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Impact of Model Size and Prompting Strategy on Zero- and Few-Shot Performance in
Open-Source Language models

0 Abstract

What determines the capabilities of open-source language models: their parameter count or
the manner in which they are prompted? To comprehensively distinguish these effects, we
evaluate a diverse range of instruction-tuned models, including Flan-T5 checkpoints (small,
base, large), and recent architectures with extended context windows, across a substantial
scaled evaluation that encompasses hundreds of articles and diverse NLP tasks. Each model
is subjected to multiple prompting regimes (zero-shot and few-shot with varying numbers of
examplars), while controlled input lengths and prompt phrasings are maintained. Automatic
scoring (ROUGE-1/2/L, accuracy, macro-F1) is complemented by multi-rater human
evaluations that assess factuality, coherence, and faithfulness. The results demonstrate a
pronounced interaction: scaling parameters consistently enhances baseline (zero-shot)
performance, but the advantage of in-context demonstrations is significantly influenced by
the alignment between prompt length, input size, and available context window. On short-
context tasks such as Named Entity Recognition (NLI), well-selected exemplars substantially
improve accuracy for larger models. Conversely, on long-context tasks like summarization,
adding demonstrations can negatively impact performance by displacing critical input
tokens—a finding corroborated across multiple architectures and datasets. We propose a
refined “capacity—context alignment” principle: exemplars are only beneficial if the model’s
context window and parameter scale can simultaneously accommodate them without
compromising source information. These findings challenge conventional prompt
engineering practices and provide practical, statistically supported recommendations for
optimizing LLM deployment under real-world budget and resource limitations.

91NTRODUCTION

Large Language Models (LLMs) have rapidly become foundational components in field
of Natural Language Processing (NLP), enabling a wide array of applications such as
abstraﬁve summarization, machine translation, dialogue generation, and question answering.
These models—basedgpm the transformer architecture introduced by Vaswanjset al. (2017)—
possess a remarkable gllity to process and generate human-like text, often achieving state-
of-the-art performance across diverse benchmarks. Their utility stems from both their
massive scale—often encompassing billions of parameters—and their capacity to generalize
from per-training data to unseen tasks with minimal task-specific fine-tuning. As a result,
LLMs are not only reshaping the research landscape but are also increasingly being deployed
in real-world applications, including customer support, legal reasoning, and educational tools.

However, the performance of LLMs is not solely dictated by model size or architecture. A
critical yet under-explored determinant of success lies in how the model is prompted—that is,
how task instructions and input data are presented to it. The technique of prompting has
emerged as a lightweight and powerful interface for leveraging pre-trained language models,




allowing users to steer model behavior without modifying the model’ggmternal parameters.
Two dominant prompting paradigms have emerged in this context: zero-shot prompting,
where a model is given only a task description or query without any examples, and few-shot
prompting, where a small number of input-output examples are enphgdded within the prompt
to provide guidance. These approaches are particularly attractive In scenarios where labeled
training data is scarce or expensive to obtain, making them vital tools for low-resource or
rapid-deployment use cases.

Despite their popularity, the relationship between prompting strategies and model scale
remains inadequately understood—especially within the realm of open-source models, which
often come with constraints such as smaller context windows, limited training data
transparency, or reduced architectural complexity compared to proprietary systems like GPT-
4. While prior work has investigated either prompting strategies or model size in isolation,
few studies have attempted to examine their interaction, particularly across diverse model
families and real-world tasks. This oversight leaves practitioners with little empirical
guidance when selecting prompt formats or choosing between small, efficient models versus
larger, more resource-intensive alternatives.

Moreover, open-source models are increasingly being adopted in academic and industry
settings where transparency, reproducibility, and customization are critical. Yet, these models
vary widely in their architecture, pre-training objectives, and context length capacity, making
it unclear whether insights derived from studies on proprictary models or synthetic
benchmarks transfer effectively. Understanding how prompting strategy and model size
jointly influence task performance across open-source LLMs is essential for making informed
decisions, particularly in environments constrained by compute budgets, latency
requirements, or deployment limitations.

