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“Let’s Argue Both Sides”: Argument Generation Can
Force Small Models to Utilize Previously
Inaccessible Reasoning Capabilities
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Large Language Models (LLMs), despite achieving state-of-the-art results in a number of evaluation tasks, struggle to maintain
their performance when logical reasoning is strictly required to correctly infer a prediction. In this work, we propose Argument
Generation as a method of forcing models to utilize their reasoning capabilities when other approaches such as chain-of-
thought reasoning prove insufficient. Our method involves the generation of arguments for each possible inference result, and
asking the end model to rank the generated arguments. We show that Argument Generation can serve as an appropriate
substitute for zero-shot prompting techniques without the requirement to add layers of complexity. Furthermore, we argue that
knowledge-probing techniques such as chain-of-thought reasoning and Argument Generation are only useful when further
reasoning is required to infer a prediction, making them auxiliary to more common zero-shot approaches. Finally, we
demonstrate that our approach forces larger gains in smaller language models, showcasing a complex relationship between

model size and prompting methods in foundation models.
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1. Introduction

Large Language Models, including state-of-the-art models such as Llama family of LLMs[ll, Mistral 7B[2], and Phi-3E2l have shown
to significantly outperform previous generation of models such as BERTL in several mainly classification tasksl®l. However,
despite their seemingly human-like auto-regressive behavior, Large Language Models do not perform well when deep reasoning or

analysis is required to effectively infer a prediction[ZlI8],
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AG Prompt

Given the context below and possible
conclusions, provide a score for each
conclusion. When answering, first reason about
each choice, and make an argument for why it
can be the answer and why it cannot be the
answer.

LLM

Response

Reasoning: A- This option seems likely
because..., however...
B- This option can be the correct answer
because..., however...
Final Answer: A

Figure 1. The general framework of Argument Generation

Prompting

In order to bolster the reasoning capabilities of large language models, the research community has done extensive recent work in
the form of chain-of-thought reasoningm, Self—Reﬂection[m, Multi-Agent Debate@@, and Socratic prompting[m,
demonstrating that prompting the model to generate the reasoning behind its answer, or generating a step-by-step guide to reach

its response can help predict better results.

Taking inspiration from chain-of-thought reasoning, and motivated by the need to develop better prompt techniques with the goal
of increasing model performance in reasoning tasks, we introduce Argument Generation, a single-pass prompting technique that
aims to utilize the reasoning and argumentation capabilities of Large Language Models to generate better responses where deeper
consideration of logic or reasoning is required to infer the correct result. Argument Generation involves a two-step process. We first
prompt the model to generate possible reasoning for the truthfulness of each possible option, and then we ask the model to rank

the generated arguments and map its ranking to a final output in accordance with the task expectations.

We evaluate our method on a number of openly available state-of-the-art Large Language Models using nine tasks of different
natures. We find that Argument Generation at its weakest, does not perform significantly worse than chain-of-thought reasoning,
and is able to outperform both zero-shot reasoning and chain-of-thought reasoning when a deeper understanding of the task
options is required. Furthermore, we note that in comparison to chain-of-thought reasoning, Argument Generation can be used as a
stronger knowledge probing technique that is useful in instances where such probing is essential, or some level of prior knowledge
regarding the task is present (such as possible response candidate). However, our method does not necessarily increase the model

performance for inputs that observe acceptable results under more common methods.
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We make the following contributions: (1) We introduce Argument Generation, a novel prompting technique that aims to access the
underlying reasoning capabilities of LLMs. (2) We show through a series of experiments that our method is able to effectively
reason under conditions that fail chain-of-thought reasoning. (3) We show that our prompting method is more effective when used
with smaller language models, eliciting further investigation into the relationship between prompting approaches and model

capabilities.

2. Background and Motivation

Argumentation is the cognitive capability of generating and evaluating “reasons” for deriving a conclusion!$3l. It is a central aspect
of human intelligence and is omnipresent in natural human communication. It extends the conception of reasoning in LLM-
researchl0l by including the notion that conclusions drawn must be new. Indeed, it has been suggested that human reasoning
evolved for the purposes of enabling humans to persuade each otherlZl through arguments.

We hypothesize that many day-to-day arguments are evaluated by humans in an intuitive (fast, system 1) manner, without deep

thought or “epistemic vigilance”[1&

, unless they are from trusted sources and appear to contradict our own beliefs. Thus, because
LLMs were pretrained with human communicative interactions, we hypothesize that LLMs are capable of fast argumentative
thinking. By triggering argumentative thought, we hypothesize that LLMs can effectively generate reasons and assess conclusions,

as well as improve core reasoning capabilities across a variety of domains, including commonsense, logical, and social.

3. Related Work

General argumentation ability of LLMs have begun to be explored by researchers, with a focus on a number of computational
argumentation subtasks such as argument mining, claim detection, evidence detection and type classification, argument
generation, and summarization21201211[221[231[24] Research suggests that LLMs “exhibit commendable performance”29 in zero-
shot and few-shot settings thereby supplying a foundation supporting our approach.

Delving deeper, we can explore two core aspects of argumentation. First, the ability to argue for/against all sides (thinking like a

lawyer). Second, the ability to generate implicit assumptions (necessary or sufficient warrants) needed to support the argument.

Arguing all sides is related to “backward reasoning” suggested inml, where they discuss that it is “better to collect both supportive
and opposing knowledge to compare the confidence of different conclusions for defeasible reasoning.” Additionallyfz—51 discuss the
idea of allowing several different reasoning paths and choosing the “most consistent one”. Another approach is contrastive chain-
of-thought[28l where they consider both valid and invalid reasoning demonstrations alongside original prompt — a dual
perspective approach. Additionally, work in multiagent debate, for example[29l uses a notion of a debate with multiple agents
discussing and talking about the problem. However, none of these approaches attempt at rationalizing all sides of an argument.
That is none of these offer up the best possible argument for/against each choice, and then evaluate the best argument (for

example, anticipatory reflection of plans inl270),

Extracting implicit information relates to work in “knowledge-enhanced”28! strategies in which an implicit model generates
knowledge and rationales. Alsoll8! discusses Leap-of-thought reasoning which uses implicit facts to answer questions. A related
notion is that of decomposing implicit multi-hop questions down in connection with the general backward reasoning tactic of

question-decomposition (see summary inl0l). Work byfﬁl suggests extracting implicit assumptions from premise-conclusion
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pairs, however, that work does not explore how such endeavor influences an LLM’s reasoning capability. Although there is a

growing body of work in question decomposition, it is unclear to what extent they take implicit assumptions into account.

