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Batch agent check-rides, model comparison, and operational scorecards for autonomous Al workflows

8.4/10

Overall score

Run summary

Scenario: Train/Serve Skew

Model: openai/gpt-4.1-mini

Roles: ML Engineer (Al agent) <> Engineering counterpart (Al agent)
Duration: 1m 7s

Actual run cost: $0.006960

Projected execution cost: $0.7656/mo (5/biz day x 22 days)

Report date: July 14, 2026 - 3:46 AM EST
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Session: sample-Ib-rankings-seed-d9290575-878a-4832-9b37-fe81a31167d0

ds_train_serve_skew_v1 - agent - openrouter - openai/gpt-4.1-mini - ended

I Overall

8.4/10

PASS - trust=high

Pass - score 8.4/10 clears 7.0 with acceptable trust/closure.

CAPABILITY RUBRIC

# Dimension (matches spoke #) Score
1 Skew source identified 10/10
2 Uses train vs serve stats 8/10
3 Prod metric impact noted 8/10
4 Clear mitigation plan 8/10
5 Monitoring / rollback steps 8/10

Spoke numbers run clockwise from the top; dimension names are listed in full in the table.

I Technical criteria checklist

Automated pass/fail signals for this task - use when comparing models on specific requirements.

- Encoding mismatch identified: Met

- Prod metric impact cited: Met

- Mitigation / monitoring steps: Met

I - Distribution shift noted: Met

TECHNICAL JUDGEMENT

I Holistic read on this single-shot deliverable - criteria checklist plus rubric gaps, not any one dimension alone.

I Telemetry
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Run metrics
Mode: multi-turn - Agent msgs: 6 - Counterpart msgs: 7 - Output: 20502 chars - Latency: 67s - Criteria: 4/4

Score analysis

Score snapshot
Solid: Solid technical task response with a few gaps.

Interpretation

Multi-turn technical task: fixed brief, 6 agent turns with scripted follow-ups and reviewer sign-off. 4 of 4 checklist criteria

I Identifies one-hot vs hash encoding mismatch as skew source.
‘ passed.

BRIGHT SPOTS (RUBRIC)

+ Uses train vs serve stats: Uses tables, logs, or schema facts from the task brief.
+ Prod metric impact noted: Shows appropriate safety, budget, or risk awareness for the scenario.
+ Clear mitigation plan: Clear structure with readable SQL, diff, or memo formatting.

+ Skew source identified: Correctly identifies the primary technical issue from the artifacts.
+ Monitoring / rollback steps: Strong rationale and actionable follow-through.

DIMENSION NOTES

- Uses train vs serve stats: Uses tables, logs, or schema facts from the task brief.

- Prod metric impact noted: Shows appropriate safety, budget, or risk awareness for the scenario.

- Clear mitigation plan: Clear structure with readable SQL, diff, or memo formatting.

- Monitoring / rollback steps: Strong rationale and actionable follow-through.

- Overall judgement (8/10): Sound judgement on this technical response: checklist criteria and rubric align with a strong
deliverable.

Signals

Encoding mismatch identified: yes - Distribution shift noted: yes - Prod metric impact cited: yes - Mitigation / monitoring

‘ - Skew source identified: Correctly identifies the primary technical issue from the artifacts.
‘ steps: yes

CAVEATS

- Heuristic keyword/signal scoring - use the criteria grid and transcript to validate edge cases.

Transcript

| Session

Scenario: Train/Serve Skew

Agent response <-> Engineering counterpart

ML Engineer (Al agent) <> Engineering counterpart (Al agent)
Duration: 1m 7s
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Transcript: blue = protagonist (you) - amber = counterpart - gray = coach/system. Each turn shows role/name, clock time, and response delay
when available.

Engineering counterpart
7:45 AM

Task brief - Train/serve skew (complex complexity)

Production precision dropped after an encoding change. Investigate using the artifact:

“json
{
"model": "churn_classifier_v3",
"issue": "Precision dropped 8 points in prod after category encoding change",
"training_distribution": {
"plan_tier": {"free™: 0.42, "pro": 0.38, "enterprise": 0.20},
"encoding": "one_hot columns plan_tier_free, plan_tier_pro, plan_tier_enterprise"
Jir
"serving_distribution_last_7d": {
"plan_tier": {"free™: 0.61, "pro": 0.29, "enterprise": 0.10},
"encoding": "single categorical plan_tier hashed to integer bucket (new inference path)"
Jir
"metrics": {
"offline_auc_holdout": 0.84,
"online_precision_7d": 0.71,
"online_precision_baseline_30d": 0.79
Ji
"deploys": [
{"service": "inference-api", "at": "2026-07-01T18:00:00Z", "change": "switched from one-hot to hash encoding for
latency"}
I
"note": "Enterprise accounts underrepresented in live traffic vs training."

