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Simulation scorecard

Vantage RuntimeAl

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: meta-llama/llama-3.1-8b-instruct

Roles: ML Engineer (Al agent) <> Engineering counterpart (Al agent)
Duration: 1m 49s

Actual run cost: $0.000618

Projected execution cost: $0.0680/mo (5/biz day x 22 days)

Report date: July 13, 2026 - 11:46 PM EST
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Session: sample-Ib-rankings-seed-4ea4c6fa-9f2d-4a7d-b7eb-4980a0119b90

ds_train_serve_skew_v1 - agent - openrouter - meta-llama/llama-3.1-8b-instruct - 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: 14908 chars - Latency: 109s - 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 49s
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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
3:44 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
3:44 AM - Responded in 11s

Train/Serve Skew Investigation

Skew Source:

The train/serve skew is primarily caused by the change in encoding from one-hot to hashed encoding for the “plan_tier’
category in the inference API (new inference path). This change introduces a difference in how categorical values are
represented between the training data and the production data.

Training Distribution:
The training data has a relatively balanced distribution across the three plan tiers: free (42%), pro (38%), and enterprise
(20%). The one-hot encoding represents each tier as a binary vector.

Serving Distribution (Last 7 Days):

In contrast, the serving data has a skewed distribution, with free accounts dominating at 61%, followed by pro at 29%, and
enterprise at 10%. The new hashing encoding maps categorical values to integer buckets, which may not capture the
underlying relationships between the categories.

Mitigation Options:

1. Revert encoding change: Roll back the change to the one-hot encoding used during training to restore the original
representation of categorical values.

2. Update training data: Rebalance the training data to reflect the actual distribution of plan tiers in production. This can be
achieved by oversampling the underrepresented tiers or by using techniques like data augmentation.

3. Evaluation metric: Update the evaluation metric to account for the skewed distribution in production. This may involve
using metrics that are robust to class imbalance, such as F1-score or AUC-PR.

4. Regularization techniques: Apply regularization techniques during training to ensure that the model does not overfit the
majority class and perform poorly on the minority class.

5. Smart encoding: Explore alternative encoding schemes that can handle the skewed distribution and provide better
performance. This may involve using techniques like label encoding or target encoding.

Monitoring or Rollback Recommendations:

Monitor model performance: Continuously monitor the model's performance on production data, focusing on precision,
F1-score, and AUC-PR.

ROLLOUT and tracking: Gradually roll out the updated model to a small subset of users, and track its performance before
deploying it to a larger audience.

Rollback option: Keep the previous model version available to quickly roll back in case the updated model does not
perform as expected.

Engineering counterpart
3:44 AM - Responded in Os

Thanks - walk me through your reasoning step by step. What assumptions did you make?
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Agent response
3:44 AM - Responded in 19s

Here's a detailed breakdown of my reasoning and assumptions:
Step 1: Identifying the issue

Given information: The problem statement mentions that precision dropped 8 points in production after a category
encoding change.

Assumptions: | assume that the encoding change is the primary cause of the precision drop, as the other information
provided (e.qg., training distribution, serving distribution) doesn't seem to be directly related to the problem.

Step 2: Analyzing the training and serving distributions

Training distribution: The training data has a relatively balanced distribution across the three plan tiers, with a slightly
higher proportion of "free" accounts.

Serving distribution: The serving data has a skewed distribution, with "free" accounts dominating at 61%, followed by
"pro" at 29%, and "enterprise" at 10%.

Assumptions: | assume that the skewed distribution in serving data is a result of the majority of the traffic coming from
"free" accounts.

Step 3: Identifying the encoding change impact

Encoding change: The encoding change involves switching from one-hot encoding to hashed encoding for the “plan_tier’
category.

Assumptions: | assume that the one-hot encoding used during training captures the underlying relationships between the
categories, whereas the hashed encoding used in production may not preserve these relationships.

Step 4: Mitigation options

Revert encoding change: Rolling back the encoding change to the one-hot encoding used during training.
Update training data: Rebalancing the training data to reflect the actual distribution of plan tiers in production.
Evaluation metric: Updating the evaluation metric to account for the skewed distribution in production.
Regularization techniques: Applying regularization techniques during training to ensure the model doesn't overfit the
majority class.
Smart encoding: Exploring alternative encoding schemes that can handle the skewed distribution and provide better
performance.

