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Abstract

The rapid growth of evaluation methodologies
and datasets for large language models (LLMs)
has created a pressing need for their unified
integration. Meanwhile, concerns about data
contamination and bias compromise the trust-
worthiness of evaluation findings, while the
efficiency of evaluation processes remains a
bottleneck due to the significant computational
costs associated with LLM inference. In re-
sponse to these challenges, we introduce FreeE-
val, a modular framework not only for conduct-
ing trustworthy and efficient automatic eval-
uations of LLMs but also serving as a plat-
form to develop and validate new evaluation
methodologies. FreeEval addresses key chal-
lenges through: (1) unified abstractions that
simplify the integration of diverse evaluation
methods, including dynamic evaluations requir-
ing complex LLM interactions; (2) built-in
meta-evaluation techniques such as data con-
tamination detection and human evaluation to
enhance result fairness; (3) a high-performance
infrastructure with distributed computation and
caching strategies for efficient large-scale eval-
uations; and (4) an interactive Visualizer for
result analysis and interpretation to support in-
novation of evaluation techniques. We open-
source all our code at https://github.com/
WisdomShell/FreeEval1.

1 Introduction

Large Language Models (LLMs) have revolu-
tionized Natural Language Processing (NLP)
with their impressive performance across various
tasks (Brown et al., 2020; Zhang et al., 2022;
Bubeck et al., 2023; OpenAI, 2023). As LLMs play
a critical role in academia and industry, evaluating
their capabilities has become essential (Guo et al.,
2023). Consequently, researchers have proposed

* Corresponding author.
1 Our demonstration video, live demo, and installation

guides are available at: https://freeeval.zhuohao.me/

automatic evaluation methodologies using bench-
mark datasets (Clark et al., 2018; Zellers et al.,
2019; Cobbe et al., 2021; Bang et al., 2023) for
objective assessments, and LLM-based subjective
evaluation tools (Wang et al., 2023c; Zheng et al.,
2023b; Li et al., 2023b; Chan et al., 2023).

The rapid emergence of evaluation data and
methods has intensified the challenge of incorpo-
rating cutting-edge techniques cost-effectively and
conducting reliable evaluations. In response, sev-
eral open-source evaluation platforms for LLMs
have been proposed, each with unique features.
Table 1 provides a comprehensive comparison.
Specifically, Eval-Harness (Gao et al., 2021) eval-
uates LLMs using various benchmark datasets.
HELM (Liang et al., 2022) offers metrics beyond
accuracy on custom datasets and models. OpenAI
Evals (Contributors, 2023) implements interfaces
for LLM-based judges and their meta-evaluation.
OpenCompass (Contributors, 2023b) introduces
distributed inference with SLURM (Yoo et al.,
2003) on clusters. PromptBench (Zhu et al., 2023b)
incorporates prompt attacks and DyVal (Zhu et al.,
2023a) in its framework.

Despite these promising efforts, current evalua-
tion platforms still face three bottlenecks.

First, a unified and extensible framework is
required to integrate evaluation methods seam-
lessly. This consequently affects the flexibility,
transparency, and interpretability of the evaluation.
The evaluation results are highly dependent on the
deployment settings and prompting techniques, as
LLMs are not robust enough for these intricate set-
tings (Zheng et al., 2023a). For example, Table 2
shows that these settings can significantly influ-
ence results, confirming the need for standardized
implementation of evaluation methods to assure
consistent assessment.

Second, the reliability of results from these
platforms cannot always be guaranteed. Auto-
matic evaluation of LLMs remains a challenging
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Table 1: Comparison of popular evaluation toolkits on features.

Toolkit Custom
Datasets

Custom
Models

Custom
Prompting

LLM
Judges

Dynamic
Evaluation

Distributed
Inference

Contamination
Detection

Meta
Evaluation

Visual
Analysis

Eval-Harness (Gao et al., 2021) ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗
HELM (Liang et al., 2022) ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗
OpenAI Evals (Contributors, 2023) ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✗
BIG-Bench (Contributors, 2023) ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗
OpenCompass (Contributors, 2023b) ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗
PromptBench (Zhu et al., 2023b) ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✗
UltraEval (He et al., 2024) ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗
FreeEval (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 2: Comparison of different inference implementa-
tions. We report 25-shot accuracy of llama-2-7b-chat
on ARC-Challenge (Clark et al., 2018), 5-shot accu-
racy on MMLU (Hendrycks et al., 2020) and Hel-
laSwag (Zellers et al., 2019). ‘CP’ and ‘MCP’ denote
Cloze Prompt and Multiple Choice Prompt from Robin-
son et al. (2022).

