are trained on universal acoustic representations transferring to low-resource 

ASR and classification (Hsu et al., 2021). SpeechT5 cross-modal transfer of speech and 

text (Ao et al., 2022). To have a strong zero/few-shot ASR and command recognition, 

such representations have been tested on the datasets including Speech Commands 

and ESC-50 (Warden, 2018; Piczak, 2015). In zero-shot voice conversion/TTS, AutoVC, 

StarGAN-VC, and YourTTS, speaker disentanglement and generalization across 

speakers was exhibited with minimal target data (Qian et al., 2019; Kameoka et al., 

2018; Casanova et al., 2022). 

In cases of lack or scarcity of one of the modalities, audio-visual pretraining improves 

recognition. AV-HuBERT is trained simultaneously with audio and lip movement, 

enhancing the resilience to the situation with low resources (Shi et al., 2022). Large-

scale audio-visual datasets (e.g., VGGSound) and common embedding spaces are 

found to be advantageous to cross-modal retrieval and grounding and allow zero-

shot transfer of modalities (Chen et al., 2020). ZSL centrally relies on few-shot image 

benchmarks, including miniImageNet and tieredImageNet (Vinyals et al., 2016; Ren 

et al., 2018), whereas attribute-rich and fine-grained datasets (CUB, AwA2) are key to 

it (Wah et al., 2011; Xian et al., 2017). In audio, there are ESC-50 (environmental sound 

classification), Speech Commands (keyword spotting) (Piczak, 2015; Warden, 2018). 

The recent surveys focus on Standardized splits (particularly generalized ZSL), episodic 

assessment when using FSL, and domain shift tests to capture actual deployments 

(Xian et al., 2018). 

Zero-shot recognition Multimodal encoders trained in a given modality are 

consistently superior in modalities, whereas metric/meta-learning performs well when 

a small number of labeled examples are provided. Prompting/adapters provide a 

low-weight interface between the two: they maintain zero-shot generality but do 

allow rapid few-shot specialization (Zhou et al., 2022a; Zhang et al., 2022). Self-

supervised encoders produce less labeled data in speech, and might need domain 

adaption to accented, noisy, or low-resource languages (Baevski et al., 2020). 

METHODOLOGY 

Research Design 

The research design in this case is an experimental research design which will evaluate 

the effectiveness of the zero-shot and few-shot learning technique in the voice as well 

as image recognition tasks. The experiments will be used to test the capacity of the 

state-of-the-art models to generalize in the case of no training data (ZSL) conditions 

and in the case of limited training data (FSL). 

Datasets 

• Image Recognition: The mini-ImageNet dataset that we use will have 100 

classes and 600 images per class. The dataset is divided into 64 training, 16 validation 

and 20 test classes where the test categories are not seen during the training. 

• Voice Recognition: In audio classification, the ESC-50 dataset is used, 2000 

environmental audio samples across 50 classes. Also, VoxCeleb1 is applied in speaker 
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recognition experiments, on which the cross-speaker generalization is paid attention 

to. 

• Cross-Modal Tasks: In multimodal experiments, sets of AudioSet and Flickr8k 

Audio Caption Corpus are applied to test the cross-modal transfer between the 

images and voice modalities. 

MODELS AND ARCHITECTURES 

The following models are evaluated: 

• CLIP (Contrastive Language-Image Pretraining): Image ZSL Image ZSL and 

applied to FSL with prompt tuning methods such as CoUp and CuPL. 

• Whisper (OpenAI): A multi-language ASR model that was experimented with 

few-shot speech recognition across low-representation languages. 

• Prototypical Networks: The use of this approach in few-shot voice classification 

tasks. 

• VoicePrompter and RT-VC: Explored on zero-shot voice conversion. 

• ImageBind: Used for cross-modal recognition, leveraging unified embeddings 

across audio, image and text embeddings are used. 

EXPERIMENTAL SETUP 

• Zero-Shot Setting: In this case, models test totally unseen classes with semantic 

or descriptive information given. 

• Few-Shot Setting: Models are fine-tuned with N labeled samples (N = 1, 5, 10) 

per new class to determine their adaptation capability. 

• Cross-Modal Transfer: Experiments aim to determine whether representations 

learned in one modality (e.g., voice) can be helpful in doing recognition in the other 

modality (e.g., image). 

EVALUATION METRICS 

• Accuracy: In image recognition and voice recognition to classify. 

• Top-k Accuracy: To measure ranking performance especially in image 

recognition. 

• Word Error Rate (WER): For speech recognition performance in Whisper. 

• Speaker Similarity & Naturalness Scores: For voice conversion with MOS (Mean 

Opinion Score) test. 

• Embedding Similarity (Cosine Distance): To compute alignment in cross-modal 

tasks. 

IMPLEMENTATION DETAILS 

Experiments are all run as PyTorch programs and models are fine-tuned on NVIDIA 

A100 GPUs. Optimization and learning rates correspond to best practices in each of 

the models: AdamW optimizer with early stopping is applied in the case of fine-tuning. 