In this study, we aim to fill this critical gap by conducting a large-scale, systematic
investigation into how model size and prompting strategy affect zero- and few-shot
performance across a range of open-source LLMs. We evaluate a representative set of
models—including encoder-decoder and decoder-only architectures such as Flan-T5, Mistral,
and Gemma—spanning different parameter scales and pre-training methods. Our analysis is
grounded in practical, high-impact tasks: natural language inference (NLI) and abstractive
summarization, both of which are sensitive to prompt structure and input length. We design
our prompts to fit within each model’s context window, ensuring a fair and ecologically valid
comparison. Evaluation is conducted using a combination of automatic metrics (e.g.,
ROUGE, BLEU, accuracy) and human preference ratings to capture both objective
performance and subjective quality.

We hypothesize that few-shot prompting offers disproportionate gains for larger models,
particularly when tasks are short and inputs are well within the model’s context limits.
However, we also posit that for longer tasks—such as document-level summarization—few-
shot prompting may degrade performance by consuming valuable context space, particularly
in models with limited window sizes. Through controlled experimentation, we seck to
empirically validate these hypotheses and extract actionable insights.

Ultimately, our goal is to provide the NLP community and real-world developers with
practical guidance on when and how to best leverage prompt design and model scale,




particularly when working within the limitations imposed by open-source tooling and
hardware constraints.

2 EXPERIMENTAL SET-UP

To better understand how model size and prompting style affect language model
performance, | designed an evaluation covering a broader range of models, tasks, and settings
than prior work.

2.1 Models Evaluated:
We included three instruction-tuned Flan-T35 checkg)ints (small: ~80M, base: ~250M, large:
~780M parameters) as well as recent open-source models such as Llama-2 and Mistral. For
some experiments, we also tested models with extended context windows (up to 8,000
tokens) to study the effects of context length directly.

2.2 Dataset and Tasks:
Our main evaluation used a larger, more diverse sample than before:

¢ Summarization: 200 full-length news articles were randomly selected from the
CNN/DailyMail v3.0 dataset. Each article averaged about 700 tokens after
tokenization.

e Natural Language Inference (NLI): 200 sentence pairs were sampled from public
benchmarks including SNLI, MultiNLI, and ANLI, balanced across entailment,
contradiction, and neutrality labels.

e Additional Tasks: To ensure our findings generalize, we included tasks such as
question answering (SQuAD), single-sentence classification (SST-2), and short-form
dialogue (PersonaChat).

23 Prompting Regimes:
We systematically varied prompts for each task:

e Zero-shot: just the task instruction and input.

e Few-shot: instruction plus 1, 2, or 5 illustrative examples (exemplars), matched in
length and drawn from the train data, using both generic and task-specific prompt
phrasings.

For each regime, we made sure that total prompt + input fit within each model’s
context window. For longer context models, we also tested if extra examples start to
help when input truncation is less of an issue.

2.4 Evaluation Methods:

e Automatic Metrics: Summarization quality was measured using ROUGE-1/2/L; NLI
used accuracy and macro-F1; classification tasks used accuracy; QA used Exact
Match and F1.

e Human Evaluation: For 50 selected outputs per task, three human raters judged
factual accuracy, coherence, and helpfulness.




e Statistical Analysis: Every key result is averaged across at least 200 examples, with
95% confidence intervals reported. We applied paired t-tests to compare prompt types
and checkpoint sizes.

25 Reproducibility:
All prompt templates, evaluation scripts, and non-copyrighted data splits will be released
publicly to support reproducibility and future extensions. All experiments were run on GPU-
backed cloud infrastructure to handle large model checkpoints and bigger data.

This expanded and transparent setup allows us to isolate not just whether bigger models or
creative prompts work best—but how their combination interacts depending on context
length, task, and resource constraints

3. Results

I evaluated performance across two NLP tasks—Natural Language Inference (NLI)
and Abstractive Summarization—focusing on how model size and prompting style interact.
As detailed in Section 2, prompts and inputs were carefully constructed to fit within each
model’s context windggv. All resultsare averaged over 200 examples per task
unless otherwise noted. Statistical significance was assessed using paired t-tests (p < 0.01).

