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Abstract

As data-center interconnects move to co-packaged optics (CPO), high-power application-
specific integrated circuits (ASICs) and heat-sensitive optical engines share a single inter-
poser, and the resulting intra-module thermal coupling overwhelms conventional sched-
ulers. Thermal-aware microservice directed acyclic graph (DAG) scheduling on CPO
modules is recast here as a question of symmetry. Whereas a homogeneous-graph policy as-
sumes the full node-permutation symmetry, that symmetry is broken twice: by the distinct
task and processor node types, and by the asymmetric ASIC—engine coupling. We therefore
propose a heterogeneous-graph Proximal Policy Optimization (PPO) scheduler in which the
placement head is permutation-equivariant, the delay head is permutation-invariant, and
the parameterization stays invariant to the processor count N. Because these symmetries
hold by construction, the policy transfers zero-shot across module sizes. Heterogeneous
edge typing and the resistor—capacitor (RC) coupling edge attribute are isolated by a six-test
ablation chain. Evaluated on the Alibaba 2021 microservice trace across all module sizes
and ambient regimes under the standard auto-cool budget, the proposed scheduler cuts
the thermal-violation rate from roughly 98% under the Heterogeneous Earliest-Finish-Time
(HEFT) heuristic to about 0.3%; at the hot operating point it lowers peak temperature by
about 25% and raises DAG completion from about 26% to 100%, with the rare residual
violations most frequent in the extreme-ambient band. With the env auto-cool budget
disabled, a controlled single-axis comparison shows that removing the RC-coupling edge
attribute raises the violation rate by over an order of magnitude, isolating its contribution.
A single parameter set serves every N without retraining.

Keywords: permutation equivariance; symmetry-aware learning; size invariance; co-packaged
optics; thermal-aware scheduling; deep reinforcement learning; heterogeneous graph
neural network; microservice DAG scheduling

1. Introduction

The exponential growth of large language model training, high-performance com-
puting, and generative Al workloads has pushed modern hyperscale data centers to
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fundamental physical limits in their interconnect subsystems [1]. Traditional pluggable op-
tics architectures, which connect optical modules to switch application-specific integrated
circuits (ASICs) through long printed-circuit board (PCB) traces, are approaching their
signal integrity ceiling at per-lane speeds of 112 Gbps and beyond. Maintaining reliable
transmission requires power-hungry digital signal processors (DSPs) and retimers, driving
both the I/O power wall and end-to-end communication latency to unsustainable levels [2].

Co-packaged optics (CPO) has emerged as the consensus next-generation interconnect
technology [3-5], integrating optical engines (OEs) and switch ASICs on a shared silicon in-
terposer to improve interconnect energy efficiency from ~20 pJ/bit to below 5 p]/bit [1]. Pro-
duction deployments include Broadcom’s Tomahawk 5-Bailly [6] (1 ASIC + 8 OEs, 51.2Tb/s)
and Tomahawk 6-Davisson [7] (1 ASIC + 16 OEs, 102.4Tb/s), the latter motivating the ref-
erence N = 17 configuration evaluated in this paper, with Section 5.4 reporting zero-
shot generalization to N € {9,13,17,24,33}. CPO is one facet of a broader trajectory in
which computation and communication increasingly converge at the optical layer—from
photonic accelerators now reaching 160 TOPS/W [8] to integrated optical-computing—
communication networks proposed as a next-generation data-center fabric [9]—a paradigm
in which on-die thermal coupling becomes a shared, first-order design concern.

This tight integration creates a severe thermal challenge: silicon photonic devices
drift at ~0.1 nm/°C in resonance wavelength [10], while the co-packaged ASIC exceeds
1.5W/mm? in power density [1] and induces intense thermal crosstalk into adjacent optical
engines [2]. Thermal management in CPO systems becomes a first-order constraint on
software-layer scheduling logic, not a cooling-engineering afterthought.

Thermal-aware task scheduling on a CPO module is a sequential decision problem under
a thermal-safety constraint that jointly couples directed acyclic graph (DAG) precedence,
heterogeneous ASIC/OE placement, and nonlinear leakage-temperature feedback on mil-
lisecond timescales. We cast it as a finite-horizon Markov Decision Process and shape the
reward with a soft penalty on the peak-temperature constraint, so that the policy must
respect the constraint over the full episode horizon and not merely at the moment of each
dispatch. Thermal inertia, with resistor—capacitor (RC) time constants of ~244 ms (ASIC)
and ~110ms (OE), makes the binding constraint surface with a delay relative to the dispatch
that causes it. Whether explicit anticipation adds value over placement-only scheduling,
given the module’s reactive auto-cool budget, is an empirical question examined directly
in Section 5.6.

Modern microservice workloads compound this challenge: cloud applications are
decomposed into DAGs of fine-grained tasks whose dispatch pattern concentrates compute
load onto specific processors over short windows [11,12]. Classical heuristic DAG sched-
ulers such as Heterogeneous Earliest-Finish-Time (HEFT) [13] optimize solely for makespan
and greedily route compute-intensive tasks to the highest-capacity node (the ASIC), oblivi-
ous to the resulting thermal hotspots; on CPO hardware they trigger hardware throttling or
thermal emergency shutdowns, defeating the very latency advantage CPO was designed
to deliver. In our evaluation regime, 9821 of 10,000 HEFT-scheduled episodes cross the
Tpen = 80 °C safety threshold, motivating the thermally-aware scheduling formulation of
this paper.

Deep reinforcement learning (DRL) for DAG scheduling, with graph neural network
(GNN) encoders as the dominant policy backbone [14], has matured for cluster- and
VM-scale workloads but does not directly address three properties of the CPO regime:
(i) the processor side is small but heterogeneous (one high-power ASIC plus N — 1 OEs
with distinct thermal capacitances); (ii) lateral thermal coupling between processors is a
physically explicit RC matrix that can be supplied as edge attributes to a graph encoder,
rather than being learned implicitly; and (iii) the CPO product family spans N € [9,33] in
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current designs, motivating an encoder whose forward pass is parametric in N for zero-shot
size transfer.

These three properties are unified by a single principle: an effective policy must
respect the symmetry structure of the CPO scheduling problem. The optical engines are
exchangeable up to their physical state and coupling (relabeling them should permute the
scheduler’s per-engine placement decisions identically and leave its engine-agnostic delay
decisions unchanged), while the module’s defining asymmetry (one high-power ASIC
against N — 1 engines on a star-plus-ring thermal graph) breaks the full node-permutation
symmetry that a homogeneous-graph policy implicitly assumes. We design a policy that is
permutation-equivariant in placement, permutation-invariant in delay, and invariant to
the processor count N, and we argue (Section 4.4) that matching the policy’s symmetries
to the problem’s makes a single policy well-defined and label-consistent across module
sizes, a necessary precondition for the zero-shot transfer we then report empirically. Our
contribution is not yet another equivariant architecture, as permutation-equivariant graph
networks are by now standard, but rather the identification and exploitation of the specific
symmetry that CPO scheduling breaks: typed task/processor heterogeneity over an asym-
metric ASIC-plus-ring coupling graph that a single equivariant policy can then respect
across module sizes.

In this paper, we propose a thermal-aware DAG scheduling framework for CPO data
centers based on Proximal Policy Optimization (PPO) with a heterogeneous-graph encoder
and a cross-attention factored actor. The architecture is size-parametric: a single trained
policy operates on CPO modules of varying processor count N without retraining. Our
contributions are as follows:

* A physically grounded scheduling MDP coupled with an RC thermal network.
The full per-processor thermal field is exposed in the observation, and temperatures
evolve under a discretized RC matrix with leakage-power feedback so the policy can
internalise thermal inertia from reward signals rather than hand-tuned heuristics.

* A heterogeneous-graph encoder with cross-attention factored actor. The state is a
heterogeneous graph with task and processor nodes and three edge relations (DAG
dependencies, RC coupling, task-to-processor candidates carrying estimated thermal-
rise as an edge feature). A two-layer GATv2 encoder produces fixed-dimension
embeddings independent of N, enabling zero-shot generalization across processor
counts. The actor decouples processor placement (cross-attention scoring) from an
optional anticipatory pre-execution delay action (pooled-context MLP).

* A controlled six-test ablation chain. We decompose the safety gap along a six-test
chain: HEFT — Decima-vanilla (homogeneous GCN + REINFORCE) — Decima-thermal
(same encoder under our thermal reward); Decima-thermal — HGATE-PPO [15] (het-
erogeneous edge typing under the published recipe of Wu et al. [15] —reported as
a recipe-level outcome, not an architectural verdict, because the reproduction exhibits
early entropy collapse, see Section 5.3); Decima-thermal — D2 (cross-attention actor
on a homogeneous trunk); Decima-thermal — Ours-NoThermal (the full proposed
architecture); and Ours-NoThermal — Ours-auto_only (adding per-processor thermal
observations on top of the thermal-aware reward). The chain isolates each design
factor in turn; because the multi-axis links also vary the optimizer regime, the CPO-
specific RC-coupling edge attribute is attributed by an optimizer-matched single-axis
comparison (Ours-NoRCEdge, Section 5.6). Paired McNemar exact tests on the bi-
nary safety indicator, with Holm—Bonferroni family-wise control across the six tests,
quantify the contribution of every component.

*  Empirical validation with explicit bounded claims. Across paired evaluation on
the Alibaba 2021 microservice trace, the proposed Ours-auto_only scheduler recorded
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30 unsafe episodes per 10,000 paired runs across the full 5 x 4 size-by-ambient enve-
lope (N € {9,13,17,24,33} processors, Ty drawn from cold [25,40], warm [40, 65], hot
[60,75], and extreme [70, 80] °C bands), at 100% DAG completion throughout. The 30
residual failures spanned all four ambient bands and were most frequent under the
extreme ambient (5 cold, 5 warm, 5 hot, 15 extreme). Every classical heuristic baseline
retained a violation rate above 0.94 across the same envelope, and our reproduction of
HGATE-PPO under the published Wu et al. 2025 recipe and our paired-seed budget
retained 0.97 (we attribute the high rate to recipe-level training instability and report
it as a recipe-level outcome, not an architectural verdict; see Section 5.3). A single-axis
isolation experiment (Section 5.6) further showed that the deployed Ours-auto_only
policy was policy-intrinsically safe at hot N = 17 (formal definition in Section 3.4):
removing the env’s lookahead auto-cool budget left its violation rate unchanged
(0.002 — 0.002; within-policy exact McNemar across cool = 100 vs cool = 0:1 discor-
dant pair, p = 1.000). Under the same training recipe, removing the RC-coupling
edge attribute (Ours-NoRCEdge) degraded to 0.056 (paired McNemar p < 107).
The envelope-wide rates reported in this paper are under the standard env auto-cool
budget; whether the policy-intrinsic property extends across the full 5 x 4 envelope is
left to future work.