General LLM reasoning capabilities have been improving over the past several years with numerous datasets targeting different
types of reasoning — logical, mathematical, commonsense, argumentation, and social reasoning[2811161301B311[321(33] The methods
have involved various techniques to evoke reasoning processes such as having the LLM explicate its chain of thought!24l reflect on
its own reasoning process23l decompose complex reasoning processes into simpler problems that can be solved more easily[20],
explore many different reasoning paths and decide on one that wins a majority votel23l and others. These various methods have
shown improvements in various reasoning tasks, but none have shown cross-domain effectiveness. Moreover, their reasoning
capabilities are limited when exposed to scenarios in which the model must resolve a disagreementm, distinguish a correct phrase
from an incorrect onel27l or assign a nondeterministic gender to a subject38l. Overall, Large Language Models have shown
promising results in a variety of reasoning tasks while serious challenges and shortcomings still remainl®l. What is missing is a
cross-domain strategy to improve an LLM’s zero-shot reasoning capabilities, which we hypothesize to be enhanced by its latent

capability for argumentative thinking.

4. Methodology

We now provide details regarding our approach, including the proposed zero-shot approach and the reasoning behind our choice of

Argument Generation as a prompting technique.

Argument Generation involves two overall steps. Given an initial input z with possible answers ki, ks, . . . k;,, we first prompt the
model to generate arguments supporting and attacking each answer k;, creating arguments x/, 5, . . . ), for each possible answer.
We then ask the model to choose the answer with the strongest argument as the final output. More concretely, the Large Language
Model is utilized as a proxy for an argument ranking function that chooses the most feasible options among arguments
z,xh, ... Th.

The rationale behind our approach is two-fold. First, it has been shown that Large Language Models, when provided with a
reasoning context towards the correct output, observe significantly improved performancel3219 making the reasoning behind
each choice an important contributor to model performance. Second, Large Language Models can act as effective rankers when
provided with a list-wise input of possible options“2l, indicating the feasibility of their possible utilization for the effective ranking
of arguments. As a result, the proposed technique relies on the assumption that the correct answer k; to the query z should
logically have the strongest argument supporting it, forcing the ranker model to choose the argument that is directly mapped to

the correct answer.

Essentially, Argument Generation is similar to chain-of-thought reasoning because both focus on the generation of a token chain
with the goal of increasing the probability of generating a viable final answer. However, chain-of-thought reasoning operates
under the assumption that the generation of supporting steps is sufficient for the final true output. On the other hand, Argument
Generation aims to take into consideration the possibility of the presence of a counterargument that is statistically more significant
than the answer that is generated by pure chain-of-thought. As such, we hypothesize that chain-of-thought can sufficiently
generate the most logically intuitive response to the user input, while Argument Generation might be better suited for cases where
the correct answer is initially unintuitive but may increase in statistical significance as a valid counterargument is presented

against the other answer candidates.
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5. Evaluation

To empirically evaluate the effectiveness of our proposed method, we have tested the performance of Argument Generation in nine

datasets and across nine models. For the remainder of this section, we focus on describing our evaluation setting.

5.1. Models

In order to perform a comprehensive evaluation over models of different size and architecture, we test our approach using nine
models, including two families of models, and five independent, recently released LLMs. These include Llama 3 family of models

(8B and 70B), Gemma family of models (2B and 7B)41l phi-3 3.8B3] Mistral 7B12l, GPT 4o0-minil, Qwen2 1.5B%2l and Aya 35431,

5.2. Datasets

Our choice of datasets includes candidates from nine different tasks, each representing a group of tasks that aim to quantify a
specific aspect of a given model. We strive to cover tasks belonging to different domains, including question-answering,
argumentation, reasoning, bias evaluation, human-alignment, and autoregressive generation. The tested datasets include
CommonSenseQA%4!, DiFair(38] 1BM-30K[“] TruthfulQA (generation and multiple choice tasks)€), StereoSet%Z), StrategyQal48],

Formal Fallacies[‘ﬁ], and AlpacaEval (human annotation task)[29].

For all tasks, we report the metric proposed by the task’s respective paper. The only exceptions to this rule are IBM-30K and the
generation task of TruthfulQA. For IBM-30K, we report 1 - MAF as the final score to be consistent with others metrics and to
showcase the model response quality per individual instance. In the case of TruthfulQA, we use GPT 40-mini as the judge model as
opposed to the fine-tuned GPT-3 utilized by the authors. For the multi-choice TruthfulQA task, we additionally generate 60
questions by randomly sampling 15% of the original dataset and replacing the correct option with ‘None of the Answers are

Correct’. This is done in order to further evaluate model performance when no clear answer exists.

Observe that Argument Generation requires the existence of valid candidate responses in order to correctly reason, and choose a
response. However, in the case of Large Language Models, it is often the case that the user does not have a set of candidate
responses for their question. In such cases, we prompt the model to generate such responses first, and then use them as the
possible answers to the question. This approach is based on the hypothesis that if a model has sufficient knowledge to answer a
question, it should also generate that response as a candidate. Similar methods have shown to be effective in prompt ranking

approaches[—r’—u.

5.3. Argument Generation

We perform our evaluations using two different Argument Generation settings in order to evaluate both the effect of generation of
implicit assumptions, as well as the model sensitivity to different Argument Generation prompts. In the first approach, given an
input = and a possible answer k, we explicitly ask the model to generate an implicit assumption under which k is a valid response
to z. An implicit assumption is a set of logical propositions P such that every proposition in P must hold in order for the answer to
follow logically from x. We then ask the model to rank these implicit assumptions by the feasibility of all p; € P to hold

simultaneously. We finally take the implicit assumption with the highest feasibility ranking as the final answer to the input.

In the second approach, given an input = and a possible answer k, we ask the model to both generate an argument for accepting

k as a correct answer to z and generate an argument for rejecting k as a correct answer to x. We then apply this process to all
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candidate answers k; through k,, such that n tuples of arguments are generated by the model. We finally prompt the model to rank

the aforementioned n tuples and generate the final answer to input z.

Algorithm 1 showcases both of the aforementioned techniques, where ASSUMPTION(X, K) refers to the generation of implicit
assumptions for each candidate answer, and ranking them via a list-wise ranking technique, and ARGUMENT(x, K) refers to the
generation of tuples of arguments for each candidate answer that both support and attack the corresponding candidate answer,

and then ranking them via a list-wise ranking approach.