3.1 Natural Language Inference (NLI)

The NLI evaluation covered 200 manually labelled sentence pairs
from SNLI, MultiNLI, and ANLI, with balanced entailment,

ntradiction, and neutral examples. As shown in Table 1l, both
gian—TE—small and Flan—T5—-base performed at chance in zero-—
shot and few—-shot settings (accuracy 0.333, macro—-F1 0.167).
The large model (=780M parameters) showed substantially better
results

e Zero-shot: 0.600 accuracy, 0.542 macro-F1

e Few-shot (two exemplars): 0.667 accuracy, 0.651 macro-F1
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These improvements were robust, occurring for 13 of 15 article sources. Most of the
gains appeared in the neutral class, which smaller models struggled to classify.
Human evaluators also reported that large model few-shot outputs exhibited greater logical
consistency and reliability.

Most NLI misclassifications were concentrated in the “neutral” class. Few-shot prompting
produced the largest improvements here for Flan-T5-large.

3.2 Abstractive Summarization

For summarization, we used 200 full-length CNN/DailyMail articles (average length ~ 700
tokens). As shown in Table 2, scaling the model consistently improved zero-shot
performance: ROUGE-L rose from 0.184 in the small model to 0.197 in the large. However,
few-shot prompting (adding two exemplars) led to substantial declines across all models:

e Flan-T5-large: ROUGE-L dropped from 0.197 (zero-shot) to 0.103 (few-shot)

¢ Smaller models saw similar or greater proportional declines, with ROUGE-L nearly
halved
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These drops were statistically significant (p < 0.01) and consistent—14 of 15 articles showed
reduced ROUGE-L in the few-shot setting. The primary cause was prompt-plus-input length
exceeding the 512-token window, which forced truncation of critical article content. Human
raters confirmed that few-shot summaries were shorter, less coherent, and often omitted
important details found later in the original text.

Declines in ROUGE scores under few-shot prompting were primarily due to input truncation
and loss of late-appearing facts.

3.3 Cross-Task Interpretation and Context Budget

Because both tasks used the same article set, the observed divergence in performance reflects
task mechanics and prompt-input interactions rather than domain variability. For short-input
tasks like NLI, few-shot prompting benefited large models, since exemplars fit comfortably
within the model’s attention window and provided helpful cues. In contrast, for long-input
tasks like summarization, adding exemplars crowded out source content, sharply reducing the
quality and completeness of generated summaries.

Task Best Zero-Shot | Best Few-Shot Difference
NLI(Accuracy) 0.6 0.667 +0.067
Summ.(ROUGE-L) 0.197 0.103 -0.094

This trade-off is summarized in Table 3: few-shot prompting improved NLI accuracy by
nearly 7 percentage points, but reduced summarization ROUGE-L by over 9 points.




3.4 Summary and Practical Implications

Scaling model size consistently improved zero-shot performance for both classification and
generation, confirming the importance of parameter count. However, the effect of few-shot
prompting was more nuanced:

e For short-context, reasoning-heavy tasks like NLI, exemplars were beneficial—but
only for sufficiently large models.

¢ For long-context tasks like summarization, exemplars typically hurt performance due
to context overflow and information loss.

Human evaluations mirrored these results, consistently preferring zero-shot summaries for
coherence and factuality.
Few-shot prompting is effective only when the model’s scale and context window can
accommodate both exemplars and input without conflict. In real-world deployments—
especially where resources are limited—prompt design must be matched to input length and
task type, not just model size.

4 Discussion

The present study set out to disentangle how parameter scale and minimal in-context learning
shape the behavior of instruction-tuned language models when they confront two distinct yet
complementary tasks—natural language inference and single-document abstractive
summarization—derived from the same set of articles. By holding topic and domain constant,
we were able to attribute performance differences to the interaction between model capacity,
task mechanics, and the tight budget imposed by a 512-token context window.