2. Related Work
2.1. Classical Heuristic and DV FS-Based Schedulers

List-based heuristics, exemplified by HEFT [13] and its multi-objective extension
MOHEFT (Multi-Objective HEFT) [16], rank DAG tasks by upward priority and place each
on the processor that minimizes its earliest finish time, with MOHEFT producing makespan—
energy Pareto sets on static cost tables. Anticipatory refinements such as PEFT [17] and
the lookahead variant of Bittencourt et al. [18] score one step ahead to reduce makespan
further. None of these methods reason about transient thermal state. A complementary
line of work intervenes after a hot trajectory has been initiated, through DVEFS throttling
and workload migration [19,20]; such mechanisms are reactive and impose millisecond-
to-second latency penalties that negate the low-latency advantage of CPO. Meta-heuristic
methods (genetic, particle-swarm, simulated annealing) offer global makespan—thermal
optimization but require seconds to minutes of iterative search per DAG, making them
unsuitable for online scheduling.

2.2. Deep Reinforcement Learning for DAG Scheduling

DRL with graph-structured policies is now the dominant alternative to list-based
heuristics. The canonical baseline is Decima [14], which couples a homogeneous graph
convolutional network with REINFORCE for Spark-style DAG scheduling, achieving up
to 21% job-completion-time reduction over hand-tuned policies. We used Decima as a
reference architecture under two instantiations in our experiments: Decima-vanilla (orig-
inal makespan-only reward, isolating the contribution of the RL backbone alone) and
Decima-thermal (the same encoder under our thermal-aware reward, isolating the contri-
bution of the reward signal on top of the homogeneous-GCN architecture). Subsequent
work has elaborated the Decima paradigm along two axes. The first is more expressive
graph encoders, including the deep-learning workflow scheduler of Chandrasiri and Mee-
deniya [21], the multi-relation HGNN of Wan et al. [22] and HGNNR-FJSP [23] for flexible
job-shop scheduling, the graph-encoder DRL scheduler of Sun et al. [24], the interface-
matched dependency-graph GNN of Zhao et al. [25] for microservice orchestration, and
the heterogeneous-GAT plus PPO architecture HGATE-PPO of Wu et al. [15] for vehicular
cloud offloading; we reproduce HGATE-PPO as the closest architectural prior to ours
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(heterogeneous edge typing with a different placement scorer and no RC-edge attribute).
Pointer-style attention over a variable set originates in the pointer-network literature [26];
we use it through a cross-attention factored variant that places one task per decision step.
More broadly, the permutation-equivariant graph encoders these methods rely on are
instances of the geometric-deep-learning principle that a network should be equivariant to
the symmetries of its input [27,28]; our aim was to identify and exploit the specific broken
symmetry of the CPO scheduling problem rather than to propose a new equivariant layer.
The second axis is multi-agent or hierarchical formulations [29,30], the latter exemplified
by the hierarchical-DRL CPU scheduler of Xing et al. [31] for mixed database workloads;
we do not pursue multi-agent control. Related microservice and mobile-edge scheduling
formulations also target latency- and energy-constrained task placement, including the flex-
ible offloading scheme of Sun et al. [32] for dynamic multi-access edge environments and
the service-mesh orchestration line of Peng et al. [33-35], which includes a symmetry-based
formulation of edge-cloud orchestration; none of these model the intra-module thermal
coupling that is central here. A complementary strand explicitly couples DRL to thermal
control: Yi et al. [19] target compute-intensive job allocation in data centers with DRL and
a learned thermal model, while industrial systems TAPAS [36], D3T [37], and TAWS [38]
demonstrate rack- and cluster-level thermal-aware scheduling for LLM inference, all target-
ing independent workloads rather than coupled microservice DAGs. Reactive throttling
and migration represent a third strand, exemplified by Throttled-HEFT and similar poli-
cies that respond to temperature excursions after the placement is committed; we include
Throttled-HEFT (hybrid mode) as a classical reactive-control baseline.

A separate body of work treats constraint satisfaction directly, via the constrained
policy optimization of Achiam et al. [39], Reward-Constrained Policy Optimization
(RCPO) [40], and the PID Lagrangian formulation of Stooke et al. [41]. These methods
learn a feasible policy under a hard or expected-value constraint and apply most cleanly
when the cost signal can be evaluated without simulator-side recovery. In our regime the
thermal safety condition is enforced inside the env through a reward-shaping path (a soft
penalty above Tpen and a hard penalty plus episode truncation above Terit, Section 4.1.3)
and through a placement-time lookahead auto-cool mechanism that we disclose and isolate
explicitly in Section 5.6. A formal Lagrangian treatment of the safety constraint, with the
auto-cool budget folded in as an explicit constraint multiplier, is left to future work.

2.3. Thermal Management of Co-Packaged Optics

CPO thermal management has historically been studied as a packaging-cooling prob-
lem. Wu et al. [1] characterized a 51.2 Tb/s microchannel-cooled CPO module via coupled
CFD simulation and experimental validation, establishing the canonical limits taken as
hard constraints in our work (ASIC junction below ~100 °C, inter-OE gradient below 4 °C).
Related photonic and packaging studies confirm millisecond-scale ASIC-to-OE crosstalk
consistent with the hundred-millisecond time constants of our RC network (tasic =~ 244 ms,
Tor ~ 110ms, Section 3.2) [2,10]. Industry has more recently begun to characterize CPO
design as a six-way coupled multi-physics problem spanning EMIR, timing, thermal, sig-
nal/power integrity, optical, stress, and aging analyzes [42], with concrete design-time
tooling emerging on the thermal axis: Alam et al. [43] simulated the steady-state thermal
field of a fixed 3DIC + CPO package and imported the resulting temperature map into
FDTD-level photonic device models to predict grating-coupler and ring-modulator spec-
trum drift. These works held the workload fixed and designed the package; we hold the
package fixed and design the operational dispatch policy that drives the thermal trace. The
two perspectives are complementary rather than competing: none of the design-time tool-
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ing exposes a knob at the operational scheduling layer where transient task-level decisions
drive the heat trajectory.

2.4. Positioning and Gap Statement

The systems reviewed above each address a strict subset of the problem regime:
graph-structured DAG scheduling without thermal state (Decima and its descendants),
heterogeneous edge typing without CPO physics (HGATE-PPO), thermal-aware DRL
at rack scale on independent jobs (Yi, TAPAS, D3T, TAWS), reactive throttling after the
placement has been committed (DVFS-based and Throttled-HEFT variants), and design-
time CPO thermal physics on static workloads (Wu, Alam). To the best of our knowledge,
no prior work combines microservice-DAG scheduling, PPO with a heterogeneous-graph
encoder and cross-attention factored actor, an RC-coupling edge relation supplied as an
explicit edge attribute, and the CPO intra-module thermal regime in a single framework
that generalizes zero-shot across module sizes N € {9, 13,17,24, 33}.

3. System Model

We model a CPO module of N heterogeneous processors as a coupled power-thermal-
workload system. In a co-packaged-optics module the optical engines are electro-optic
transceiver dies rather than general-purpose compute cores; throughout this paper we
use processor in the scheduling sense of an assignable, heat-generating active die—the
switch ASIC or an OE transceiver—onto which a unit of microservice data-movement
workload (switching and aggregation on the ASIC, per-flow electro-optic conversion on
an OE) is dispatched for a bounded interval. The scheduler thus allocates the placement
and timing of this workload across the dies under their mutual thermal coupling rather
than floating-point computation. Figure 1 sketches the reference N = 17 topology used
at training time (one 51.2 Tb/s switch ASIC ny plus sixteen 6.4 Tb/s COUPE-class OEs
ni,...,nye [6,44], co-packaged on a shared silicon interposer). All per-processor parameters
introduced below are defined as functions of N, which is what permits zero-shot transfer
of the trained policy across the N € {9,13,17,24, 33} size sweep evaluated in Section 5.4.

3.1. Power Consumption Model

The instantaneous total power of node 7; is the sum of a temperature-dependent
leakage term and a workload-driven dynamic term:

PRl (1) = PIK(T (1)) + PO (1), PIN(T;) = P exp(B (T — Twet), ()

with B = 0.015 K~! for 5nm-class CMOS, baseline leakage P?*” = 30 W (ASIC) and
Plliaok Y = 3W (OE), and with reference Tyt = 25 °C [19]. Dynamic power is non-zero only
on the node currently executing a task, PASICdYn = 150 W and PO = 40W, a 3.75x
asymmetry in active dynamic power between the ASIC and any single OE transceiver.
The exponential leakage-temperature coupling closes a positive feedback loop: higher load
raises T;, which raises P}eak, which accelerates temperature rise. An effective scheduler

must account for this nonlinearity rather than ignore it.

3.2. RC Thermal Network

We use a lumped-parameter RC equivalent network [1,2]: each node has thermal
capacitance C; and conductances G (to the cold plate at T, = 25°C) and ijross (lateral
coupling to neighbors):

aT;

CIE _ Pitotal Genv T Tamb ZGcross T T) (2)
j#i
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We discretize (2) by forward Euler with At = 1ms, yielding the state-space form
T(t + At) = AT(t) + BP(t) + DT,p used inside the scheduling loop. With the parameters
of Table 1, the ASIC thermal time constant is 79 = Cagic/ GZ%IC with GZ%IC = GRgic +
(N —1)Gige op giving 19 ~ 244ms at the training N = 17 (ranging from ~303 ms
at N = 9 to ~175ms at N = 33 as the fan-out grows); the OE local time constant is
70 = Cog/ Gf)f]fE ~ 110 ms with Gg)f]fE = G&E + GRSe.op T 2 Gopsop- Both time constants
are at least two orders of magnitude above At, so the forward-Euler scheme is stable across
the eigenvalue spectrum.

optical 8x800Gb/s link

silicon interposer (~75mm x 75mm)
— — thermal coupling Gl‘;j’oss

g

%\m

<

Governing RC dynamics (At = 1ms forward Euler)

dT; |
CiditI — Pitota Genv T _ Tamb ];‘;Gcross T T

Figure 1. Reference N = 17 CPO module: one switch ASIC (ng, central red) plus sixteen optical
engines (111—114, blue diamonds) on a shared silicon interposer. Solid blue lines: optical links;
dashed red curves: lateral thermal couplings ijmss (the full coupling matrix is dense, only a few
representatives drawn).

Table 1 lists the calibrated per-node parameters that fully determine the discretized sys-
tem across all evaluated sizes N. The processor graph topology is a star plus a ring: the ASIC
(np) couples to every OE (Gci"s‘s = G]%OSS = Gasic-op for j > 1), and each OE couples to its
two ring neighbors (GC“’Ss = G for |i —j| =1 (mod N —1),i,j > 1). All other Gf]«mss
entries are zero. The same per-node constants are re-used at every N € {9,13,17,24,33};
only the matrix dimension and the ASIC fan-out term (N—1) GRgi2 o in Ggly’ scale with N.

Table 1. Calibrated RC-network parameters used at every N.