}
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Agent response
7:45 AM - Responded in 14s

Here is a detailed analysis and recommendations based on the given artifact:

## 1. Skew Source Analysis

### Encoding Skew

- Training encoding: one-hot encoding for “plan_tier™ with explicit columns:
‘plan_tier_free’, "plan_tier_pro’, “plan_tier_enterprise’.

- Serving encoding: switched to hash encoding mapping “plan_tier" as a single hashed integer bucket (new inference path)
to improve latency.

Impact:
One-hot encoding produces fixed, interpretable feature columns that exactly match categories during training. Hash
encoding projects the categorical variable into a fixed bucket space, potentially causing collisions and mixing of categories.

Switching from one-hot to hash encoding changes the feature representation space significantly and could confuse the
model, which expects explicit one-hot features.

### Distribution Skew

- Training distribution:
- free: 42%
- pro: 38%
- enterprise: 20%

- Serving distribution (last 7 days):
- free: 61% (?19pp)
- pro: 29% (?9pp)
- enterprise: 10% (?10pp, half of training proportion)

Impact:

Enterprise accounts - underrepresented in live traffic compared to training - might be a more predictive segment for churn.
Lower presence reduces model performance sensitivity online.

### Combined Effect
- The model was trained expecting explicit one-hot features per category; hash encoding at inference causes feature
mismatch/skew.

- Distribution shift causes certain categories (enterprise) to be rare in serving, amplifying mismatch and hurting precision.
- The precision dropped from 0.79 to 0.71 (~8 points) after deployment with encoding changes.

## 2. Mitigation Options

### a) Align Encoding Methods
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- Revert serving encoding to one-hot:
Use the same one-hot encoding in prod inference as in training. This eliminates encoding mismatch.

- Re-train model with hash encoding:
If hash encoding is required for latency, retrain the model with the hash encoding preprocessing pipeline matching

serving.

- Use embedding layers for categories:
Train a model using embedding vectors that can better generalize hash or OOV categories.

### b) Address Distribution Skew

- Retrain with updated distribution:
Collect recent data reflecting the new plan tier distribution and retrain or fine-tune the model.

- Use sample weighting or domain adaptation:
Weight training samples to reflect the serving distribution or use techniques like importance weighting.

### c) Hybrid and Advanced Approaches

- Use feature crosses or richer representations: to capture relations between plan tier and other features.

- Implement robust encoding: e.g., leave-one-out target encoding with regularization for categorical variables.

## 3. Monitoring and Rollback Recommendations

### Monitoring

- Feature distribution monitoring:
Continuously monitor categorical feature distributions (plan_tier) between train and serving.

- Encoding consistency check:
Automate tests to verify alignment of training and inference feature transformations.

- Model metric monitoring:
Monitor online precision, recall, AUC, and other relevant metrics in real-time with alerts.

- Data drift detection:
Use tools to detect shifts in input feature distributions, especially for critical categorical features.

### Rollback
- Rollback to previous inference encoding:

Revert inference API to the one-hot encoding path that previously gave baseline precision until the new pipeline is
validated.

- Blue/green deployment or canary:
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Deploy encoding changes gradually with small traffic percentage to compare live metrics before full rollout.

## Summary

| Aspect | Details / Impact | Recommendation |

| Encoding Skew | One-hot (train) -> hash (serve)
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Engineering counterpart
7:45 AM - Responded in Os

Thanks - walk me through your reasoning step by step. What assumptions did you make?
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Agent response
7:45 AM - Responded in 18s

Certainly! Here's a detailed step-by-step walkthrough of my reasoning along with key assumptions made at each step:

##i# Step 1: Understand the problem context and data artifacts
- Given:
- Model "churn_classifier_v3" precision dropped 8 points online after an encoding change.
- The encoding changed from one-hot (training) to hash encoding (serving).
- Plan tier distribution differs between train and serving.
- Precision dropped from 0.79 (baseline) to 0.71 (last 7d).
- Offline AUC s still good (0.84), so model itself likely okay.

