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Introduction

• Machine Learning (ML) inference tuning is the systematic optimization of how a trained 

model executes in production to achieve predictable, robust performance while 

respecting accuracy, resource, and reliability constraints.

• ML inference tuning is the practice of deliberately adjusting how a trained machine 

learning model is executed (not how it is trained) to achieve the best trade off between 

performance, accuracy, resource usage, and robustness in a real deployment.

• Think of it as engineering optimization, not data science.

• Inferencing tuning asks: “What settings work consistently, not just once?”
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ML Inference Tuning vs. “Benchmark Chasing”

BENCHMARK CHASING

• Maximize one metric

• Best-case scenario

• Fixed workload

• Hero numbers (works just once)

INFERENCE TUNING

• Balance multiple objectives

• Robust across conditions

• Workload variability

• Predictable performance (works 

consistently)
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Why engineers increasingly use DOE for inference tuning 

1) Because inference behavior is:

• nonlinear

• hardware dependent

• interaction heavy

2) Response Surface Design allows you to:

• quantify trade offs

• predict unseen settings

• find robust operating regions

• defend decisions with data

3) It turns ML inference from trial and error into engineering discipline.
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Problem Context

You are deploying an ML model (CNN / transformer / classical ML) in a firmware or 

software runtime where you must balance:

• inference latency

• throughput

• accuracy

• CPU / accelerator utilization

• power consumption

These tradeoffs are nonlinear and highly interactive, so OFAT tuning (one factor at a 

time) fails.

5



Factors and Engineering Ranges

• The ranges below are chosen to reflect what engineers can actually change without 

redesigning the model.

• Control factors: Response Surface Design (RSD) does not allow categorical factors.

Factor Symbol Type Low Center High

Batch Size A Numeric 1 8 16

Quantization B Ordinal INT4 INT8 FP16

Precision Mode C Ordinal FP16 TF32 FP32
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Encoding Ordinal Factors

• Although quantization and precision are categorical, they are ordered by numeric 

fidelity and can be treated as ordinal numeric factors for RSD.

• This is common practice when strategies represent increasing strength or fidelity.

Level Quantization Precision Mode

−1 INT4 FP16

0 INT8 TF32

+1 FP16 FP32
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Design Type: Face-Centered Central Composite Design (CCD)

• Three factors

• Curvature expected (batch size saturation)

• Strong interactions (precision mode x batch)

• No unsafe extrapolation beyond feasible runtime settings

• Total runs = 20

• Runs 1-8 are full factorials

• Runs 9-14 are face-centered axial points

• Runs 15-20 are center-point replications to estimate noise and drift.
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QXL DOE >Create Design >Create CCD Design
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Choose Full factorial, 3 Factors in 8 Runs. Resolution: Full

10



Coded units

Coded units

Coded units
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Level Quantization Precision Mode

−1 INT4 FP16

0 INT8 TF32

+1 FP16 FP32

Uncoded Units

Coded units

Coded units
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Response Variables

Measure using repeated inference runs under identical input conditions.

Response Measurement Goal
Specification 
Limits

Y1 = Inference Latency Minimize (milliseconds) USL = 11 ms

Y2 = Throughput Maximize (inferences per sec) LSL = 125 ips

Y3 = Accuracy Drop Minimize (percent) USL = 2%

Y4 = Power or CPU Utilization Constraint / Minimize USL = 68%
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Batch Size should be an integer; therefore, round down 8.5 to 8.
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Enter Specification 
Limits.

