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Abstract

This research investigates the effect of prompt design on dia-
logue evaluation using large language models (LLMs). While
LLMs are increasingly used for scoring various inputs, cre-
ating effective prompts for dialogue evaluation remains chal-
lenging due to model sensitivity and subjectivity in dialogue
assessments. Our study experimented with different prompt
structures, altering the sequence of output instructions and
including explanatory reasons. We found that the order of
presenting reasons and scores significantly influences LLMs’
scoring, with a ”reason-first” approach yielding more compre-
hensive evaluations. This insight is crucial for enhancing the
accuracy and consistency of LLM-based evaluations.

Introduction
Using large language models (LLMs) (OpenAI 2023; Tou-
vron et al. 2023) as evaluators to assign scores to the given
inputs have become prevalent. Leblond et al. (2023) output a
score between 0 and 1 to estimate the correctness of gener-
ated code, thereby ranking their quality. Similarly, Park et al.
(2023) assign poignancy score to the generated text for the
retrieval task. Other research explores using LLMs to assess
generated texts, finding the LLM scores correlates higher
with human evaluators than existing automatic metrics (Gao
et al. 2023; Shen et al. 2023; Liu et al. 2023; Luo, Xie, and
Ananiadou 2023).

However, designing evaluation prompt for LLMs is not a
trivial task, especially for dialogue evaluation. Different mod-
els exhibit varied sensitivity to the nuances of input prompts.
Even slight linguistic variations can lead to significant fluc-
tuations in task performance (Leidinger, Rooij, and Shutova
2023). Moreover, the inherent subjectivity in dialogue evalua-
tion adds on the difficulty and versatility in LLMs’ evaluation
results. While prompt optimization techniques (Chen et al.
2023; Yang et al. 2023; Zhang et al. 2023; Prasad et al. 2023)
have been developed to assist in designing more effective
prompts, these methods require paired input-output samples
for objective value calculation. Unfortunately, the lack of
available dialogue-score pairing data hampers the application
of prompt optimization in dialogue evaluation.

*These authors contributed equally.
AAAI 2024 Spring Symposium on User-Aligned Assessment of
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Figure 1: Score distribution across 50 trials for each model
and output instruction configuration for a dialogue set.

In this study, we aim to investigate the influence of prompt
design on dialogue evaluation, specifically focusing on how
the output instructions affects the resulting scores. We have
developed multiple prompt variations to assess the quality of
a series of dialogues. These variations involve altering the
sequence order of the outputs and examining whether includ-
ing explanatory reasons along with the scores impacts the
evaluation. Our analysis compares the influence of different
prompts on the scoring outcomes across various versions of
GPT models.

We observed that the different order of output instructions
can result in different scoring distributions by certain LLMs,
even when the corresponding output reasons are similar. Con-
sidering the sequential generation nature of auto-regressive
models, placing the score after the reasons allows it to refer-
ence both the reasons and the input prompt, a dynamic not
possible when this order is reversed. The finding suggests
that a “reason-first” output instruction might lead to a more
comprehensive understanding and adherence to the specific
requirements of the task.



Config Output Instruction in the Prompt

ex (s) Example JSON output:
{"score": 5}

ex (sr) Example JSON output:
{"score": 5, "reasons": "<your
reasons for the rating>"}

ex (rs) swap the order of “score” and “reasons” in ex (sr)

json (s) Output a json of the following
format:
{"score": "<integer>"}

json (sr) Output a json of the following
format:
{"score": "<integer>", "reasons":
"point out the issues and your
reasons for the rating"}

json (rs) swap the order of “score” and “reasons” in json (sr)

Table 1: The variations of output instruction.

Approach
In this study, the task assigned to the LLM is to rate a given
set of dialogues on a scale from 1 to 10, where 1 indicates
no issues in the set of dialogues, and 10 signifies severe
problems. Additionally, if specified in the prompt, the LLM
is required to provide a rationale for the rating. The dialogues
are presented in chronological order, and the output score is
determined based on a comprehensive evaluation of the entire
set, focusing on key aspects such as repetitiveness, factual
accuracy, and coherence.

Along with the task description, we have integrated five
customized rules into the prompt, derived from observations
in previous experiments without these rules. The special rules
include instructions for the LLM to prioritize the number of
issues over their impact and to assign more weight to aspects
exhibiting significant issues, rather than averaging out the
score across all aspects.

The final evaluation prompt is organized as follows: a set of
dialogues, task description, special rules, and output instruc-
tion (see Table 1). For each set of dialogues, we conducted
N trials for each of the six configurations (config), varying
the output instruction. This experiment was then replicated
across M different models.

Experiment
Data To assess the capability of LLMs in identifying issues
within dialogues, we collected LLM-generated dialogues
from Park et al. (2023) and manually grouped them into 25
sets. Each set contains four to six dialogues and exhibits
one or more problems, such as repetition or contradictions
between dialogues.

Model We selected four recent LLMs to serve as scorers:
gpt-3.5-turbo-0613, gpt-3.5-turbo-1106, gpt-4-turbo-0613
(gpt-4-0613), and gpt-4-1106-preview (gpt-4-1106). Note
that our aim is to analyze the evaluation scores across various
models when altering output instructions, and not to compare
them with human judgements for this subjective task.
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Figure 2: Score distribution across 50 trials for each model
and output instruction configuration for a dialogue set, with
the ‘special rules’ omitted from the prompt.

Result and Analysis
The Importance of Output Instruction Order Table 2
presents the mean scores and standard deviations (std) of 10
trials for all 25 dialogue sets across all configs and models.
In both ex (·) and json (·) formats, the mean scores for the rs
settings (output reasons before the score) are generally higher
than their sr (output score before reasons) counterparts. 1For
instance, in the json (rs) config using gpt-4-0613, the mean
score is 5.34, while it drops to 3.26 in json (sr), despite
providing similar reasons. We conjecture that in the rs setting,
the autoregressive nature of the model allows the score to be
influenced by the previously outputted reasons.

Config GPT-3.5-turbo GPT-4

-0613 -1106 -0613 -1106

ex (s) 3.68 ±1.17 4.51 ±1.19 3.36 ±1.07 8.18 ±1.05
ex (sr) 4.20 ±1.19 5.49 ±1.22 3.39 ±1.13 7.55 ±1.12
ex (rs) 6.09 ±1.23 7.66 ±0.81 5.58 ±1.19 7.39 ±0.90

json (s) 4.03 ±1.16 6.18 ±1.09 3.13 ±1.10 6.74 ±1.24
json (sr) 4.66 ±1.15 6.76 ±0.94 3.26 ±1.11 7.69 ±1.06
json (rs) 5.78 ±1.42 7.99 ±0.94 5.34 ±1.22 7.54 ±0.95

Table 2: Mean scores and std for 25 dialogue sets, evaluated
across different models and output instruction configurations.

Different Levels of Rule Understanding In a focused
study on a single set with additional 40 trials, as depicted
in Fig. 1, we observed a trend consistent with the findings
presented in Table 2. However, as shown in Fig.2, when we
removed the ‘special rules’ from the prompt, we found that
most scores were lower and the distinctions between different
settings became less pronounced. This highlights the models’
sensitivity to the changes of the prompt.

1The exception is observed with the gpt-4-1106 model.



Conclusion
Our study highlights the sensitivity of LLMs to the order of
output instructions, which could be amplified by task-specific
rules. These findings offer insights for optimizing prompts in
subjective tasks like dialogue evaluation.
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