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from clear_eval.analysis_runner
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config_path = <path-to-config>

run_clear_eval_analysis(config_path
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Entry view @ Entry view to the CLEAR interface

' CLEAR: Evaluation Results Analyzer
Provides an easy

entry point to our
tool, with
explanation of its
main components.

Easily explore and filter your dataset based on discovered issues and score.
4 What you can do here:

ul View recurring problems discovered in your dataset
@ Filter rows by issue type and score range

1/ See stats and score distribution for filtered data

 Drill down into individual examples by clicking on rows

Issues View

Provides overview of model issues to help identify the system
error patterns.

Insight: The model suffers from calculation errors as its major problem

O The issues distribution as recognized by our approach

Issues Distribution

Total evalua d: 1319

processe

of each issue (sorted high to low):

No lssues: 1034 (78.4%)

@ The filtering mechanism control panel
C Select Filters

Filtering
Mechanism

Provides a dynamic
ability to filter the
data by issues
types, and score
range.

rrrrrrrrrrrr

Logical errors despite clear reasoning: 57 (4.3%)

(3.3%)

Incorrect handling of units or conversions: 8 (0.6%)

Failure to verify or cross-check

5:3(02%)

Comparison View

Provides a comparison view of the issues distribution in the full
dataset compared to the filtered one.

Insight: Misunderstanding of the problem appear in most cases that also

Model
Behavior

® Detailed view of selected instance

Please select an entry from the table or dropdown:

Provides instance-
level info on data

@ Instance-level view

exhibit mathematical and logical errors.

@ Issues frequencies comparison of the full and filter data
Comparison of Issue Frequencies:

slices to enable Clearselection
issue-based error
analysis

Insight: By filtering for
instances marked with
specific issues, we can 2
choose examples that 205 Brinleyisin Mr.
help us understand the
model's behavior and its
error patterns. Wecan 287 ATest
also examine the i

available instance
metadata and the
judge's explanations.
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et al., 2024) , LLaMA-3.1 8B (Grattafiori et al.,
2024) , Granite-3.3 8B (Granite Team, 2024) , 1l
Phi-4 (Abdin et al., 2024) ,
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METRAUEFHAY KPA, i GPT-40
LLaMA-3.3 70B. X588 e i R 58
SR A N — R T VA R T
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RIS ). R LER T AR E AT
S PEAL GSM8K I Mixtral 8x7B [ CLEAR
gEL, EHLE IR Mixtral 8x7B #5155 5
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— DL AT ERAERY - FF N B AT ARG R A 4
T T BB HR W & R BRI 78 I 2%k
5 (Yehudai et al., 2024) , i f F 0] GE18 3 1
PR 5 58 g A5 AP T L C X SR R AR X 28N
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TERAG BRI 2, RATER THE—
AR N X TechQA #E4 T34 1) Mixtral 8x7B

'IBM watsonx KPA

GSMBS8K ( s : Mixtral 8x7B, J : GPT-40)

tightitem0

No Issues Detected ( 78.4% )

Mathematical errors in calculations, including rounding
and final steps. ( 13.2% )

Incorrect understanding of problem statements leading to
flawed reasoning. ( 11.8% )

Failure to fully consider or correctly interpret all given
information. ( 5.8% )

Incomplete answers due to missing necessary steps or cal-
culations. ( 5.5% )

Logical errors despite clear reasoning. ( 4.3% )

Misunderstanding or incorrect application of mathemati-
cal concepts or methods. ( 3.3% )

Unnecessary complexity or inclusion of irrelevant details.

(2.6%)
Incorrect handling of units or conversions. ( 0.6% )
Failure to verify or cross-check results. ( 0.2% )

Table 1: 7EHA AL 55 40RE R GSMBK 1 1
HERXT Mixtral 8x7B R I H A 1R) @, $#eAR % P HE
B (AR5 R

Mixtral 8x7B ( J : GPT-40)

tightitem0

No Issues Detected ( 51.9% )

Omission of necessary details or steps ( 36.3% )

Lack of specificity and completeness in responses ( 31.2%

)

Omission of relevant links or references ( 9.2% )
Inaccurate or irrelevant information ( 8.6% )

Failure to provide actionable insights or solutions ( 8.3%
).