19



Run experiments and 
enter response 
variables.
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QXL DOE >Analyze Design >Run Regression
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1 of 4 Regression Models in Coded Units

Hypothesis Test
Ho: Coefficient is zero
Ha: Coefficient is not zero (term is significant)
Accept Ho if P-value > 0.10 (uncheck “In Model” box)

23



2 of 4 Regression Models in Coded Units

Hypothesis Test
Ho: Coefficient is zero
Ha: Coefficient is not zero (term is significant)
Accept Ho if P-value > 0.10 (uncheck “In Model” box)
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3 of 4 Regression Models in Coded Units

Hypothesis Test
Ho: Coefficient is zero
Ha: Coefficient is not zero (term is significant)
Accept Ho if P-value > 0.10 (uncheck “In Model” box)
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3 of 4 Regression Models in Coded Units

Hypothesis Test
Ho: Coefficient is zero
Ha: Coefficient is not zero (term is significant)
Accept Ho if P-value > 0.10 (uncheck “In Model” box)
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1) Uncheck the box for insignificant terms.

2) Reduce the model by running regression.

1 of 4 Reduced Models in Coded 
Coefficients. Note the R-squared .
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1) Uncheck the box for insignificant terms.

2) Reduce the model by running regression.

2 of 4 Reduced Models in Coded 
Coefficients. Note the R-squared .
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1) Uncheck the box for insignificant terms.

2) Reduce the model by running regression.

3 of 4 Reduced Models in Coded 
Coefficients. Note the R-squared .
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1) Uncheck the box for insignificant terms.

2) Reduce the model by running regression.

4 of 4 Reduced Models in Coded 
Coefficients. Note the R-squared .
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QXL DOE >Analyze Design >Uncoded Coefficients
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1 of 4 Regression Models in Uncoded Coefficients
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2 of 4 Regression Models in Uncoded Coefficients
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3 of 4 Regression Models in Uncoded Coefficients
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4 of 4 Regression Models in Uncoded Coefficients
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QXL Monte Carlo >Create/Modify Design Sheet >Import Model from Quantum XL DOE
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Enter 0 for 2nd Parameter in Monte Carlo Simulation Model

Firmware/Software parameters do not have tolerances.
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QXL Monte Carlo >Optimize
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Keep Default Settings for Optimizer Objectives
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QXL Monte Carlo >Run >1,000,000 Simulations
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Converting DPM to Z-score

• Defects Per Million (DPM) is a better indicator of quality than Cpk when:
• The distribution is non-normal or asymmetrical.

• One is using Monte Carlo simulation to generate a million data points.

• Yield = (10^6 – DPM) / 10^6

• Sigma Long-term = NORM.S.INV(Yield)

• Sigma Short-term or Z-score = Sigma Long-term + 1.5
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Z-score* = 3.9σ

*note: based on Observed DPM

Level Quantization Precision Mode

−1 INT4 FP16

0 INT8 TF32

+1 FP16 FP32
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*note: based on Observed DPM

Z-score* = 2.9σ

Level Quantization Precision Mode

−1 INT4 FP16

0 INT8 TF32

+1 FP16 FP32
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*note: based on Observed DPM

Z-score* = 3.3σ

Level Quantization Precision Mode

−1 INT4 FP16

0 INT8 TF32

+1 FP16 FP32
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*note: based on Observed DPM

Z-score* = 3.5σ

Level Quantization Precision Mode

−1 INT4 FP16

0 INT8 TF32

+1 FP16 FP32
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Summary

OPTIMAL PARAMETERS

• Batch Size = 12 per inference call

• Quantization = INT4

• Precision Mode = TF32

CAPABILITY PER PERFORMANCE GOAL

• Inference Latency (USL=11ms): 3.9σ

• Throughput (LSL=125 ips): 2.9σ

• Accuracy Drop (USL= 2%): 3.3σ

• CPU Utilization (USL=68%): 3.5σ
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Conclusion:

• Multi-objective optimization was realized by creating four transfer 

functions based on empirical data.

• The Monte Carlo simulation served two purposes:  

1. It modeled the residuals, effectively achieving an R-squared value 

of 100%.  

2. It facilitated capability analysis using one million samples.

• Quantum XL Version 18 is a powerful tool for ML Inference Tuning, as 

it integrates design of experiments with Monte Carlo simulation.
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