= Vantage RuntimeAl

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: openai/gpt-40-mini

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

Actual run cost: $0.002610

Projected execution cost: $0.2871/mo (5/biz day x 22 days)

Report date: July 13, 2026 - 11:48 PM EST
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Session: sample-Ib-rankings-seed-22c651e9-d2c0-49¢7-9786-162bd1d4da83

ds_train_serve_skew_v1 - agent - openrouter - openai/gpt-4o0-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: 19855 chars - Latency: 49s - 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: 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
3:47 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
3:48 AM - Responded in 9s

### Skew Source Analysis

1. Encoding Difference:
- Training Phase:
- Used one-hot encoding for the “plan_tier" feature, creating three binary columns: “plan_tier_free’, “plan_tier_pro’, and
“plan_tier_enterprise’.
- This allows the model to treat each tier separately, capturing nuanced differences in customer behavior across plans.
- Serving Phase:
- Transitioned to hashed integer encoding, which compresses the categories into a single column. This can cause loss
of information as it maps categories to a smaller range of integers, potentially merging different categories together.

2. Distribution Skew:
- Training Distribution:
- Free: 42%
- Pro: 38%
- Enterprise: 20%
- Serving Distribution:
- Free: 61%
- Pro: 29%
- Enterprise: 10%
- The serving data shows a significant increase in the proportion of free accounts (from 42% in training to 61% in serving)
and a drop in enterprise accounts. Since enterprise accounts are underrepresented in live traffic, the model may not
generalize well to these cases, leading to a precision drop.

### Mitigation Options

1. Revert Encoding Change:
- Roll back to the one-hot encoding scheme used during training to ensure consistency between training and serving.

2. Weighted Sampling:
- Adjust the serving model to give more weight to enterprise accounts or other underrepresented categories during
inference, potentially balancing the precision drop.

3. Retrain Model:
- Collect a representative sample that includes the current serving distribution and retrain the model with both the one-hot
and hashed encoding to find the optimal approach that performs well across all tiers.

4. Hybrid Encoding Approach:
- Use one-hot encoding for low cardinality categorical features while maintaining hashed encoding for high cardinality
features, if applicable. This can maintain the precision benefits for critical features like “plan_tier".

### Monitoring and Rollback Recommendations

1. Monitoring:
- Set up real-time monitoring for key metrics, including:
- Online precision (tracked daily)
- A/B testing results comparing the precision of the current hashed model against a version of the one-hot encoded
model.
- Customer segmentation metrics to ensure all categories are being served effectively and monitored for drift.
- Utilize logging to track customer interactions based on plan tiers to understand how changes in traffic affect precision.

2. Rollback Plan:
- Prepare a rollback plan where the service can quickly switch back to the previous model if the precision continues to
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decline or if performance issues arise. Ensure that this rollback can be done with minimal downtime.
- Document and communicate the rollback procedures to relevant teams for quick action if necessary.

By addressing these skew sources through encoding adjustments and ensuring robust monitoring and rollback strategies,
the precision in production can be improved and stabilizations achieved across different plan tiers.
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Engineering counterpart
3:48 AM - Responded in Os

Thanks - walk me through your reasoning step by step. What assumptions did you make?
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Agent response
3:48 AM - Responded in 9s

Sure! Here's a detailed walk-through of my reasoning, step by step, along with the assumptions made at each stage:

### Step 1: Identifying the Problem

- Observation: The precision dropped by 8 points in production after changing the category encoding method for the
‘plan_tier” feature.

- Initial Assumption: The encoding method has a significant impact on the model's ability to distinguish between the
different categories, thereby affecting precision.

#i## Step 2: Analyzing the Encoding Change

- Training Phase Encoding: One-hot encoding was used for “plan_tier’. This means that the model was able to capture
distinct signals for the three different plan tiers (free, pro, enterprise) through separate binary features.

- Serving Phase Encoding: The model switched to a hashed encoding that combines all categories into a single column.
This could potentially lead to loss of distinction between different plan categories.

- Assumption: Hashing can lead to "collisions," where different categories may be treated similarly, thereby losing the
specificity which is crucial for making accurate predictions.