Misinterpretation or misuse of context( 4.5% )

Lack of clarity in explaining technical details ( 3.5% )
Incomplete or abrupt ending of the response ( 3.5% )

Phi-4 ( J : GPT-40)

tightitem0

No Issues Detected ( 76.6% )

Lacks completeness and necessary details ( 10.9% )
Lacks context-specific information ( 9.9% )

Lacks specificity in technical details ( 6% )

Fails to mention unsupported features or limitations (
51%)

Inaccurate or fabricated information ( 2.6% )

Does not directly answer the question ( 1.9% )

Assumes unsupported or incorrect context ( 1.9% )

Table 2: DA AL HAE TechQA | 3H 51 1 Y Mixtral
8x7B)ﬁl Phi-4 [) A8, HAREEHT (5
[TV

(557 : GPT-40) [fJ CLEAR £55, it b4
F_ETR S0 RN R HARPE DA LT3 Ek
HERNFEE X 27 RAG &P RENEF
LT [ AR BT J 0 28 OB . (EAS R 2
CLEAR JR7R T i) i & B3 b 4 55 AL 46
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C§ User Study: LLM Error Analysis
Tool

Thank you for participating in this user study.

The goal is to evaluate a new tool designed to help users analyze and understand why LLMs
(Large Language Models) fail on tasks such as math reasoning, retrieval-augmented

generation (RAG), or other domain-specific tasks.

The visualization presents the results of the error analysis pipeline applied to user data and
LLM outputs. The pipeline identifies recurring issues by aggregating patterns across the

dataset.
This tool supports different types of users, including:

* Model Developers - building or training new language models

* Application Developers - creating applications that incorporate LLMs
Please choose the persona that best fits your role. If not listed, feel free to describe your own.

Note: The specific tasks shown in the tool may differ from your exact use case. When exploring
the tool, we encourage you to reflect on how the insights and workflows in the tool could
relate to your own use case or data.

2 Instructions (Approx. 10 minutes total)

1. Watch the 2-minute overview video to get a quick introduction to the tool.

2. Select the persona that best describes your role. If your role isn’t listed, please describe it
briefly.

3. Open the tool, upload one of the attached files, and explore its features.

4. Complete the survey below to share your feedback.

Enter your User ID or initials (required):

Which persona best matches your role?

Model Developer v

Figure 3: iff5¢ % 535 13 .

<, Usefulness

This section explores how helpful the tool was in understanding model errors, saving time, or influencing
debugging or development decisions.

Did the tool help you better understand the distribution of model errors? ®
L]

1 5

Did the tool surface errors you might have missed through manual inspection? ®
[ ]

1 5

Ifyes, can you describe one such example? (Optional)

Did you uncover any insights about the model’s behavior or failure modes using the tool? ®
°

1 5

Do you think this tool could help you improve model performance or better leverage the model’s outputs? ®
°

1 5

Would you consider taking any concrete actions based on the tool?

Choose an option v

Do you think this tool could help you save time during the error analysis process? ®
L]

1 5

Figure 4: 45 1 3% - 4 I M.
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Dataset watsonx-KPA LLM-based (GPT-40) LLM-based (LLaMA-3-70B)
GSMS8K  tightitemO tightitemO tightitemOQ
No Issues Detected ( 78.3% ) No Issues Detected ( 83.7% ) No Issues Detected (81.4
The error leads to an incorrect Incorrect understanding of Calculation errors or inaccuracies
final answer. ( 17.8% ) problem statements leading to (15.2%)
The equations are set up flawed reasoning ( 7.5% ) Flawed reasoning, logical errors,
inaccurately. ( 14.4% ) Mathematical errors in or incorrect application of
The model fails to provide correct ~ calculations, including rounding formulas/algorithms ( 7.1% )
reasoning. ( 12.3% ) and final steps ( 7.4% ) Incorrect assumptions or
The calculation in step 7 is Incomplete answers due to misinterpretations of problem
incorrect. ( 11.2% ) missing necessary steps or statements ( 5.2% )
The error leads to an incorrect calculations (4.1% ) Failure to account for all relevant
average. ( 10.5% ) Failure to fully consider or variables, conditions, or scenarios
However, the rounding error could F:orrectly. interpret all given (52%)
be misleading. ( 7.1% ) information ( 3.9% ) Lack of clarity, consistency, or
It also lacks clarity. (6.3% ) 'Unnectessary complexity or unnecessary complexity in
. . inclusion of irrelevant details ( explanations ( 3.1% )
It does not verify calculations. ( 1.7% .- .
5.6% ) 770) Inability to correctly interpret or
: . Logical errors despite clear apply given information ( 2.9% )
The steps in the model answer are .
; reasoning ( 1.1% )
incomplete. ( 5.4% ) . .
Th del i Iv caleul Incorrect handling of units or
e model incorrectly calculates conversions ( 0.4% )
the number of pairs. ( 4.5% ) . . .
N Ive th Misunderstanding or incorrect
ecbfissary steps (o solve t ; application of mathematical
problem are missing. (3.9% ) concepts or methods ( 0.3% )
Failure to verify or cross-check
results ( 0.2% )
TechQA  tightitemO tightitemO tightitemO

