Industrial and Systems Engineering

The problem

The workload is uncertain. The placement is fixed.

Placing the macros (a pre-designed functional block of circuitry) of a computer chip is a
trade-off between wirelength, timing, and heat.

The thermal component of macros depends on software: different applications and execution
phases activate different functional units, producing different power maps across the die, and
therefore different hotspots.; The macro placement is chosen once, during the chip-design
stage, and cannot change after fabrication. The workload, however, keeps changing, so a
single, irreversible placement is judged against an entire ensemble of workloads it was never
shown.
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positions are the only free variable

Uncertain workloads create a great challenge

The chip carries B rectangular macros of fixed size. Position is the only choice, so a place-
ment is the vector p of macro centers:

p=((cx.Cp), ... (cQ.c))) EXc R

where X is the die rectangle intersected with pairwise non-overlap. A placement alone has
no temperature; that requires a workload ¢, the activity level of each macro.

Ranking placements needs one scalar, and the binding one is peak temperature. A place-

ment meets a whole ensemble of workloads, so it faces a distribution of peaks; ranking
means choosing which statistic of that distribution to minimize.

From placement to temperature
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2D Four-layer chip package.
Heat leaves the silicon upward to ambient, spreading laterally on the way.

Discretizing the package on a uniform grid turns the physics into one sparse linear
system:

GT(p,&) =0(p, &)

with G from geometry and materials by Kirchhoff's current law. Because the layers
are laterally uniform, G does not depend on where the macros sit — placement
changes where heat is injected, not how it propagates, and enters only the right-hand
side:

Q(p, &) =0Qo+A(p)¢&
The hottest silicon cell of T = G 'Q is the scalar we asked for:

M(p, &) = rl_g?xTi(p, &) — Tamb

Fixed G, placement-dependent Q is what makes this possible. One factorization serves every
scenario; the derivative of M is one back-substitution against it. Thousands of workloads per step
become affordable — so an objective over the whole distribution is finally in reach.
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The machine and measurement
Mean, or tail?

The mean smooths over precisely the workloads a thermal designer worries about.
So alternative (or addition) to it is CVaRa, the mean of the worst (1—a) fraction of out-

comes.

mpin Fp[M]

versus

min CVaR,[M(p, &)]
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At the inner minimizer, t* = VaRa and the t-term drops out, leaving the mean's
per-scenario gradients reweighted onto the tail:
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And the tail costs information. That subgradient is supported on only [N(1 — a)] sce-
narios at a = 0.9, ten times fewer samples than the mean gradient. Noisier, and

sharper.

Which makes this a measurement problem

Whether the tail objective actually lowers tail temperature cannot be settled by analysis,

only measured. The comparison is not between two placements but between two pro-
cedures: the training run that minimizes CVaR against the one that minimizes the
mean. A procedure is a random map w — p(w) from seed to placement, so the quanti-
ty of interest is a property of that map — the expected gap:

K
D/t = CVaRydPmean) — CVaR A pcvar), D* =% z DZ
k=1

Each oracle pair k gives one measured gap Dk; we report their mean D over K = 42
pairs. Neither arm returns an argmin — X is disjunctive, M(-, ) is nonconvex, the de-
scent is a subgradient method — and each minimizes an empirical CVaR on finitely
many scenarios. So D* compares procedures, not optima, and every property of the

With exact minimizers the true gap is 2 0 by construction — the CVaR-optimal place-
ment cannot be beaten on CVaR. That does not transfer to D*, so a significantly nega-
tive D* is diagnostic — of finite samples, or one arm stuck in a worse local optimum,
never of the theory. Our first study measured exactly that.
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one factorization of G serves every scenario and every step; the adjoint reuses it

What survives measurement?
The result

A trained placement is not a measurement — it is an optimizer's output: fi-
nitely many Adam steps, a finite sample, a chosen mesh, constraints en-
forced only approximately. Each is a knob that can favor one arm, and the
sharper tail objective exploits any slack. So the knobs are equalized before
anything is measured — common random numbers, matched budget, iden-
tical legalization — and the mesh is escaped rather than shared: jittered in
training, then scored on a finer one neither arm saw.
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When should a chip designer bother?

CHECK ALL THREE BEFORE OPTIMIZING

o Multimodal workloads

distinct phases exciting distinct macros

e A mobile hotspot

migrating between anti-correlated macros that carry substantial power

e Placement freedom |
whitespace on the die to move into

Pass all three and expect ~0.06 K optimization
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D* across testbeds and protocols, grouped by verdict. Left: sound protocols — the
effect is real but under 0.1 K. Right (40% wider scale): null results, and small-sample or
illegal-overlap runs that inflate D* and were retracted, not reported.
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