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Abstract

The evaluation of Large Language Models (LLMs) increas-
ingly relies on other LLMs acting as judges. However, current
evaluation paradigms typically yield a single score or rank-
ing, answering which model is better but not why. While es-
sential for benchmarking, these top-level scores obscure the
specific, actionable reasons behind a model’s performance.
To bridge this gap, we introduce CLEAR, an interactive,
open-source package for LLM-based error analysis. CLEAR
first generates per-instance textual feedback, then it creates a
set of system-level error issues, and quantifies the prevalence
of each identified issue. Our package also provides an interac-
tive dashboard that supports a comprehensive error analysis.
We demonstrate CLEAR analysis for RAG and Math bench-
marks, and showcase its utility through a user case study.

Code — https://ibm.biz/CLEAR-code-repo

Introduction

Evaluation of generative Al increasingly adopts the LLM-
as-a-Judge (LLMalJ) paradigm (Zheng et al. 2023), where
LLMs automatically score or compare system outputs (Liu
et al. 2023). Aggregated judgments enable benchmarking
and ranking of models (Gera et al. 2025), but they provide
little insight into why systems fail. Developers still rely on
tedious manual inspection to identify recurring issues, un-
derstand the system’s current limitations, and effectively pri-
oritize improvements.

Existing error analysis approaches only partially address
this gap. Some rely on labeled datasets or predefined tax-
onomies (Wu et al. 2019; Murahari et al. 2023), while others
analyze only the input questions and do not use the model re-
sponses (Zeng et al. 2025). These methods limit scalability
and often miss model-specific failure modes.

In this work, we introduce CLEAR, a novel interactive
tool for Al developers, designed to reduce the overhead of
manual error analysis. Our approach utilizes an LLMalJ for
generating textual feedback, and conducts discovery of re-
curring issues via Key Points Analysis (KPA) (Bar-Haim
et al. 2020). This method allows us to provide structured,
textual feedback that characterizes and quantifies a model’s
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recurring weaknesses and issues across a whole dataset.
These insights may guide further improvements, such as
prompt engineering, model fine-tuning, or choosing a dif-
ferent LLM.

The CLEAR pipeline is illustrated in Figure 1. It starts
with per-instance judgments, which include both a numeric
score and textual feedback. It then employs a KPA mod-
ule to categorize these individual critiques into a concise
set of automatically-discovered issues. Each identified issue
is mapped back to its matching judgments, which provides
quantification for its prevalence, and allows the user to drill
down from an issue to its specific examples. Lastly, we pro-
vide a user interface that allows for easy and dynamic explo-
ration of issues within the data.

To demonstrate our system’s capabilities and significance,
we ran CLEAR on several RAG and math benchmarks.
We analyzed responses from several systems using different
LLM Judges and KPA implementations. We also conducted
a user study. Its results confirm the usefulness of CLEAR for
real-world Al developers, and its potential value for reduc-
ing the time and effort required for error analysis.

Our contributions are: (1) a novel setup for transform-
ing instance-level critiques into system-level issues, (2) an
open-source Python package and interface implementing
this workflow, and (3) demonstrations across multiple do-
mains, including a user study validating effectiveness.

Method

CLEAR is designed to produce system-level feedback by an-
alyzing a model’s behavior across a dataset. The full setup,
illustrated in Figure 1, takes as input a dataset of instruc-
tions and a target system, and outputs a concise, structured,
and quantified summary of the system’s recurring issues.

Formally, we assume a dataset D = {z,,})_; of N in-
structions and a target system s, which generates responses
R = {r,}Y_,, where each r,, = s(x,). Our framework
then proceeds in two stages:

An LLM-based judge J is prompted to evaluate each pair
(Zn, ). For each instance, J returns a tuple j, = (t,, Sn),
where £, is a natural language critique and s,, is a numeric
quality score. These instance-level judgments capture local-
ized failures observed by the judge.

The second stage clusters recurring patterns across the
textual feedbacks {¢,, }_, into a set of concise, interpretable
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Figure 1: The CLEAR Framework. (a) Pipeline- Given a dataset (D) and a target system (s), the system generates responses
(R). A judge (J) provides per-instance textual feedback and a score ({ ji}ﬁil). A Key Point Analysis module (K) extracts
recurring issues and maps them to the individual j;’s. The discovered issues can be explored via the UI (b).

issues {i,, }M_,. For efficiency, and because the focus is
on identifying shortcomings, only feedback associated with
sn < 1 is considered during issue generation. Each x,, is
then linked to one or more relevant issues from this set.
We explore two distinct implementations for this aggrega-
tion module, denoted K :

Key Point Analysis (KPA): We adopt a classical KPA
pipeline. We start by normalizing the critiques into short
sentences by an LLM, and then apply the KPA method to
cluster the sentences and construct a set of issues over them.

