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Abstract—Domain-specific tensor and matrix compute units,
such as Google TPUs, NVIDIA Tensor Cores, and Intel AMX,
are increasingly integrated with general-purpose CPU cores to
accelerate tensor- and vector-centric workloads. However, fixed
settings for tiling, dataflow, and precision are often suboptimal
across changing kernel mixes and operating conditions, moti-
vating online adaptation under power, thermal, and memory
constraints.

This work presents AutoTune-TCU, a hardware–software co-
design of a learning-based self-optimizing Tensor Compute Unit
tightly coupled with a CPU core(In-order RISC-V CVA6) com-
plex. AutoTune-TCU combines a multi-mode TCU microarchitec-
ture with a hierarchical control framework: a fast loop for kernel-
boundary reconfiguration and a slow loop for drift-aware policy
refinement. A constraint-enforcing actuation path validates each
candidate configuration against CSR-encoded power, thermal,
and numerical limits before hardware commit.

To demonstrate versatility beyond GEMM-centric designs, the
implemented substrate supports GEMM, GEMV, DOT, AXPY,
SCAL, and REDUCE, and is realised in RTL as a core-attached
coprocessor with memory-mapped control/status registers and
performance counters. Simulation results confirm correctness
across all modes and show adaptive behaviour through controller
metrics such as constraint-clamp events, drift flags, and adapta-
tion count. Overall, AutoTune-TCU demonstrates practical online
self-optimisation for reconfigurable tensor hardware in High-
performance Computing (HPC) systems.

I. INTRODUCTION

Tensor-centric computation has become fundamental to
modern high-performance computing (HPC), spanning dense
linear algebra, iterative solvers, data-driven simulation, and
emerging scientific AI pipelines [8], [18]. To sustain per-
formance within power and thermal envelopes, contemporary
HPC nodes increasingly integrate domain-specific tensor en-
gines—such as Tensor Compute Units (TCUs)—as on-die co-
processors next to general-purpose CPU cores [6], [7], [11]. In
practice, static hardware settings for tiling, dataflow, precision,
and buffering at the TCU interface are frequently suboptimal
across kernel phases, and memory-system conditions, limiting
sustained efficiency in production deployments.

Learning-based runtime optimization is promising, but di-
rect online tuning of TCU knobs from the CPU runtime is
difficult because of the large configuration space and strict
deployment constraints. Unconstrained adaptation can violate
power, thermal, bandwidth, or numerical-error limits, while
offline autotuning and heuristic policies may fail to track non-
stationary traces and cross-kernel shifts [19]. In AutoTune-
TCU, runtime TCU configurations are chosen by a learned

policy, using fast and slow control loops over observed metrics
instead of fixed manually tuned settings, enabling online
adaptation to better operating points under CSR-enforced
constraints.

This paper presents AutoTune-TCU, a hardware/software
co-design of learning-based self-optimizing tensor hardware.
AutoTune-TCU contributions can be summarised as:

1) Multi-mode reconfigurable TCU: A parameter-
ized TCU supporting GEMM, GEMV, DOT, AXPY,
SCAL, and REDUCE with configurable precision
(FP32/BF16/INT8), dataflow, tiling, and memory map-
ping.

2) Learning-based auto-tuning: An ML tuner (Bayesian
optimization + surrogate modeling) that predicts high-
quality TCU configurations from workload/runtime fea-
tures extracted from hardware performance counters.

3) Closed-loop adaptive control. Integration of hardware
counters (utilization, stalls, bandwidth, buffer pressure)
for online feedback-driven reconfiguration.

4) Constraint-enforcement layer. Realise a CSR-driven
constraint-enforcement plane that projects every candi-
date configuration into a hardware-admissible set before
TCU commit, and exports clamp statistics for analysis.

II. BACKGROUND AND RELATED WORK

Tensor-accelerator efficiency in HPC is governed by a cou-
pled compute–memory–control trade-off: dataflow and storage
hierarchy determine reuse, throughput, and energy, making
runtime adaptation of tiling, memory orchestration, and preci-
sion an architectural necessity [5]. Static and offline tuning
cannot track phase changes, contention, or thermal drift,
while learning-based control can—but hardware deployment
demands explicit constraint handling. In HPC, adaptation must
also preserve numerical fidelity, as precision choices affect
convergence and solution quality [1], [2], [10].

