In the rapidly evolving world of Al-powered products, product managers and Al leads face the perennial challenge
of measuring whether a new model truly adds value compared to what we already have. This quest leads us to
concepts like win-rate vs baseline in Al evaluations — an essential but often misunderstood metric that clarifies

when a new model outperforms an existing baseline.

Whether you're at an enterprise famously investing in Al like PayPal, an innovative Al startup like H20.ai, or using
frameworks and calculators in tools like PM Toolkit, understanding the nuance around win-rate vs baseline is

crucial for shipping the right product improvements, avoiding feature bloat, and building trust with your users.

Why The Model is Not the Product

Before diving into win-rate vs baseline, one foundational mindset must be clear: the model is never the product.
This adage is especially relevant in B2B SaaS and Al-assisted workflows where the model serves as a component in

larger user workflows.

* Models can improve parts of a task but users care about overall task success, efficiency, and satisfaction.
* Model metrics like accuracy or F1-score don't automatically translate to business or user impact.

® Evaluations must reflect how a model affects the entire workflow, often involving human judgment and

downstream decisions.

For example, at PayPal, Al models might detect fraud patterns, but the ultimate product success depends on
minimizing false declines, reducing time to decision, and maintaining user trust — all aspects beyond raw model

accuracy.

Defining an Eval Before Release: The Business Case and Setup

No Al model evaluation should happen in a vacuum. Before releasing or even training a model, it is critical to

define:

® The task: What real user problem or workflow step will this model impact?

* The baseline model: What existing version or heuristic are we improving on? This could be a classic ML

model, rule-based system, or even human-only workflows.
* Failure modes: How can the model fail or behave unexpectedly? Are some errors more harmful than others?
* Evaluation criteria: Which metrics truly capture improvement? This should pair quantitative metrics with

human judgment and business KPlIs.

The PM Toolkit calculators provide a wonderful arsenal for this stage — from building a clear TAM/SAM/SOM sizing
analysis, developing a robust business case, estimating ROI, and creating pricing or subscription models
(MRR/ARR). Equally important are prioritization frameworks like RICE or ICE and experimentation setup calculators

for sample size and A/B tests. These help ensure the model eval ties directly to measurable business outcomes.

Understanding Win-Rate vs Baseline: The Basics

Win-rate vs baseline is a statistical concept often used in pairwise comparisons during Al evals. Here's the core

idea:

1. You have two models — the baseline (current production or fallback) and a new candidate model.



2. You set up instances (test cases, user requests, or tasks) that each model attempts to solve.
3. For each instance, a human judge or an automated oracle compares the outputs from both models.
4. They decide which model output is better (or if they are tied).

5. Win-rate is the percentage of instances where the candidate model beats the baseline.

This is a simple and interpretable approach rooted in the reality of user experience rather than abstract metrics.

Why use pairwise comparison and human judging?

Automated metrics like BLEU or accuracy can be misleading because:

* They often fail to capture nuanced errors, especially hallucinations or contextual inconsistencies.
* Some model failure modes have outsized business impact — e.g., wrong payment authorization at PayPal.

® User preferences and domain-specific considerations need human judgment to evaluate.

So Al teams at companies like H20.ai incorporate human-in-the-loop evaluations in spreadsheets, enabling

granular error annotation, bias audits, golden set dataset and failure mode tagging.

Task-Dependent Model Behavior and Failure Modes

An often underappreciated aspect is that model performance is highly task-dependent. A new model might

win 65% of time on classification tasks but fail catastrophically on rare, high-impact edge cases.

Human judgment during pairwise evals helps identify these failure modes. For example, integration with PM
Toolkit's impact/effort framework allows teams to weigh whether observed failure modes warrant deferral or
additional guardrails.

Common failure modes to watch for:

Hallucinations: Model fabricates facts or data in ways harmful to users.

Bias amplification: The model underperforms on critical subgroups.
* Task misinterpretation: Model outputs irrelevant results or misunderstands input.

* Latency or reliability issues: Faster isn't always better if quality drops.


https://pmtoolkit.ai/learn/ai-modern-pm/ai-literacy-for-pms

With this knowledge, teams should embed kill switches and fallback logic to revert to baseline models if deployed

improvements degrade user trust or system stability.

Automation vs Augmentation vs Innovation Patterns
Win-rate vs baseline also helps clarify the scope of Al intervention:

Pattern Description Model Role Eval Focus Automation Fully replacing human decisions or manual steps. Model
output is final. High precision and recall; low failure tolerance. Augmentation Assisting humans with suggestions
or ranked options. Model helps but human makes final call. Win-rate vs baseline models; easy reversibility; user
trust maintained. Innovation New capabilities or workflows enabled by Al. Model plus Ul/UX redesigns. Broad

impact measures: change in activation, retention, NPS, PMF score.

For instance, PayPal's automation in fraud detection requires near-zero false negatives, whereas augmentation in

customer support Al chatbots prioritizes helpfulness and escalation rates.

Leveraging PM Toolkit calculators like NPS, PMF score, and velocity in conjunction with win-rate analyses
strengthens your product decisions and helps explain why a higher raw model accuracy doesn't always justify

release.

Practical Steps to Implement Win-Rate vs Baseline Eval

1. Choose your baseline: Define the current best model or heuristic.
2. Collect representative samples: Design your test set with input diversity and edge cases.

3. Design pairwise comparison tasks: Set up interfaces or spreadsheets to present outputs side-by-side

anonymized.
. Engage qualified human judges: Use SMEs or crowd workers trained to quality standards.
. Define win/tie/loss criteria precisely: Avoid ambiguity in judging instructions.

. Analyze results: Calculate win-rate along with confidence intervals or significance tests.
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. Complement with business KPIs: Use PM Toolkit calculators to estimate impact on retention, churn, CAC, or

conversion rates.



8. Establish kill switches and monitoring: Plan rapid rollback if real-world behavior deviates from eval results.

Closing Thoughts

Win-rate vs baseline in Al evals bridges the gap between model development and product success. It anchors
model improvements in real task outcomes judged by humans, preventing hand-wavy claims about accuracy or

metrics divorced from user experience.

Companies like PayPal and H20.ai exemplify best practices by integrating pairwise human evaluations with

business metric analysis and robust prioritization via PM Toolkit frameworks.

Remember, shipping Al isn't just about better models; it's about reliably improving user workflows while keeping
product reliability front and center. Win-rate vs baseline is one straightforward but powerful tool to help your

team decide when your Al is ready for prime time.