LLM-Based KPA: As an alternative approach, we pro-
pose LLM-Based KPA. We summarize each critique t,,
and then prompt an LLM with a batch of these summaries
to identify high-level recurring issues. Finally, each ¢,, is
mapped to the derived issue set via a matching prompt. This
process requires ~ 2N LLM calls.

CLEAR Framework

Pipeline. To support easy integration and usability, we pro-
vide CLEAR as a Python package available on PyPI. The
package implements an end-to-end workflow: it generates
model responses, evaluates them using an LLM judge, and
performs key point analysis to identify recurring issues.
Each component in the pipeline can be used independently
or in combination, allowing users to customize the workflow
to their specific needs or preferences.

Evaluation modes. To accommodate different preferences
for issue discovery, CLEAR supports three evaluation
modes: General, discovering issues dynamically without
data-specific prior knowledge, enabling broad, exploratory
assessment. Task-specific, guiding the judge with domain
criteria but allowing additional discoveries. Static, mapping
evaluation texts to a user-provided predefined list of issues.
User interface. To facilitate exploration, CLEAR provides
a visual analytics interface that links high-level error trends
with instance-level evidence. An Issues View summarizes re-
curring issues with their frequencies and severities; a Fil-
tering panel enables flexible exploration of issue types and
score ranges; and a Comparison View shows how issue dis-
tributions shift under different filters. Finally, users can drill
down in the Instance-Level View, inspecting instructions, re-
sponses, judge feedback, and mapped issues. Together, these
synchronized views extend evaluation beyond scalar met-
rics, helping researchers and practitioners uncover patterns,
diagnose errors, and prioritize improvements.
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CLEAR: Case Study

Setup. We applied CLEAR to 3 datasets: GSM8K (Cobbe
et al. 2021) (math problems) and two RAG benchmarks,
TechQA (Castelli et al. 2019) and DelucionQA (Sadat et al.
2023). Systems included Mixtral-8x7B (Jiang et al. 2024),
LLaMA-3.1 8B (Grattafiori et al. 2024), Granite-3.3 8B
(Granite Team 2024), and Phi-4 (Abdin et al. 2024). Judges
were GPT-40 (OpenAl et al. 2024) and LLaMA-3.3 70B,
with both IBM Watsonx KPA and our LLM-based variant.

Results. (1) Actionable insights- On GSM8K, Mixtral of-
ten makes calculation errors and misapplies concepts (e.g.,
“Mathematical errors in calculations, including rounding in
final steps.”), suggesting remedies such as training on syn-
thetic reasoning data or pairing with tools like a calculator.

(2) Dataset-specific issues — On TechQA, issues include
vague technical terms and hallucinated references (e.g.,
“Lack of clarity in explaining technical details”’; “Generates
unsupported or speculative information”), surfacing both the
dataset’s technical focus and known RAG challenges, show-
ing that CLEAR adapts to benchmark characteristics.

(3) System-level differences — Comparing Mixtral-8x7B
and Phi-4 on TechQA revealed distinct weaknesses: Mix-
tral often showed “Omission of relevant links or references”,
while Phi-4 produced fewer errors overall (23.4% vs. 48.1%
of instances), aligning with external overall quality metrics.

(4) Evaluation modes — On TechQA, task-specific mode
increased sensitivity to faithfulness errors, e.g., “Fails to ac-
curately incorporate document information”, while general
mode revealed novel issues like “Incomplete or abrupt end-
ing of the response”.

(5) KPA method comparison- Overall, the LLM-based
KPA, particularly with GPT-40, produced more synthesized
and specific issue descriptions compared to the traditional
KPA implementation (e.g. “incorrect handling of units or
conversions” vs. “The calculation in step 7 is incorrect”).

User Study. We conducted a user study with 12 Al prac-
titioners and researchers, who explored system outputs
through the interface and completed questionnaires. Partic-
ipants rated the tool highly for usefulness (4.33), time sav-
ings (4.25), and surfacing overlooked issues (4.16), all on a
1-5 Likert scale. Most reported (74%) that they would con-
sider taking action based on the tool’s output. The results
confirmed the tool’s value, highlighting CLEAR usefulness
for error detection automation.
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