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ABSTRACT: Biomedical Natural Language Inference (BioNLI) is a core task in biomedical NLP that 
looks to identify whether the biomedical premise entails the hypothesis. Prompt-based methods are 
gaining traction as one of the simplest and fastest approaches for effectively using large language models 
(LLMs) for these sorts of inference tasks without the need for complex, time-consuming fine-tuning 
of the model. However, the inherent difficulty of biomedical NLI problems represents a significant 
challenge for prompt engineering given the heavy use of terminology specific to the biomedical domain. 
During in-context prompting or using predefined examples for zero-shot or few-shot prompting, there 
is often a lack of contextual information or generalizability to the heterogeneity found in biomedical 
texts for determining entailment decisions. In this work, we present a comprehensive evaluation of a 
variety of prompting methods (zero-shot, few-shot static, few-shot dynamic, Chain-of-Thought, self-
consistency, and Tree-of-Thought) with two LLMs, DeepSeek-R1-Distill-Qwen-14B and LLaMA-3.1-
8B-Instruct, from the prompt-engineering perspective. We applied these methods to the BioNLI dataset 
and reported on key evaluation metrics across all methods. Our results show that dynamic contextual 
in-context prompting, together with structured reasoning, produces high-quality inference in our context. 
Between all of the models and configurations, few-shot ToT prompting using the DeepSeek model 
produced the best results, scoring a macro-F1 score of 71.05, even outperforming retrieval-augmented 
models reported in prior studies. These findings show that prompt engineering alone can handle complex 
biomedical reasoning effectively, without needing retrieval or full fine-tuning.
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1- Introduction
Prompt-based learning has rapidly become a flexible and 

powerful approach to tapping pre-trained Large Language 
Models (LLMs) in a variety of Natural Language Processing 
(NLP) tasks with little or no fine-tuning. [1]. Given task-
specific prompts and a few labeled examples, LLMs can 
complete a wide range of tasks in a few-shot or zero-shot 
mode, employing only their pre-trained knowledge and 
natural language instructions. This has been particularly 
successful across Natural Language Inference (NLI), question 
answering, and classification [2, 3].

Biomedical Natural Language Inference (BioNLI) 
differs significantly from general NLI, given its specialized 
and safety-critical nature. Biomedical texts include dense 
clinical vocabulary, domain-specific abbreviations, implicit 
modalities of causality, and complicated negation, all of 
which require advanced reasoning skills beyond those needed 
for commonsense language understanding  [4]. 

To demonstrate the BioNLI task, an example is given 
in Figure 1. Each instance has a premise, a biomedical 

statement taken from the literature, and a hypothesis, which 
denotes a possible interpretation or conclusion. The model 
must determine whether the premise adequately supports 
the hypothesis or if it is contradicted by it. For example, the 
premise “Increased serum ALT levels indicate liver injury” 
and the hypothesis “Elevated ALT is a marker of hepatic 
damage” have the label Entailment, since they indicate the 
same underlying biological relationship.

Unlike general NLI datasets such as SNLI or MNLI, 
biomedical benchmarks demand careful interpretation of 
clinical evidence, as the effects of misinterpretation can lead 
to dangerous conclusions in real-world clinical environments 
[5]. Prompt-based approaches have improved recently, and 
adapting them for BioNLI is a critical research question. 
Biomedical literature is inherently complex, including 
domain-specific vocabulary, implicit modalities of causality, 
and complex reasoning, which may require multi-step 
inferences [6]. Without access to external context or structured 
reasoning, generic prompting may not yield accurate 
entailment decisions. For example, zero-shot prompting does 
not always have a contextual signal for confident inference, 
and static few-shot prompting does not always generalize to 
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a wide range of biomedical claims [7]. This will mean that 
BioNLI is more difficult than general NLI, and demands 
models that have domain-aware reasoning capabilities and 
can robustly adapt to clinical semantics.

Recent approaches, such as Chain-of-Thought (CoT) 
[8] and Tree-of-Thought (ToT) prompting [9]have provided 
structured reasoning into the prompting process. These 
methods have encouraged the model to logically decompose 
step-by-step or to try out different reasoning paths before 
giving the final answer and hence can achieve more robust 
performance on tasks where complex inference is involved.