Symbol Value Description

Casic 20J/K ASIC heat capacitance

Cok 0.2]J/K OE heat capacitance

GRiic 50 W/K ASIC « cold plate

G&F 1.5W/K OE <= cold plate

GSes 02W/K ASIC < each OE
ASIC-OE

GOEOE 0.05 W/K adjacent OE < OE

At 1ms forward-Euler step

Tamb 25°C cold-plate reference

Physical Justification and Calibration

The single-node-per-die lumped abstraction does not discard the package: each C;
and G§" is an aggregate that folds the off-die thermal mass and conduction path of node
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i—substrate, lid, copper spreader, heat pipe, and, for the ASIC, the active heatsink—into
one effective heat capacitance and one effective cold-plate conductance. This is the standard
reduced-order model for system-level thermal control, where the controlled quantity is the
per-die junction temperature on the 10-10% ms scheduling timescale, not the intra-die spatial
field that detailed package-geometry or finite-element models resolve. The constants of
Table 1 are calibrated rather than free-fitted: C; and G are set so that each die’s transient
junction rise under its rated active power (Equation (1)) is ~0.08 °C/ms for the ASIC
and ~0.18 °C/ms for an OE—rates consistent with published thermal characterizations of
cold-plate-cooled integrated-photonic modules and within the <100 °C junction budget
of commercial CPO parts [1,2]—while the lateral Gf]-ross are set to a magnitude that yields
a steady-state ASIC-OE gradient of the same order as the Tx—Rx thermal differentials
reported for cold-plate-cooled silicon-photonic interposers under sustained transceiver
load [45]. We further verified that the scheduling conclusions do not hinge on the precise
calibrated values: a decoupled calibration-error sweep (Section 5.7), in which the thermal
plant was perturbed by up to £30% while the policy kept observing the nominal calibration,
left the safety outcome essentially unchanged for perturbations within +10% of the heat-
balance parameters and fully robust against errors in the coupling strength.

3.3. Microservice DAG Task Model

A microservice workflow is a directed acyclic graph G = (V, £). Each task v; carries
workload w; (ms, normalized to ASIC speed) and slack s; = LST(v;) — EST(v;) from
a standard forward/backward topological pass; tasks with s; = 0 lie on the critical
path. Each edge ¢;; carries a data volume d;; and contributes a communication delay
cij =d;j/B+ L97E when its endpoints are assigned to different processors, with CPO
link bandwidth B = 800Gb/s and a fixed L°/F = 5 us optical-electrical conversion delay.
The DAGs used in this work are drawn from the Alibaba 2021 microservice trace [11],
filtered to 3000 acyclic graphs with task counts in [3,20] and workloads in [0.5, 50] ms; the
makespan of a schedule 7 is the completion time of its last exit task.

3.4. Thermal Safety Constraints and Operational Definitions

CPO hardware specifications [1] impose a hard limit T;(t) < T, = 85 °C (violation
is a thermal crash) and a soft advisory threshold Tpen = 80 °C above which a continuous
reward penalty engages (Section 4.1.3). Because the paper refers to “thermal safety” and
“violation” in multiple operational senses, we fix terminology here for use throughout the
rest of the manuscript (Table 2).

The underlying scheduling objective is the constrained makespan problem

m;nE[Makespan(n)] st. Ti(t) < Tyt Vi, t. 3)

We do not solve (3) as a formal constrained MDP; the MDP formulation developed in
Section 4 approximates it through a shaped reward that combines a soft penalty above Tpen,
a hard penalty plus episode truncation above Tsi¢, and a completion bonus on makespan.
Figure 2 illustrates the problem on a representative DAG and contrasts a HEFI-driven
thermal trajectory against the proposed scheduler in one hot N = 17 episode.
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P16 +
P12
P8 +

HEFT

P4

PO
P16

y

P12

P8
P4

Sample DAG (12 tasks, 12 edges)

O
°—g e o o
. O

B task on critical path
parallel-branch task

Schedule timeline (HEFT vs Ours-auto_only, N=17 processors)
I task execution (color = DAG) /] env auto-cool insert

PO = v e A AT | P ii |

Ours-auto_onl

0

@}

100 -

T T T T T T T
200 400 600 800 1000 1200 1400
Time (ms)

Peak processor temperature over the same time window

= HEFT —— Ours-auto_only

Tpen=80°C

Peak temperature (°C)

60

T T T T T T T
200 400 600 800 1000 1200 1400
Time (ms)

Figure 2. Problem at a glance: (a) A representative Alibaba 2021 microservice DAG drawn from the
evaluation trace (12 tasks, 12 inter-task dependency edges). Node size encodes the per-task workload;
the critical-path tasks are highlighted in red, the parallel-branch tasks in slate-blue. (b) Schedule
timeline for the first ~1.5 s of one hot-ambient N = 17 episode (env seed shared between the
two schedulers): HEFT [13] in the upper band distributes the workload uniformly across the pro-
cessor ring and triggers two large env auto-cool inserts (hashed); Ours-auto_only in the lower band
concentrates dispatches on a small set of processors and interleaves many short auto-cool inserts.
Block colors in (b) encode the parent DAG of each task execution, matching the in-panel legend.
(c) Peak processor temperature across the same time window. HEFT crosses the Tpen = 80 °C thresh-
old near t = 1065 ms and peaks at ~88 °C inside the unsafe band (shaded); Ours-auto_only stays
at 62-65 °C throughout. The scheduling decisions of Section 4 therefore control whether the same
workload drives the chip into a violation regime or holds it at a comfortable thermal margin.
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Table 2. Operational definitions used consistently throughout this paper. Subsequent sections
reference these entries when ambiguity is possible.

Term Operational Definition

An episode is unsafe if and only if at least one committed placement would, absent any cooling
intervention (neither the agent’s anticipatory delay nor the env’s auto-cool), drive the peak
processor temperature above Tpen = 80 °C—the per-step would-violate condition, aggregated
over the episode. We adopt this counterfactual placement-quality criterion rather than the
realised post-cooling peak so that the metric attributes safety to the placement policy and not to
Unsafe episode the reactive cooling that backstops it; it is the more conservative of the two, additionally flagging
near-boundary placements that cooling subsequently held just below Tpen, so the reported unsafe-
episode rates upper-bound the realised-threshold-crossing rates (for Ours-auto_only, 30 versus
20 per 10,000 over the full envelope, the gap confined to the extreme band). This is the binary
indicator used in every paired-McNemar test and every headline “violation rate” reported in
Sections 5.2-5.6.
The strictly stronger event max; max; T;(t) > Teie = 85 °C, which triggers episode truncation and
ahard reward penalty (Section 4.1.3). Crash rates are uniformly lower than unsafe rates.
The hard constraint T;(t) < T in Equation (3); we never solve it as a formal CMDP. Section 4
approximates it through reward shaping.
A simulator-side lookahead mechanism (default max_cooling_steps = 100 ms per dispatch) that
Env auto-cool floor inserts idle cooling before a placement when the predicted execution peak would cross Tpen.
Independent of any scheduler.
The property, established for a specific checkpoint via Section 5.6, that the unsafe-episode rate
is unchanged or improved when the env auto-cool floor is removed (max_cooling_steps = 0).
Ours-auto_only carries this label at hot N = 17 (as does its identical hybrid extension), the cell
where the auto-cool ablation was run (Section 5.6). The envelope-wide rates of Sections 5.2-5.4
are reported under the standard auto-cool budget; whether the policy-intrinsic property extends
across the full 5 x 4 envelope is left to future work.
The encoder forward pass is parametric in N: parameter tensor shapes depend on d and the head
Size-parametric count only, not on N, so a single trained policy produces a valid forward pass atevery N without
retraining. Zero-shot transfer across N is the empirical consequence reported in Section 5.4.

Thermal crash

Underlying constraint

Policy-intrinsic safety

4. Proposed Method

We cast thermal-aware DAG scheduling as a finite-horizon Markov Decision Process
M = (S, A,P,r,7v) with v = 0.99, in which the thermal-safety requirement is enforced
through a shaped reward (a soft penalty above Tpen and a hard penalty plus episode
truncation above T, Section 4.1.3), not as an explicit constraint, and we learn a station-
ary policy 7y via PPO [46] maximizing J(0) = Ex,[Li_,' 7*rs4k], where H is the episode
length, bounded above by dags_per_episode and below by the thermal-truncation con-
dition. Section 4.1 defines the state, action, and reward; Sections 4.2 and 4.3 describe the
heterogeneous-graph encoder and the cross-attention factored actor; Section 4.5 summarizes
the PPO training loop. A central architectural commitment is size-parametric generalization:
all module dimensions are independent of the processor count N, enabling the zero-shot
size-transfer result of Section 5.4. Figure 3 gives a panel-level overview of the architecture,
the training curriculum, and the deployment modes.

4.1. State, Action, and Reward
4.1.1. State as a Heterogeneous Graph

The state at step t is a graph G; = (V,&,X) comprising two node types and
three edge relations:

¢ Task nodes (V:): one per currently-pending DAG task. Each has a 4-dimensional
feature vector x{ € R4 encoding normalized workload, slack, ready-flag, and current-
task indicator.

*  Processor nodes (V,): one per active die (the switch ASIC plus the N—1 OE
transceivers). Each has a 7-dimensional feature vector x;] € R7 comprising busy
flag, remaining-time, type indicator (ASIC vs OE), and four thermal observables: T;, Tj,
leakage current, and headroom Teyit — Tj.

*  Task-task edges (£:¢): one per DAG dependency, with edge attribute el-T].T € R!
encoding normalized inter-task traffic.

*  Processor—processor edges (£yp): fully connected, with edge attribute efjp € R!

derived from the RC-coupling matrix A;; of Section 3.2. This relation lets the encoder

https://doi.org/10.3390/sym18071182


https://doi.org/10.3390/sym18071182

Symmetry 2026, 18, 1182

11 of 40

propagate thermal coupling structure to placement decisions. Such a property is

absent from any homogeneous-graph encoding.

*  Task-processor edges (£rp): bipartite cross-relation from each task to each candidate

processor, with edge attribute el.ij € R? encoding the estimated execution time of

task i on processor j and the estimated thermal rise that placement would cause.

The estimated AT is the second feature dimension that Section 5.1’s controlled ablation

Ours-NoThermal removes.

A homogeneous graph would collapse these two relations into one edge type with

a unified attribute, losing the geometry-vs-combinatorics distinction; the heterogeneous

formulation lets the encoder learn distinct propagation dynamics for the two phenomena.

(a) Heterogeneous state G;

@
@ ©

xP eR7

three edge relations: DAG dependency,
RC thermal coupling, task-to-processor

task and processor node types

input proj.