Method ARC-C MMLU HellaSwag

CP+PromptA 51.11% 40.65% 50.07%
CP+PromptB 47.53% 38.72% 50.19%
MCP+PromptA 54.18% 42.73% 30.61%
MCP+PromptB 54.10% 41.28% 30.96%

task (Chang et al., 2023) due to their open-ended na-
ture and the presence of data contamination, which
lead to inflated performance metrics (Schaeffer,
2023; Sainz et al., 2023; Yu et al., 2024). More-
over, the lack of tools for in-depth analysis and
visualization of evaluation results makes it diffi-
cult for researchers to interpret the performance of
LLMs across different tasks and scenarios.

Third, the efficiency of previous evaluation toolk-
its has significant room for improvement. LLM
inference could be a substantial challenge for both
industry and researchers, since it requires strong
GPUs or paid APIs, especially for large-scale eval-
uations (Wang et al., 2023c). Optimizing inference
computation is crucial for reducing the costs of
LLM evaluation and supporting rapid iteration in
both evaluation and development.

To address these challenges, we propose FreeE-
val, a modular and extensible framework for trust-
worthy and efficient automatic evaluation of LLMs,
as well as a platform for developing new evaluation
methodologies. The main features of FreeEval are:

Unified abstraction and modular implementa-
tion of various evaluation methods. We introduce
concepts of step, dataset, and config to uni-
formly describe dataset-based, classic reference-
based, and LLM-based evaluators. Dataset-based
evaluators include task-specific datasets along with

dataset operations such as custom prompting, data
augmenting and generation. LLM-based evalu-
ators, such as MT-Bench (Zheng et al., 2023b),
AlpacaEval (Li et al., 2023b), PandaLM (Wang
et al., 2023c) and KIEval (Yu et al., 2024), are
also integrated to provide subjective assessment.
Classic Judges, which utilize reference-based eval-
uation metrics like ROUGE (Lin, 2004) and
BERTScore (Zhang et al., 2019) to examine model
output. FreeEval’s modular design allows for easy
implementation of new evaluation protocols and
supports evaluating both open-source and propri-
etary models. The abstractions also bring trans-
parency to the evaluation process since all the eval-
uation settings are open to users.

Practical meta-evaluation modules for trustwor-
thiness. FreeEval incorporates contamination de-
tection, human judgment, case analysis, and bias
evaluation. These features mitigate overfitting risks,
enhance interpretability, and support the develop-
ment and validation of new evaluation methods. A
user-friendly interface for human annotation further
improves explainability and reliability of results.

Optimized distributed and concurrent inference
with load balancing and caching mechanisms.
Leveraging cutting-edge inference engines with
concurrency and caching strategies, FreeEval ef-
ficiently handles large-scale evaluations on multi-
node multi-GPU clusters. This infrastructure sup-
ports both open-source models and proprietary
APIs, ensuring scalability and cost-effectiveness.

Intuitive Visualizer for result analysis and in-
terpretation. This component provides interactive
tools for exploring results, conducting case studies,
and identifying patterns. It enhances interpretabil-
ity and supports the development of new evaluation
methods through visual feedback.

By combining these features, FreeEval addresses
key challenges in LLM evaluation while serving as
a powerful platform for researchers to build new
evaluation methods.
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2 Background

In this section, we provide an overview of the cur-
rent landscape of LLM evaluation methods, the
challenges posed by data contamination, and the
importance of meta-evaluation in assessing the reli-
ability and validity of evaluation protocols.