In this paper, we perform an extensive comparison of 
prompt engineering approaches for biomedical NLI with 
two fine-tuned LLMs: DeepSeek-R1-Distill-Qwen-14B and 
LLaMA-3. 1-8B-Instruct. We investigate a wide range of 
prompting approaches (including zero-shot, static few-shot, 
dynamic few-shot, CoT, self-consistency prompting [10] and 
ToT) to examine the impact of diverse prompting methods on 
the BioNLI dataset.

The remaining sections in this paper are organized 
as follows: Section 2 reviews related work on prompt 
engineering and biomedical NLI. Section 3 describes the 
dataset and models, and the prompting schemes utilized. 
The experimental results are presented in Section 4. Section 
5 discusses comparisons with retrieval-based benchmarks. 
Section 6 concludes the paper and proposes future work.

2- Related works
This section reviews prior studies that have employed 

prompt engineering as a core strategy in their investigation of 
NLI tasks, particularly within the biomedical domain. Jiang 
et al. [11] devised a benchmarking framework, denoted Bio-
benchmark, to address existing benchmarks for creating LLMs 
related to tasks in bioinformatics. The tasks included 30 tasks, 
such as protein structure prediction, drug interactions, etc. The 
model consists of the six most common LLMs that are used 
in experiments in zero-shot and few-shot scenarios without 
fine-tuning. They created BioFinder for the enhancement 
of answer extraction and validation through the usage of 
NLP and NLI techniques. Results showed satisfactory LLM 
performance in many tasks, particularly in few-shot settings, 
while highlighting areas needing improvement, such as RNA 
structure and drug-drug interaction predictions.

Rohanian et al. [12] study the inadequacies of general-
purpose LLMs and how they relate to the field of bio-NLP 
with applications to Named Entity Recognition (NER), 
Relation Extraction (RE), and NLI, for example. They find that 
while models like BioBERT perform well, generative LLMs 
struggle with structured outputs. To improve performance, 
they suggest instruction tuning models and created a new 
dataset, named Llama2-MedTuned-Instructions, consisting 
of ~200,000 samples from different biomedical sources 
available presently. When the Llama2 models were tuned 
on this dataset, Llama2-MedTuned was obtained, which 
showed much improved behaviour in zero-shot performance, 
particularly in the case of NLI, and also competitive results 
in NER and RE benchmarks. This indicates that instruction-
tuned LLMs could be a promising approach for research in 
bio-NLP. 

Heston and Khun [13] have investigated some of the risks 
and benefits of Global Language Models (GLM) in medical 
education. The authors emphasized the importance of prompt 
engineering to obtain accurate and high-quality responses. 
They also raised their concerns about misinformation, biases, 
ethical issues, and over-reliance on technology. The authors 
categorized the prompts into three classes: zero-shot, few-
shot, and structured prompts, and discussed their importance 
in medical education and the need for repetitive prompting 
to enhance the quality and minimize the imprecision of their 
output.

Câmpeanu et al. [1] presented a methodology for 
addressing the NLI4CT task using the SOLAR 10B 
instruction-tuned model, without any fine-tuning of the model. 
They focused on some prompting and summarizing specific 
parts within the CTR. They used zero-shot and few-shot 
prompting adaptations to tailor the prompts for the parts of 
the report in concern, such as eligibility, intervention, results, 
and adverse events, etc. They used the NLI4CT, with 1,000 
breast cancer trial reports and over 24,000 entailment relation 
annotations. Their overall approach received a consistency 
score of 0.72, and they ranked 14th in the SemEval-2024 
Task 2 leaderboard.

Mairesse and Verlingue [14] also participated in the 
SemEval-2024 Task 2, which dealt with NLI using pairs 
of statements and CTR sections, from the clinicaltrials.gov 
dataset. They looked at prompt optimization strategies with 

 

Fig. 1. An illustrative example of the BioNLI task showing the relationship between premise, hypothesis, and inference label. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. An illustrative example of the BioNLI task showing the relationship between premise, hypoth-
esis, and inference label.
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LLMs, including zero-shot CoT, dynamic one-shot CoT, and 
OPRO (Optimization by Prompting). Of their approaches, the 
zero-shot CoT produced the highest performance with an F1 
score of 0.70 for case number 1 in the test set.