### Step 3: Examining Distribution Changes

- Training Distribution: The training distribution showed a more balanced representation among all categories (free: 42%,
pro: 38%, enterprise: 20%).

- Serving Distribution: There was a significant shift, particularly an increase in free accounts (61%) and a decrease in
enterprise accounts (10%).

- Key Assumption: This imbalance suggests that the model may not be effectively capturing the behavior of the enterprise
tier since it was underrepresented in the serving data, leading to a drop in precision for this cohort.

### Step 4: Understanding the Impact on Precision

- Precision Definition: Precision measures the accuracy of positive predictions (i.e., true positives vs. total predicted
positives). A drop in precision indicates that the model is misclassifying more instances as positive (customer churn
prediction).

- Assumption: The underrepresentation of enterprise accounts, which likely have different characteristics than free or pro
accounts, means that the model is less effective at predicting churn for these users, contributing significantly to the drop in
precision.

### Step 5: Outlining Mitigation Options

1. Revert Encoding Change: This is the most straightforward approach to restore the previous model behavior, assuming
that one-hot encoding is significantly better for this feature.

2. Weighted Sampling: Adjusting the model to account for the distribution shift can help maintain performance across all
categories.

3. Retrain Model: This assumes that there is enough data representing the current serving distribution to make the
retraining meaningful.

4. Hybrid Encoding: A combination of encoding techniques could leverage the strengths of both methods depending on the
feature's characteristics.

### Step 6: Developing Monitoring and Rollback Strategies

- Real-time Monitoring: This ensures ongoing assessment of model performance, with the assumption that early detection
of precision drops can prevent significant downstream effects.

- Rollback Plan: The assumption here is that reverting to a previous version of the model can be done without extensive
downtime, allowing for quick recovery if necessary.

### Summary of Assumptions

- The encoding method strongly influences model performance, particularly for categorical features.

- The distribution of categories in the serving data affects the model's ability to generalize and predict accurately.

- Adjustments can be made through various mitigation strategies, including reverting to a previous encoding method or
retraining the model.
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- Monitoring and rollback strategies are crucial for maintaining model performance and quickly addressing any issues that
arise.

Overall, the reasoning is built on a careful analysis of the encoding changes, distribution shifts, and their impacts on model
performance, with assumptions reflecting common challenges in machine learning related to changes in data and feature
representation.

Vantage RuntimeAl Page 9/15



Engineering counterpart
3:48 AM - Responded in Os

What would you verify before shipping this to production?

Agent response

3:48 AM - Responded in 9s

Before employing the proposed solutions and shipping changes to production, several key aspects should be verified to
ensure that the adjustments will lead to improved performance and stability. Here's a checklist of verifications:

### 1. Model Performance Validation

- A/B Testing: Run controlled A/B tests comparing the current model (hashed encoding) with the proposed model (one-hot
encoding) using a similar segment of production data. Metrics like precision, recall, and F1-score should be monitored to
ascertain which model performs better.

- Cross-Validation: Perform cross-validation with the retraining dataset using the one-hot encoding method to ensure that
it performs consistently across different subsets of the data.

### 2. Data Integrity Checks

- Distribution Comparisons: Verify that the current training and serving distributions are accurately noted, and ensure that
any retraining uses a representative dataset that reflects production conditions.

- Feature Transformation Validity: Ensure that the data preprocessing steps for the new encoding (one-hot or hybrid) are
correctly applied and that no information is inadvertently lost during transformation.

### 3. Impact on Latency and Performance

- Latency Benchmarks: Measure the inference latency of the model with the proposed encoding change compared to the
existing model. Ensure that the performance meets acceptable thresholds for production environments.

- Resource Utilization: Analyze how the new encoding impacts resource utilization, such as memory and CPU usage, to
prevent performance bottlenecks.

### 4. Monitoring Infrastructure

- Monitoring Setup: Ensure that monitoring tools and dashboards are set up to track the new model's performance metrics
in real-time once deployed.