Step 5: Monitoring and rollback recommendations
Rollout and tracking: Gradually rolling out the updated model to a small subset of users and tracking its performance.
Rollback option: Keeping the previous model version available to quickly roll back in case the updated model does not
perform as expected.
Assumptions and limitations:
| assume that the problem is primarily related to the encoding change and the skewed distribution of serving data.
| assume that the training and serving data are representative of the true distribution.
| assume that the evaluation metric (precision) is a good indicator of model performance.

| assume that the model is not overfitting to the training data and is generalizing well.

These assumptions and limitations should be verified through additional analysis, data exploration, and experimentation.
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Engineering counterpart
3:44 AM - Responded in Os

What would you verify before shipping this to production?

Vantage RuntimeAl Page 7/12



Agent response
3:45 AM - Responded in 20s

Before shipping the updated model to production, | would verify the following:

1. Model Performance on Validation Data:

Verify model performance: Compare the updated model's performance on a held-out validation dataset to ensure it meets
the desired metrics (precision, F1-score, AUC-PR).
Assess distribution shift: Validate that the validation dataset accurately represents the distribution of production data.

2. Robustness to Distribution Shifts:

Conduct distribution shift analysis: Analyze how sensitive the model is to changes in the data distribution by using
techniques such as:
Data augmentation: Apply random transformations to the training data to simulate distribution shifts.
Synthetic data generation: Generate synthetic data that mimics real data distribution to test the model's robustness.
Unsupervised domain adaptation techniques: Apply techniques like adversarial training, multi-task learning, or
self-supervised learning to improve the model's generalizability.

3. Comparison to Baseline Models:

Compare to baseline models: Compare the performance of the updated model to the previous version or other baseline
models that use different encoding schemes or training techniques.
Evaluate the impact of the encoding change: Assess whether the encoding change is the primary cause of the
improvement or if other factors are contributing to the better performance.

4. Hyperparameter Tuning:

Hyperparameter tuning: Perform hyperparameter tuning to optimize the model's performance for the updated encoding
scheme.

Evaluate robustness to hyperparameter variation: Analyze how sensitive the model is to changes in hyperparameters to
ensure that the updated model is robust.
5. Model Explanations and Interpretability:

Model interpretability: Evaluate the updated model's interpretability to ensure that it provides meaningful insights into its
decision-making process.

Feature importance: Analyze the feature importance to understand how the encoding change affects the model's reliance
on different input features.
6. Explainability and Reliability:

Explainable Al (XAl) techniques: Apply XAl techniques to understand the updated model's behavior and identify potential
biases.

Model evaluation metrics: Use metrics like calibration, reliability diagrams, and absolute calibration to evaluate the

model's accuracy and robustness.

7. Edge Case Handling:

Edge case analysis: Identify and address edge cases, such as outliers, missing values, or data quality issues.
Robustness to data quality changes: Validate the model's ability to adapt to changes in data quality.

8. Continuous Monitoring and Maintenance:

Setup monitoring tools: Establish continuous monitoring to track the model's performance over time.
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Schedule model retraining and reevaluation: Plan regular retraining and reevaluation of the model to ensure it remains
accurate and reliable.

By thoroughly verifying and validating the updated model, we can ensure that it is robust, reliable, and accurately
addresses the problem at hand.
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Engineering counterpart
3:45 AM - Responded in Os

What are the top risks, and what's the rollback plan if this doesn't work?

Agent response
3:45 AM - Responded in 15s

Top Risks:

1. Model Performance Decline: The updated model may not meet the desired performance metrics, leading to a
degradation in the overall system.

2. Distribution Shift: The model may not adapt to changes in the data distribution, leading to decreased performance over
time.

3. Insufficient Testing: The updated model may not have been thoroughly tested, leading to undiscovered issues in
production.

4. Model Drift: The model may drift over time, causing it to become less accurate as the data distribution changes.

5. Overfitting to Training Data: The model may overfit to the training data, leading to poor performance on unseen data.

Rollback Plan:

1. Immediate Rollback: If the updated model doesn't meet the desired performance metrics, immediately roll back to the
previous version of the model.

2. Revert Changes: Revert any changes made to the model, including updates to hyperparameters, training data, and
evaluation metrics.

3. Review and Analysis: Conduct a thorough review and analysis of the issues that caused the model to decline in
performance.