Algorithm 1 Argument Generation

Require: Input z, List of Possible Answers K
Ensure: Final Response k;
1: procedure GENERATION(X, K)

2: function IMPLICITASSUMPTION(X, K)
3: LetA:=¢
4: forall k; € K do
5: A := AU ASSUMPTION(X, k;)
6: Let Ranking := RANKING(A)
7: return Ranking[0] > Return the Top
Ranking Answer
8: function ARGUMENTGENERATION(X, K)
9: LetA:=¢
10: forall k; € K do
11: A := A U {ARGUMENT(X, k;),
ARGUMENT(X, —k;)}
12: Let Ranking := LWR(A)
13: return Ranking[0] > Return the Top
Ranking Answer

We acknowledge that it is possible to extend our approach to a multi-agent setting, where the argument generation is done by an
external model that is separate from the ranking model. However, we focus on single-pass prompting for the purpose of this study
to (i) provide a single-pass, easy-to-implement approach that is comparable to zero-shot chain-of-thought reasoning both in
performance, and running time, and (ii) refrain from unnecessarily increasing the computational requirement of the approach, as
seen in other multi-agent techniques. However, we hypothesize that generalizing our algorithm to utilize multiple agents is both

simple and observes an increase in performance.

6. Evaluation Results

We now showcase our results as tested against the datasets mentioned in section 5. We additionally show that Argument Generation,
when outperforming zero-shot chain-of-thought reasoning, demonstrates significantly higher performance gain, and suffers
smaller losses in cases where it does not result in increased performance. We finally provide a model size analysis to better

understand the relationship between prompting methods and the number of parameters present in a given Large Language Model.

6.1. Performance Analysis

Table 1 showcases the evaluation results when using Argument Generation against zero-shot chain-of-thought promptingLgl and

common zero-shot prompting!22.
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IBM- TruthfulQA
Model Prompt CommonSenseQA | DiFair TruthfulQA | StereoSet | StrategyQA FormalFallacies | AlpacaEval
30K Gen
Zero-Shot 43.24% 0.0% | 59.46% 20.63% 63.70% 55.45% 34.66% 53.20% 54.39%
Chain of
41.85% 12.65% | 49.98% 18.61% 36.17% 49.34% 34.77% 53.20% 57.01%
Thought
Argument
Gemma
Generation
2B 3718% 34.54% | 62.63% |  4797% 44.97% 46.28% 29.32% 49.60% 57.78%
w/ Implicit
Assumptions
Argument
39.80% 55.39% | 80.93% 31.27% 34.3% 50.21% 29.32% 53.60% 57.62%
Generation
Zero-Shot 69.28% 0.0% |70.85% | 2893% 88.87% 66.37% 55.99% 49.60% 62.71%
Chain of
69.12% 32.52% | 63.14% | 41.48% 66.98% 58.07% 50.69% 47.20% 61.94%
Thought
Argument
Gemma
Generation
7B 66.33% 4751% | 69.31% 33.05% 64.05% 61.33% 59.59% 47.20% 59.93%
w/ Implicit
Assumptions
Argument
66.66% 55.84% | 72.94% |  25.21% 73.88% 54.14% 59.65% 49.20% 57.62%
Generation
Zero-Shot 71.33% 22.19% | 60.51% 4797% 42.47% 65.93% 4752% 53.20% 58.24%
Chain of
71.61% 10.80% | 66.03% | 44.57% 54.36% 74.23% 64.65% 59.20% 55.00%
Thought
Argument
Llama3 B
Generation
8B 63.22% 55.88% | 71.22% | 51.70% 55.73% 60.26% 78.28% 46.80% 51.30%
w/ Implicit
Assumptions
Argument
64.12% 58.57% | 73.50% | 33.93% 4590% 62.88% 78.88% 50.00% 46.68%
Generation
Llama3 | Zero-Shot 79.85% 78.08% | 76.04% 69.04% 4191% 72.77% 57.09% 53.20% 52.22%
70B
Chain of
80.26% 82.79% | 64.46% 70.53% 39.04% T4.67% 77.80% 71.60% 49.36%
Thought
Argument
Generation
Th.46% 72.45% | 76.98% 56.91% 73.44% 45.41% 82.58% 64.40% 49.52%
w/ Implicit
Assumptions
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IBM- TruthfulQA
Model Prompt CommonSenseQA | DiFair TruthfulQA | StereoSet | StrategyQA FormalFallacies | AlpacaEval
30K Gen
Argument
75.34% 79.16% | 76.13% | 68.93% 52.05% 72.05% 82.59% 62.80% 50.15%
Generation
Zero-Shot 67.97% 6% | 63.04% |  47.55% 56.0% 64.19% 57.33% 53.20% 62.22%
Chain of
66.66% 71.59% | 62.57% | 51.48% 61.52% 64.62% 63.94% 54.80% 61.63%
Thought
Argument
Phi3 &
Generation
3.8B 66.91% 57.24% | 69.50% | 51.70% 61.15% 60.26% 73.08% 54.80% 63.17%
w/ Implicit
Assumptions
Argument
67.97% 52.39% | 69.17% | 52.12% 61.67% 62.88% 73.54% 55.60% 57.62%
Generation
Zero-Shot 67.81% 45.66% | 64.83% 8% 46.61% 61.57% 65.74% 53.20% 59.93%
Chain of
67.89% 62.19% | 59.82% 55.95% 41.10% 65.06% 7791% 47.20% 61.01%
Thought
Argument
Mistral &
Generation
78 64.29% 63.44% | 66.58% | 50.63% 46.28% 60.26% 77.29% 50.40% 58.08%
w/ Implicit
Assumptions
Argument
64.70% 66.51% | 66.85% | 51.27% 49.24% 60.69% 77.50% 50.00% 54.54%
Generation
Zero-Shot 82.47% 83.58% | 55.78% 66.06% 75.48% 77.50% 66.15% 53.20% 65.63%
Chain of
82.711% 7992% | 51.25% 65.53% 86.37% 77.50% 82.30% 63.20% 63.63%
Thought
GPT- Argument
4o- Generation
. 79.68% 73.15% | 71.96% 58.29% 86.22% 70.30% 91.83% 71.20% 56.70%
Mini | v/ mmplicit
Assumptions
Argument
80.26% 81.10% | 71.71% 56.38% 86.87% 71.61% 91.89% 69.20% 53.77%
Generation
Qwen2 Zero-Shot 69.45% 10.21% | 76.04% 29.14% 50.31% 54.58% 42.37% 53.20% 53.15%
1.5B
Chain of
59.95% 22.56% | 64.46% 32.65% 39.55% 54.58% 53.76% 46.40% 61.32%
Thought
Argument
Generation
49.95% 50.03% | 76.98% | 11.48% 26.99% 49.34% 44.4L6% 49.60% 63.02%
w/ Implicit
Assumptions
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IBM- TruthfulQA
Model Prompt CommonSenseQA | DiFair TruthfulQA | StereoSet | StrategyQA FormalFallacies | AlpacaEval
30K Gen
Argument
54.79% 52.57% | 76.13% 14.68% 31.87$ 55.02% 43.80% 50.00% 62.40%
Generation
Zero-Shot 85.83% 69.71% | 62.73% 48.82% 65.28% 67.68% L4 L8% 53.20% 65.48%
Chain of
82.39% 74.02% | 40.06% |  43.82% 48.61% 82.53% £41.81% 47.60% 63.02%
Thought
Argument
Aya35B | Generation
76.16% 61.63% |72.64% | 58.19% 4733% 72.48% 30.20% 48.40% 63.63%
w/ Implicit
Assumptions
Argument
77.31% 66.25% | 64.56% |  54.25% 47.85% 78.60% 29.84% 47.60% 66.10%
Generation

Table 1. Prompting results using Argument Generation, Chain of Thought Reasoning, and Zero-Shot Prompting in nine different tasks.