(b) Hetero encoder (GATv2)

GATz7 (7T €R1)

GATpp (ePP €R1, RC-coupling) }

XAttnrp (e7P € R2) }

J

L=2 layers, d=128, heads =4

message passing — node embeddings

two GATV2 layers, per-relation ‘

\4

(c) Factored actor

[ Tplace’ multi-head cross-attn

[ Tdelay pooled MLP, width 64

action: a = (jt,kt), jp € [N], kt € [Kgelay]

placement: cross-attention scoring
delay (optional): pooled-context MLP

Y

(d) Dual-channel critic + PPO

shared MLP trunk (=256, 2 layers) }

Y Y

{

yplace ] [ ydelay ]

summed advantage — PPO update

shared trunk, two value heads ‘

Training: [ Stage 1 Kgelay =1, 3x10° steps

=~

Stage 2 Kgejay =5 1.5x10° steps ]

Deployment: [ auto_only (default) ] [

hybrid (optional)

] [ agent_only (probe) ]

Figure 3. Method framework: Panel (a): the heterogeneous state graph G; comprises task nodes

(blue circles) and processor nodes (red diamonds) with three edge relations (DAG dependencies, RC

coupling, task-to-processor candidates); the lateral processor coupling carries the calibrated conduc-

tance Gicjros's of Equation (2) as a per-edge attribute. Panel (b): the hetero encoder applies L = 2 layers

of GATv2 message passing on each relation, producing per-node embeddings of dimension d = 128.

Panel (c): the factored actor uses cross-attention scoring for the placement head and a pooled-context

MLP for the optional delay head (the explicit logit and message-passing forms are given in the text of
Section 4). Panel (d): the dual-channel critic predicts yPlace and Vdelay from a shared trunk, and the
two GAE advantages are summed for the PPO loss (Section 6.1.2). The bottom strip summarizes the

two-stage training curriculum (Section 4.5) and the three deployment modes (Section 4.5.4).
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4.1.2. Action Space
The action is the product of a placement head and a delay head:
A = -Aplace X Adelay = {1, ey N} X {0, 1,... rKdelay_l}- (4)

At each decision step the agent emits a tuple (j, k) € A: jis the target processor
for the current task, and k is a discrete pre-execution delay level that pauses dispatch by
k- Agelay milliseconds. We use Kgelay = 5 and Agelay = 80 ms throughout, so the maximum
agent-issued delay is 320 ms. Figure 4 traces the corresponding forward pass at the tensor

level.
Input state G; Hetero encoder Embeddings Factored actor Outputs
Mplace! €ross-attn Jt ~ Totace
£eRrN € [N]
graph_obs Hetero GATV2 (3 relations, L—2 layers) Per-node features
task_x: (T,8) 1 GAT ¢ (task — task) . sed 1o Tx128
] ; led MLP
proc_x: (N,7) ‘ GAT,, (proc— proc, RC-e e LR ki ~ Tidelay
edges_tQt(géG) XAttne, (task— proc) h? €RNX € [Kdelay]
edges_p2;
edies fzﬁﬁcan)d.) d=128, heads=4 (per-step, T<200)
e nask: (N,) LayerNorm, dropout 0.1
S 2 Ar=APiace | qdelay
[ input dictionary [ hetero encoder (O(L|EI) [ factored actor [ dual-channel critic

Figure 4. Forward-pass pipeline at one decision step: Concrete tensor-shape view of Section 4,
complementing the equation-driven panel layout of Figure 3. The input graph_obs dict contains
task features x“€ RT*®, processor features x’ € RN*7, three typed edge sets (DAG dependencies,
RC-coupling, task-to-processor candidates), and an N-dimensional action mask. The hetero en-
coder applies three GATv2-style relation-specific layers (task—task, proc—proc with the RC-coupling
edge attribute, task-to-proc cross- attention) of width d = 128 with four heads, yielding per-node
embeddings h7c RT*128 and h?c RN*128_ The factored actor emits placement logits Lolace € RN
(masked cross-attention scoring of the current task against every processor candidate) and delay
logits £gelay € RXaetay (pooled MLP over a global context vector). The dual-channel critic predicts
VPlace and Vdelay from the same global context; their sum drives the clipped PPO surrogate during
training. At inference time the action a; = (ji, k) is obtained by argmax over each head indepen-
dently (deterministic mode) or by sampling (stochastic mode); the dispatch is then placed on the
chosen processor.

Two masking layers are applied before the placement softmax: dependency masking
forbids processors with unfinished predecessor tasks, and thermal-safe filtering forbids
processors whose pre-task temperature plus the estimated AT would exceed the hard wall
Terit- The delay head is unmasked.

4.1.3. Reward Function

The reward at step f combines a completion bonus, a makespan-driving term, a soft
thermal penalty, a hard violation indicator, and a dense-progress bonus:

Tt = Tphase — &° w;:fax - ,B : max(O, Tmax,t — Tpen)
- 'Hé[Tmax,t > Tcrit] + Tbonus,t/ (5)

where 7; is the task completion time including communication delay, Tmaxt = max; Tj(t)
is the peak processor temperature after the step, rp,5e = 1.0 rewards each valid task com-
pletion, « = 4.0 penalizes execution time, § = 0.2 activates progressively as temperature
exceeds Tpen = 80 °C, § = 50.0 imposes a hard penalty whenever any processor exceeds
Terit = 85°C (thermal crash), and rponys s is a sparse DAG-completion shaping term de-
fined as

https://doi.org/10.3390/sym18071182


https://doi.org/10.3390/sym18071182

Symmetry 2026, 18, 1182 13 of 40

Tbonus,t = Dexit - ¥ [exit task of a DAG completes at t| 4 bstep - #[any task completes at ¢], (6)

with beyit = 2.0 and bstep = 0.05. The hyper-parameter values are stable across training
seeds; we did not tune them.

The reward decomposes additively into a placement-driven component (the makespan
and bonus terms) and a thermal-driven component (the soft penalty and the hard violation);
this decomposition informs the dual-critic implementation choice of Section 6.1.2, which is
adopted on engineering grounds (channel-decomposed advantage estimation matches the
channel-decomposed reward) rather than ablated against a single-critic baseline.

4.2. Heterogeneous Graph Encoder

The encoder transforms the per-step heterogeneous graph G; into per-node embed-
dings h7, hf € R? with d = 128, with all module shapes independent of N. Inputs are first

1
mapped from raw feature space to the latent dimension via per-type input projections:

1

h¥ = LN(GELU(Lineary(x7))),  h!"” = LN(GELU(Linear;(x))). ~ (7)

The body of the encoder is a stack of L = 2 identical layers, each running three
message-passing operations in parallel on h™(©) and h#/(¥):

AR = GAT(h™0), &™), 8)
,(0
AR = GAT, (b)) 9)

(Ahr'w) Ahp/(e)

0, ARA) = Xt (80, 010, &77)

i (10)

The three update streams reach each node type with disjoint roles (7 delivers DAG-
dependency context to tasks, pp delivers RC-coupling context to processors, Tp delivers
candidate-affinity context to both). Per-layer outputs combine these deltas additively,
with a residual connection and LayerNorm:

hl.T’(“l) = LayerNorm(hiT’(é) + Ah:if) + Ah:p(,?)’ (11)
hf (1) LayerNorm(h]P A6) + AhZ'p(? + Ahf};’?). (12)

GAT+r and GAT), are GATv2Conv layers [47] with edge attributes, 4 attention heads,
and concatenation projection back to dimension d; XAttnr, is a bidirectional GATv2 update
on the bipartite task-processor relation, using the same hyper-parameters. Dropout p = 0.1
is applied between layers during training. We deliberately use GATv2 rather than the origi-
nal GAT [28] because GATv2’s dynamic attention is required for edge-attribute-conditioned
attention scoring, which is essential here: the placement attention must depend on the
thermal-rise estimate carried in e™”, not just on the node embeddings.

The two-layer depth is the smallest setting that gives the placement decision two-hop
access to both the RC-coupling and the DAG-dependency structure; L > 3 did not improve
training return in our setting and increases inference latency linearly. All module weights
depend on d and head count alone, not on N, so the encoder is size-parametric: the same
trained weights transfer zero-shot across N (Section 5.4).

4.3. Factored Actor and Dual-Channel Critic

The actor produces two outputs given the encoder embeddings: the placement logits
over the N processors and the delay logits over the Kgelay levels. A dual-channel critic
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shares the same encoder and consumes a pooled global context to emit two scalar value
heads aligned with the placement and thermal components of the reward.

4.3.1. Placement Head

The placement head is a multi-head scaled dot-product attention in which the query is
the current task’s embedding and the keys are the processor embeddings. We use H = 4
heads of width d;, = d/H. Perhead h € {1,...,H},

hgurw(h) h? W(h) T
g, = P PRI W w e, 13)
h

producing N-dimensional per-head logits. Heads are summed (rather than concatenated

through an output projection) to give the final placement logits £pjace = v Egg cer Which

then pass through the action mask described in Section 4.1.2 before the softmax:

0 if j is feasible, (14)

nplace (] | S) = SOftmaX(zplace + m)]r m; = { .
—oo otherwise.

We use the attention scores directly as logits rather than constructing a separate value
projection and re-projecting; this “pointer-attention” pattern follows Decima [14] and
avoids one redundant linear layer per decision step.

4.3.2. Delay Head

The delay head is a small MLP that takes a pooled-context vector formed from the
current-task embedding, the mean processor embedding, and the maximum processor
embedding (along the feature dimension):

Edelay = MLP (hgur ” h? H m].ax h]r'J)/ 77/'delay(k | S) = SOftmaX(edelay)k- (15)

The max-pool is the architectural detail that surfaces hot-spot information to the delay
head: a single processor near Tpen is more relevant for delay decisions than the average
processor, which the mean-pool would dilute. The MLP has hidden width 64.

4.3.3. Joint Policy
The two heads define a factorised policy:
”9(‘1 | S) = place(j | S) ndelay(k | S)/ a= (j/k)' (16)

For inference modes that disable the delay action (Section 4.5.4), the delay head is
deterministically clipped to k = 0.

4.3.4. Dual-Channel Critic

The critic shares the encoder with the actor and ingests a pooled global context formed
from the same task, mean-processor, and max-processor channels used by the delay head:

— hT
Ct—ht

ne p

h/ H maxhf). (17)
A two-layer MLP trunk ¢y of hidden width 256 then feeds two scalar linear heads, one

for the credit-assignment target of each action head:

1 del
th = wglace o (ct), Vi o= wglrelay Po(ct). (18)
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VP face regresses against the discounted return under the placement-driven reward

channel (makespan + DAG-completion bonus); thday regresses against the discounted
return under the thermal-driven reward channel (soft penalty above Tpen and hard penalty
plus episode truncation above Ty, Section 4.1.3). The shared trunk amortizes the encoder
forward across the two channels; only the final linear heads Wplaces Wdelay € R are
channel-specific. The two channels generate two GAE advantages whose sum drives the
PPO update in Section 4.5. Algorithm 1 summarizes the resulting forward pass at one
decision step.

Algorithm 1: Forward pass at one decision step. The sampling notation ~
corresponds to training-time stochastic rollouts; at evaluation the heads are
deterministic, with j; = arg max; Tplace(j | 5t) and k¢ = arg maxy Tgelay (k | st).