- Alerting Mechanisms: Establish alerting for significant drops in key performance indicators (KPIs) such as precision,
recall, and overall model performance metrics immediately after deployment.

### 5. Rollback Procedures

- Rollback Plan Readiness: Verify that rollback procedures are well documented, tested, and can be executed quickly in
case of significant issues post-deployment.

- Version Control: Ensure that both the current and new model versions are tracked in a version control system, allowing
for easy switching between them.

### 6. Team Communication and Documentation

- Stakeholder Communication: Inform all relevant stakeholders about the planned changes, potential impacts, and
expected outcomes. This includes team members from data science, engineering, and product management.

- Documentation: Update all relevant documentation to reflect the changes in the model, encoding methods used, and
any other significant alterations to the system.

### 7. Post-Deployment Plan

- Evaluation Window: Set a timeline for evaluating the model's performance after deployment, including how long data will
be monitored and what thresholds will trigger further actions.

- Feedback Loop: Ensure there is a mechanism for collecting feedback from users or other metrics that can help assess
model performance and stability.

By carefully verifying these aspects before deployment, the risk of introducing new issues into production can be mitigated,
and confidence in the model's ability to perform as expected can be enhanced.
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Engineering counterpart
3:48 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

3:48 AM - Responded in 10s

When deploying changes to a machine learning model, particularly when adjusting encoding methods and addressing
potential skew, several risks must be considered. Here are the top risks and a detailed rollback plan:

### Top Risks

1. Increased Latency:
- Risk: The new one-hot encoding method may increase inference latency compared to the previously implemented
hashed encoding, potentially leading to performance issues in production.
- Mitigation: Benchmark the inference speed of both models; ensure that the latency remains within acceptable limits.

2. Precision Drop for Specific User Segments:
- Risk: Even with the reintroduction of one-hot encoding, the model may still underperform for underrepresented
categories (e.g., enterprise accounts) due to skew in training data.
- Mitigation: Monitor precision closely for different segments; consider re-weighting or segmenting strategies in the model.

3. Overfitting:

- Risk: The new model trained with one-hot encoding might overfit to the training data and fail to generalize well to unseen
data in production.

- Mitigation: Validate model performance using cross-validation and ensure a diverse and representative holdout set for
testing.

4. Loss of Feature Interpretability:

- Risk: The new encoding may complicate understanding how features contribute to model predictions, especially with
hashed encoding where categories can collide.

- Mitigation: Document and analyze feature importances and performance metrics carefully to maintain interpretability.

5. Data Drift:

- Risk: If the serving data distribution continues to diverge from the training data, the model may not perform well, leading
to precision drops.

- Mitigation: Implement monitoring for data drift and regularly retrain the model with updated distributions if necessary.

### Rollback Plan

In case the deployment of the new encoding method fails to deliver expected performance improvements or introduces
substantial issues, the following rollback plan should be executed:

1. Immediate Identification of Issues:

- Monitor key performance indicators (KPIs) after deployment, such as precision, recall, F1-score, and inference latency.
Set threshold metrics that will trigger an investigation or immediate rollback (e.g., if precision drops by more than 5
percentage points).

2. Notify Stakeholders:
- Communicate with relevant stakeholders that issues have been identified and a rollback will be initiated to prevent
further degradation of service.

3. Revert Model to Previous Version:

- Use the version control system to revert the production environment to the previous model (the one using hashed
encoding):

- Ensure that the previous model is still stable and operational.

- Validate that all necessary rollback scripts and configurations are in place to restore the previous version of the model.

4. Revert Feature Changes:
- If any changes have been made to data preprocessing or feature engineering pipelines, revert those as well to ensure
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consistency with the model that is being restored.

5. Ensure Stability and Performance:

- After rolling back, monitor the performance metrics of the previous model to confirm that the expected performance
levels have been restored.

- Evaluate why the new model did not perform as expected to inform future iterations of the model development process.

6. Post-Rollback Analysis:
- Conduct a root cause analysis to understand why the new model or changes failed and document these findings.
- Discuss the results and insights with the team to identify potential adjustments and improvements for future
deployments.