We observe that our method is able to outperform both zero-shot prompting and chain-of-thought reasoning in 38 of the 81 test
settings, amounting to a win rate of 46.91%. Additionally, our approach outperforms chain-of-thought reasoning in 47 of the 81
settings, showcasing that Argument Generation yields better results in 58.02% of the test cases. Among the 45 cases where our
proposed method performs better, there are 35 cases (77.77%) in which both proposed approaches outperform chain-of-thought
reasoning, while Argument Generation with implicit assumptions is able to yield better results in 38 cases (84.44%), and Argument
Generation without implicit assumptions has a better performance in 42 cases (93.33%), showcasing that both methods have

similar results while tested against chain-of-thought reasoning.

With respect to individual datasets, we find that our method enjoys a significant performance boost when tested against instances
of IBM—30KI£1, with both methods showing improved results over the two other baselines in all models. This behavior is expected
as IBM-30K measures a model’s capability to correctly discern a valid argument from an invalid one, and our approach operates via
generating arguments that both support and attack the given input, meaning that invalid arguments will have weaker support,

allowing the model to effectively rank the inputs based on their argumentative strength.

Additionally, we observe that Argument Generation is able to increase model performance for 10 out of 18 instances (55.55%) against
all methods, and for 13 out of 18 instances (72.22%) against chain-of-thought reasoning in DiFairl28l and StereoSet“Z] datasets,
showcasing that argumentation might serve as a reliable debiasing method for Large Language Models. Interestingly, the
correlation between our approach’s improving effects and a given model’s general capability is not strictly positive in this case,
meaning that it is possible for larger models to observe lower, or no gains when prompted with Argument Generation. We attribute
this observation to the possibility of more capable models deceiving themselves via supporting an incorrect candidate when the
initial knowledge is sufficient to make a prediction, meaning that Argument Generation might force an artificial and unwanted

decrease in model confidence. We provide further details and analysis in section 6.3.
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6.2. Performance Difference Analysis

In order to observe the expected performance metric difference, we define A,,;,, as the mean difference between chain-of-thought
reasoning and the worst-performing Argument Generation method when chain-of-thought reasoning is performing better than our
approach, and A,,,, as the mean difference between chain-of-thought reasoning and the best-performing Argument Generation
method when chain-of-thought reasoning is performing better than our approach. Conversely, we define I',,,;;, and I, similarly
for cases in which Argument Generation is performing better than chain-of-thought reasoning. More concretely, A values show the
performance decrease of Argument Generation with respect to chain-of-thought reasoning when the second approach is able to
outperform our method, while I" values demonstrate the performance increase when Argument Generation produces better results

in comparison to chain-of-thought reasoning.

Model Name Apin Aoz Tonin Cinax
Gemma 2B 5.06 375 11.95 2595
Gemma 7B 779 430 10.02 14.02
Llama3 8B 10.72 7.88 21.29 23.15
Llama3 70B 13.56 399 740 13.12

Phi3 3.8B 11.78 8.04 4.05 4,62
Mistral 7B 416 311 3.99 5.67

GPT-40-Mini 8.39 5.45 17.08 17.82

Qwen2 1.5B 13.42 10.02 10.85 1195
Aya 35B 838 5.83 11.84 16.67
Overall 1033 703 11.48 1535

Table 2. Observed results of A,,;, y Apaz s Dminy @0d T4, for all tested models. We find that in cases where our method performs better, it
generally holds that it has a larger performance gain in comparison to the instances where Chain-of-Thought reasoning is the best

method.

Table 2 showcases our empirical results. We find that except for the Phi3 3.8B model, all LLMs demonstrate significantly higher
performance in instances where our method outperforms zero-shot chain-of-thought reasoning. Most significantly, Llama3 8B
has a mean performance difference of 21.29% between the worst-performing Argument Generation approach and zero-shot chain-
of-thought reasoning (T',,;») in tasks that our method performs better. Looking at I',,,,, the best-performing proposed method is
able to boost Gemma 2B model performance by 25.95%, and Llama3 8B performance by 23.15%, showcasing that overall when such
an increase in model performance is observed, the increase is significant. Conversely, Phi3 3.8B, when prompted using our method,
only has an increased output value of 4.62% at best, while performing 11.78% better than the worst-performing Argument
Generation approach, and 8.04% better than the best-performing approach in instances that chain-of-thought reasoning yields

better results. We attribute this behavior to the model’s lower argument ranking capabilities, meaning that Phi3 cannot effectively
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rank the arguments based on their validity. This notion is further bolstered by the model’s relatively low performance in the IBM-
30K task when using our proposed method, as seen in Table 1. Additionally, Phi family of models enjoy a significant performance
boost when paired with chain-of-thought reasoning?, which we believe contributes to the observation that our approach does not
significantly increase the model performance in this instance relative to other models. Overall, our observations suggest that the

effectiveness of prompting techniques might be as much model-dependent as they are task-dependent.

Finally, in order to better understand the model sensitivity to the presence or absence of implicit assumptions in the designed
prompts, we report the average performance difference between the two Argument Generation methods. We find an absolute
performance difference of 4.09% between the two approaches, the lowest amount among every other possible pair, with the
closest pair being chain-of-thought reasoning and normal Argument Generation with an absolute performance difference of 8.56%.
Similarly, the two Argument Generation methods have a Spearman correlation coefficient of 0.8351, with the closest pair having a
correlation coefficient of 0.6685. Overall, our tests show that different models are generally resilient to variations in the prompt

design as long as they are bound by the general procedure as provided in algorithm 1.