2.1 Automatic Evaluation Methods for LLMs
The rapid development of Large Language Mod-
els (LLMs) has led to the emergence of various
evaluation methods, each aiming to assess different
aspects of model performance. These methods can
be broadly categorized into three groups: classic
reference-based evaluation, dataset-based bench-
marks, and LLM-based evaluators.
Reference-Based Evaluation methods, such as
BLEU (Papineni et al., 2002), ROUGE (Lin, 2004),
and BERTScore (Zhang et al., 2019), assess the
quality of generated text by comparing it against
human-written references. While straightforward,
they may not fully capture the open-ended nature
of LLM-generated outputs and can be sensitive to
reference quality and diversity (Wang et al., 2023c).
Dataset-Based Benchmarks, such as ARC
(Clark et al., 2018), HellaSwag (Zellers et al.,
2019), MMLU (Hendrycks et al., 2020), and C-
Eval (Huang et al., 2023), evaluate LLMs using
carefully curated datasets that test specific skills or
knowledge. However, they may not fully capture
the open-ended nature of LLMs and can be vulner-
able to data contamination (Schaeffer, 2023; Wei
et al., 2023).
LLM-Based Evaluators leverage strong LLMs,
such as GPT-4 (OpenAI, 2023), to assess the per-
formance of other models. Examples include Pan-
daLM (Wang et al., 2023c), MT-Bench (Zheng
et al., 2023b), GPTScore (Fu et al., 2023), PRD (Li
et al., 2023a), and KIEval (Yu et al., 2024). These
evaluators can capture nuanced aspects of language
understanding and generation, but their perfor-
mance is influenced by the evaluator LLM and
prompting strategies. Biases present in the eval-
uator LLM may propagate to the evaluation pro-
cess (Zeng et al., 2023; Wang et al., 2023b), re-
quiring careful meta-evaluation. Additionally, the
inference cost of LLMs necessitates optimization
for large-scale evaluation.

2.2 Meta-Evaluation of LLMs
Meta-evaluation refers to the process of evaluating
the fairness, reliability, and validity of evaluation

protocols themselves. We incorporate several meta-
evaluation methods into FreeEval.
Data Contamination occurs when an LLM is ex-
posed to test data during training, leading to in-
flated performance scores and an inaccurate assess-
ment of the model’s true capabilities (Schaeffer,
2023; Sainz et al., 2023; Zhu et al., 2023a). This
issue is particularly important due to its impact
on evaluation fairness, and should be considered.
We implement data contamination detection meth-
ods like Min-K prob (Shi et al., 2023) and average
loss (Wei et al., 2023) in FreeEval as modules, to
make contamination detection a fundamental pro-
cess in evaluating LLMs or creating a new evalua-
tion protocol.
Human Evaluation is the gold standard for meta-
evaluation (Chang et al., 2023), as it directly re-
flects human preferences on generated texts. This
is particularly important for LLM-based evaluators,
which subjectively evaluate output quality like hu-
man experts. However, the lack of standardized
platforms or guidelines for human annotation can
lead to biased, inconsistent, and unfair judgments.
To address this, we incorporate meta-evaluation
protocols from Wang et al. (2023c); Zeng et al.
(2023); Zheng et al. (2023b), as they reflect pref-
erences from human experts in different scenarios.
Additionally, we create a user-friendly interface for
human experts to create new preference datasets,
facilitating the collection of high-quality human
evaluations for meta-evaluation purposes.

3 Design and Implementation

In this section, we present the design and imple-
mentation of FreeEval, we discuss the framework’s
architecture, its key components, and how they ad-
dress the challenges identified previously.

3.1 Design Principles

To build a flexible, efficient research tool for LLM
evaluation we make sure the architecture of FreeE-
val follows the following principles:

• Modular: Enables easy integration of new eval-
uation methods, datasets, and protocols. Ensures
transparency by making all evaluation settings
and details openly accessible to users.

• Trustworthy: Promotes fair and effective eval-
uation processes. Supports meta-evaluation for
validating evaluation methods and ensures result
interpretability.
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Figure 1: Overall architecture of FreeEval.

• Efficient: Minimizes computational costs for
LLM inference, enabling large-scale evaluations
and rapid prototyping of new methodologies.

3.2 FreeEval Architecture Overview

FreeEval’s architecture, illustrated in Figure 1, fea-
tures a modular design that could be separated into
Evaluation Methods, Meta-Evaluation and LLM In-
ference Backends. Evaluation Methods contain dif-
ferent datasets and implementation for evaluation
methods. The Meta-Evaluation module ensures
the integrity and fairness of assessments by pro-
viding data contamination detection methods and
popular meta-evaluation method implementation.
LLM Inference Backends form the computational
backbone, as it provide distributed and concurrent
inference of LLMs featuring performance optimiza-
tion techniques.