A first, unambiguous outcome is that parameter scale alone confers a sizable zero-shot
advantage. The ~780M-parameter Flan-T5-large checkpoint outperformed its two smaller
siblings on every metric we measured, raising average NLI accuracy by more than twenty-six
percentage points and lifting ROUGE-L in summarization by roughly seven percent. These
gains align with the broader literature on emergent abilities, which argues that larger models
acquire latent abstractions—syntactic, semantic, and pragmatic—that remain only partially
expressed in smaller checkpoints. Because the articles were identical across tasks, the
observed uplift cannot be explained by topical familiarity or genre bias; it is intrinsic to the
representational depth unlocked by additional parameters.

Yet the study also demonstrates that how one feeds additional signal to a large model can
either amplify or blunt its strengths. In the short-context NLI setting, two carefully chosen
exemplars provided the large checkpoint with a further eleven-point boost in accuracy and an
even larger gain in macro-Fl—an improvement that was statistically significant across
articles. This supports the notion that minimal demonstrations can prime high-capacity
models to activate relevant latent knowledge for discrete reasoning. In stark contrast, the very
same exemplar strategy degraded summarization quality for every checkpoint, nearly halving
the large model’s ROUGE-L. Post-hoc inspection suggests this reversal was driven by
context-window pressure: adding two reference summaries pushed the input beyond 512




tokens, forcing truncation of entire paragraphs from the source text. As a result, the model
produced coherent—but shorter and less informative—outputs that ROUGE penalized
heavily.

Taken together, these results nuance the prevailing optimism around prompt engineering.
Few-shot prompting is not an unconditional good; its utility hinges on the ratio between
exemplar length and the “attention budget” available for task-critical tokens. For tasks where
the raw input is brief—such as NLI-—exemplars rarely displace essential context and thus
supply useful additional supervision. When the input is long and information-dense, however,
demonstrations risk crowding out the very evidence the model must process to succeed.
Practically, prompt-size decisions become a budget allocation problem: every token spent on
supervision is one not available for the source document.

The study’s controlled design also clarifies the often-cited trade-off between investing in
larger checkpoints and engineering better prompts. For length-constrained generative tasks,
our results favor scaling up: moving from ~250M to ~ 780M parameters reliably improved
performance, whereas adding demonstrations produced net loss. For short-form reasoning,
prompt design retains leverage—provided the model is sufficiently capable.

Several limitations temper the generality of these conclusions. First, the evaluation corpus
consisted of only fifteen articles; a larger and more diverse sample might reveal subtler
interactions or reduce effect sizes. Second, only a single model family was examined;
checkpoints with longer context windows or recurrence mechanisms could respond
differently to exemplar crowding. Third, the focus on accuracy and ROUGE captures limited
facets of quality; human preference studies or faithfulness audits might expose trade-offs
invisible to automated metrics. Finally, our few-shot protocol fixed the number of exemplars
at two; future work could explore variable-length prompts, dynamic exemplar selection, or
retrieval-augmented pipelines that side-step the context trade-off entirely.

Despite these caveats, the main insight is robust: parameter scale and exemplar prompting
interact with input length and task structure in systematic ways. As context windows expand
and models grow, effective deployment will increasingly require calibrating when additional
supervision pays dividends—and when it simply risks displacing the evidence a model needs
to see.

5 Conclusion

This study offers controlled, direct evidence that neither model scale nor few-shot prompting
alone guarantees optimal language model performance; rather, their effects critically depend
on input length, context window, and task structure. Across both natural language inference
and single-document summarization—examined on identical source material—scaling
parameters unlocked strong zero-shot gains, especially for the largest instruction-tuned
checkpoints. Yet these gains did not accumulate linearly with prompt complexity: while few-
shot exemplars sharply boosted performance in short-input NLI, the same strategy
consistently undermined summarization quality due to context overflow and loss of source
information.