3- Methodology
We leveraged prompt engineering methods to investigate 

the reasoning capabilities of LLMs employed on a biomedical 
NLI task, motivated by the task of determining whether the 
premise entails (Entailment) or contradicts (Contradiction) 
the hypothesis. We employed the BioNLI dataset and two 
pre-trained large language models, DeepSeek-R1-Distill-
Qwen-14B [15] and LLaMA-3.1-8B-Instruct [16]. We 
designed five prompting methods on the BioNLI task: 
zero-shot, static few-shot, dynamic few-shot, CoT, self-
consistency, and ToT (Figure 2). Each method incorporated 
examples of the task and examples of reasoning, hoping to 
lead to better performance from the LLMs. We evaluate each 
of these methods using standard metrics, accuracy, precision, 
recall, and macro-F1, and compare our results with existing 
benchmarks in the literature and state-of-the-art methods.

3- 1- Dataset
For this study, we used the BioNLI dataset [17], a 

benchmark for biomedical NLI, which is the first in this 
area to present sentence pairs from biomedical literature that 
include mechanistic premises from nine different methods of 
generation. BioNLI is publicly available [17] and was split 

into training and test sets; descriptive statistics can be seen 
in Table 1. This dataset contains two classes: ‘Entailment’ 
and ‘Contradiction’. There are 2,790 and 2,754 samples for 
each class in the train set. In the test set, 5,084 and 1,224 
samples are included for each class. The dataset has a total of 
11,852 samples, 7,874 of which are in the class ‘Entailment’ 
and 3,978 are in ‘Contradiction’. BioNLI provides a 
publicly available means of assessing model performance 
in sophisticated biomedical scenarios. Each instance in the 
dataset has a premise (a scientific claim or observation) and a 
hypothesis (a conclusion or interpretation) for which the task 
is to determine whether the hypothesis is logically supported 
by the premise. In this way, each pair is labeled as either: 

Entailment: The hypothesis logically follows from the 
premise. 

Contradiction: The hypothesis is contradictory or not 
supported by the premise.

3- 2- Zero-Shot Prompting
Zero-shot prompting will assess how well an LLM model 

can perform a task without seeing any examples at all [18]. 
Thus, we created a basic prompt with only task instructions 
and a test pair (premise and hypothesis) to assess the inherent 
NLI capability of LLMs in the biomedical domain as a 
baseline. The prompt template used is shown in Figure 2. 
Our goal was to see the extent to which a pre-trained model 
was able to generalize to the NLI task without any previous 
exposure to biomedical sentence structure.

 

Fig. 2. Five prompting strategies used for BioNLI. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Five prompting strategies used for BioNLI.
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3- 3- Few-Shot Prompting
After the zero-shot evaluation, we were interested in seeing 

if performance could be improved by adding exemplars, 
which is called few-shot prompting. This research aimed to 
examine how LLMs respond to demonstrations and whether 
guided prompting would improve accuracy. At this stage, 
we evaluated two changing few-shot prompting techniques: 
static few-shot prompting and dynamic few-shot prompting.

Static Few-Shot Prompting: In this approach, we 
manually selected four labeled examples (two entailments 
and two contradictions) from the training set, as shown 
in Appendix A. These instances were integrated into the 
prompts and remained invariant across all test instances. This 
approach provides the model with representative patterns, 
allowing for improvement with minimal effort.

Dynamic Few-Shot Prompting: To improve the 
predictions, we dynamically retrieve the most relevant 
examples from the training set for each test instance based 
on semantic similarity that has been calculated using the 
Sentence-BERT model [19]. This will ensure that the model 
sees contextually relevant demonstrations for every case of 
inference. This prompt and its relevant examples go beyond 
what is done with static prompting to see if the relevant aspects 
of the prompting affect the prompt itself. This prompting 
goes beyond traditional static prompts to investigate whether 

the relevance of information in the prompt can affect its 
usefulness. The dynamic few-shot prompting template used 
is shown in Appendix B.

3- 4- CoT Prompting 
Motivated by the fact that model performance significantly 

benefits from examples, notably contextually relevant ones, 
we enrich our analysis with reasoning traces via Chain-of-
Thought (CoT) prompts. CoT prompting enables advanced 
reasoning abilities through intermediate reasoning steps 
[8, 20]. CoT can be combined with zero-shot and few-shot 
prompting to get better results on more complex tasks that 
require reasoning before responding. Also, the hypothesis 
can affirm or refute the premises. In this study, as it was 
conducted in the medical space, not only must there be 
reasoning clearly stated for the task, but the model can parse 
the clinical statements and understand key clinical entities 
to ensure there is a logical relationship between the premise 
(entail) or not (contradict).