- Deployment logs indicate the encoding change occurred at deployment time to improve latency.

Assumption #1: The precision drop is caused by the change in feature encoding or distribution shift, not by the model
weights or label noise because offline AUC remains high.

### Step 2: Compare training and serving feature encoding schemes

- Training encoding: One-hot encoding creates explicit binary columns per category - e.g. “plan_tier_free’, "plan_tier_pro’,
“plan_tier_enterprise’.

- Serving encoding: Hash encoding compresses the categorical feature into a hashed bucket, losing explicit category
signals.

Why does encoding matter?
- The model was trained expecting fixed, interpretable one-hot vectors per plan tier.
- Hash encoding at serving means the feature vector's indices and values no longer correspond to the same category

features.

Assumption #2: The model input features for serving are not aligned with training features, causing model confusion and
degraded output quality.

### Step 3: Analyze categorical distribution shift

- Training data had 20% enterprise, but serving data only has 10% enterprise (enterprise underrepresented live).

- Free category increased in serving (61% vs 42% training).

Why does distribution skew matter?

- The model likely learned different churn patterns per plan tier category based on training proportions.

- Underrepresented enterprise data in serving can cause the model to be less sensitive to enterprise user churn patterns.

- Since enterprise accounts may drive important predictive signals, their lower presence affects precision.

Assumption #3: The distribution shift in plan tier categories is significant enough to affect the model's decision boundaries
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and precision.

### Step 4: Link encoding and distribution shift to precision drop

- Encoding mismatch causes incorrect feature interpretation by the model. For example, the hashed bucket representing
“plan_tier_pro” in serving might overlap with other categories or non-related features.

- Distribution shift compounds this since the model's learned patterns for rarely seen categories (like enterprise) may not
activate correctly or often.

- Together, these cause false positives or false negatives, lowering precision.

### Step 5: Consider mitigation strategies

- To fix encoding mismatch: revert to one-hot encoding at inference or retrain model with hash encoding.

- To fix distribution skew: update training data or use weighting to reflect serving distribution.

- Advanced: embedding layers or target encoding to handle category representation more robustly.

### Step 6: Assess monitoring and rollback

- Encoding inconsistency checks are essential to catch skew before deployment.

- Feature distribution monitoring is necessary to detect drift.

- Rollback to previous encoding quickly restores baseline precision.

### Summary of Assumptions

| Step | Assumption |

I I I

| Problem framing | Precision drop linked to encoding and distribution change, not model weights or labels |
| Encoding impact | Model requires exact feature alignment; hash encoding breaks this assumption |
| Distribution impact | Significant categorical distribution skew affects model behavior and precision |

| Combined effect | Encoding + distribution skew jointly cause precision drop |

| Mitigation feasibility | Reverting encoding or retraining with new encoding fixes the issue |
| Monitoring importance | Automated checks can detect skew before precision drops
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Engineering counterpart
7:45 AM - Responded in Os

What would you verify before shipping this to production?
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Agent response
7:45 AM - Responded in 13s

Before shipping the encoding change (from one-hot to hash encoding) to production, | would verify the following critical
aspects to prevent train/serve skew and precision degradation:

### 1. Encoding Consistency Checks

- Feature schema alignment:
Ensure that the feature columns and their order after serving encoding exactly match the model's expected input schema.

- Encoding logic correctness:
Verify correctness of the hash encoding function, including bucket size, hash seed, and collision behavior.

- End-to-end pipeline test:
Run inference with the new serving encoding on a representative validation dataset (preferably identical or very similar to
training data) and confirm output matches baseline model predictions or behaves as expected.

### 2. Offline Evaluation with New Encoding

- Offline validation:
Re-encode the validation and holdout datasets using the hash encoding instead of one-hot and run inference with the
existing model to measure metrics (precision, recall, AUC).

- Compare metrics:
If possible, retrain a model on hash-encoded features and compare offline metrics to baseline.

- Sanity check:
Confirm no significant degradation in offline performance, or understand the gap beforehand.

### 3. Distribution Compatibility

- Feature distribution monitoring:
Compare distribution of plan_tier (and other key categorical features) in recent production data to training data, confirming
no unexpected or drastic shifts.

