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Abstract

Modern digital systems exhibit complex performance characteristics—Ilatency, throughput, and tail
latency—that depend nonlinearly on workload features and resource constraints. Traditional linear
models Ax provide computational efficiency and interpretability but systematically underfit
nonlinear phenomena such as cache thrashing, queueing saturation, and inter-resource contention,
while black-box neural networks achieve superior accuracy through universal approximation but
sacrifice causal interpretability and increase inference latency. This paper develops a hybrid
framework decomposing performance prediction into an interpretable linear baseline plus compact
neural residual: y(x) = Ax + f(x;6), where matrix A € R™™ encodes resource-to-metric
contributions and feedforward network f (1-3 layers, 32-256 neurons) learns systematic
residuals r(x) = f(x) — Ax. Construction employs ridge regression or sparse optimization for A,
staged training alternating between baseline initialization and residual learning, and complexity
analysis showing 0 (nnz(A)) + 0(}.d,_1d,) inference cost. Across CPU scheduling and memory
bandwidth prediction case studies, the hybrid achieves near-black-box accuracy (MSE: 0.014,
MAE: 0.05) with linear efficiency (8.5k parameters, 0.18ms inference) versus linear-only (MSE:
0.045) or large NN (200k parameters, 1.8ms), supported by theoretical error bounds || E (x) I<I|
f(x) — Ax || +€ and ablation studies confirming optimal interpretability-accuracy trade-offs. The
linear-neural hybrid resolves fundamental modeling trade-offs, providing production-ready
performance prediction with guaranteed error decomposition, staged training algorithms, and
deployment strategies including sparsity constraints and online adaptation.
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1. Introduction

Digital systems present a fundamental challenge: accurately predicting performance metrics
across varying workloads and resource configurations. Traditional approaches face a critical trade-
off. Purely linear models, such as Ax =y, are interpretable and computationally efficient but
frequently underfit the complex, nonlinear relationships inherent in real systems. Conversely,
black-box deep learning models achieve superior accuracy but sacrifice interpretability, increase
inference latency, and require significantly more computational resources.

We propose a hybrid architecture that combines the strengths of both paradigms. Our model
leverages a lean, interpretable linear baseline to capture first-order resource-level contributions
while employing a compact neural network to learn residual nonlinearities—the systematic errors
that the linear component cannot explain. This approach maintains the transparency and efficiency
of linear models while harnessing neural networks' capacity for nonlinear function approximation.

This paper presents the complete hybrid framework, including (1) mathematical formulation with
rigorous derivations, (2) error bounds and complexity analysis, (3) methodology for feature
preprocessing and model construction, (4) practical training algorithms with stage-wise
procedures, (5) ablation studies demonstrating component contributions, (6) theoretical guarantees
based on universal approximation, (7) deployment considerations for production systems, and (8)
case studies illustrating application to CPU scheduling and memory bandwidth prediction.

2. Materials & Methods

2.1 Mathematical Formulation

Let us define the problem formally:

x € R Workload feature vector encoding system inputs (arrival rates, request sizes,
concurrency levels, etc.)

e y € Rm™: Observed performance vector containing measured metrics (latencies, throughput
measurements, tail latencies)

e A € Rmm: Linear baseline matrix encoding per-resource contributions to performance
e f: R — Rm: True (unknown) nonlinear mapping from workload to performance

o f (x5 0): Neural network approximator with learnable parameters 0

The hybrid model is defined as:

y(x) = Ax + f(x;0) (1)

where the baseline linear component is:

Yo(x) = Ax (2)

and the residual—the unmeasured error components:

r(x):= f(x) — Ax 3)

The neural network f trains to approximate this residual function r(x).
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2.2 Neural Network Architecture

A standard feedforward neural network with L layers is formulated as:
hy = oy (Wyx + by) (4)
hey = ap(Wohp_q + bp), £ =2,..,L—1(5)
f(x;6) = Wyhy_1 + by (6)
with parameters 8 = {W,, b,}5_,.

2.3 Training Objective

The joint optimization of matrix A and neural parameters 9 is:

N
1 . N oA
min+ > (y®,4x® + F(x; 0)) + A(IAII2 + 020 ()
' i=1
where { is a loss function (typically squared error for regression) and € regularizes the network

parameters to prevent overfitting.

2.4 Feature Preprocessing

Input standardization follows:

where [ and ¢ are computed from training data statistics. Domain-driven features (arrival rates,
read/write ratios, concurrency levels, memory strides) and derived composite features improve
baseline linearity and model performance.

2.5 Matrix A Construction Methods

Three primary strategies are employed:

Ridge Initialization: Compute A,;qg. = YXT (XX 4 al)~! as initialization, providing a
regularized least-squares solution.

Sparse Baseline: Solve mAin |IY — AX||%2 + A,||A]|; to promote sparsity, enhancing interpretability

by identifying dominant resource-metric relationships.

Low-Rank Factorization: Enforce A = UV with U € R™* and V € R™¥ to reduce storage
and computational cost.

2.6 Neural Network Design

Compact residual network architectures typically employ:
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e 1-3 hidden layers

e Width range: 32-256 neurons per layer (task-dependent)

e Activation functions: ReLU or GELU with optional batch normalization

e Regularization: weight decay and optional dropout (0.1-0.3 rate)
The residual network should be sized to capture only nonlinearities unexplained by the linear
baseline, avoiding redundant capacity.

2.7 Training Strategy

Stage 1: Initialization

Initialize A using ridge regression; freeze A and train f on residuals r = y - Ax to establish initial
nonlinear compensation.

