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This demonstration presents a human-centered evaluation tool that compares different Large Language Models (LLMs)
based on their performance in individual user tasks. Unlike existing automatic evaluation methods, which can lack context-
specific accuracy, our tool aims to emphasize user experience and practical applicability. Developed from preliminary
participant observations, the tool allows users to input prompts and receive responses from multiple LLMs simultaneously,
which they can then evaluate using a Likert scale and comments. This approach ensures unbiased and task-relevant
assessments, enhancing the selection process for suitable LLMs. Future improvements will focus on user-configurable
settings. This work aims to bridge the gap between general evaluation metrics and the unique needs of individual users,
providing a more nuanced and practical evaluation of LLMs.
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Artificial intelligence — Natural language processing
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1 INTRODUCTION

Evaluating the performance and accuracy of Large Language Models (LLMs) is a crucial task in computer science to verify
and ensure their applicability in a given context [1].

In recent years, the excitement surrounding LLMs due to the latest breakthroughs in artificial intelligence (AI) has
resulted in a proliferation of LLMs in various languages and based on different training corpora. However, factors such as
language, knowledge base, accurate user understanding, and many other characteristics are crucial for determining the
suitability of natural language processing (NLP) systems, such as LLMs, for specific application contexts [2].
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In both practice! and literature, there are numerous evaluation methods that provide automatic assessments performed
by machines. These include using LLMs to evaluate other LLMs or conducting multiple-choice and single-choice tests [1,
3—7]. These tests are useful for evaluating the basic capabilities of language models and making them fundamentally
comparable [1, 8]. However, the application context in a user's reality is so unique that these evaluation metrics are too
general to provide accurate assessments for different use cases such as medical consultation [9], education [10], justice
[11], and private household [12]. For instance, the intensively used MTBench dataset covers eight common categories of
user requirements: writing, role-playing, extraction, reasoning, mathematics, coding, knowledge I (STEM), and knowledge
II (humanities/social sciences) [6]. While the data set evaluates the capabilities of language models in various categories,
there is still no concrete reference to the individual tasks of individual users, which should be decisive for the selection of
the language model. Here, human-computer interaction (HCI) should advocate a human-centered approach that supports
an evaluation in which the user is able to make an assessment himself.

In addition, the predominant evaluation metrics are mostly developed for the English language and are merely translated
into other languages, which neglects a good evaluation of the capabilities in other languages [3, 4, 6, 13—-15].

There are existing tools that involve user evaluations, such as the ‘chatbot arena’ from LMSYS. However, these tools
compare models anonymously and rely on user feedback to generate a general leaderboard based on human evaluations.
This approach does not benefit users with their specific tasks but instead provides feedback for overall model rankings?.

Therefore, this paper demonstrates a prototype of an evaluation tool we developed for human assessment of LLMs in
specific application contexts. The tool was created based on several participant observations conducted with users testing
LLM-based applications for their use cases. During these observations, we noticed that users often relied on self-created
Excel tools for their evaluations. Here, users collect their results from different models one after the other in a table in
which the results of the models are compared and evaluated.

The following prototype of our tool described below has already been tested by users in several workshops.

2 THE EVALUATION INTERFACE OF THE TOOL

As observed, users commonly use tables to assess LLM responses to their prompts. Our demonstrated system’s user
interface (UI) is designed to assist users in evaluating LLMs for specific tasks. The Ul is supposed to aid in decision-
making by providing comprehensive support for selecting the most suitable LLM to integrate into the user’s task, thereby
enhancing the overall user experience. Our proposed Ul based on preliminary results from workshops and user tests can
be found in Figure 1.

Our system’s Ul is composed of four main components: an input mask (1), multiple chat modules (2), the task
title/description (3) and an evaluation section (4) for the LLMs of each chat module.

The input mask allows users to send task-specific prompts. These prompts are simultaneously sent to multiple LLMs
(currently three), with the responses logged into the respective chat modules. This concurrent approach enables users to
compare responses from different LLMs side-by-side, rather than sequentially.

To prevent bias, the order of the LLMSs in the chat modules is randomized, and their names are concealed until after
the user has evaluated the responses. This ensures unbiased evaluations, free from the influence of brand recognition or
recurring order patterns.

!https://huggingface.co/spaces/open-lim-leaderboard/open_Ilm_leaderboard
2 https://chat.Imsys.org/



At the top of the UI, users can set a title and a description for the task they want to evaluate using the LLMs. Both the
title and the description must be defined before sending each prompt, as they are essential for the evaluation report
described in the following section 3.

Compose E-Mail ©

The LLMs are asked to write an e-mail. The e-mail is sent to a German customer.
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Evaluate the quality of the answer. e

Mistral-7b-Instruct-v0.3

Evaluate the quality of the answer. e

No Rating Very Satisfied

Reason for your rating.

Verfasse mir eine nette E-Mail an einen Kunden, in dem wir
seine Anfrage zur Reklamation bestitigen. Ein neues Produkt

wird ibermorgen versendet.

Betreff: Bestatigung Ihrer Reklamation und Versand des neuen
Produkts

Sehr geehrter Kunde,

wir méchten lhnen herzlich fiir Ihre Anfrage beziglich der
Reklamation danken. Es tut uns aufrichtig leid, dass Sie mit dem
erhaltenen Produkt nicht zufrieden waren und entschuldigen uns
dafilr.