3.3 Extensible Modular Design

FreeEval’s modular architecture is designed to ac-
commodate the rapidly evolving landscape of LLM
evaluation. To help users implement evaluation
methods without complexity, FreeEval is imple-
mented around the concept of step, dataset and
config, which serve as the building blocks for cre-
ating flexible and extensible evaluation pipelines:

• step: A step encapsulates a specific evalua-
tion method, data augmentation technique, or
metric calculation. Each step contain three
phases: preprocess handles initializing the re-
quired dataset or models; run handles the exe-
cution; postprocess parse the outputs, collects
evaluation results and free up the resources.

• dataset: Data used by the evaluators are de-
fined as dataset. Each dataset handles the pre-
processing required to load data, few-shot settings,
prompting, augmentation of instances, and post-
processing of inference results.

• config: A config file is used to compose evalua-
tion pipelines with steps and datasets. The con-
fig file contains all the details and settings. steps
defined in the config are executed sequentially,
and they share the same context which stores in-
termediate results.

These abstractions improve transparency in eval-
uations by providing users with full access to the
configuration details for each evaluation pipeline.
The config file also serves as a complete record
of the evaluation process, including all necessary
hyperparameters and settings. The modular design
also allow data to be re-used in different scenar-
ios without effort. For example, GSM8K (Cobbe
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et al., 2021) is a evaluation dataset, we could sim-
ply calculate perplexity of models on this dataset,
or we could use a data generation step to gener-
ate new data with GPT-4 in the same distribution
to detect data contamination following Wei et al.
(2023). The modular approach allows researchers
to easily add new evaluation methods or modify
existing ones without disrupting the overall struc-
ture of the framework. By defining each evaluator
as a self-contained unit, FreeEval promotes code
reusability and maintainability.

This configuration-driven approach eliminates
the need for users to write Python code when defin-
ing and running an evaluation pipeline. All set-
tings and parameters for each step and dataset
are specified within the config, making the eval-
uation process highly customizable and accessi-
ble to researchers with varying levels of program-
ming expertise. Figure 2 shows an example con-
fig for a pipeline evaluating LLaMA-2 70B (Tou-
vron et al., 2023b) on ARC-Challenge (Clark et al.,
2018) dataset with a fixed seed for sampling 25-
shot examples and custom prompt. The model can
be deployed locally or on a remote machine. The
pipeline also include detecting data contamination
with Min-K% Prob (Shi et al., 2023).

3.4 Trustworthy Evaluation
FreeEval prioritizes trustworthiness and fairness
in evaluations by incorporating a range of meta-
evaluation modules that validates the evaluation
results and processes. As human preference re-
main the gold standard for measuring the effec-
tiveness of evaluation protocols, FreeEval model
human preference into two types: pairwise compar-
ison and direct scoring. We incorporate existing
meta-evaluation datasets from PandaLM (Wang
et al., 2023c), MT-Bench (Zheng et al., 2023b),
LLMBar (Guo et al., 2023), AlpacaEval (Li et al.,
2023b), and provide a user-friendly interface for
annotating and curating human evaluation datasets.

To ensure the trustworthiness of the evaluation
results, we also implement data contamination de-
tection methods, as introduced in subsection 2.2,
into our toolkit as steps. Understanding whether
the tested dataset appear in the training phase of
the evaluated models would help users assess the
validity and reliability of evaluation results. We
also provide bias evaluation modules and visualiza-
tion tools specifically for LLM-based evaluators,
as previous studies have reported they exhibit po-
sition bias and length bias (Zheng et al., 2023b;

{
"steps": [

{
"step_name": "ARC-Challenge 25-shot MCP",
"step_type": "simple_multiple_choice",
"dataset_config": {

"type": "arc_challenge",
"dataset_kwargs": {

"seed": 2,
"fewshot_split": "train",
"fewshot_num": 25,
"multiple_choice_template_name": "prompt1"}

},
"inference_config": {

"type": "remote_hf",
"inference_kwargs": {

"model_name": "llama2-70b",
"base_url": ...,
"generation_config": ... }

},
"eval_config": {"aggregate_mode": "mean"}

},
{
"step_name": "Contamination Detection",
"step_type": "min_k_prob",
"dataset_config": ...,
"inference_config": ...

