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ABSTRACT

Large-scale linear optimization underpins decision-making across science, en-
gineering, and industry, vet its growing computational demand increasingly ex-
ceeds the efficiency of conventional von Neumann hardware.
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METHODOLOGY — The MELISO+ simulation framework

We first build MELISO+, an in-memory linear-solver framework that simulates RRAMs under real-
istic device physics to measure accuracy, latency, and energy. It establishes how to perform the
core primitive (matrix-vector multiplication, abbreviated as MVM) reliably on RRAM crossbar ar-
rays by addressing two adoption barriers: scalability and device non-ideality.
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Benchmarked against gpuPDLP (a GPU version of the same method), with Gurobi as ground truth,
on real LPs from MIPLIB-2017. Both RRAM devices (TaOx-HfOx and EpiRAM) match GPU/Gurobi

accuracy (relative gap A, at a fraction of the energy and latency.

GPU baseline (measured with Zeus)
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METHODOLOGY — In-memory optimization with PDHG

Unit Commitment in Power Systems Crew Scheduling in Airline Industries

We then configure MELISO+ to solve linear programs entirely in memory using the PDHG method.
Recast as a saddle-point problem,
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MOTIVATION — The memory wall and in-memory computing

min max ¢'x+ (Ax — b, y),

Conventional von Neumann architectures separate the processor from the memory. For the large e
<x<u

matrices underlying these problems, most energy and time is consumed transferring data between
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2. Distributed single accelerator. A 4 x 4 tile of 64 x 64 crossbars (a 256 x 256 logical array)
operates as one accelerator, eliminating inter-tile data movement.

problem gen-ip054 (PDHG step); dashed = level actually reached
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3. Accelerated convergence. The PDHG iteration is augmented with Nesterov momentum for wall-clock time (seconds, log scale)
adaptive step-size rule, reducing the number of iterations required to reach a target tolerance. CONCLUSION

4. Robustness by design. Stable operator-norm estimation (Lanczos) and write-and-verify
programming mitigate device non-idealities, and we prove convergence on noisy hardware —
no worse than a digital baseline up to a small, fixed error term.

= The first PDHG linear-program solver simulated on RRAM — a true algorithm-hardware
co-design (write-once encoding + noise-robust iteration).

= Provable convergence on noisy analog hardware; orders-of-magnitude energy and latency
gains over a GPU.
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Model Preparation in CPU Theoretical Guarantees

Preprocessing and Preconditioning:

In-Memory Constrained Optimization

Analyzing the Impact of Device
Nonidealities on Algorithm

Cleanroon fabrication of Tantalum Oxide (TaOx) crosspoint RRAM devices

Step 1: In-Memory Operator Step 2: In-Memory PDHG

Deploying the Problem
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Simulating Detailed RRAM Performance
across Different Device Chemistries

Mitigating Errors due to Device

= Exact digital solvers: Classical methods (e.g. Gurobi) rely on repeated matrix factorizations.
They return accurate, certified solutions but incur prohibitive memory overhead at scale.

= GPU first-order methods: Newer methods such as PDHG exploit the abundance of GPUs to
avoid factorization altogether, yet remain bound by the von Neumann bottleneck.

Evaluating Performance

Benchmark: PDHG using GPU

Performance Benchmark: Latency, Energy
Use, KKT-based Criteria, Optimality Gap
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Enabling Distributed
In-Memory Computing

Uses the Same Model Preparation Process
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must not be re-encoded each iteration.
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