Wir haben Ihren Fall sorgfaltig gepriift und werden Ihnen
umgehend ein neues Produkt zusenden. Die Versandbestitigung
fir das Ersatzprodukt erfolgt ibermorgen, so dass Sie es bald in
den Handen halten kénnen.

Wir méchten sicherstellen, dass Sie mit unserem Service zufrieden
sind und hoffen, dass das neue Produkt Ihren Erwartungen
entspricht. Bei weiteren Fragen oder Anliegen zogemn Sie bitte
nicht uns zu kontaktieren.

No Rating Very Satisfied

Reason for your rating.

Verfasse mir eine nette E-Mail an einen Kunden, in dem wir
seine Anfrage zur Reklamation bestitigen. Ein neues Produkt

wird ibermorgen versendet.

Subject: Besttigung Ihrer Reklamation und Lieferung neues
Produkt

Lieber Kunde,

ich méchte Ihnen gerne bestitigen, dass wir Ihre Reklamation
erhalten haben und sie bearbeiten. Wir haben Ihre Anfrage sehr
ernst genommen und sind sehr bedauert, dass Sie unzufrieden
mit unserem Produkt sind.

U lhre Belastung zu reduzieren, haben wir beschlossen, Ihnen
ein neues Produkt zu versenden. Dieses wird morgen versendet
und sollte hnen besser entsprechen. Wir haben versucht, das
gleiche Produkt zu versenden, das Sie urspriinglich bestellt
haben, aber falls es sich um ein anderes Produkt handelt, bitte ich
Sie, dies zu bestitigen.

Wir freuen uns, dass Sie weiterhin unser Kunde sind und hoffen,
dass Sie mit dem neuen Produkt zufrieden sind. Wenn Sie weitere

Llama-3-SauerkrautLM-8b-Instruct

Evaluate the quality of the answer. e

No Rating Very Satisfied

Reason for your rating.

Verfasse mir eine nette E-Mail an einen Kunden, in dem wir
seine Anfrage zur Reklamation bestitigen. Ein neues Produkt

wird ibermorgen versendet.

Hier ist eine mdgliche E-Mail:

Betreff: Reklamation bestitigt - Neues Produktin Kiirze
ankommen

Sehr geehrter [Kundenname),

vielen Dank fiir Ihre Anfrage zur Reklamation bei uns. Wir haben
Ihre Sorge um das fehlerhafte Produkt verstanden und uns
bemiiht, schnellstmaglich eine Lésung zu finden.

Wir freuen uns, Ihnen mitteilen zu knnen, dass wir ein neues,

[ andieLL [Adresse]
iibermorgen senden werden. Wir bitten um Ihre Geduld, da wir
uns bemithen, die Lieferung so schnell wie méglich zu realisieren.

Wenn Sie weitere Fragen haben oder weitere Informationen
benétigen, stehe ich Ihnen gerne zur Verfiigung. Wir schiitzen Ihre

Treue und hoffen, dass Sie zufrieden mit unserem Service sind.

Figure 1: Evaluation interface of the system (screenshot)

Each LLM response can be evaluated as soon as it appears. Users can rate the answers using a slide control with a five-
point Likert scale: ‘Very Dissatisfied’, ‘Dissatisfied’, ‘Neutral’, ‘Satisfied’, and ‘Very Satisfied’. Additionally, users can
provide comments explaining their ratings and reasoning. These evaluations are logged for each prompt and response and
are utilized in the evaluation report described in the following section.

Currently, the types of LLMs and the number of chat modules (and therefore the number of LLMs to be evaluated) can
only be adjusted in the system’s backend, not through the UL

3 THE EVALUATION REPORT FROM THE TOOL

In this current prototype, the evaluation report still has to be generated manually from the backend by the administrator.
As shown in Figure 2, the report first summarizes all evaluated tasks and their numerical evaluation, which was recorded
using the five-point Likert scale, in a simple line diagram (A). This allows the user to see at a glance which model performs
best in the general trend, and for which tasks it is stronger or weaker.
After this, a table is provided for each task performed (B), showing the numerical rating (f), the comment of the user
(v) and the answer of the model (8) below the task title and the original prompt () for each model used. This format allows



the user to obtain an aggregated, numerical comparison, but also to compare the answers in detail. With the table providing
the answer comparison in detail, we stay close to the excel tools we have observed in the field.
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Figure 2: evaluation report (screenshot)

4 FUTURE WORK

We have demonstrated how a user-centered evaluation tool for testing different language models could be designed based
on preliminary results. However, the current prototype of this tool requires manual adjustments in the backend to configure
aspects such as the integrated LLM, the number of models compared, and the model type. A production system should
ideally allow users to configure these settings themselves, including the selection and number of models.

Practically, several measures should be taken to improve the overall user experience and capabilities of the system.
Users should be able to work with external materials by employing techniques such as retrieval augmented generation [16],
having an internet connection, and using function calling (which allows the LLM to execute predefined functions). These
enhancements will enable more realistic testing for users.

Although we developed the current prototype based on field observations with users and successfully tested it in several
workshops, future work should extensively investigate user interactions with such a system. It is also crucial to identify
additional evaluation factors that are relevant to users.
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