}
]

}

1

Figure 2: Config for an example pipeline, evaluat-
ing LLaMA-2 70B (Touvron et al., 2023b) on ARC-
Challenge (Clark et al., 2018) dataset and then detecting
data contamination with Min-K% Prob (Shi et al., 2023).

Wang et al., 2023c). These meta-evaluation mod-
ules can be easily integrated into existing evalua-
tion pipelines, allowing researchers to understand
the effectiveness of their results, the fairness of the
evaluation process, and study bad cases that lead to
unexpected evaluation results.

3.5 Efficient Inference Backends

FreeEval’s high-performance inference backends
are designed to efficiently handle the computational
demands of large-scale LLM evaluations.

The inference backends in FreeEval support both
open-source models and proprietary models with
APIs. For all models, FreeEval support concurrent
inference given a fixed number of workers. We
implement a caching mechanism for queries based
on hash values of the request. We hash the request
prompt and inference config, and store locally the
request content and response for each individual
request. By checking the cache before making a
query, FreeEval skips cached requests, enabling
quick recovery from exceptions and saving infer-
ence costs. This is particularly beneficial when
implementing and debugging new evaluation meth-
ods. Caching also ensures reproducibility, as all
requests, settings, and responses are saved and can
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from freeeval.models import load_inference_function

# Initialize inference backends
openai_inference = load_inference_function("openai")
huggingface_inference = load_inference_function("remote_hf")

# Parallel inference with load balancing and caching
huggingface_inference(

requests,
output_path,
max_concurrency = 128,
num_workers = 8

)
openai_inference(

requests,
output_path,
openai_model,
api_key,
num_workers = 4,
request_per_min = 100

)

1

Figure 3: Example code for running FreeEval’s infer-
ence backends. We rely on these backends for efficient
inference and provide a simple abstraction.

be inspected using FreeEval’s visualization tools.

For open-source models, we leverage Hugging-
face’s text-generation-inference (TGI, Con-
tributors (2023a)) package which is a production-
ready high-performance inference toolkit. We im-
plement a load-balancing technique in conjunction
with the continuous batching feature provided by
TGI to maximize GPU utilization on multi-node
multi-GPU clusters. For proprietary models, we
have a rate-limiting mechanism to avoid causing
too much stress on API providers.

We evaluate FreeEval’s performance by compar-
ing the execution times (excluding downloading
times) for llama-2-7b-chat-hf model on 3 com-
mon datasets using different toolkits. Our experi-
ments are done on the same Ubuntu machine with a
single NVIDIA A800 80GB PCIe GPU. As shown
in Table 3, even on a single GPU, FreeEval exhibit
significant advantage on all benchmark datasets.

The inference backends in FreeEval are designed
to seamlessly integrate with the evaluation meth-
ods of the framework. As illustrated in Figure 3,
initializing the inference backends and running par-
allel inference is straightforward and user-friendly.
This simplicity allows developers of new evaluation
methods to focus on prompting or interactions be-
tween models, using the backends sequentially. As
a result, implementing interactive evaluation meth-
ods, such as those proposed by Li et al. (2023a);
Chan et al. (2023); Yu et al. (2024), becomes much
easier and more accessible to researchers.

Table 3: Comparison of execution time (in hours) of
different toolkits. All experiments are done on the same
machine with a single NVIDIA A800 80GB PCIe GPU.

Toolkit ARC-C MMLU HellaSwag

Eval-Harness 0.160 0.510 1.080
OpenCompass 0.084 1.431 1.716
FreeEval (Sequential) 0.211 0.949 0.966
FreeEval (Concurrent) 0.067 0.233 0.357

3.6 FreeEval Visualizer

Unlike traditional evaluation toolkits that provide
only accuracy or performance scores, FreeEval au-
tomatically converts and saves evaluation results
for comprehensive visualization. Users can launch
the Visualizer with a simple command for an intu-
itive web interface for detailed analysis.

The FreeEval Visualizer offers a dashboard
overview of evaluation results and settings, in-
depth analysis tools, a case browser for examining
individual cases and a human evaluation toolkit.
These features enable researchers to explore out-
comes, identify patterns, and study potential biases
or anomalies. By providing immediate visual feed-
back, the Visualizer aids in rapid prototyping and
refinement of new evaluation methodologies, con-
tributing to the trustworthiness and interpretability
of the evaluation process.