3- 4- 1- Zero-Shot CoT Prompting 
We started with zero-shot CoT Prompting, in which the 

model was provided with reasoning instructions (without any 
examples) and was asked to think through the relationship 
between premise and hypothesis before answering. The 

Table 1. Data distribution in the BioNLI dataset.Table 1. Data distribution in the BioNLI dataset. 

Class Train Test Total 

Entailment 2,790 5,084 7,874 

Contradiction 2,754 1,224 3,978 

Total 5,544 6,308 11,852 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. The structured template for the zero-shot prompting. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. The structured template for the zero-shot prompting.
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structured template for this stage is illustrated in Figure 
3. This condition was used to assess LLMs’ ability to 
perform capable reasoning in a biomedical context, with no 
demonstrations. 

3- 4- 2- Dynamic Few-Shot CoT Prompting
Acknowledging the limitations of zero-shot CoT, we 

further conducted an experiment based on the combination 
of examples and reasoning paths. This was followed by the 
few-shot CoT prompting phase. We followed the previous 
findings that dynamic selection performs better and employed 
a dynamic few-shot CoT strategy, as depicted in Appendix C. 
In this configuration, the prompt consisted of semantically 
related instances, along with detailed reasoning. The idea was 
to provide the model with explicit reasoning demonstrations 
tailored to the input instance.

3- 5- Self-Consistency
Sometimes, LLMs produce different outputs for the same 

input due to the randomness inherent in the model architecture 
involved in generating language. To mitigate the variability 
and obtain better predictions, we used a self-consistency 
prompting strategy. In this method, the model is prompted 
with the same input multiple times, generating a different 
reasoning path each time, and the final answer is selected by 
majority vote. To enhance the probability of diverse reasoning 
paths, we set the temperature to 0.8. The temperature 
parameter regulates how stochastic the next prediction will 
be in the model output: the closer to one the temperature, 
the more diverse the next sampling will be; the lower the 
temperature, the more deterministic the output will be. The 

use of a moderately high temperature along with sampling 
allowed the model to create next-generation reasoning chains 
before responding. The use of self-consistency prompting 
allows us to leverage the previous Dynamic Few-Short 
Chain-of-Thought prompting setup, in which we think about 
each reasoning sequence of example-driven logical steps. 
Thus, self-consistency is preserved and improves both the 
robustness and accuracy of the model, particularly on more 
demanding tasks requiring complex multi-step inference.

3- 6- Tree of Thought
Tree-of-Thought (ToT) prompting is a sophisticated 

reasoning method typically utilized to simulate higher forms 
of decision-making through multiple parallel reasoning 
branches. Unlike simpler linear prompting methods, ToT 
provides additional structure to the exploration of parallel 
thinking across different logical perspectives, such as 
semantic, relational, and implicit knowledge in clinical 
entities [21]. This is a better simulation of how clinicians look 
at evidence, how they take different perspectives, and perform 
an evaluation before making a decision. We used Few-Shot 
ToT prompting in this study, combining few-shot learning 
with CoT reasoning, as the tree branching structure of ToT 
provides an environment for the model to perform reasoning 
in multiple distinct paths (e.g., A, B, C for each case) using 
different reasoning approaches to see how each pathway 
evaluated the relationship between the premise and hypothesis. 
At the end of the entire reasoning process across the branches, 
the model produced a final output through majority voting of 
the conclusions of each branch. We were primarily motivated 
to explore the feasibility of ToT in evidence synthesis after a 

 

Fig. 4. The structured template for the zero-shot CoT prompting. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. The structured template for the zero-shot CoT prompting.
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few limitations in conventional CoT prompting, particularly 
in edge cases when single-path reasoning fails. Our objective 
was to examine whether ToT could improve the consistency, 
interpretability, and accuracy of the model’s predictions of 
complex biomedical inferences. ToT provided opportunities 
for deeper-level analysis and improved robustness in cases 
that required reasoning beyond simple, surface-level pattern 
matching. The structured template for this stage is shown in 
Appendix D. ToT expands upon reasoning by chains to allow 
the model to explore multiple reasoning paths in parallel 
rather than conforming to a single inferential progression. 
This format is especially beneficial in biomedical NLI, where 
the clinical logic often demands simultaneous consideration 
of alternative diagnostic hypotheses, verification of semantic 
and causal coherence, and integration of implicit biomedical 
knowledge before concluding. By requiring the model to 
branch and compare reasoning paths, ToT is more in accord 
with human-inspired medical decision-making and decreases 
the likelihood of premature and/or biased conclusions in 
complex inference problems [9, 22].