7. Plan for Further Iterations:
- Based on insights from the analysis, consider new strategies or modifications to the model or feature sets. Prepare to

test these alternatives in controlled environments before deploying them to production again.

By having a clear understanding of potential risks and a structured rollback plan, the likelihood of negative impacts from
deployment can be greatly reduced, ensuring a more stable production environment.
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Engineering counterpart
3:48 AM - Responded in Os

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

Agent response
3:48 AM - Responded in 7s
Sure! Here's a tightened plan with concrete next steps, assigned owners, and estimated timing for each action item:

### Next Steps Plan

| Action Item | Owner | Timing | Description

| A/B Testing Setup | Data Science Lead | 1 week | Design and implement A/B tests
comparing the current hashed model with the new one-hot encoded model. Define success metrics (precision, recall) to
monitor. |

| Performance Benchmarking | ML Engineer | 1 week | Measure inference latency and
resource utilization for both models. Ensure latency is within acceptable limits. |

| Cross-Validation | Data Scientist | 1 week | Conduct cross-validation on the new
model to validate it against diverse data sets and mitigate overfitting risks. |

| Monitoring Dashboard Implementation | DevOps Engineer | 3 days | Set up monitoring tools and
dashboards for key performance metrics (precision, recall, contention) for both models in production. |

| Data Integrity Checks | Data Engineer | 2 days | Validate data preprocessing steps and
ensure the training and serving distributions align correctly. |

| Stakeholder Communication | Project Manager | Ongoing | Regularly communicate with
stakeholders about the deployment status, findings, and any immediate issues. |

| Prepare Rollback Plan | ML Engineer | 2 days | Document the rollback procedure and
ensure version control is ready to switch back to the previous model if needed. |

| Deploy New Model | ML Engineer | After A/B Testing (2 weeks)| If A/B tests are successful,
deploy the new model to production. Ensure all changes in encoding and feature engineering are applied. |

| Post-Deployment Monitoring | Data Science Lead | 1 month post-deployment | Closely monitor the
performance metrics for a month after deployment. Set thresholds for alerting if performance drops. |

| Post-Rollback Analysis (if needed) | All Relevant Teams | After Rollback | If a rollback is necessary,

conduct a post-mortem to identify causes of performance issues and gather insights for future deployments. |

### Summary of Timing

- Total Timeframe for Initial Actions: Approximately 3 weeks before deployment.

- Post-Deployment Monitoring: 1 month of observation after the new model goes live.
- Rollback Analysis: Conducted immediately post-rollback if issues arise.

By following this concrete next steps plan with assigned ownership and clear timing, the team can ensure that the
deployment process is systematic, reducing risks while allowing for timely interventions if necessary.

Engineering counterpart
3:48 AM - Responded in Os

What's the one thing you'd want a second pair of eyes on?
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Agent response
3:48 AM - Responded in 4s

The one key area | would want a second pair of eyes on is the A/B Testing Strategy.

### Rationale:

A/B testing is critical for validating whether the new one-hot encoding model genuinely outperforms the existing hashed
encoding model. Since this can significantly impact model performance and user experience, ensuring that the testing
design is robust, comprehensive, and properly executed is crucial.

### Key Aspects to Review:

1. Test Design:
- Are the success metrics clearly defined and aligned with business objectives (precision, recall, F1-score)?
- Is the sample size adequate to achieve statistically significant results?
- Are appropriate control and experimental groups established to mitigate bias?

2. Implementation:

- Is the A/B testing framework properly set up to randomly assign users to either the control or experimental group?

- Are there mechanisms in place to ensure that all relevant data regarding user interactions and model predictions are
captured?

3. Monitoring & Analysis:

- What is the plan for monitoring the tests in real-time, especially to capture any early warning signs of issues?

- How will the results be analyzed once the testing is complete, and what criteria will be used to determine success or
failure?

Having a second pair of eyes on this critical aspect ensures that the A/B testing is not only well-designed and executed but
also that the insights gleaned from the test are reliable and actionable. This oversight can significantly impact the
decision-making process regarding whether to proceed with the new model or to roll back to the previous version.

Engineering counterpart

3:48 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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