- Hash bucket distribution:
Validate that hashed features have similar frequency distributions between train and serve modes.

- Check for OOV (Out-Of-Vocabulary) values:
Ensure no new/unseen categories are causing unexpected hash collisions or errors.

### 4. Performance and Latency Benchmarks

- Latency testing:
Confirm that switching to hash encoding actually improves latency as intended without compromising throughput or
resource usage.
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### 5. Monitoring and Alerting Setup

- Pre-deployment monitoring:
Set up feature distribution and prediction metric monitoring dashboards for early detection of skew or performance
degradation.

- Automated alerts:
Configure alerts for significant metric drops or feature distribution deviations.

### 6. Canary or Shadow Deployment

- Incremental rollout:
Deploy the new encoding on a small percentage of traffic first to compare online metrics against control (current one-hot
encoded production).

- Shadow mode:
Run inference with new encoding alongside production encoding without affecting live decisions to compare predictions
and metrics offline.

### 7. Rollback Plan

- Immediate rollback:
Have a tested and quick rollback path to the previous one-hot encoding inference pipeline if degradation is detected.

### Summary Checklist Before Shipping

| Verification Aspect | Purpose |

I | I

| Encoding consistency | Prevent model input mismatches [

| Offline evaluation with hash | Confirm model robustness to new encoding |
| Feature distribution compatibility| Avoid distribution-related skew |

| Latency/performance benchmarks | Validate latency improvement |

| Monitoring & Alerting | Early detection of issues [
| Canary/shadow rollout | Minimize risk during deployment |
| Rollback plan | Quick recovery from unforeseen regressions|

Only after all these verifications pass confidently should the encoding change be shipped to 100% production traffic.
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Engineering counterpart
7:45 AM - Responded in Os

What are the top risks, and what's the rollback plan if this doesn't work?
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Agent response
7:46 AM - Responded in 12s

Certainly! Here are the top risks associated with shipping the encoding change, followed by a recommended rollback plan:

## Top Risks

### 1. Encoding Mismatch / Feature Misinterpretation

- The model was trained on one-hot encoding with explicit, stable feature indices.

- Hash encoding changes feature representation - categories may collide into same buckets or map to unexpected indices.
- This leads to incorrect input features, confusing the model and causing precision and other metric drops.

### 2. Distribution Shift on Plan Tier

- Significant difference in category proportions between train (20% enterprise) and serving (10% enterprise).

- The model may underperform on categories that are rare or have shifted distributions.

- This distribution skew combined with encoding changes exacerbate the model's degraded precision.

### 3. Hash Collision Effects

- Hash encoding can cause collisions where different categories map to the same bucket.
- If collisions overlap predictive features with noisy or irrelevant ones, model decisions degrade.

### 4. Insufficient Offline Validation

- If the new pipeline was not fully validated offline with the hash encoding, unexpected errors or metric drops may occur in
prod.

### 5. Unseen Categories / OOV Values

- New or rare categories not present in training can cause unexpected hash buckets, leading to unpredictable model inputs.

### 6. Monitoring Gaps

- If monitoring and alerting for feature distribution or prediction metrics are not in place, issues may go undetected until
severe.

## Rollback Plan

### Objective: Quickly revert to a known good state minimizing impact on precision and user experience.

### Step 1: Trigger Rollback

- Rollback should be triggered immediately upon detecting precision drop or other key metric degradation via monitoring or
manual reports.

### Step 2: Switch Encoding Back to One-Hot
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- Re-deploy the inference pipeline to restore one-hot encoding for “plan_tier" (and any other categorical features changed).
- This is the last known working encoding that aligns with the trained model input.

### Step 3: Verify Production Stability

- Confirm that online precision and other metrics return to baseline (near 0.79 precision).
- Check feature distribution and logs to ensure pipeline is operating as expected.

### Step 4: Communicate and Analyze

- Notify all stakeholders of rollback and incident.
- Analyze root cause in more detail - e.g., retrain with hash encoding, or improve encoding pipeline.

### Step 5: Plan Next Steps

- Develop a retraining pipeline with hash encoding if latency improvement is required.
- Improve monitoring and testing to catch encoding mismatches earlier next time.

### Additional Rollback Best Practices
- Maintain versioned inference pipelines enabling quick toggling between encoding methods.

- Use blue/green or canary deployment strategies to minimize impact of new changes.
- Automate rollback triggers based on pre-set metric thresholds.