4- Results
The outcomes of the various prompt engineering methods 

that were tested using the LLMs on the BioNLI dataset are 
shown in Table 2, using four traditional metrics (accuracy, 
precision, recall, and Macro-F1). Concerning the prompt-only 
approaches, the best Macro-F1 score (0.5936) was observed in 
Dynamic few-shot Prompting with DeepSeek, which is better 
than both Static few-shot (0.5255) and Zero-Shot prompting 
(0.5200). These results indicate that the use of contextual 
examples, which are dynamically retrieved using semantic 
matching, promotes model performance in biomedical NLI 
tasks. The Static examples afforded some level of benefit, 
but there is little ability to consider the heterogeneous nature 
of biomedical text. With the addition of reasoning via few-
shot CoT prompting, considerable improvements were seen, 
with DeepSeek returning a Macro-F1 of 0.6124. The use 
of Self-Consistency CoT, where multiple reasoning paths 
were created and the majority voting technique was used to 
create a final output, improved this to 0.6361. In addition, 
and combined with the higher performance scores, these 
results also support the view that performance on inference 
biomedical tasks may benefit from multi-step reasoning and 
‘aggregation’ of model outputs that help reduce uncertainty. 
The Zero-shot CoT prompting produced the highest error 
(Macro-F1 of 0.3835 for DeepSeek), which suggested to 
us that an attempt to perform reasoning with no contextual 
or demonstrational examples created disconnected and 
incoherent reasoning chains. The important part to stress 
here is that CoT prompting alone is ineffective in complex 
domains such as biomedicine, unless it is associated with 
examples or domain adaptation circumstances.

The strongest results across the board were with few-
shot ToT prompting, where DeepSeek achieved a Macro-F1 
of 0.7105, and LLaMA achieved 0.5796. This structured 
multi-path reasoning approach was very effective when 
making decisions about complex entailments and suggests 

a reasonable likelihood of usefulness as a clinical reasoning 
simulation. Across all prompting configurations, DeepSeek-
R1-Distill-Qwen-14B outperformed LLaMA-3.1-8B-
Instruct. We attribute DeepSeek’s better performance to its 
domain-oriented pretraining and distillation processes, which 
we expect to support better biomedical language grounding. 
There was also a very large performance difference between 
the two models in identical prompting conditions, which 
we expect was partly attributable to the larger random seed-
derived differences concerning their architecture and training.

5- Discussion
The experimental results reported in this study provide 

evidence supporting the efficacy of prompt engineering 
strategies in improving the performance of LLMs on the 
BioNLI task. The method producing the best macro-F1 score 
of 0.7105 using the DeepSeek-R1-Distill-Qwen-14B model 
was few-shot ToT prompting, surpassing all other prompting 
configurations, including zero-shot and standard few-shot 
techniques.

We contrasted our results against those from Li et al.’s study 
[23], which introduced BioRAB, the most robust biomedical 
benchmark that enables the analysis of Retrieval-Augmented 
Language models (RALs) on a variety of biomedical NLP 
tasks, including BioNLI. Li et al.’s best-performing setup, 
the LLaMA2-13B with the MedCPT retriever, achieved 
a Macro-F1 score of 69.21, outperforming the base LLM 
(62.62). Our best-performing prompt-only setup (DeepSeek 
+ few-shot ToT) surpassed the retrieval-augmented model 
from Li et al.’s study in Macro-F1 score by +1.34 (71.05 
vs 69.21). This was a significant finding, particularly 
given that the prompt engineering leveraged no external 
knowledge retrieval, only structured design of prompts and 
reasoning modalities. This suggests that, given the proper 
prompting circumstances, state-of-the-art LLMs can match 
or exceed the retrieval-augmented mode performance, at 
least for BioNLI. Taken together, our results demonstrate that 
prompt engineering, especially for reasoning-based types 
like CoT and ToT, can allow for similar or complementary 
approaches to retrieval-based approaches, particularly when 
it can be established that the domain-specific knowledge 
is already well-encoded into the LLM.  Table 3 provides a 
direct comparison between our best-performing prompt-
based approach and the retrieval-augmented configurations 
evaluated by Li et al. on the BioNLI dataset.