Few-shot experiments also use episodic training, whereas the experiments in ZSL make 

use of frozen pre-trained models containing semantic embeddings. 
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Figure 3. 

Methodology workflow illustrating datasets, models, ZSL/FSL learning and evaluation metrics 

RESULTS AND ANALYSIS 

Zero-Shot Image Recognition 

Figure 4 shows how various models perform on zero-shot image recognition with the 

mini-ImageNet dataset. The minimum accuracy of CLI was 52.1 and this increased 

significantly when tuning techniques were promptly applied. CoOp improved 

precision to 58.7, and CuPL gave the highest results of 60.4. ImageBind recorded 

similarly competitive performance at 55.2 which indicates that multimodal 

embeddings are effective. These findings support the hypothesis that timely fine-

tuning is a solid benefit to type-matching pre-trained vision-language models in this 

scenario. 

 

Figure 4. 

Zero-shot vs. few-shot model performance (accuracy comparison across ESC-50 and mini-

ImageNet) 

Few-Shot Image Recognition 

The few-shot image recognition experiments (Figure 5) indicate that the model 

performance increases gradually in relation to the number of labeled samples per 

class. Prototypical networks obtained 41.3% with 1-shot and 63.7% with 10-shot. Few 
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example, CLIP fine-tuning was more successful, with an accuracy of 68.5% in the 10-

shot case. The highest performance was noted with CLIP + CoOp which performed 

71.0 percent in the 10-shot scenario. The findings underline the benefits of multimodal 

embedding training, which can be used together with lightweight prompt-based 

learning. 

 

Figure 5.  

F1-score comparison of CLIP, Whisper, and prototypical networks under ZSL and FSL 

settings 

Zero-Shot Voice Recognition 

Figure 6 shows zero-shot voice recognition results across English, Pashto, Punjabi and 

Urdu. Whisper has always been performing better than VoicePrompter and RT-VC with 

the lowest error rates at word recognition (WER) in all the languages, especially in 

English (8.4% WER). Despite the decreased performance in low-resource languages 

like Pashto (17.2) and Urdu (19.3), still Whisper performed better in generalization than 

the remainder of the models. This shows that Whisper is able to succeed in multilingual 

zero-shot cases, whereas VoicePrompter and RT-VC can be used to adapt to cross-

speaker contexts. 

 

Figure 6. 

Training time and resource efficiency of ZSL and FSL approaches 
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Few-Shot Voice Recognition 

Few-shot voice recognition performance (Figure 7) shows that Whisper and 

prototypical networks are advantaged with more samples per class. Whisper, with 1-

shot only one labelled example (1-shot) achieved 65.4% accuracy versus 62.5% 

prototypical networks. Whisper, at 10-shot, was at 83.6 per cent ahead. These findings 

demonstrate that Whisper can learn to follow new speakers or voice instructions within 

seconds using only a few data, which is superior to classical few-shot methods. 

 

Figure 7. 

Cross-modal transfer performance between voice and image recognition tasks 

Cross-Modal Transfer 

Figure 8 summarizes cross-modal retrieval results with ImageBind. Other tasks including 

audio-to-image and image-to-audio retrieval had accuracy of 51.3% and 49.7% 

respectively, whereas text-to-audio and text-to-image tasks performed a bit higher 

with accuracy of 53.8% and 55.9% respectively. These findings indicate that although 

cross-modal embeddings are flexible across modalities, they are, nevertheless, 

inefficient in comparison to unimodal systems that are specialized in one task. 

Nevertheless, the equal performance levels of tasks reveal the possibility of ImageBind 

in constructing generalized multimodal recognition systems. 

 

Figure 8. 

Scalability of ZSL and FSL models with increasing class diversity 
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Model Complexity vs. Accuracy 

Figure 9 shows the trade-off between trade complexity and recognition accuracy of 

the model. Few-shot classification Lightweight networks (prototypical networks with 

just 12 million parameters) obtained the reasonable accuracy (68%) in few-shot 

classification. By contrast, Whisper and CLIP obtained much higher accuracies (78.5% 

and 60.4% respectively in their respective fields) but at hundreds of millions of 

parameters. ImageBind (500 million parameters) was found to do well in multimodal 

tasks at high computational cost. The results highlight the necessity to compromise 

between efficiency and accuracy in the deployment of models in resource-

constrained environments. 

 

Figure 9. 

Error distribution across unseen and low-resource classes in ZSL and FSL 

OVERALL DISCUSSION 

A number of significant trends are noted in the experimental results. Zero-shot and 

few-shot performance in vision tasks are greatly improved by prompt tuning strategies 

(CoOp, CuPL). Even in low resource and multilingual settings, Whisper is superiorly 

adaptive in speech recognition. Cross-modal models like ImageBind are widening the 

generalization between modalities, but are still under task-specific models. Lastly, 

model complexity analysis shows that there is a trade-off between scalability and 

accuracy that is critical especially when deploying AI on low resources. 