6.3. Model Size Analysis

N ZS mm COT mmm AGIP mmm AG

60 -

50 1

40

30

Mean Performance

20 A

101

Gemma 2B Phi3 3.8B Qwen2 1.5B

Gemma 7B Llama3 88 Mistral 7B GPT4 Mini Llama3 70B Aya 35B
Model Name

Figure 2. Mean Performance in models of different size

We now provide our results on the effects of prompting on models of different sizes. In order to conduct our evaluation, we divide
the models under test into three subcategories. The first category constitutes Gemma 2B, Phi3 3.8B, and Qwen2 15B and is
demonstrative of small language models (below 7 billion parameters). The second category contains Gemma 7B, Llama3 8B,
Mistral 7B, and GPT40 mini and showcases language models of medium size. Finally, Llama 3 70B and Aya 35B are members of the

third category and act as sample members for the largest of language models by parameter count.

Figure 2 demonstrates the mean performance of the four prompting methods across different sizes, grouped by the
aforementioned categorization where ZS, COT, AGIP, and AG stand for zero-shot, chain-of-thought, Argument Generation with
Implicit Assumptions, and Argument Generation, respectively. Our findings show that generally, models experience a performance
increase when prompted either with chain-of-thought reasoning, or Argument Generation with Aya 35B being the only significant
exception. We observe that models of smaller sizes (medium and small) experience a significant performance boost when

prompted via Argument Generation (for 100% of the models) and chain-of-thought reasoning (for 62% of the models).
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Furthermore, smaller models show a higher performance gain when compared to the largest Llama 3 and Aya instances. More
specifically, the mean performance gain when utilizing Argument Generation compared to chain of thought prompting is 3.18% for
small models, and 2.72% for medium models, while the performance gain for the large models is 0.95%. We hypothesize that the
reason behind the lower performance gain in larger models is due to their already impressive capability to infer the correct results
without the requirement to introduce further information probing techniques such as chain-of-thought reasoning and Argument
Generation. More concretely, forcing the model to perform self-reasoning or rank the validity of arguments and responses does not
expose the model to previously hidden information, and does not necessarily increase the performance when additional
information is not strictly required to respond to the input. This phenomenon is especially observable in CommonSenseQA and
TruthfulQA as seen in table 1, where the introduction of prompting does not improve the model performance in all instances.
These observations are in line with those reported by Kojima et all2l and lead us to believe that knowledge probing prompting
methods are only useful in cases where this additional information is required to make strong predictions and might additionally

depend on model architecture.

To further investigate the effects of prompting on model performance, and its relationship with the number of model parameters,
we report the mean performance across the number of parameters in figure 3. We find that although both our proposed method
and chain-of-thought reasoning provide improved performance in models of larger size, their impact diminishes as the models
grow larger. More specifically, we find that the mean difference between zero-shot prompting and Argument Generation methods is
4.66% for models with less than 7 billion parameters, 4.94% for models of 7 billion to 8 billion parameters, and 0.45% for the
largest models. Further investigation is required to fully confirm our observations, however, this finding bolsters the previous
hypothesis that Argument Generation as a prompting technique, is more effective in increasing the performance of smaller models.
This behavior may stem from the fact that large models are able to generate convincing arguments for incorrect options, making
the task of discerning an invalid argument from a valid one difficult. Conversely, smaller models are not able to generate
arguments of high quality for incorrect candidates, thus goading the model to rank the valid argument over the incorrect one.
Similarly, the observed mean differences between Argument Generation and chain-of-thought reasoning are 2.92%, 2.33%, and

0.95% respectively for models of small (<7B), medium (7B and 8B), and large (>8B) sizes.

Based on the above observation, a multi-agent technique to increase performance might be to generate arguments using a less
capable model, while utilizing a more performant model to rank the arguments. We delegate these additional analyses to future

work.
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Figure 3. Mean Performance trend across model parameters

7. Discussion and Future Work

Prompting has been proposed as a method of improving model performance in either task-specific settings or broader, task-
agnostic environments[23l. Despite the visible gains of employing prompting to yield better model results, the literature
showcasing how, and when prompting works is limited34l, We observe that the proposed method is able to significantly boost the
model performance in smaller models while gaining marginal improvements as the model size increases, which is contrary to the
previous work showing that larger models have higher gains through prompting@. This leads us to believe that the relationship
between prompting and the nature of the model is complex, and might be affected both by the model size, and its relative task-
specific knowledge and capabilities. Further work is required to demonstrate the effects of prompting when models hold
knowledge of varying degrees with respect to a task description. Investigation of the learning resources used in model training can

provide invaluable insight into the relationship between prompting and model reasoning.

8. Conclusion

In this work, we have proposed Argument Generation as a novel, zero-shot prompting technique. Through empirical evaluation
using a number of datasets, we observe that our method is able to outperform both zero-shot prompting and zero-shot chain-of-
thought reasoning in the majority of the conducted tests, making it a likely candidate when improving the model performance in a
zero-shot setting is required. Furthermore, we show that our approach yields larger gains in smaller models, both offering an
effective method that can be used in small models and providing a possible future direction to better understand the relationship

between model capabilities and prompting.

9. Limitations

Despite the observation that Argument Generation is able to generally outperform other common zero-shot prompting methods, its
reliance on the existence of a predefined number of options from which the model can arguments is an inherent limitation of our
work. While it is true that all questions can be modified to behave as either a multi-choice question or a yes-no question, this

conversion relies on the background knowledge of the user that is interacting with the model, meaning that in cases where the

geios.com doi.org/10.32388/8UN60OR


https://www.qeios.com/
https://doi.org/10.32388/8UN60R

user has no information regarding the possible answer for an open question, the correct formulation of the input to fit our criteria

can only be delegated to the model itself.

In addition, while we have made the best effort to cover datasets pertaining to different tasks that evaluate various model
capabilities, it is possible that other task-agnostic prompting methods outperform our approach in a number of yet untested

metrics. Further investigation is required to fully confirm the effects of our approach on different models and tasks.
Appendixes

Appendix A — Model Details

We utilize the Ollama framework? to conduct all evaluations described in the paper. Generally, we make use of the 4-bit quantized
Rokh et al.!%5] versions of the tested models to maintain consistency, and due to hardware limitations. Table 3 demonstrates all the
tested models, their Ollama hub links, as well as their quantization methods. In the cases that an Ollama model is not available, or

the model is closed-source, we use the associated Huggingface* instance of the model, or use an API to access the model.

Model Name Hub Link Quantization Method

Gemma 2B Link Q4
Gemma 7B Link Q4
Llama3 7B Link Q4
Llama3 80B Link Q4
Phi3 3.8B Link Q5
Mistral 7B Link Q4
GPT-40-Mini Link N/A

Qwen 2 1.5B Link FP16
Aya 35B Link Q4

Table 3. All model sources as well as their quantization method.

Additionally, in order to minimize output variance and generate reproducible evaluations, all tests were performed with a model
temperature of 0 and a random seed of 42. Furthermore, our test setting involved a workstation containing an Nvidia A6000, and
an Nvidia RTX 4090, with 128 GB of available RAM. All testing code will be made publicly available upon the publication of the

work.