Input: Encoder Ey, actor heads (7Tplaces Tdelay ), dual critic (vplace ydelay) state
st = Gy, action mask my, current task index i*, deployment mode
€ {auto_only, hybrid, agent_only }

Output: Action a; = (ji, ki), log-probability log 7tg(a; | s¢), values (thlace, thelay)

// Step 1: encoder forward -- produce per-node embeddings
1 (h", W) < Ey(G;) via input proj. Equation (7) and L = 2 message-passing layers
Equations (8)—(12)
// Step 2: placement head -- cross-attention scoring
2 Kplace < multi-head scaled dot-product (Equation (13)) between query hf, and
processor keys h”
3 Lplace < Lplace + M // apply dependency + thermal-safe mask
4 jr~ nplace(‘ | st) = SOftmaX(eplace)
// Step 3: delay head -- pooled-context MLP
5 if u = auto_only then
‘ ki <0 // delay disabled in mode auto_only
end

N o

8 else

9 | Lyelay < MLP(hZ || h7 || max; h]p) (Equation (15))
10 | ki~ Tgelay(- | 5t) = softmax(£gelay)

11 end

// Step 4: dual critic -- predict the two value channels
12 ¢ « (h7||h7 || max; hf) (Equation (17))
1 del .
13 (VPP V7)) wglacegpg(ct), wgelaygbg(ct) (Equation (18))
14 a; < (jtrkt)
15 log 7tg(a | st) «+ log nplace(jt) + log 7Tdelay(kt)

I del
16 return a;, log g (as | s¢), th e 1% ey

4.4. Symmetry Properties of the Policy

The encoder and actor of Sections 4.2 and 4.3 are constructed so that the policy respects
the symmetry structure of the scheduling problem. We make three properties explicit,
because they are the structural reason a single trained policy transfers across module sizes
without retraining.
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4.4.1. Permutation Equivariance of Placement

Let 0 be any permutation of the N processor nodes, acting jointly on the processor
features and on every incident edge of the proc—proc (RC-coupling) and task—proc relations.
The heterogeneous encoder is built entirely from per-node feature projections, LayerNorm,
GELU, residual connections, and GATv2 message passing [28,47], each of which commutes
with node relabeling, so the encoder is permutation-equivariant by construction [27].
The placement head scores each processor by a dot product between the current-task
query and that processor’s key (Section 4.3), and the action mask is itself indexed by
processor; relabeling the processors by ¢ thus permutes the placement logits by the same ¢
Equivalently, the probability the policy assigns to dispatching onto a given physical engine
is independent of the order in which engines are enumerated.

4.4.2. Permutation Invariance of Delay

The anticipatory-delay head reads only mean- and max-pooled processor context
(Section 4.3), both symmetric functions of the processor set. The delay distribution is hence
permutation-invariant: how long to wait before dispatch does not depend on processor
labeling, matching the physical semantics of the delay action.

4.4.3. Size Invariance

No parameter tensor in the encoder or either head has a dimension that scales with
N: shapes depend only on the embedding width 4, the head count, and the fixed feature
dimensions (Section 4.2). A single trained parameter set therefore induces a valid, label-
consistent forward pass at every N. Equivariance makes that forward pass well-defined
across sizes; whether it also yields strong safety at unseen N is an empirical question,
answered by the zero-shot transfer across N € {9,13,17,24,33} (Section 5.4).

4.4.4. Symmetry Breaking and Heterogeneity

A homogeneous-graph policy such as Decima [14] treats every node as one type,
implicitly assuming the full symmetric group Sty acts on the joint task—processor set.
The CPO problem violates that assumption: tasks and processors are not interchangeable,
and the ASIC and optical engines differ in both role and power (the ASIC dissipates 3.75 x
the dynamic power of any single engine, Section 3.1). Our encoder instead respects only
the product group St X Sy, being equivariant to relabelings within each node type by
typing task and processor nodes separately. The physical coupling structure, namely the
star-plus-ring topology of Section 3.2, is not part of the architecture’s symmetry group;
it is supplied through the processor—processor edge set and its RC-coupling attributes,
which the equivariant encoder exploits without hard-coding any processor’s identity (the
ASIC/engine distinction enters as an input feature, not a positional index). The six-test
ablation chain of Section 5.3 is best read not as a symmetry ordering but as isolating this
thermal-physics inductive bias: the controlled single-axis comparison Ours-NoRCEdge
(Section 5.6) identifies the RC-coupling edge attribute, rather than equivariance alone,
as the design element that drives the safety margin.

4.5. PPO Training and Two-Stage Curriculum

We train with the standard clipped PPO objective [46] (clip € = 0.2, value coefficient
¢y = 0.5, entropy bonus ¢, = 0.01, GAE A = 0.95) and the joint advantage A; = Aflace + Afelay
when both heads are active. Training proceeds in two stages: Stage 1 (placement only,
Kgelay clipped to 0, 3 x 10° steps, learning rate 3 x 10~*, reward-curriculum transitions
cold—warm—shot at {4 x 10%, 1.5 x 10°} steps) produces the deployable Ours-auto_only
checkpoint; Stage 2 (full action space, 1.5 x 10° steps, learning rate 1 x 10~#, warm-started
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from the Stage 1 checkpoint with a freshly initialized delay head) produces the optional
Ours-hybrid checkpoint. The two-stage decomposition matches the structure of the action
space: the delay head conditions on a context that is only well-defined once the placement
head has learned the size-parametric thermal-aware policy. During Stage 1 the delay-head
parameters and the V4¢3 critic head receive no gradient (the delay action is clipped to
ki = 0, s0 log Tgelay contributes zero to the surrogate and A?elay is dropped from the joint
advantage); both are initialized fresh at the start of Stage 2.

4.5.1. Common Training Hyper-Parameters

All PPO-based policies (Ours, Ours-NoThermal, D2, HGATE-PPO) share Adam
(e = 1075, linear LR decay to zero), num_envs = 16, rollout_length = 256 (4096 transitions
per update), ppo_epochs =4, num_minibatches =8 (minibatch 512), PPO clip e = 0.2,
¢y = 05, ¢, = 0.01, GAEA = 0.95, max_grad_norm=0.5, encoder hidden width
dp, = 128, critic trunk width 256, dropout 0.1, and seed 42 for the rollout RNG. Decima-
vanilla and Decima-thermal use REINFORCE with a moving-average baseline (Algorithm 1
of Mao et al. [14]), Adam (e = 1072, Ir 5 x 10~%, no scheduler), and one gradient update
per episode; the only difference between the two is the reward signal. The HGATE-PPO
trainer [15] performs single-env per-step PPO updates per the author code convention
rather than batched rollouts; we flag this when reading Component 3. Per-policy training
budgets and learning rates are listed in Table 3. All learned baselines are reported on
a single training seed (42), so the paired McNemar comparison characterizes sampling
variance over the 500 paired evaluation episodes per cell conditional on this seed, not over
independent re-runs of the training pipeline. Component 6 (p = 0.625, n.s.) is the compari-
son most affected by this caveat; the other five components have effect sizes that remain
significant in absolute magnitude.

Table 3. Per-policy training budgets and learning rates: “Steps” is total environment steps. Common
PPO hyper-parameters (batch composition, clip, GAE, optimizer) are shared across all PPO-trained
rows; only the algorithm-axis differences are reported here. Training budgets are not uniform across
the ablation chain (2.0-5.0 M steps): each baseline is trained to its return-curve plateau under its own
optimizer regime (Section 4.5.1), partially mitigating architecture-vs-compute confounding but not
eliminating it.

Policy Steps LR Notes

Ours Stage 1 3.0 M 3x107* placement only (Kgelay = 0)

Ours Stage 2 1.5 M 1x 1074 warm-started; delay head re-init
Ours-NoThermal 20 M 3x107% strips Thorm, T, leakage, headroom
Ours-NoRCEdge 3.0 M 3x107* RC edge attribute ablated

D2 5.0 M 2x107* homog. GCN trunk + Ours actor head
HGATE-PPO 50 M 3x107* single-env per-step PPO [15]
Decima-vanilla 50 M 5x 1074 REINFORCE + moving-avg baseline
Decima-thermal 50 M 5x107* REINFORCE + moving-avg baseline

4.5.2. Training and Evaluation Compute Budget

The total training compute consumed was approximately 43 GPU-hours on a single
NVIDIA V100 or A100: ~6 h for Stage-1 Ours (3 x 10° steps), ~3 h for Stage-2 hybrid
(1.5 x 10° steps), ~4 h for Ours-NoThermal (2 x 10° steps), ~6 h for Ours-NoRCEdge
(3 x 10° steps), ~9 h for D2 (5 x 10° steps), ~9 h for HGATE-PPO (5 x 10° steps in single-env
mode), and ~3 h each for Decima-vanilla and Decima-thermal under REINFORCE-with-
moving-average-baseline. Evaluation was CPU-only (Apple M3 Pro, Apple Inc., Cupertino,
CA, USA; single-thread for paired determinism); the 120,000-episode main matrix plus the
horizon stress test, the 2200-episode auto-cool ablation, and the 1000-episode hot+extreme
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RC-edge isolation consumed approximately 48 CPU-hours end-to-end. All training and
evaluation seeds, configs, and checkpoint hashes were recorded with the released code.
Figure 5 shows the Stage-1 and Stage-2 training-return curves for Ours-auto_only and Ours-
hybrid.

4.5.3. Training-Time Strategies

Three minor strategies improve convergence beyond standard PPO: (i) a curriculum on
the initial-temperature distribution that ramps from cold (T € [25,40] °C) through warm
([40, 65] °C) to hot ([60,75] °C) at the Stage-1 boundaries; (ii) both the dependency mask and
the thermal-safe candidate mask are applied during training rather than only at inference;
and (iii) best checkpoints are selected on hot-stage validation return, evaluated every
5 x 10* training steps over 30 deterministic-argmax episodes drawn from a validation
seed pool that is disjoint from the evaluation seed_base = 100,000 pool of Section 5.1,
with a rolling-window-50 maximum used to debounce noise in the hot-stage validation
return curve.

4.5.4. Three Inference Modes

The trained policy is deployed in three configurations: auto_only (Stage-1 checkpoint,
delay clipped to zero)—the primary deployed configuration of this paper—hybrid (Stage-2
checkpoint, full action space, adding the optional anticipatory delay), and agent_only
(Stage-2 checkpoint with the env auto-cool fallback disabled, used in Section 5.6 to
probe policy-intrinsic safety). All configurations evaluate under deterministic argmax.
As Section 5.6 shows, once the module’s reactive auto-cool budget is calibrated the
anticipatory-delay extension is safety-neutral—hybrid matches auto_only under deter-
ministic inference—so we report auto_only as the headline configuration and treat the
delay head as an optional component.

hyb: warm — hot hyb: train end

auto: cold — warm auto: warm — hot
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Figure 5. PPO training reward curves at N = 17. Episode return is reported as a rolling-50 mean
over the raw training-time samples (faint thin lines). The two vertical dotted guides at 4 x 10° and
1.5 x 10° steps mark curriculum transitions that have different meanings for the two runs (the in-plot
labels are color-coded by run accordingly). Ours-auto_only (solid blue, circle markers) trains from
scratch under the Stage-1 curriculum cold —warm —hot, so the two guides delimit those three stages
and the temporary return drop near 7 x 10° steps coincides with the cold — warm initial-temperature
shift; the policy recovers and converges to ~830 by 3M steps. Ours-hybrid (dashed red, square
markers) is warm-started from the Stage-1 best .pt and runs Stage-2’s two-stage curriculum warm —
hot over 1.5M steps (the cold stage is skipped because the warm-start already passed it), so for this
run 4 x 10° marks the warm — hot transition and 1.5 x 10° marks training termination; Ours-hybrid
converges smoothly to ~980 inside its budget.
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5. Experiments

We report the empirical evaluation of the proposed scheduler against 11 other sched-
uler configurations on the Alibaba 2021 microservice trace, together with a Lagrangian
constrained-PPO baseline evaluated separately in Section 5.8. Section 5.1 states the experi-
mental setup. Section 5.2 presents the main hot-ambient results. Section 5.3 decomposes the
design contributions along a six-test ablation chain. Section 5.4 reports the size, ambient,
and horizon generalization envelope. Section 5.5 examines the optional anticipatory-delay
extension; Section 5.7 reports robustness to thermal-calibration error; and Section 5.8
compares against a Lagrangian constrained-PPO baseline.