Stage 2: Joint Fine-Tuning

Unfreeze all parameters (A and 6) and perform joint optimization using differentiated learning
rates:

e Learning rate for A: M. <K 10 (e.g., M. = 10,10 =107

e This ensures A remains stable while 0 refines residual modeling

Stage 3: Regularization and Validation
e Apply early stopping with validation set monitoring
e Use weight decay for network parameters (A =0.001-0.01)
e Employ data splits: 70% training, 15% validation, 15% test

Loss function: Mean Squared Error (MSE) for regression tasks; add penalty terms for sparsity or
low-rank constraints as needed.

2.8 Computational Complexity Analysis

Let nnz(A) denote the number of nonzero entries in A. The computational cost of linear forward
pass is O(nnz(A)). Neural forward cost (multiply-accumulate operations) for layer sizes dy =
n,dy, .., d, =mis Z$=1 d,_1d,. Total hybrid cost:

L
Chybria = 0(m2(A)) + Y dy_1dy (8)
=1
This decomposition enables deployment trade-offs: maintain sparse A and small network widths
to minimize inference latency.

2.9 Visualization and Implementation Diagrams
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Workload x « [R™

[A — IR'"""] +«— Resource contributions matrix

Yo = Ax € R™ «— Baseline performance prediction

Figure 1 illustrates the linear algebra flow from workload features through matrix multiplication
to baseline predictions.

OIVIEEIX 32-286 — :
rasidoal NGUrons 32-256 1-3 layers
l meurons
Cx D)>—r W, 5 [Wa by (W, ba] - (W, b,] |——=(FTx))
RELU RELU RELU RELU

Figure 2 depicts the neural network architecture approximating residual dynamics.

Workload x

\ 4 v

Linear Baseline Neural Residual

k4 v
[Ax] [f (x;0)]
v v
Hybrid y = Ax + f(x)

Figure 3 shows the complete hybrid composition integrating linear and neural components.

3. Results and Discussion
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3.1 Performance Metrics and Ablation Study

We evaluated the hybrid model on synthetic performance data representing typical digital system
workloads. Table 1 presents quantitative comparisons across three model variants:

Model Variant MSE | MAE | Inference Time (ms) | Parameters
Linear Baseline (A only) 0.045 0.14 0.12 1.2k
Neural Network Only (Large) | 0.012 0.06 1.8 200k
Hybrid Model (Proposed) 0.014 0.05 0.18 8.5k

Table 1: Performance comparison across model architecture. The hybrid approach achieves near-
NN accuracy with 15% fewer parameters and 10x faster inference than standalone neural
networks.

3.2 Theoretical Analysis: Error Bounds

Define prediction errors as:

E(x):=f(x) — (Ax + f(x;0))

By the triangle inequality:

IEGOI < 1If (x) = Axll + 1If (x; 0) = (F(x) = A (9)

If the neural network f approximates residual r = f - Ax within tolerance € on compact domain X:
sup|lE()|| < sup|lf (x) — Ax|| + £ (10)
XEX XEX

Interpretation: Total prediction error decomposes into baseline bias (linear model underfitting)
plus neural approximation error. This provides theoretical grounding for the hybrid approach.
3.3 Universal Approximation Guarantee

Since feedforward neural networks are universal approximators [1], the residual function r(x) =
f(x) - Ax can be approximated with arbitrarily small error on any compact domain, provided
sufficient network capacity. This theoretical foundation justifies our residual learning approach.

3.4 Case Study 1: CPU Scheduling Prediction

Application Context. Predicting CPU scheduling latency with workload features: arrival rates,
burst durations, and priority levels. Linear matrix A models baseline scheduling penalties: the
residual network learns cache misses, context-switch overhead, and nonlinear priority interactions.

Results. The hybrid model reduced MAE from 0.14 ms (linear-only) to 0.05 ms (hybrid),
capturing approximately 64% of the nonlinear variance.

3.5 Case Study 2: Memory Bandwidth Prediction
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Application Context. Memory bandwidth depends on read/write mixing, access stride patterns,
and concurrency levels. A encodes base bandwidth characteristics; f models queueing delays,
contention effects, and prefetch optimizations.

Results. Achieved MSE of 0.014, demonstrating effective nonlinear compensation without
sacrificing the interpretability of linear baseline contributions.

3.6 Strengths and Limitations

Strengths:

e Maintains interpretability through explicit linear component A

o Significantly reduces parameters compared to standalone neural networks (8.5k vs. 200k)
e Provides fast inference suitable for online prediction (0.18 ms per query)

o Theoretical guarantees via universal approximation and error bounds

e Flexible to domain-specific constraints (sparsity, low-rank structure)

Limitations:

o Assumes workload stationarity; may require retraining under distribution shifts
e Neural residuals may overfit with limited training data (< 1000 samples)

e Linear baseline may not capture long-range temporal dependencies in non-stationary
systems

e Performance gains depend critically on the quality of feature engineering

4 Conclusion

This work presents a complete hybrid linear-neural framework for modeling digital system
performance. The approach systematically combines interpretable linear algebra with neural
residual learning, achieving a principled balance between accuracy, computational efficiency, and
model transparency. We established error bounds proving that prediction error decomposes into
baseline bias plus neural approximation error, provided a practical multi-stage training algorithm,
demonstrated competitive performance on synthetic benchmarks, and discussed deployment
strategies including sparsity, quantization, and online adaptation.

The hybrid model enables production systems to achieve near-NN accuracy with significantly
reduced computational overhead and enhanced interpretability—critical requirements for
operational performance prediction. Future work should explore transformer-based residual
learners, multi-node distributed architectures, uncertainty-aware predictions via ensemble
methods, and continuous online adaptation to evolving workload distributions.
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