Roofline remains the standard compute–bandwidth
lens [18]. Prior accelerators (TPU, Eyeriss) and mapping
tools (Timeloop, MAESTRO) highlight the importance
of dataflow-aware optimization, but do not provide self
online actuation [4], [12]–[14], [17]. Learning-based
methods (Bayesian optimization, safe RL), SARA, and
TVM/AutoTVM demonstrate adaptive optimization in
accelerator and software stacks [3], [9], [15], [16]. AutoTune-
TCU targets this gap with RTL-level multi-mode TCU
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Fig. 1: AutoTune-TCU overview and closed-loop control

hardware reconfiguration using hierarchical fast/slow online
control and constraint-enforcing clamping before commit.

III. AUTOTUNE-TCU

A. System Overview

AutoTune-TCU consists of three planes: (i) a reconfigurable
TCU hardware substrate, (ii) a runtime-metrics plane, and (iii)
a hierarchical learning-control plane, as shown in Figure 1.
The implemented platform integrates a CVA6-style RISC-V
host core with a TCU subsystem comprising a sequencer,
scratchpad, MAC array, CSR/PMU block, and the AutoTune
controller (Fig. 1a). Host software configures kernels via
MMIO CSRs and reads telemetry and status for policy updates.

The hardware exposes runtime knobs including tile sizes,
dataflow mode, memory partitioning, precision mode, and
DVFS. The controller consumes runtime metrics and emits
configuration actions, while the constraint-enforcement plane
validates each proposed action against CSR-encoded limits
before hardware actuation.

B. Self Learning-Based Auto-Tuning & Closed-Loop Control

At each kernel/job boundary, AutoTune-TCU updates its
configuration using a fast rule and optional slow-loop refine-
ment (Fig. 1b). Drift is detected from load proxy changes,
and every candidate action is projected by the constraint-
enforcement logic before hardware commit. Constraint-clamp
events and adaptation counters are exported via status CSRs.

A closed-loop runtime tuner (surrogate model plus Upper
Confidence Bound (UCB) policy) consumes runtime features
and emits per-epoch reconfiguration plans, complementing
hardware constraint clamping with software-level learning.
Table I shows kernel-specific operating points over tile shape,
precision, and memory mapping, confirming that the TCU is
reconfigured online rather than statically fixed. MAC increment
denotes per-profile multiply–accumulate work (y ← y+a×b)
used for load and performance accounting. Positive kernel-
wise and epoch-wise ∆-values indicate consistent gains from
adaptive reconfiguration over the prior policy.

IV. EVALUATION METRICS AND RESULTS

We evaluate AutoTune-TCU on six kernel classes (GEMM,
GEMV, DOT, AXPY, SCAL, REDUCE) using epoch-wise
closed-loop traces over the implemented reconfigurable space
(precision, dataflow, memory mapping, and tile shape). We

TABLE I: Runtime kernel-profile values used by the AutoTune
reconfiguration flow.

Kernel Tilem Tilen Tilek Precision/Mem-map MAC increment
GEMM 8 8 4 FP32 / BAL 128
GEMV 8 1 8 BF16 / A PRI 96
DOT 1 1 8 INT8 / BAL 64

AXPY 8 1 2 BF16 / A PRI 72
SCAL 8 1 1 INT8 / B PRI 56

REDUCE 1 1 8 BF16 / C PRI 68
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Fig. 2: Post-update improvements: per-kernel gain and epoch-
wise score shift.

report: (i) per-kernel gain after each auto-tuner update and (ii)
epoch-wise mean-score shift relative to the previous policy.

The objective combines performance with runtime costs
(safety, memory pressure, and power), so effectiveness is
measured by the policy improvement (∆) relative to the
prior policy (Fig. 2). Thus, ∆ > 0 indicates a better tuner
policy. Figure 2a shows ∆ > 0 for all kernels, including
compute-dominated GEMM and memory-sensitive primitives,
indicating cross-kernel generalization rather than single-kernel
overfitting. Figure 2b confirms that ∆ > 0 for every epoch,
demonstrating stable and consistent policy improvement over
time.

V. CONCLUSION AND FUTURE WORK

AutoTune-TCU demonstrates stable, constrained online
adaptation on a reconfigurable TCU. Overall, AutoTune-
TCU delivers a +68.06% mean objective gain, positive
shifts for all six kernels, and positive deltas across all 12
epochs—demonstrating practical, repeatable online adaptation
on reconfigurable tensor hardware.
Future Work. We will extend AutoTune-TCU by (i) inte-
grating with the RISC-V Vortex GPGPU stack for dynamic
SIMT–TCU partitioning, and (ii) deploying on chiplet-based
heterogeneous nodes for mixed HPC+GenAI workloads. The
long-term goal is a unified adaptive controller across control,
SIMT/vector, tensor, and memory chiplets under cross-chiplet
power–thermal safety for higher sustained throughput.
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