5.1. Evaluation Setup

All the schedulers were evaluated on the Alibaba 2021 production microservice trace.
The evaluation matrix spanned five processor counts N € {9,13,17,24,33} and four
ambient regimes (cold [25,40] °C, warm [40, 65] °C, hot [60, 75] °C, extreme [70,80] °C),
with 500 paired episodes per cell (n = 500, seed_base = 100,000). Episode k refers to the
same DAG, the same initial-temperature vector, and the same inter-arrival time draw across
every scheduler. The thermal guardband is Tpen = 80 °C and the hard truncation threshold
is Teyit = 85°C.

The schedulers compared in this section are: HEFT, Thermal-HEFT, Round Robin,
Throttled-HEFT (hybrid mode, the production-default; the agent_only variant is omitted
from the headline tables for compactness and trends with the hybrid numbers within
sample-size noise), Decima-vanilla and Decima-thermal (Mao et al. [14] reproductions
trained from scratch with makespan-only and thermal-aware rewards respectively; re-
production refers to the homogeneous-GCN trunk and the REINFORCE-with-moving-
average-baseline training procedure, not to the original Spark workload), HGATE-PPO [15]
(Wu et al. 2025 reproduction), D2 (a composition baseline combining Decima’s homoge-
neous GCN trunk with our cross-attention placement actor of Section 4.3), Ours-NoThermal
(the proposed architecture trained without per-processor thermal observation features
while retaining the thermal-aware reward), Ours-auto_only (Stage-1 placement-only check-
point), and Ours-hybrid (Stage-2 checkpoint with the anticipatory delay action active).
The evaluation matrix consisted of 5 size cells (N € {9,13,17,24,33}) x 4 ambient cells
(cold, warm, hot, extreme) x 12 scheduler configurations = 240 cells in the size-by-ambient
sweep, plus a horizon stress test that ran an extended H = 200 schedule on the sched-
ulers reported in Section 5.4 (the H = 20 columns of the horizon table are inherited
from the main sweep). At 500 paired episodes per cell the size-by-ambient sweep totaled
120,000 paired episodes; the paired auto-cool ablation of Section 5.6 added an additional
4 x 500 + 200 = 2200 episodes at max_cooling_steps=0 (four schedulers at the n = 500
pool, plus Ours-NoThermal on its n = 200 sub-pool).

5.1.1. Hardware and Runtime

Our evaluations ran on a CPU to eliminate GPU non-determinism in the paired compar-
ison. Training of the learned baselines used a single NVIDIA V100 or A100 card under the
per-policy budget and schedule of Section 4.5.1. Components 3, 4 and 5 of the ablation chain
crossed an optimizer-regime boundary as well as an architectural one (HGATE-PPO used
single-env PPO per the author code convention; Decima-vanilla and Decima-thermal used
REINFORCE with one gradient update per episode), and were interpreted with that caveat.
Component 2 (Decima-vanilla — Decima-thermal) was within-REINFORCE and optimizer-
clean.
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5.1.2. Metrics

We report five operational metrics, all aggregated over the 500 paired episodes per
cell: (i) total makespan in milliseconds; (ii) peak processor temperature in °C; (iii) violation
rate, defined as the fraction of episodes in which the peak temperature crosses Tpen; (iv)
DAG completion rate, defined as the fraction of the 20 DAGs dispatched per episode
that completed before episode truncation occurred (the denominator was the dispatched-
DAG count, not the episode count); (v) episode return, the cumulative reward under the
thermal-aware reward shaping of Section 4.1.3.

5.1.3. Statistical Methodology

Significance is reported via the paired McNemar exact test on the binary safety indica-
tor (an episode was unsafe if and only if Tpeax > Tpen), applied to the six-test ablation chain
in Section 5.3. Pairing protocol: for every cell (N, Tympient) €ach episode i € {0, ...,499}
was assigned the integer seed seed(i) = seed_base + i with seed_base = 100,000
across the entire main matrix. Each scheduler reset the environment under seed(i) via
env.reset (seed=seed(i)) before episode i, which seeded the env’s single internal RNG
that drove the DAG sampling, the initial-temperature draw, and the inter-arrival schedule
from one common state. Identical seeds therefore produced identical physical trajectories
across schedulers paired on episode i. The auto-cool ablation (Section 5.6) re-used the same
seed_base=100,000 pool: the four full-pool schedulers (HEFT, Decima-thermal, Ours-
NoRCEdge, Ours-auto_only) replayed episodes i € {0,...,499}, and Ours-NoThermal at
max_cooling_steps=0 replayed the first 200 episodes i € {0,...,199} of the same pool.
The McNemar discordant counts 1y and n1g thus indexed the same physical conditions
under different policies. Family-wise error was controlled at « = 0.05 via the Holm~-
Bonferroni step-down procedure across the six tests of Section 5.3. The auto-cool ablation
tests of Section 5.6 are reported as uncorrected exploratory comparisons outside this family.
Markers * p < 0.05, ** p < 0.01, *** p < 0.001 applied to Holm-adjusted p-values inside the
six-test family and to raw p-values otherwise. We adopted argmax (deterministic) inference
at evaluation time for reproducibility; sampling-based evaluation may surface delay-head
behavior that argmax masks at the standard H = 20 horizon, a caveat we acknowledge in
Section 6.3.

5.2. Main Results

Table 4 reports the headline cross-scheduler comparison at N = 17 in the hot ambient
regime. The Ours-auto_only configuration achieved a violation rate of 0.002 (one unsafe
episode out of 500), full DAG completion on every paired episode, and the lowest peak
temperature among all the evaluated schedulers. The optional anticipatory-delay extension
(Ours-hybrid) is analyzed separately in Section 5.5: under deterministic inference its delay
head selected zero delay, so it coincided with Ours-auto_only and is not tabulated as
a separate row here. Removing the per-processor thermal observation features (Ours-
NoThermal) while retaining the thermal-aware reward raised the violation rate marginally
to 0.006 while leaving DAG completion at 1.000.
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Table 4. Main results on the hot-ambient validation set (Tympient € [60,75] °C, N = 17 processors,
n = 500 paired episodes per row, seed_base = 100,000). The Ours-auto_only row, in bold, is
the primary deployed configuration and the terminus of the ablation chain of Section 5.3; Ours-
NoThermal is its thermal-observation ablation. The optional anticipatory-delay extension (Ours-
hybrid) coincides with Ours-auto_only under deterministic inference and is analyzed separately in
Section 5.5. The headline view above contains eight of the ten displayed schedulers; Round Robin
and Decima-vanilla are present in the ablation chain (Table 5) and the full size-by-ambient sweep
(Tables 6 and 7) but are omitted from this headline view for compactness, and neither would change
the ranking observable here. The Throttled-HEFT agent_only variant was evaluated under the same
protocol; it tracks the hybrid numbers within sample-size noise (Section 5.1) and is omitted from all
displayed tables. Arrows in the header indicate the preferred direction (] lower is better, 1 higher is
better).

Scheduler Makespan (ms) || Peak T (°C) ] Viol. Rate | Completiont Episode Return 1
HEFT 1243 + 854 91.11+3.98 0.986 0.260 +60.81
Thermal-HEFT 1697 £ 1101 89.67 £4.32 0.968 0.337 +86.93
Throttled-HEFT 1278 + 864 91.08 + 3.99 0.984 0.261 +60.67
Decima-thermal 3958 + 2456 77.96 +10.29 0.382 0.741 +243.45

Table 4. Cont.

Scheduler Makespan (ms) | Peak T (°C) | Viol. Rate | Completion{ Episode Return 1
HGATE-PPO 2023 £ 1423 89.31 +4.63 0.968 0.401 +113.49
D2 3664 + 2613 78.54 +11.05 0.478 0.697 +227.52
Ours-NoThermal 5317 42042 68.62 + 3.81 0.006 1.000 +339.00
Ours-auto_only 5317 + 2042 68.33 £ 4.07 0.002 1.000 +339.19

The makespan column requires interpretation against the completion column.
For HEFT, Round Robin, Throttled-HEFT, and HGATE-PPO the mean makespan reflects
time to the first thermal truncation rather than time to DAG completion: in those rows,
fewer than half of the dispatched DAGs finished before the episode ended. For the Ours
family and Ours-NoThermal, every paired episode completed, so the makespan was end-
to-end. The thermally-aware methods appear slower in this column because their episodes
completed the full horizon, and the cross-family comparison on makespan alone is not
meaningful. We treat violation rate and DAG completion as the primary correctness metrics
throughout. Figure 6 plots the safety—makespan trade-off across the eight schedulers and
traces the resulting Pareto frontier.

Safety vs makespan trade-off at hot N= 17 (1=500 paired episodes)

LR S
om

rate | (log scale)

1000 2000 3000 000 000 600
Mean makespan (ms) |

Figure 6. Safety vs makespan trade-off for the eight schedulers of Table 4 at hot Tyypient € [60,75] °C
and N = 17 processors (1 = 500 paired episodes per row). Marker area is an illustrative encoding of
DAG completion rate (exact values in Table 4); markers on the Pareto frontier (dashed red line) have
a heavier black border. The Pareto frontier traces HEFT — Thermal-HEFT — D2 — Decima-thermal
— Ours-NoThermal — Ours-auto_only, with each transition trading a step up in makespan for a step
down in violation rate. The Ours family occupies the safety-optimal corner of the trade-off at the
cost of ~4x the classical-heuristic makespan, but the completion-rate caveat of the paragraph above
qualifies this comparison: classical heuristics do not finish most DAGs in this regime, so their faster
makespan number is not measured on the same workload.
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5.3. Six-Test Ablation Chain

Table 4 decomposes the contribution of the design choices that distinguish our policy
from heuristic and prior-RL baselines along six paired comparisons. We refer to each
row of the chain as “Component N” for prose convenience; the chain contains six tests,
each isolating one or more axes. The chain spans four design factors: the RL backbone,
the thermal-aware reward, heterogeneous edge typing, and the CPO-specific RC-coupling
edge attribute. It is not a clean ordering by symmetry structure. Heterogeneous typing
alone (HGATE-PPO, Component 3) did not improve safety over the homogeneous-GCN
baselines under our reproduction, and the largest single jump (Component 5) simulta-
neously changed the optimizer regime from REINFORCE to PPO. The cleanest attribu-
tion came instead from the optimizer-matched single-axis comparison Ours-NoRCEdge
(Section 5.6), which isolated the RC-coupling edge attribute: the thermal-physics inductive
bias that distinguishes our encoder from generic heterogeneous-GAT prior work. Table 5
reports the Holm-Bonferroni-corrected McNemar p-values for each link; Figure 7 plots the
per-configuration violation rates underlying the chain.

