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The Harness Is Data Science
(A big part of it, anyways)







Ok, hereʼs the pitfalls



Pitfall #1 Generic Metrics



What To Measure?

What most teams do:
Helpfulness Score
Coherence Score
Hallucination Score



What To Measure?

What most teams do:
Helpfulness Score
Coherence Score
Hallucination Score

What a data scientist would 
do:
Explore the data.  
Whatʼs actually breaking?  
Whatʼs the highest value thing to 
start measuring?
Form new hypotheses.
Analyze, repeat.



Looking At The Data





Really. Do It.



Pitfall #2 Unverified Judges



Judge Validation

What most teams do:
Ask an LLM to rate outputs 15. 
Deploy it. Trust the numbers.



Judge Validation

What most teams do:
Ask an LLM to rate outputs 15. 
Deploy it. Trust the numbers.

What a data scientist would 
do:
Treat it like a classifier. 
Label 100 outputs pass/fail. 
Partition the data.   
Measure precision & recall on the 
held-out set.



Treat Like A Classifier



Example: Donʼt use “accuracyˮ



Pitfall #3 Bad Experimental Design



Synthetic Data Generation

What most teams do:
Prompt an LLM ‘Give me 50 test 
queries.̓  Get 50 generic questions.



Synthetic Data Generation

What most teams do:
Prompt an LLM ‘Give me 50 test 
queries.̓  Get 50 generic questions.

What a data scientist would 
do:
Use hypothesis to inform which 
dimensions should be varied. 
Generate combinations. Convert to 
realistic queries. 
Review for quality.
Look at the data!



Synthetic Data Generation



Designing Metrics

What most teams do:
Generic Metrics
Bundle entire rubric into one eval
Likert scale: 15
Scale of 1100



Designing Metrics

What most teams do:
Generic Metrics
Bundle entire rubric into one eval
Likert scale: 15
Scale of 1100

What a data scientist would 
do:
Reduce complexity
Make metrics actionable
Align with business outcomes



Try to use binary scores



Pitfall #4 Bad Data/Labels



Labeling

What most teams do:
Make it someone elseʼs problem



Labeling

What most teams do:
Make it someone elseʼs problem

What a data scientist would 
do:
Insist that domain experts label
Be very skeptical
Look at the data!







Pitfall #5 Automating Too Much



Not Yet



Other Pitfalls
1.  Misusing similarity scores
2. Asking the judge "is this helpful?"
3. Making annotators read raw JSON
4. Reporting uncalibrated scores 
without confidence intervals

5. Ignoring data & criteria drift
6. Overfitting judges to data
7. Not sampling data effectively
8. Dashboards with low signal
9. Logging traces and saying “thatʼs 
evalsˮ



The Harness Is Data Science
1. Error analysis — Read outputs, find patterns  EDA
2. Metric design — evals aligned to what matters 
3. Validation — Prove evaluators match human judgment  Model 
evaluation)
4. Test data — Generate diverse inputs  Experimental design)
5. Monitoring — Detect drift  Production ML
6. Iteration — Measure, improve, experiment  The scientific 
method)



Why Python

The harness runs on 
your tools



hamelsmu/evals-skills



Most Importantly

Find the memes @
 hamel.dev 