No Issues Detected ( 4.5% )

The response lacks completeness
and clarity. (89.5% )

The model answer lacks relevance
and factual support. ( 70.7% )

It fails to provide
document-supported solutions. (
59.2% )

The model misses key details
about the vulnerability. ( 55.1% )
As a result, the response lacks
faithfulness. ( 54.8% )

It contains unnecessary details and
inaccuracies. ( 41.4% )

It misses several necessary
troubleshooting steps. ( 26.4% )
The model lacks actionable steps
and insights. ( 21.3% )

However, it lacks specific
configuration steps for ITCAM. (
8.6%)

However, the additional join
information is unnecessary. ( 6.4%
)

The answer misses specific details
about cache synchronization. (

3.8%)

No Issues Detected ( 18.5% )
Lacks completeness and omits
crucial details ( 59.6% )
Generates unsupported or
speculative information ( 31.8% )
Fails to accurately incorporate
document information ( 22.0% )
Provides irrelevant or extraneous
information ( 14.3% )

Lacks clarity and conciseness (
14.0% )

Fails to address the specific
question ( 12.4% )

Fails to provide direct solutions (
8.0% )

Lacks structured presentation (

3.8%)

No Issues Detected 26 ( 8.3% )
Lack of detail and clarity in
answers ( 67.8% )

Inadequate consideration of
context and user needs ( 45.9% )
Failure to directly address the
user’s question ( 43.3% )
Unclear or incomplete solutions (
36.6% )

Lack of faithfulness to original
documents ( 26.8% )
Introduction of unnecessary
information ( 24.2% )

Failure to provide supporting
evidence or examples ( 22.3% )
Failure to provide clear steps or
instructions ( 19.7% )

Lack of relevance to the specific
question or topic ( 19.4% )
Inaccuracies and inconsistencies
in information ( 15.3% )
Overreliance on general
knowledge ( 14.0% )

Failure to consider multiple
possible causes or solutions (
8.3%)

Inadequate explanation of
technical terms ( 2.2% )

Table 3: £{%} Mixtral 8x7B iy 32 A, i it GSM8K I TechQA FHEMIXH) & FM VA, RIVESFFER

PR TR A ok
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General ( J : GPT-40)

tightitemO
No Issues Detected ( 51.9% )
Omission of necessary details or steps ( 36.3% )

Lack of specificity and completeness in responses (
31.2%)

Omission of relevant links or references ( 9.2% )
Inaccurate or irrelevant information ( 8.6% )

Failure to provide actionable insights or solutions ( 8.3%

)

Misinterpretation or misuse of context( 4.5% )

Lack of clarity in explaining technical details ( 3.5% )
Incomplete or abrupt ending of the response ( 3.5% )

Task-Specific ( J : GPT-40)

tightitemO
No Issues Detected ( 18.5% )
Lacks completeness and omits crucial details ( 59.6% )

Generates unsupported or speculative information (
31.8%)

Fails to accurately incorporate document information (
22.0%)

Provides irrelevant or extraneous information ( 14.3% )
Lacks clarity and conciseness ( 14.0% )

Fails to address the specific question ( 12.4% )

Fails to provide direct solutions ( 8.0% )

Lacks structured presentation ( 3.8% )

Table 4: 1F TechQA _F >~ Mixtral 8x7B 1 Ji i) 7] &5,

M (k) FfEsseE (1) P,

L comparative Value

This section compares the tool to your current approach i ion or existing tools—and helps

identify areas where it adds (or lacks) value.
Do you currently use any tools for model error analysis?

Choose an option v

Other tools (optional):

Compared to your current approach, how does this tool measure up? [6)
1
L]

1 5

Please explain your rating briefly:

What does this tool do better than your current approach?

What does this tool do worse than your current approach?

Figure 5: %3 2 5 MM B8

10

fl Trust & Reliability

This section assesses how much you trust the tool's outputs and whether it gives you confidence in your

understanding of model behavior.

Did you find the tool’s error analysis trustworthy?
1
L]

1

Please explain your rating briefly:

Did the tool increase your confidence in identifying and understanding model errors?
1

L]
1

What aspect of the tool helped (or hurt) your confidence?

Submit Survey

Figure 6: 5 3 J7-{F T & W FEMEFIRL
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