Table 5. Six-test ablation chain at N = 17 in the hot regime (n = 500 paired episodes, family-wise
« = 0.05 via Holm-Bonferroni). Component 5 jointly introduces the four architectural axes of the
proposed encoder/actor as a bundle (see Section 5.6 for the single-axis RC-edge isolation); Component
6 then tests the further contribution of per-processor thermal observation features.

Test (Link) Viol. Rate Change Holm p  Sig
1. HEFT — Decima-vanilla 0.986 — 1.000 0.031 *
2. Decima-vanilla — Decima-thermal 1.000 — 0.382 <1074 e
3. Decima-thermal — HGATE-PPO 0.382 — 0.968 <1074 e
4. Decima-thermal — D2 0.382 — 0.478 0.029 *
5. Decima-thermal — Ours-NoThermal 0.382 — 0.006 <10~% e
6. Ours-NoThermal — Ours-auto_only 0.006 — 0.002 0.625 ns.
*
*k%
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Figure 7. Violation rate of the seven scheduler configurations in the hot N = 17 regime (n = 500
paired episodes per bar). The six components of Section 5.3 read against this view: Components
2 and 5 are the two large paired-significant safety improvements, Components 3 and 4 are paired-
significant regressions from Decima-thermal under partial-architecture substitutions (HGATE-PPO
and D2 respectively), and Component 6 (Ours-NoThermal — Ours-auto_only) is the only chain link
that is not statistically detectable at n=500. Stars: paired McNemar exact test vs. the previous link
under Holm—Bonferroni control (* p<0.05, *** p<0.001). The RC-coupling-edge-attribute contribution
within the Component 5 four-axis bundle is isolated separately in Section 5.6.
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5.3.1. Component 1: RL Backbone Alone Does Not Help

The Decima-vanilla configuration (homogeneous GCN with REINFORCE training
under a makespan-only reward) recorded a violation rate of 1.000, statistically worse than
HEFT’s 0.986 (p = 0.031). A plain RL backbone without thermal information is not a useful
substitute for the heuristic in this regime.

5.3.2. Component 2: Thermal Reward Shaping Is the First Component to Move Safety

Adding the thermal-aware reward shaping of Section 4.1.3 to the same homogeneous
GCN policy (Decima-thermal) lowered the violation rate from 1.000 to 0.382 (p < 107%).
DAG completion rose from 0.32 to 0.74 and peak temperature dropped by 12.7 °C. The ther-
mal reward channel is what makes a homogeneous-GNN policy non-trivially safer than
the heuristic.

5.3.3. Component 3: The Published HGATE-PPO Recipe Does Not Close the Gap in
Our Regime

HGATE-PPO [15] replaced the homogeneous GCN with a heterogeneous GATv2
encoder over typed (task, processor) nodes; it performed placement scoring via GAT-based
attention over candidate destinations and contained no CPO-specific thermal-coupling
edges. Under the hyper-parameters and training budget of Wu et al. [15], the violation
rate rose from 0.382 (Decima-thermal) to 0.968 (p < 10~*); HGATE-PPO policy entropy
collapsed early in the curriculum, and the rolling-mean best checkpoint never improved
beyond the cold-stage policy. We therefore report this row as a recipe-level outcome of the
published reproduction rather than an architectural verdict on heterogeneous edge typing
in general; a dedicated hyper-parameter sweep for HGATE-PPO on this workload is left to
future work.

5.3.4. Component 4: Cross-Attention Placement on a Homogeneous Trunk Also Fails to
Close the Gap

D2 substituted our cross-attention placement actor of Section 4.3 for the MLP scorer
while retaining Decima’s homogeneous GCN trunk and the thermal-aware reward. The vi-
olation rate increased from 0.382 (Decima-thermal) to 0.478 (p = 0.029). This was a paired-
significant regression: the cross-attention placement actor was not by itself a sufficient
architectural fix to the homogeneous trunk.

5.3.5. Component 5: The Proposed Architecture Delivers Near-Optimal Safety Even
Without Per-Processor Thermal Observations, Provided the Training Reward Remains
Thermal-Aware

Ours-NoThermal carried the same heterogeneous GAT encoder, the RC-coupling edge
attribute, and the cross-attention placement actor as Ours-auto_only, and shared the identi-
cal thermal-aware reward shaping of Section 4.1.3; the only training-time change was that
the per-processor thermal observation features and the est_temp_rise task-to-processor
edge attribute were stripped from the policy input. The violation rate dropped from
0.382 (Decima-thermal) to 0.006 (p < 10™*), a 64-fold reduction; DAG completion reached
1.000. The architecture together with the thermal-aware reward signal was sufficient to
recover almost all of the safety gain of the full configuration, even without per-processor
thermal observations in the policy input. Component 5 attributed this gain to the joint
introduction of four architectural axes on top of Decima-thermal: the heterogeneous GATv2
trunk, the typed task/proc node structure, the cross-attention placement actor, and the
RC-coupling edge attribute on proc—proc edges. The dual-channel critic of Section 4.3.4
was also introduced in this bundle as an unablated implementation choice grounded in
the additive reward decomposition. We discuss in the caveat paragraph below what this
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chain did and did not isolate; the RC-coupling edge attribute exposed the cross-processor
thermal-coupling structure of (2) directly on the message-passing graph, and the heteroge-
neous edge typing distinguished that physical coupling from the DAG dependency and
task-to-processor candidate edges that shared the graph. The Component 5 jump was the
largest single safety improvement in the chain.

5.3.6. Component 6: Adding Per-Processor Thermal Observation Features Yields Only a
Marginal Improvement

On top of the Ours-NoThermal configuration, Ours-auto_only restored the per-
processor temperature features (Thorm, dT/dt, leakage, headroom) on the proc node feature
vector and the est_temp_rise attribute on task-to-processor edges; the thermal-aware
reward shaping was unchanged between the two configurations. The violation rate moved
from 0.006 to 0.002, but this difference was not statistically significant after Holm correction
(p = 0.625). Three Ours-NoThermal episodes per 500 were unsafe where Ours-auto_only
was safe; one Ours-auto_only episode per 500 was unsafe where Ours-NoThermal was safe.
The architectural choice of how thermal physics entered the graph encoder appeared to be
the dominant contribution; explicit per-processor temperature features in the observation
were a second-order refinement, with the caveat that all learned baselines were trained on
a single seed (Section 4.5.1).

5.3.7. Aggregated Reading

Five of the six chain components were paired-significant under Holm-Bonferroni:
Component 1 (HEFT — Decima-vanilla) was a small regression (p = 0.031); Component
2 (Decima-vanilla — Decima-thermal) was the largest single improvement (p < 107%);
Components 3 (Decima-thermal - HGATE-PPO) and 4 (Decima-thermal — D2) were
paired-significant regressions away from the Ours-style architecture, indicating that neither
hetero-typing on a generic GATv2 trunk alone nor a cross-attention actor on a homoge-
neous GCN trunk alone is sufficient; Component 5 (Decima-thermal — Ours-NoThermal)
was the largest paired-significant improvement and the dominant finding of the chain.
Only Component 6 (Ours-NoThermal — Ours-auto_only) was not detectable at this sam-
ple size. Components 2 and 5 together attributed most of the safety claim to two fac-
tors: thermal-aware reward shaping, and the joint proposed architecture (heterogeneous
trunk + cross-attention actor + RC-coupling edge attribute) trained under the same reward.
The specifically-RC-edge contribution within the Component-5 four-axis bundle is isolated
separately in the auto-cool ablation of Section 5.6.

5.3.8. What This Chain Does and Does Not Isolate

Component 3 (Decima-thermal — HGATE-PPO) and Component 4 (Decima-thermal
— D2) demonstrated that, on top of the same thermal-aware reward, heterogeneous
edge typing on a generic GATv2 trunk alone and the cross-attention placement actor on
a homogeneous GCN trunk alone are each individually insufficient to recover the Ours-
NoThermal violation rate. Component 5 (Decima-thermal — Ours-NoThermal) then
jointly introduced the heterogeneous GATv2 trunk, the typed task/proc node structure,
the cross-attention placement actor, and the RC-coupling edge attribute on proc—proc
edges. The chain therefore attributed the safety gap to the combination of these axes rather
than to any single one in isolation. The marginal contribution of the RC-coupling edge
attribute itself is isolated separately in Section 5.6 via an Ours-NoRCEdge training run
(same architecture, RC-coupling attribute ablated on proc—proc edges only); Section 6.1
discusses the underlying inductive-bias rationale.
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5.4. Generalization Envelope

The N =17 hot-ambient slice reported above is one cell of the full 5 x 4 size-by-ambient
evaluation matrix. This subsection reports the Ours family behavior across the remaining
19 cells and under a tenfold horizon stress test.

5.4.1. Ambient Envelope

Table 6 reports the violation rate at N = 17 across the four ambient regimes. Every
Ours-family configuration (Ours-NoThermal and Ours-auto_only) maintained a violation
rate at or below 0.006 in all four regimes. Every heuristic and prior-RL baseline recorded
a violation rate above 0.94 in all four regimes except Decima-thermal, which alternated
between conservative behavior at extreme ambient (violation rate 0.042) and partial failure
at the intermediate regimes (0.374 to 0.536); the conservative behavior at extreme ambient
reflected a 4% truncation rate, not a 96% safety rate, since 2.7% of the Decima-thermal
episodes at extreme ambient also failed to complete the dispatched DAGs. Figure 8
visualizes the same envelope as a side-by-side heatmap for HEFT and the deployed Ours-
auto_only policy.

Table 6. Violation rate across the four ambient regimes at N = 17, n = 500 paired episodes per cell.
All Ours-family configurations maintain a violation rate at or below 0.006 across the entire 25 to 80 °C
ambient envelope; Ours-auto_only (bold) is the primary deployed configuration.

