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Abstract

We present EvalAssist, a framework that simplifies the LLM-
as-a-judge workflow. The system provides an online crite-
ria development environment, where users can interactively
build, test, and share custom evaluation criteria in a struc-
tured and portable format. A library of LLM based evaluators
is made available that incorporates various algorithmic inno-
vations such as token-probability based judgement, positional
bias checking, and certainty estimation that help to engender
trust in the evaluation process. We have computed extensive
benchmarks and also deployed the system internally in our
organization with several hundreds of users.

Introduction

Human evaluation of Large Language Models (LLMs) is
common practice and still considered gold standard. How-
ever, given cost and time constraints, LLMs are increasingly
being used to judge the output of other LLMs. LLM-as-a-
judge is attractive as it can accommodate use case specific
needs through custom criteria, is easy-to-understand by non-
technical users, does not require reference data, and can sig-
nificantly reduce human evaluation effort. Empirical studies
have reported high agreement between LLM and human rat-
ings. For example (Zheng et al. 2023) report more than 80%
agreement and (Kim et al. 2023) report that fine tuned eval-
uator models have high correlation with human judgments.
More recently, evaluator ensembles have been shown to be
effective (Verga et al. 2024).

While LLM-as-a-judge has become popular, several chal-
lenges remain to make the approach effective, trustworthy
and aligned with user needs. (Doddapaneni et al. 2024) re-
port on evaluator LLMs that failed to identify synthetic qual-
ity drops in half the cases, suggesting that evaluators did not
understand the task. (Bavaresco et al. 2024) urge caution af-
ter empirical analysis of several language tasks and conclude
that LLMs are not yet ready to systematically replace human
judges. Lastly, issues with bias (Liu et al. 2023; Li et al.
2023) and prompt sensitivity (Wang et al. 2023) have been
identified that prohibit naive application of LLM-as-a-judge.
These issues need to be addressed for practical application.
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In this paper, we introduce EvalAssist!, acomprehen-
sive LLM-as-a-judge solution that provides a criteria devel-
opment and test environment, and an intuitive Python toolkit
focused on robustness and scale-ability. Users can iteratively
test and refine evaluation criteria until they are confident
that it works well and aligns with expectations. The crite-
ria can then be applied to a larger dataset using the toolkit.
Algorithmic innovations such as token log-probability op-
tion selection, positional bias checking, and certainty esti-
mation helps to engender trust in the evaluation process. We
have extensively tested our approach through various bench-
marks, and we plan to open source EvalAssist as part of the
Unitxt framework (Bandel et al. 2024).

EvalAssist
User Experience

EvalAssist simplifies the process of developing, refining
and applying LLM-as-a-judge. Users work with three core
constructs when developing an evaluation: task context, re-
sponse(s) to evaluate, and evaluation criteria.

Task context, Fig. 1, represented as a dictionary of key-
value pairs, is used to incorporate information that is perti-
nent to the evaluation task. For example when evaluating the
quality of an answer in a Q&A task, the task context may in-
clude the question and source document, allowing the LLM
evaluator to take this information into account.
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Question What are the benefits of drinking green tea?

Figure 1: An example task context that contains a question.

The responses to evaluate, Fig. 2, are simply text elements
that are subject to evaluation. This is generally the output of
an LLM, but could come from any source. When develop-
ing an evaluation users can test with multiple responses to
increase coverage.

Finally, the evaluation criteria, Fig. 3, describes the di-
mension that the LLM considers when performing the evalu-
ation. EvalAssist supports both direct assessment based
on a rubric, and pairwise comparison. Direct assessment cri-
teria includes a criteria description (often a specific question

"Demonstration link: https://youtu.be/Fb70IJ-vex0



Responses to evaluate answer 2

Drinking green tea offers several benefits, including
improved brain function, fat loss, a lower risk of cancer,
and a reduced risk of heart disease. Itis rich in
antioxidants and nutrients that can positively affect
overall health.

Figure 2: A response to evaluate. When developing criteria
users can address the response directly, or rename the re-
sponse using an alias. In this example the response has been
renamed to “answer”, to better reflect the semantics of the
evaluation.

Criteria

Is the answer concise and to the point?

Option Description (optional)

Yes The answer is short, succinct and directly addresses the question .

Option Description (optional)

No The answer lacks brevity and clarity, failing to directly address the question .

Figure 3: A direct assessment criteria that references a value
from the task context (question) and the response via the
answer alias. EvalAssist applies syntax highlighting to help
the user to accurately reference information in the criteria.

or assertion) and a set of options, each with their own de-
scriptive qualifier. Pairwise evaluation includes a description
only, that is used by the evaluator when choosing between a
pair of responses.

EvalAssist criteria are represented in a standard
JSON format for portability. Once a criteria developer is sat-
isfied with their criterion, they can export the JSON rep-
resentation from the developer interface and use it in the
Python toolkit for bulk evaluations.

Evaluators

EvalAssist provides a library of evaluators based on
Granite (Granite 2024), Llama2 (Touvron et al. 2023), Mix-
tral (Jiang et al. 2024), Prometheus2 (Kim et al. 2024), and
GPT4 (Achiam et al. 2023).

Evaluation is implemented as a chained prompting pro-
cess, see Fig. 4. Make Assessment, this step is loosely in-
spired by Chain-of-Thought prompting (Wei et al. 2022),
and involves prompting the evaluator LLM to produce an as-
sessment of the response subject to the task context and eval-
uation criteria. Generate Explanation, the assessment is
summarized to create a user-facing explanation of the evalu-
ation rationale. Choose Judgement, the final step is option
selection using log probabilities which is chained with the
original evaluation prompt and the generated assessment. In
the direct assessment modality, each of the available rubric
options are presented to the evaluator as the selected option,
and the token probabilities of that option are computed. The
relative first token probability of each option is then com-
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Figure 4: EvalAssist prompting workflow.

pared, and the most probable option is the final judgement.
The same process is applied for pairwise evaluation, except
that the options map to the first and second response.

Using token log probability to extract a final judgement
is more expensive than direct generation, but significantly
improves robustness and makes it possible to approximate
certainty. Instead of relying on the LLM to generate an op-
tion, a process prone to hallucination and formatting errors,
the answer is extracted from the set of predefined comple-
tions. EvalAssist also supports positional bias checking
and certainty estimation. Positional bias checking is imple-
mented by shuffling the order in which options are presented
to the evaluator LLM and checking for output consistency.

Benchmarks

We ran EvalAssist evaluators on several datasets and bench-
marks (Bavaresco et al. 2024), where human annotations are
available. We found no clear choice for an evaluator that out-
performs on all tasks, suggesting that users need to experi-
ment on which evaluator to use. LLM evaluators perform
better at simpler criteria than those requiring more nuanced
understanding. For more complex criteria, LLM evaluators
tend to be pessimistic in their scoring relative to humans.
In these cases, agreement between humans also tends to be
low. Finally, evaluators generally perform better at pairwise
assessments compared to direct assessments.

User Evaluation

EvalAssist is deployed internally and has had over 700
users so far. Our user research (Ashktorab et al. 2024) has
revealed that direct assessment evaluation is preferred when
users are seeking greater control, while Pairwise assessment
is favored when working with more subjective tasks. We also
discovered that users tended to over-fit their evaluation cri-
teria when working with a single task context and a small set
of responses. We plan to address this phenomenon by allow-
ing users to work with a wider set of data, while maintaining
the ability to quickly iterate and refine their criteria.
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