Appendix B — Evaluation Method and Prompt Strings

Table 4 lists the tested prompting methods as well as the special instruction used for each prompt. A special instruction is a text

string that is appended to the end of the input question and aims to guide the model behavior while responding to that specific
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input.
For the case of zero-shot prompting, we simply ask the model to only respond with the correct answer without providing any
instructions to reason about the input. Chain-of-thought reasoning is additionally employed via the guidelines provided by Kojima

et al%l Finally, we showcase the special instructions for the proposed method, both containing the implicit assumption

generation, and common argument generation.

Prompting Method Special Instruction
Zero-Shot Only respond with the correct answer
Chain-of-Thought Let’s think about each option step by step

When answering, first reason about each choice, and make an argument for why it can be the answer and why it cannot
Argument Generation
be the answer. Then identify, for each choice, what implicit assumptions you might be making for each of your
w/ Implicit
arguments. By implicit assumption, we mean those propositions that are necessary so that the choice logically follows
Assumptions
the question. Then select one of the choices based on the strongest argument

When answering, first reason about each choice, and make an argument for why it can be the answer and why it cannot
Argument Generation
be the answer. Then select one of the choices based on the strongest argument.

Table 4. Special model instructions corresponding to each prompting method.

Statements and Declarations

Ethical Considerations

Previous work has shown that Large Language Models are limited in their capability to understand their own lack of knowledge
Yin et al.[28), As such, it is possible to generate prompts that exacerbate model hallucinations, and even force models to generate
misinformation. The proposed method can especially be prone to attacks of a similar kind as a malicious agent can force the model
to showcase generally unwanted behavior by providing the model with incorrect, and even dangerous options. Based on this
observation, we encourage the research community to continue the work in hallucination reduction and use all prompting

methods both responsibly and skeptically.
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3 https://github.com/ollama/ollama-python

geios.com doi.org/10.32388/8UN60OR 15


https://github.com/ollama/ollama-python
https://www.qeios.com/
https://doi.org/10.32388/8UN60R

“ https://huggingface.co/

References

=

. AMouvron H, Martin L, Stone K, Albert P, Almahairi A, Babaei Y, Bashlykov N, Batra S, Bhargava P, Bhosale S, Bikel D, Blecher L, Ferrer C
C, Chen M, Cucurull G, Esiobu D, Fernandes J, Fu W, Fuller B, Gao C, Goswami V, Goyal N, Hartshorn A, Hosseini S, Hou R, Inan H, Kardas
M, Kerkez V, Khabsa M, Kloumann I, Korenev A, Koura PS, Lachaux MA, Lavril T, Lee J, Liskovich D, Lu Y, Mao Y, Martinet X, Mihaylov T,
Mishra P, Molybog I, Nie Y, Poulton A, Reizenstein J, Rungta R, Saladi K, Schelten A, Silva R, Smith EM, Subramanian R, Tan XE, Tang B,
Taylor R, Williams A, Kuan JX, Xu P, Yan Z, Zarov I, Zhang Y, Fan A, Kambadur M, Narang S, Rodriguez A, Stojnic R, Edunov S, Scialom T

(2023). "Llama 2: Open foundation and fine-tuned chat models". Preprint, arXiv:2307.09288.

N

& l—’]iang AQ, Sablayrolles A, Mensch A, Bamford C, Chaplot DS, de las Casas D, Bressand F, Lengyel G, Lample G, Saulnier L, Renard Lav
aud LR, Lachaux MA, Stock P, Le Scao T, Lavril T, Wang T, Lacroix T, El Sayed W (2023). Mistral 7b. Preprint, arXiv:2310.06825.

.2babdin et al. (2024). Phi-3 technical report: A highly capable language model locally on your phone. Preprint, arXiv:2404.14219.

w

4. *Wang Z, Xie Q, Ding Z, Feng Y, Xia R (2023b). "Is chatgpt a good sentiment analyzer? a preliminary study". arXiv preprint.

Ul

. Devlin J, Chang MW, Lee K, Toutanova K (2019). BERT: Pre-training of deep bidirectional transformers for language understanding. In
Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics: Human Languag
e Technologies, Volume 1 (Long and Short Papers), pages 4171-4186, Minneapolis, Minnesota. Association for Computational Linguistic
s.

6.9 t—’Chang Y, Wang X, Wang J, Wu Y, Yang L, Zhu K, Chen H, Yi X, Wang C, Wang Y, Ye W, Zhang Y, Chang Y, Yu PS, Yang Q, Xie X (2024). A s

urvey on evaluation of large language models. ACM Trans. Intell. Syst. Technol., 15(3).
7.2 BLee N, An NM, Thorne J (2023). Can large language models capture dissenting human voices? In Proceedings of the 2023 Conference

on Empirical Methods in Natural Language Processing, pages 4569—4585, Singapore. Association for Computational Linguistics.

oo

.ATao 7, Jin Z, Bai X, Zhao H, Feng Y, Li ], Hu W (2023). "Eveval: A comprehensive evaluation of event semantics for large language mode
Is". Preprint, arXiv:2305.15268.
9.3bgd, €Kojima T, Gu SS, Reid M, Matsuo Y, Iwasawa Y (2022). Large language models are zero-shot reasoners. In Proceedings of the 3
6th International Conference on Neural Information Processing Systems, NIPS "22, Red Hook, NY, USA. Curran Associates Inc.
10. 2Wang X, Wei J, Schuurmans D, Le Q (2023a). "H. chi, sharan narang, aakanksha chowdhery, and denny zhou. self-consistency improve
s chain of thought reasoning in language models". In The Eleventh International Conference on Learning Representations, volume 1.
11. AMadaan A, Tandon N, Gupta P, Hallinan S, Gao L, Wiegreffe S, Alon U, Dziri N, Prabhumoye S, Yang Y, Gupta S, Majumder BP, Hermann
K, Welleck S, Yazdanbakhsh A, Clark P (2023). Self-refine: Iterative refinement with self-feedback. In Advances in Neural Information Pr
ocessing Systems, volume 36, pages 46534—46594. Curran Associates, Inc.

12.2Liang T, He Z, Jiao W, Wang X, Wang Y, Wang R, Yang Y, Tu Z, Shi S (2023). Encouraging divergent thinking in large language models th
rough multi-agent debate. Preprint, arXiv:2305.19118.

13.2Du Y, Li S, Torralba A, Tenenbaum JB, Mordatch I (2023). Improving factuality and reasoning in language models through multiagent
debate. arXiv preprint arXiv:2305.14325.