For detailed screenshots and a comprehensive in-
troduction to the Visualizer’s functionalities, please
refer to Appendix B. A demonstration video and
live demo are also available on our project website.

4 Conclusion

We introduce FreeEval, a modular and extensible
framework for trustworthy and efficient automatic
evaluation of LLMs. FreeEval innovatively ad-
dresses key challenges in LLM evaluation by pro-
viding a unified implementation of various evalua-
tion methods, incorporating meta-evaluation mod-
ules, and leveraging high-performance inference
backends. The framework’s modular design facili-
tates easy integration of new evaluation protocols
and improves transparency. The integrated Visu-
alizer enhances result interpretation and analysis,
supporting comprehensive evaluation and the devel-
opment of new methodologies. We will continue to
maintain and expand the FreeEval toolkit, striving
to provide deeper insights into the capabilities and
limitations of LLMs and contribute to the devel-
opment of more robust and trustworthy language
models.
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A Limitations and Ethical Considerations

In this Appendix section, we discuss the limita-
tions and ethical considerations of FreeEval. While
FreeEval addresses several challenges in LLM eval-
uation, it has limitations and raises ethical consid-
erations:

• Bias and Discrimination: FreeEval includes bias
evaluation modules but cannot eliminate biases in-
herent in training data or models. Researchers
should strive for more inclusive and equitable
LLMs.

• Environmental Impact: Despite efficient infer-
ence backends, the overall environmental impact
of LLM development remains a concern requiring
further innovation.

• Human Evaluation Subjectivity: The human
evaluation component may introduce subjective
biases, necessitating careful design of evaluation
protocols.

• Accountability and Misuse: While FreeEval en-
hances transparency in evaluation, ethical deploy-
ment and appropriate safeguards in real-world ap-
plications remain the responsibility of researchers
and developers.

These points highlight the need for ongoing re-
search in LLM evaluation methodologies and re-
sponsible AI development practices.

B FreeEval Visualizer

The FreeEval Visualizer is a web-based interface
designed to enhance the interpretability and analy-
sis of LLM evaluation results. It provides an intu-
itive platform for researchers to explore evaluation
data, conduct case studies, and perform human
evaluations.

The Visualizer consists of six main components:

• Dashboard: Offers an overview of evaluation
results, including distribution charts and summary
statistics.

• Analysis Tools: Provides detailed visualizations
and statistical analyses of evaluation data.

• Case Browser: Allows users to search, filter, and
examine individual evaluation cases.

• Human Evaluation Creator: Enables re-
searchers to set up new human evaluation ses-
sions.

• Human Evaluation Session: Manages ongoing
human evaluation tasks.

• Case Annotation Interface: Facilitates detailed
annotation of individual cases.

The Visualizer is built using Flask, a lightweight
Python web framework, and incorporates modern
front-end technologies for responsive design. It in-
tegrates seamlessly with FreeEval’s core evaluation
modules, providing a unified workflow for LLM
assessment.

Key features of the Visualizer include interactive
data exploration, customizable visualizations, and
support for various evaluation types (e.g., pairwise
comparisons, direct scoring). The human evalua-
tion interfaces facilitate the creation, management,
and execution of expert judgment collection, which
can be used for meta-evaluation or to create new
evaluation datasets.

Figure 4 showcases the main interfaces of the
FreeEval Visualizer. The dashboard (Figure 4a)
provides an overview of evaluation results, while
the analysis page (Figure 4b) offers more detailed
statistical insights. The case browser (Figure 4c)
allows for detailed exploration of individual cases.

The human evaluation workflow is supported by
three interfaces: the creation page for setting up
new evaluation sessions (Figure 4d), the session
management page (Figure 4e) for overseeing ongo-
ing evaluations, and the case annotation interface
(Figure 4f) for collecting detailed judgments on
specific outputs.

By providing these visual and interactive tools,
the FreeEval Visualizer aims to streamline the pro-
cess of analyzing LLM evaluation results, enabling
researchers to gain deeper insights and make more
informed decisions in their work with large lan-
guage models. The comprehensive set of features
supports the entire evaluation lifecycle, from initial
data exploration to in-depth analysis and human-in-
the-loop assessment.
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(a) Dashboard overview (b) Overall analysis

(c) Case Browser (d) Creating human evaluation session

(e) Human evaluation session (f) Case Annotation

Figure 4: Screenshots of the FreeEval Visualizer web application
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