The performance gains reported may appear modest in 
absolute numerical terms, but our method can achieve this 
gain without any fine-tuning whatsoever and by using prompt-
based reasoning. By contrast, the comparison retrieval-
augmented baselines require supervised task-specific training 
as well as domain-adapted retrievers. The reported Macro-F1 
of 71.05% for our method exceeds the BioRAB baseline 
performance of 69.21% obtained with LLaMA2-13B + 
MedCPT retriever, and significantly exceeds that of 62.62% 
observed with the base LLaMA2-13B model. This indicates 
that structured prompting, in particular, ToT reasoning, is a 
viable and effective alternative to such parameter-intensive 
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supervised pipelines, with competitive performance, but 
clearly requiring much less compute and data.

6- Conclusion
In this paper, we examined several prompt engineering 

approaches to improve LLM performance on the BioNLI 
task. Our experiments showed the importance of a variety 

of different prompting techniques in obtaining an effective 
model, particularly in complex reasoning tasks. Among all 
methods explored in this work, the Few-Shot ToT prompting 
type provided the best performance, with a DeepSeek-
R1-Distill-Qwen-14B model reaching a performance of 
71.05 Macro-F1. This level of performance was not only 
superior to basic prompting techniques, but also the best 

Table 2. Evaluation results of different prompt engineering strategies.Table 2. Evaluation results of different prompt engineering strategies. 

Prompting technique / Model Accuracy Precision Recall Macro-F1 

Zero-shot 

DeepSeek-R1-Distill-Qwen-14B 0.5588 0.5722 0.6152 0.5200 

Llama-3.1-8B-Instruct 0.3707 0.5103 0.5132 0.3666 

Static Few-shot 

DeepSeek-R1-Distill-Qwen-14B 0.5713 0.5680 0.6093 0.5255 

Llama-3.1-8B-Instruct 0.4692 0.5543 0.5807 0.4528 

Dynamic Few-shot 

DeepSeek-R1-Distill-Qwen-14B 0.7355 0.5936 0.6027 0.5936 

Llama-3.1-8B-Instruct 0.6150 0.5385 0.5574 0.5250 

Zero-shot CoT 

DeepSeek-R1-Distill-Qwen-14B 0.3910 0.5126 0.5171 0.3835 

Llama-3.1-8B-Instruct 0.3450 0.5161 0.5182 0.3450 

Few-shot CoT 

DeepSeek-R1-Distill-Qwen-14B 0.6574 0.6368 0.7176 0.6124 

Llama-3.1-8B-Instruct 0.6480 0.5150 0.5192 0.5118 

Self-Consistency CoT 

DeepSeek-R1-Distill-Qwen-14B 0.6794 0.6565 0.7487 0.6361 

Llama-3.1-8B-Instruct 0.6746 0.5231 0.5271 0.5231 

Few-Shot ToT 

DeepSeek-R1-Distill-Qwen-14B 0.7829 0.6932 0.7623 0.7105 

Llama-3.1-8B-Instruct 0.6304 0.6056 0.6677 0.5796 
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retrieval-augmented configuration of all previous work 
from newly released literature [23], relying purely upon 
prompt engineering and internal reasoning only. Our 
analyses demonstrate the efficacy of structured prompting 
and reasoning-based methodologies as useful and efficient 
alternatives to retrieval-augmented means when access to 
external knowledge is tenuous or non-existent. Additionally, 
DeepSeek consistently outperformed LLaMA-3.1 across 
all comparisons, suggesting that the distillation method and 
pretraining on domain specificity, specifically for biomedical-
related inference tasks, are beneficial and important. For 
future work, we propose parameter-efficient adaptation by 
testing the limits of prompt tuning, LoRA, or a combination 
of both.
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Appendix A: The structured template for the static few-shot prompting. 
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Appendix B: The structured template for the dynamic few-shot prompting. 
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Appendix C: The structured template for the dynamic few-shot CoT prompting. 
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Appendix D: The structured template for the few-shot ToT prompting. 
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