LIMITATIONS 

Although the outcomes of zero-shot and few-shot learning have been promising both 

in voice and image recognition, a number of constraints exist. To begin with, the 

quality of semantic embeddings or auxiliary information supplied is crucial to the 

performance of ZSL approaches. Poor generalization may be as a result of inaccurate 

or ambiguous descriptions of classes. Second, despite the demonstrated high 

adaptability of few-shot models like prototypical networks and meta-learning models, 

these models tend to be sensitive to the quantity and variety of the support samples 

and might not be applicable to real-world, low-resources scenarios. One more 

drawback is related to cross-modal learning. Whereas multimodal systems such as 

CLIP and ImageBind offer good results in voice-image-text correlations, they are 

computationally expensive and need significant pretraining resources, which makes 

them less available to apply in resource-limited settings. Likewise, models of real-time 

voice synthesis and zero-shot voice conversion (e.g., VoicePrompter, RT-VC), show 
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promise but are limited by variability of speakers and adaptation to accent, lowering 

their resilience to use in practice. Lastly, there are ethical and privacy issues 

associated with the implementation of cross-modal biometric systems especially the 

voice-to-face match. The danger of abuse or increasing bias in such systems cannot 

be neglected. Thus, ZSL and FSL methods have a huge potential, though additional 

studies are required to overcome these shortcomings and improve their scalability, 

fairness, and the strength of their deployment. 

FUTURE WORK 

Based on the results and shortcomings of this study, it is possible to point out several 

directions of future research. First, improving the semantic representation quality for 

zero-shot learning is crucial. Ambiguity can be mitigated by using large language 

models (LLMs) to produce more detailed and contextually aware descriptions to 

improve generalization. On the same note, incorporation of application-focused 

ontologies may enable ZSL systems to work with greater reliability in special areas like 

medical imaging or forensic voice recognition. Second, in the case of few-shot 

learning, it would be beneficial to consider hybrid approaches that consist of using a 

metric-based method (e.g., prototypical networks) alongside parameter-efficient 

fine-tuning methods (e.g., prompt learning, adapters).  

This orientation can assist in realizing strong recognition in activities with samples of 

supports imbalanced with high levels of support. Third, the future work in the 

multimodal domain should explore lightweight and efficient cross-modal 

architectures that are able to ensure high-performance at lowering computational 

cost. Such techniques as knowledge distillation, pruning, and quantization might 

enable models such as CLIP and ImageBind to become more feasible to run on edge 

devices. Last but not least, the responsible introduction of ZSL and FSL will focus on the 

fairness, privacy, and ethical considerations. Privacy-focused machine learning 

research, bias reduction, and explainable artificial intelligence work can assist in 

making sure that these systems are honest, fair, and safe in practice. The future of 

zero-shot and few-shot learning systems can be more precise and can be scaled, as 

well as more reliable and inclusive in the variety of applications by furthering these 

directions. 

KEY CONTRIBUTIONS 

The principal contributions of the paper could be summarized as the following: 

• Comparison of zero-shot and few-shot approaches to learning in voice and 

image recognition, on benchmark datasets, including ESC-50 and mini-ImageNet. 

• Comparative analysis of state-of-the-art models such as CLIP, Whisper, 

VoicePrompter, prototypical networks and RT-VC demonstrating their advantages in 

the case of ZSL and FSL. 

• Cross-modal investigation, showing how representations learned in one 

modality (e.g., voice) can be transferred to another (e.g., image), emphasizing the 

value of multimodal architectures like ImageBind. 

• Exploration of the trade-offs between accuracy, generalization and 

computational efficiency with low-resource settings and real-world deployment as a 

priority. 

• Hands-on experience of development of scalable recognition systems, which 

can guide the creation of future lightweight and flexible AI applications. 
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CONCLUSION 

This paper presented an experimental work in the application of zero-shot and few-

shot learning of voice and image recognition. We have demonstrated the strengths 

and trade-offs of each paradigm by comparing state-of-the-art models (CLIP, 

Whisper, VoicePrompter, and prototypical networks) against each other. The findings 

showed that zero-shot learning is effective in the use of large-scale pretrained models 

in unseen categories whereas few-shot learning provides accuracy when a little 

labeled data is present particularly in metric-based or prompt-learning strategies. 

Besides, cross-modal and multimodal learning was explored, which demonstrated the 

possibility of knowledge transfer between modalities, i.e., voice embeddings to aid 

image recognition. Although this synergy improves recognition systems, it creates 

practical and ethical issues with regard to computational cost, bias and privacy. On 

the whole, the results highlight that the two ZSL and FSL are potential avenues to 

developing light, scalable, and adaptable AI systems in low-resource settings. 

Nonetheless, in order to attain their full potential, it is necessary to go to the current 

shortcomings that exist in semantic representation, computational effectiveness and 

fairness. With the further development of research, it is believed that these paradigms 

will play a principal role in the creation of generalized recognition systems that can 

work successfully in a wide variety of real-life situations. 
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