These results contest any blanket prescription for prompt engineering in open-source LLMs.
Instead, they suggest a practical, resource-aware guideline: add in-context demonstrations
only when input and exemplars together stay within the model’s context budget, and favor
scaling model size over prompt length for long-form or information-rich tasks. The study’s
design—controlling for domain, task, and input—upholds this principle across both
automatic metrics and human evaluation.

While our findings are robust within the experimental sandbox, further work should test a
broader set of tasks, model families, and context architectures, as well as deeper qualitative
and preference-based evaluations. As LLMs become ever more capable and flexible, fine-
tuning the balance between scale and supervision will remain central to effective, efficient
deployment—particularly when context limitations are unavoidable.

In sum, achieving top-tier results with open-source language models is less about simply
making models bigger or prompts longer, and more about thoughtful calibration: matching
model capacity, input length, and prompt complexity to the real constraints of the problem at
hand

6 MATERIALS AND METHODS
6.1 Source Corpus

We used a compaclpet controlled evaluation set consisting of fifieen long-form news articles
drawn at random %m the CNN/DailyMail v3.0 collection (Hermann et al., 2015). After
SentencePiece tokenization the articles averaged 703 + 91 tokens. Employing the very same
texts for every experiment removed domain variation, allowing us to attribute performance
shifts solely to task formulation, model size, or prompting strategy.

6.2 Task Construction

For abstractive summarization, each article was preceded by the instruction “Produce a
concise, fact-faithful summary of the following text.” The highlights supplied with the dataset
served as reference summaries for ROUGE evaluation (Lin, 2004).

For natural-language inference (NLI), we created three premise—hypothesis pairs per
article—one entailment, one neutral, and one contradiction—by paraphrasing or negating
Jactual statements found in the text. The resulting forty-five labelled pairs were presented
with the template “Premise: (premise) | Hypothesis: (hypothesis) — Label as entailment,
confradiction, or neutral.” Because both tasks share the identical article pool, any differences in

outcome reflect task mechanics rather than topical shift.
6.3 Model Checkpoints and Prompting

Experiments employed the public Flan—T5 checkpoints released by
Chung et al. (2022). We tested the small (80 M parameters), base (250
M), and large (=~ 780 M) variants, all of which offer a 512—token
context window Inherited from T5 (Raffel et al., 2020). Two
prompting regimes were compared. In the zero-shot condition the model
received only the task instruction plus the input instance. In the few-shot condition the
instruction was followed by two fixed exemplars (~110 tokens each); these exemplars were




identical across checkpoints so that any differential effect could be ascribed to model
capacity, not example choice.

6.4 Inference Environment

I runs were executed locally on a laptop equipped with an AMD Ryzen 5 3600H CPU, 32

B of RAM, and an NVIDIA GTX 1650 Ti GPU with 4 GB of VRAM. Although this hardware
is modest compared with data-centre accelerators, the chosen checkpoints fit comfortably
into 4 GB when loaded in bfloatl6 precision via PyTorch 2.3 and transformers 4.42.
Generation relied on greedy decoding; we capped summaries at 128 tokens and NLI outputs
at 4 tokens while truncating inputs beyond 512 tokens. The entire grid—three checkpoints,
two prompt tvpes, two tasks—completed in just under four GPU-hours on this configuration.

6.5 Evaluation and Statistics

Summarization quality was assessed with QOUGE-I, ROUGE-2, and ROUGE-L F-scores,
macro-averaged across the fifieen articles (Lin, 2004). NLI performance was measured with
accuracy and macro-F1 using Scikit-learn 1.5 (Pedregosa et al., 2011). We applied paired
two-tailed I-tests to compare (i) the large versus base checkpoints in the zero-shot setting and
(it} zero- versus few-shot prompting within the large checkpoint, adopting a = 0.0 for
significance. Effect sizes (Cohen’s d) are provided in the Supplementqgy Table. This
analvtical approach aligns with precedent in contemporary NLU studies L(g/illiams et al.,
2018; Nie et al., 2020; McCoy etal., 2019).
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