14. 2Chang EY (2023). Prompting large language models with the socratic method. In 2023 IEEE 13th Annual Computing and Communica

tion Workshop and Conference (CCWC), pages 0351-0360.

1

)

. AMercier H (2016). The argumentative theory: Predictions and empirical evidence. Trends in Cognitive Sciences, 20(9):689—700.

16.3 254 ey F Zhang H, Tiwari P, Wang B (2023a). "Natural language reasoning, a survey”. (arXiv:2303.14725). ArXiv:2303.14725 [cs].

geios.com doi.org/10.32388/8UN60OR

16


https://huggingface.co/
https://www.qeios.com/
https://doi.org/10.32388/8UN60R

17. AMercier H, Sperber D (2011). Why do humans reason? arguments for an argumentative theory. Behavioral and Brain Sciences, 34(2):57
~74.

18. XSperber D, Clement F, Heintz C, Mascaro O, Mercier H, Origgi G, Wilson D (2010). "Epistemic vigilance". Mind & Language, 25(4):359-39
3

19. 2Balikas G (2023). John-arthur at semeval-2023 task 4: Fine-tuning large language models for arguments classification. In Proceedings
of the 17th International Workshop on Semantic Evaluation (SemEval-2023), page 1428-1432, Toronto, Canada. Association for Comput
ational Linguistics.

20.2bChen G, Cheng L, Tuan LA, Bing L (2023). Exploring the potential of large language models in computational argumentation. (arXiv:
2311.09022). ArXiv:2311.09022 [cs].

21. AHoltermann C, Lauscher A, Ponzetto SP (2022). Fair and argumentative language modeling for computational argumentation. (arXiv:
2204.04026). ArXiv:2204.04026 [cs].

2

N

. ARuiz-Dolz R, Lawrence J (2023). "Detecting argumentative fallacies in the wild: Problems and limitations of large language models" I
n Proceedings of the 10th Workshop on Argument Mining, page 1-10, Singapore. Association for Computational Linguistics.

2

w

. 2(42) Luke Thorburn and Ariel Kruger. Optimizing language models for argumentative reasoning.

24.Xde Wynter A, Yuan T (2023). Iwish to have an argument: Argumentative reasoning in large language models. (arXiv:2309.16938). ArXi
v:2309.16938 [cs].

25.% bWang X, Wei J, Schuurmans D, Le Q, Chi E, Narang S, Chowdhery A, Zhou D (2022). "Self-consistency improves chain of thought reas
oning in language models". (arXiv:2203.11171). ArXiv:2203.11171 [cs].

26.2Ychia YK, Chen G, Tuan LA, Poria S, Bing L (2023). Contrastive chain-of-thought prompting. (arXiv:2311.09277). ArXiv:2311.09277 [cs].

27.2Wang H, Li T, Deng Z, Roth D, Li Y (2024). "Devil’s advocate: Anticipatory reflection for llm agents". (arXiv:2405.16334). ArXiv:2405.1633
4 [cs].

28.2b50ia0 S, 0u'Y, Zhang N, Chen X, Yao Y, Deng S, Tan C, Huang F, Chen H (2023). Reasoning with language model prompting: A survey. I
n Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 5368—5393,
Toronto, Canada. Association for Computational Linguistics.

29. Xsarathy V, Burstein M, Friedman S, Bobrow R, Kuter U (2022). "A neuro-symbolic cognitive system for intuitive argumentation". In Adv
ances in Cognitive Systems (ACS).

30. 2Huang J, Chang KC (2023). Towards reasoning in large language models: A survey. (arXiv:2212.10403). ArXiv:2212.10403 [cs].

31.2Yu 7, He L, Wu Z, Dai X, Chen J (2023b). "Towards better chain-of-thought prompting strategies: A survey". (arXiv:2310.04959). ArXiv:23
10.04959 [cs].

32. ALuo M, Kumbhar S, Shen M, Parmar M, Varshney N, Banerjee P, Aditya S, Baral C (2023). Towards logiglue: A brief survey and a bench
mark for analyzing logical reasoning capabilities of language models. (arXiv:2310.00836). ArXiv:2310.00836 [cs].

33.Sahoo P, Singh AK, Saha S, Jain V, Mondal S, Chadha A (2024a). "A systematic survey of prompt engineering in large language models:
Techniques and applications". (arXiv:2402.07927). ArXiv:2402.07927 [cs].

34. AWei J, Wang X, Schuurmans D, Bosma M, Chi E, Le Q, Zhou D (2022a). "Chain of thought prompting elicits reasoning in large language
models”. (arXiv:2201.11903). ArXiv:2201.11903 [cs].

35. AWang Y, Zhao Y (2023). "Metacognitive prompting improves understanding in large language models". (arXiv:2308.05342). ArXiv:230

8.05342 [cs].

geios.com doi.org/10.32388/8UN60OR

17


https://www.qeios.com/
https://doi.org/10.32388/8UN60R

36. 2Khot T, Trivedi H, Finlayson M, Fu Y, Richardson K, Clark P, Sabharwal A (2023). Decomposed prompting: A modular approach for solv
ing complex tasks. (arXiv:2210.02406). ArXiv:2210.02406 [cs].

37. ARiccardi N, Desai RH (2023). "The two word test: A semantic benchmark for large language models". Preprint, arXiv:2306.04610.

38.2b ¢zakizadeh M, Miandoab K, Pilehvar M (2023). "DiFair: A benchmark for disentangled assessment of gender knowledge and bias". T
n Findings of the Association for Computational Linguistics: EMNLP 2023, pages 1897-1914, Singapore. Association for Computational
Linguistics.

39.2 bipej J, Wang X, Schuurmans D, Bosma M, Ichter B, Xia F, Chi EH, Le QV, Zhou D (2022b). "Chain-of-thought prompting elicits reasonin
g in large language models". In Proceedings of the 36th International Conference on Neural Information Processing Systems, NIPS "22,
Red Hook, NY, USA. Curran Associates Inc.

40.2Ma X, Zhang XC, Pradeep R, Lin JJ (2023). Zero-shot listwise document reranking with a large language model. ArXiv, abs/2305.02156.