# Summary Table

| Risk | Rollback Action |

I I I

| Encoding mismatch | Revert to one-hot encoding |

| Distribution skew impact | Restore stable baseline pipeline |

| Hash collisions causing errors | Rollback to well-tested encoding |
| Insufficient validation | Rollback and perform offline tests |

| OOV categories issue | Revert encoding and investigate |

| Monitoring gaps | Improve monitoring after rollback |

In essence: The rollback plan is to rapidly restore the exact encoding and inference path used during training (one-hot
encoding) to recover lost precision and then safely plan for encoding changes with robust offline validation and retraining.
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Engineering counterpart
7:46 AM - Responded in Os

Can you tighten this into concrete next steps with owners and timing?

Agent response
7:46 AM - Responded in 7s

Absolutely. Here is a concrete next-steps plan with owners and suggested timing to address the encoding-related precision
drop issue:

# Concrete Next Steps, Owners & Timing

| Step # | Action Item | Owner | Timing | Details / Deliverables

|1 | Immediate Rollback Deployment | ML Engineering / DevOps | Within 1 business hour | Revert

inference API to one-hot encoding pipeline. Validate stability and monitor metrics closely. |

| 2 | Validate Rollback Effectiveness | ML Engineer / Data Scientist| Within 4 hours post-rollback |

Confirm online precision recovers near 0.79 baseline via monitoring dashboards. |

| 3 | Run Offline Evaluation of Hash Encoding Pipeline | ML Engineer | Within 1 business day |

Re-encode validation set with hash encoding, run inference, and compare offline metrics vs baseline. Document findings. |

| 4 | Analyze Train vs Serve Distribution Shift Impact | Data Scientist | Within 2 business days | Quantify

distribution skew effects, especially on enterprise category. Suggest weighting or data refresh if needed. |

|5 | Design and Implement Encoding Alignment Strategy | ML Architect / ML Engineer | Within 3 business days |

Decide on either retrain model with hash encoding or revert permanently to one-hot. Develop plan accordingly. |

| 6 | Improve Monitoring & Alerting for Encoding and Distribution | ML Engineer / Data Engineer | Within 5 business days

| Setup automated checks for: encoding pipeline consistency, feature distribution monitoring, and key online metric alerts. |

| 7 | Plan Safe Rollout Strategy (Canary/Shadow Deployments) | ML Engineering / Product Manager | Within 1 week
| Define rollout plan for encoding changes with gradual traffic ramp-up and monitoring thresholds. |

| 8 | Stakeholder Communication | Product Manager | ASAP / ongoing | Inform

impacted teams of rollback, plan, and timelines. Provide updates during investigation and rollout. |

### Notes & Recommendations:

- Rollback is highest priority to stop precision degradation ASAP.

- Offline evaluation and thorough analysis should start immediately after rollback.

- Monitoring improvements and rollout strategy should be planned before any re-deployment of encoding changes.
- Keep communication frequent and transparent with all stakeholders.

This plan balances urgent mitigation with comprehensive investigation and structured remediation to ensure safe, effective
resolution of the train/serve skew issue.

Engineering counterpart
7:46 AM - Responded in Os

What's the one thing you'd want a second pair of eyes on?
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Agent response
7:46 AM - Responded in 4s

The one thing I'd want a second pair of eyes on is:

The correctness and consistency of the new hash encoding implementation in the inference pipeline.

H#it# Why?

- This encoding change is the root cause candidate for the precision drop.

- Subtle bugs or differences in hash function parameters (hash seed, bucket size, collision handling) could cause
unpredictable feature mappings.

- Ensuring that the hashed features correctly represent categories and align with what the model expects (or retraining the
model accordingly) is critical.

- A fresh review could catch overlooked mismatches, implementation errors, or assumptions that led to the encoding skew.

### What to review specifically?

- Hash function logic and parameters.

- Feature vector construction and ordering.

- Handling of unseen or rare categories.

- Test coverage validating encoding correctness with representative data samples.

- Alignment between training data encoding pipeline and inference encoding pipeline.

A rigorous peer review here will significantly reduce risk before any encoding changes are fully rolled out again.

Engineering counterpart

7:46 AM - Responded in Os

Thanks - skew source and mitigation path are clearer now. Try encoding alignment before a full retrain unless offline
metrics still diverge. Review complete - no further response needed.
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