4. Root Cause ldentification: Identify the root cause of the issue and implement corrective actions to prevent similar
problems in the future.

5. Restore Original Model: Restore the original model to ensure that the system returns to its previous state.

Communication and Transparency:

Internal Communication: Communicate the rollback decision and reasons to the internal stakeholders, including the
development team, product managers, and other relevant teams.
External Communication: If the issue affects external users, communicate the rollback decision and reasons to them in a
clear and transparent manner.

Lessons Learned and Recommendations:

Document Lessons Learned: Document the lessons learned from the rollback, including the root causes of the issue and
the corrective actions implemented.

Review and Refine Processes: Review and refine the processes for updating and deploying models to prevent similar
issues in the future.

Continuously Monitor and Evaluate: Continuously monitor and evaluate the performance of the updated model to ensure
that it meets the desired performance metrics.

Engineering counterpart
3:45 AM - Responded in Os

Can you tighten this into concrete next steps with owners and timing?
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Agent response
3:46 AM - Responded in 39s

Next Steps with Owners and Timing
Immediate Rollback

Owner: David, DevOps Engineer
Timing: Within the next 30 minutes
Task: Rollback the updated model to the previous version and restore the original model to production.

Review and Analysis

Owner: David, DevOps Engineer; Emily, Machine Learning Engineer
Timing: Within the next 2 hours
Task: Conduct a thorough review and analysis of the issues that caused the model to decline in performance.

Root Cause Identification

Owner: Emily, Machine Learning Engineer
Timing: Within the next 4 hours
Task: Identify the root cause of the issue and implement corrective actions to prevent similar problems in the future.

Communication and Transparency

Owner: David, DevOps Engineer

Timing: Within the next 2 hours

Task: Communicate the rollback decision and reasons to the internal stakeholders, including the development team,
product managers, and other relevant teams. Communicate the decision to external users in a clear and transparent
manner.

Lessons Learned and Recommendations

Owner: David, DevOps Engineer; Emily, Machine Learning Engineer

Timing: Within the next 24 hours

Task: Document the lessons learned from the rollback, including the root causes of the issue and the corrective actions
implemented. Review and refine the processes for updating and deploying models to prevent similar issues in the future.

Continuous Monitoring and Evaluation

Owner: David, DevOps Engineer; Emily, Machine Learning Engineer
Timing: Ongoing
Task: Continuously monitor and evaluate the performance of the original model to ensure that it meets the desired
performance metrics.

(dependencies and assumptions)

Assumptions: The original model is saved and can be easily restored.
Dependencies: The DevOps Engineer has access to the production environment and can perform the rollback.
Dependencies: The Machine Learning Engineer has access to the model code and can perform the review and analysis.

Engineering counterpart
3:46 AM - Responded in Os

What's the one thing you'd want a second pair of eyes on?
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Agent response
3:46 AM - Responded in 6s

One Thing to Review: Second Pair of Eyes on Distribution Shift Analysis

Why: | would want a second pair of eyes on the distribution shift analysis to ensure that the model's performance is being
accurately evaluated under different data distributions.

Who: | would want a data scientist or statistician with expertise in distribution shift analysis and model robustness to review
my work.

What to Review:

Distribution shift analysis: Review the methods used to simulate distribution shifts and how they were applied to the
model.
Model robustness: Evaluate the model's performance under different distribution shifts and identify potential issues.
Assumptions and limitations: Review the assumptions and limitations of the distribution shift analysis and identify potential
biases.

Goals:

Ensure accurate distribution shift analysis: Ensure that the methods used to simulate distribution shifts accurately capture
the underlying relationships between the data.
Evaluate model robustness: Evaluate the model's performance under different distribution shifts to identify potential
issues and areas for improvement.
Identify potential biases: Identify potential biases in the distribution shift analysis and develop strategies to mitigate them.

Benefits:

Improved model robustness: The second pair of eyes can help identify potential issues with the model's robustness and
suggest strategies to improve it.
Increased accuracy: The second pair of eyes can help ensure that the distribution shift analysis accurately captures the
underlying relationships between the data.
Reduced risk: By evaluating the model's performance under different distribution shifts, we can reduce the risk of
deployment and ensure that the model performs well in a variety of scenarios.

Engineering counterpart

3:46 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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