4

[y

. AMesnard T, Hardin C, Dadashi R, Bhupatiraju S, Pathak S, Sifre L, Riviere M, Kale M, Love JC, Dehghani Tafti P, Hussenot L, Chowdhery
A, Roberts A, Botev A, Castro-Ros A, Slone A, Heliou A, Tacchetti A, Bulanova A, Paterson A, Tsai B, Shahriari B, Le Lan C, Choquette-Ch
00 CA, Crepy C, Cer D, Ippolito D, Reid D, Buchatskaya E, Ni E, Noland E, Yan G, Tucker G, Muraru GC, Rozhdestvenskiy G, Michalewski
H, Tenney I, Grishchenko I, Austin ], Keeling J, Labanowski J, Lespiau JB, Stanway J, Brennan J, Chen J, Ferret J, Chiu J, Mao-Jones J, Lee K,
Yu K, Millican K, Lowe Sjoesund L, Lee L, Dixon L, Reid M, Mikula M, Wirth M, Sharman M, Chinaev N, Thain N, Bachem O, Chang O, W
ahltinez O, Bailey P, Michel P, Yotov P, Sessa PG, Chaabouni R, Comanescu R, Jana R, Anil R, Mcllroy R, Liu R, Mullins R, Smith SL, Borge
aud S, Girgin S, Douglas S, Pandya S, Shakeri S, De S, Klimenko T, Hennigan T, Feinberg V, Stokowiec W, Chen YH, Ahmed Z, Gong Z, War
kentin TB, Peran L, Giang M, Farabet C, Vinyals O, Dean J, Kavukcuoglu K, Hassabis D, Ghahramani Z, Eck D, Barral J, Pereira F, Collins
E, Joulin A, Fiedel N, Senter E, Andreev A, Kenealy K (2024). Gemma: Open models based on gemini research and technology. ArXiv, abs/
2403.08295.

42, AYang A, Yang B, Hui B, Zheng B, Yu B, Zhou C, Li C, Li C, Liu D, Huang F, Dong G, Wei H, Lin H, Tang J, Wang J, Yang J, Tu J, Zhang J, Ma J,

Yang J, Xu J, Zhou J, Bai ], He J, Lin J, Dang K, Lu K, Chen K, Yang K, Li M, Xue M, Ni N, Zhang P, Wang P, Peng R, Men R, Gao R, Lin R, Wan

g S, Bai S, Tan S, Zhu T, Li T, Liu T, Ge W, Deng X, Zhou X, Ren X, Zhang X, Wei X, Ren X, Liu X, Fan Y, Yao Y, Zhang Y, Wan Y, Chu Y, Liu Y, C

ui Z, Zhang Z, Guo Z, Fan Z (2024). "Qwen2 technical report". Preprint, arXiv:240710671.

4

w

. Astiin A, Aryabumi V, Yong Z, Ko WY, D’souza D, Onilude G, Bhandari N, Singh S, Ooi HL, Kayid A, Varqus E, Blunsom P, Longpre S, Mue
nnighoff N, Fadaee M, Kreutzer J, Hooker S (2024). "Aya model: An instruction finetuned open-access multilingual language model". In
Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 15894—15939,
Bangkok, Thailand. Association for Computational Linguistics.

44, Malmor A, Herzig J, Lourie N, Berant J (2019). "CommonsenseQA: A question answering challenge targeting commonsense knowledge”.

In Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics: Human Langu

age Technologies, Volume 1 (Long and Short Papers), pages 4149—4158, Minneapolis, Minnesota. Association for Computational Lingui

stics.

45.23.bGretz S, Friedman R, Cohen-Karlik E, Toledo A, Lahav D, Aharonov R, Slonim N (2020). A large-scale dataset for argument quality ra

v

nking: Construction and analysis. Proceedings of the AAAI Conference on Artificial Intelligence, 34(05):7805—7813.
46. 2Lin S, Hilton J, Evans O (2022). TruthfulQA: Measuring how models mimic human falsehoods. In Proceedings of the 60th Annual Meet
ing of the Association for Computational Linguistics (Volume 1: Long Papers), pages 3214—3252, Dublin, Ireland. Association for Compu

tational Linguistics.

geios.com doi.org/10.32388/8UN60OR 18


https://www.qeios.com/
https://doi.org/10.32388/8UN60R

47.2bNadeem M, Bethke A, Reddy S (2021). StereoSet: Measuring stereotypical bias in pretrained language models. In Proceedings of the
59th Annual Meeting of the Association for Computational Linguistics and the 11th International Joint Conference on Natural Languag
e Processing (Volume 1: Long Papers), pages 5356—5371, Online. Association for Computational Linguistics.

48.2Geva M, Khashabi D, Segal E, Khot T, Roth D, Berant ] (2021). Did aristotle use a laptop? a question answering benchmark with implici
t reasoning strategies. Transactions of the Association for Computational Linguistics, 9:346—361.

49.2Suzqgun M, Scales N, Schdrli N, Gehrmann S, Tay Y, Chung HW, Chowdhery A, Le Q, Chi E, Zhou D, Wei J (2023). "Challenging BIG-benc
h tasks and whether chain-of-thought can solve them". In Findings of the Association for Computational Linguistics: ACL 2023, pages 1
3003-13051, Toronto, Canada. Association for Computational Linguistics.

50. ADubois Y, Galambosi B, Liang P, Hashimoto TB (2024). Length-controlled alpacaeval: A simple way to debias automatic evaluators. ar
Xiv preprint arXiv:2404.04475.

51.2Hu C, Ge Y, Ma X, Cao H, Li Q, Yang Y, Xiao T, Zhu J (2024). RankPrompt: Step-by-step comparisons make language models better reas
oners. In Proceedings of the 2024 Joint International Conference on Computational Linguistics, Language Resources and Evaluation (L
REC-COLING 2024), pages 13524—13536, Torino, Italia. ELRA and ICCL.

52. 2Alec Radford, Jeff Wu, Rewon Child, David Luan, Dario Amodei, and Ilya Sutskever. 2019. Language models are unsupervised multitas
k learners.

53.2Sahoo P, Singh AK, Saha S, Jain V, Mondal S, Chadha A (2024b). "A systematic survey of prompt engineering in large language models:
Techniques and applications”. Preprint, arXiv:2402.07927.

54. Apetrov A, Torr PHS, Bibi A (2024). When do prompting and prefix-tuning work? a theory of capabilities and limitations. Preprint, arXi
v:2310.19698.

55. ARokh B, Azarpeyvand A, Khanteymoori A (2023). "A comprehensive survey on model quantization for deep neural networks in image
classification". ACM Trans. Intell. Syst. Technol., 14(6).

56. 2Yin Z, Sun Q, Guo Q, Wu J, Qiu X, Huang X (2023). "Do large language models know what they don’t know?". In Findings of the Associat

ion for Computational Linguistics: ACL 2023, pages 8653—8665, Toronto, Canada. Association for Computational Linguistics.

Declarations

Funding: This research was supported in part by Other Transaction award HR00112490378 from the U.S. Defense Advanced
Research Projects Agency (DARPA) Friction for Accountability in Conversational Transactions (FACT) program.

Potential competing interests: No potential competing interests to declare.

geios.com doi.org/10.32388/8UN60OR 19


https://www.qeios.com/
https://doi.org/10.32388/8UN60R