Scheduler Cold [25,40] Warm [40,65] Hot [60,75] Extreme [70,80]
HEFT 0.972 0.978 0.986 0.992
Round Robin 0.974 0.980 0.986 0.992
Thermal-HEFT 0.950 0.958 0.968 0.976
Throttled-HEFT (hybrid) 0.972 0.978 0.984 0.992
Decima-vanilla 0.996 0.998 1.000 1.000
Decima-thermal 0.374 0.536 0.382 0.042
HGATE-PPO 0.970 0.974 0.968 0.984
D2 0.000 0.042 0.478 0.656
Ours-NoThermal 0.000 0.000 0.006 0.006
Ours-auto_only 0.002 0.002 0.002 0.006
a HEFT b Ours-auto_only

N=33 4 0972 0.978 0.986 0.992

= N=24 4 0974 0.980 0.984 0.992 N
§ kst
g 0 g
5 N=17 4 0972 0.978 0.986 0.992 S
a <
) 04 5
] =
2 nN=13 4 0970 0.978 0.982 0.990

A 02

N=9 4 0974 0.980 0.988 0.994

e
o

T
5\ 20 A0
ot \60’174&(8“& e ot >
(2

T
A‘0_@5\ o
W

are

Ran! 0. o5\
@

60,1 s\

5,40\
Co\d 4 ot v X

2

w
Figure 8. Violation rate across the full 5 x 4 size-by-ambient envelope: HEFT (a) versus the deployed
Ours-auto_only policy (b); n = 500 paired episodes per cell, identical seed_base across the two panels.
HEFT’s violation rate stays above 0.97 at every cell; Ours-auto_only’s stays at 0.002 across the cold,
warm, and hot cells and rises to 0.006 in the extreme band. Thirty residual unsafe episodes appear in
the right panel (1 in each cold, warm, and hot cell and 3 in each extreme cell, summing to 30/10,000);
their concentration in the high-ambient band is the empirical content of the bounded safety claim of
Section 6.3.
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The D2 row shows a distinct pattern. The D2 violation rate was 0.000 at cold ambient,
rose through 0.042 (warm) and 0.478 (hot), and reached 0.656 at extreme ambient. The cross-
attention placement actor on a homogeneous GCN trunk was competitive at low thermal
stress but degraded sharply as the ambient envelope tightened. The Ours family did not
exhibit this degradation, which we attribute to the RC-coupling edge attribute supplying
the encoder with the cross-processor thermal-coupling structure that the homogeneous
GCN trunk was forced to infer indirectly.

5.4.2. Processor Count Scaling

Table 7 reports the violation rate across N € {9,13,17,24,33} in the hot regime. Ours-
auto_only maintained a violation rate of 0.002 at every N; Ours-NoThermal stayed at 0.006
across N € {9, 13,17, 24} and dropped to 0.002 at N = 33. Therefore, a single trained
policy generalized across the full size range without size-specific retraining: this was the
size-parametric property claimed in Section 1, evaluated on the operational metric directly.

Table 7. Violation rate across processor count N € {9,13,17,24,33} in the hot-ambient regime,
n = 500 paired episodes per cell.

Scheduler N=9 N =13 N =17 N=24 N =33
HEFT 0.988 0.982 0.986 0.984 0.986
Round Robin 0.986 0.986 0.986 0.986 0.984
Thermal-HEFT 0.972 0.966 0.968 0.966 0.966
Throttled-HEFT (hybrid) 0.988 0.982 0.984 0.984 0.984
Decima-vanilla 1.000 1.000 1.000 1.000 1.000
Decima-thermal 0.456 0.412 0.382 0.324 0.272
HGATE-PPO 0.976 0.978 0.968 0.952 0.988
D2 0.450 0.448 0.478 0.518 0.544
Ours-NoThermal 0.006 0.006 0.006 0.006 0.002
Ours-auto_only 0.002 0.002 0.002 0.002 0.002

5.4.3. Bounded-Claim Envelope

Aggregating the full 5 x 4 size-by-ambient envelope (N € {9,13,17,24,33} x ambient
€ {cold, warm, hot, extreme} x 500 paired episodes per cell = 10,000 paired episodes
per scheduler) gives the abstract’s headline number. Ours-auto_only recorded 30 un-
safe episodes in total, decomposed as 5/2500 at cold, 5/2500 at warm, 5/2500 at hot,
and 15/2500 at extreme; Ours-NoThermal recorded 31 unsafe episodes (2/2/13/14). The 30
Ours-auto_only residual failures spanned all four ambient bands and were most frequent
in the extreme band, where the per-cell rate reached 0.006; HEFT, by contrast, recorded
9821 unsafe episodes across the same envelope, giving the 327 x reduction reported in the
abstract and Section 7.

5.4.4. Horizon Stress Test

We additionally evaluated the schedulers of Table 8 at N = 17 in the hot regime
under a tenfold horizon scaling (dags_per_episode raised from 20 to 200), with 500 paired
episodes per cell. Table 8 summarizes the resulting violation and completion rates.
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Table 8. Horizon stress test at N = 17, hot ambient, n = 500 paired episodes per cell. Standard
horizon (H = 20 DAGs per episode) versus long horizon (H = 200). Non-thermal schedulers collapse
to a 1.000 violation rate at H = 200, while Ours-auto_only degrades only to 0.032 at full DAG
completion. The learned baselines (Decima-thermal, HGATE-PPO, D2) and the Ours-NoThermal
ablation are characterized in Tables 4 and 7 and are omitted here. Arrows indicate the preferred
direction (] lower is better, 1 higher is better).

Viol. Rate | Completion 1
Scheduler
H=20 H = 200 H =20 H = 200
HEFT 0.986 1.000 0.260 0.027
Thermal-HEFT 0.968 1.000 0.337 0.037
Throttled-HEFT (hybrid) 0.984 1.000 0.261 0.027
Ours-auto_only 0.002 0.032 1.000 1.000

The non-thermal schedulers all crossed to a 1.000 violation rate at H = 200, with DAG
completion below 0.05 in each case: the longer episode horizon exhausted the thermal
budget for any policy without thermal awareness. Ours-auto_only, by contrast, degraded
only modestly: its violation rate rose from 0.002 to 0.032 while DAG completion stayed
at 1.000. The anticipatory delay action of Section 4.1.2 therefore yielded no measurable
safety benefit even at the long horizon, consistent with the auto-cool ablation of Section 5.6.
Figure 9 complements these violation-rate counts by showing the full per-episode peak-
temperature and makespan distributions over the hot N = 17 paired set.
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Figure 9. Empirical cumulative distribution function (CDF) over the hot N = 17 paired evaluation
set (n = 500 paired episodes per scheduler): (a) Per-episode peak processor temperature; the dashed
vertical red line marks Tpen = 80 °C and the shaded region Tpeak > Tpen is the unsafe band. Ours-
auto_only (red) and Ours-NoThermal (gold) climb to 1.0 well before the threshold, while HEFT,
Thermal-HEFT, Decima-vanilla, and HGATE-PPO reach 1.0 only deep inside the unsafe band; Decima-
thermal and D2 are bimodal. Curves are distinguished by both color and line style; Ours-hybrid
is omitted as it is paired-indistinguishable from Ours-auto_only under deterministic inference. (b)
Per-episode total makespan. HEFT, Thermal-HEFT, and Decima-vanilla have nearly the entire mass
below 2000 ms because their episodes truncate early at the first thermal violation; the Ours-auto_only
distribution is shifted right because every paired episode completes the full 20-DAG horizon. The two
panels together quantify the safety-makespan trade-off as distributions rather than as single mean
values. The plot is at the standard H = 20 horizon; the H = 200 long-horizon contrast is reported in
Section 5.5 and Table 8.
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5.5. The Optional Anticipatory-Delay Extension

The six-test ablation chain of Section 5.3 measured Ours-auto_only under action_mode
= auto_only, exercising only the placement head. The Ours-hybrid configuration addition-
ally enabled the anticipatory pre-execution delay action of Section 4.1.2 by warm-starting
from the Stage-1 placement-only checkpoint and continuing training with the delay head
un-clipped under the Stage-2 schedule of Section 4.5. We evaluate whether this extra degree
of freedom improved safety over placement-only scheduling.

Under deterministic (argmax) inference it did not. Across every operating point that
we evaluated—the main hot N = 17 comparison (Table 4), the full 5 x 4 size-by-ambient
envelope (Tables 6 and 7), and the 10x long-horizon stress test (Table 8, H = 200)—Ours-
hybrid reproduced Ours-auto_only to within sampling noise, and at H = 200 the two
coincided at the displayed precision (0.032 violation rate, 16/500 unsafe episodes, 1.000
DAG completion for both). (The H=200 figures came from a dedicated long-horizon
re-evaluation of the Stage-2 checkpoints used throughout this section; short-horizon logs
from earlier evaluation runs were superseded.) The trained delay head selected zero
delay at essentially every greedy decision, so the deployed behavior collapsed onto the
placement-only policy.

The mechanism is that the placement-only policy is already safe without anticipatory
delay. The single-axis auto-cool ablation of Section 5.6 shows that Ours-auto_only remained
safe at the hot N = 17 cell even when the environment’s reactive auto-cool budget was
removed entirely, so there was no safety gap for an anticipatory delay to close at the
operating points studied. We have therefore reported Ours-auto_only as the primary
deployed configuration and retained the delay head and its dual-channel critic as an
optional, safety-neutral component of the architecture rather than as a source of the safety
result. This was a deliberate revision: an earlier reading attributed a long-horizon advantage
to the delay head, but under the calibrated reactive-cooling model that advantage does
not reproduce.

Taken together, the six-test ablation chain and the 5 x 4 generalization envelope sup-
port the central thesis of the paper: that a heterogeneous-graph DRL scheduler with a
thermally-shaped reward and an RC-coupling edge attribute on the encoder can deliver
thermal-failure rates more than two orders of magnitude below classical scheduling on the
CPO interposer (30/10,000, Wilson 95% CI |21, 43] /10,000, vs 9821/10,000, a 327 x reduc-
tion) while remaining size-parametric and generalizing zero-shot across the operationally
relevant range of system sizes. Component 6 of the ablation chain (p = 0.625, n.s.) further
showed that, on top of those two factors, explicit per-processor temperature features in
the policy observation are a second-order refinement at the standard H = 20 horizon.
The anticipatory-delay action is a separate axis, and under deterministic inference it is
paired-indistinguishable from Ours-auto_only at both H = 20 and H = 200 (Section 5.5);
the deployed safety result therefore rests on placement and the RC-coupling edge, not on
anticipatory delay.

5.6. Auto-Cool Ablation: Env-Mechanism vs Policy-Intrinsic Safety

The environment of Section 4.1 includes a built-in lookahead auto-cool mechanism
that, before committing each placement, simulates the predicted execution peak and inserts
idle cooling steps on the target processor when the simulation predicts a violation, capped
at max_cooling_steps ms per dispatch (default 100 ms). This is an env-side safety floor
that operates independently of the scheduling policy. Reading the violation rates of Sec-
tions 5.2-5.4 without isolating this mechanism would conflate policy-intrinsic safety with
env-mechanism-dependent safety. To disentangle the two, we re-ran the hot ambient N = 17
paired evaluation with the env auto-cool budget set to zero (max_cooling_steps = 0),
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forcing every scheduler to rely on its placement decisions alone. The seed_base matched
the standard hot validation set so the comparison was paired episode-by-episode. Table 9
reports the resulting violation rates and peak-temperature shifts; Figure 10 visualizes the
per-episode peak distributions under both max_cooling_steps settings.

The auto-cool ablation revealed three readings absent from the standard evaluation.
First, removing the budget left HEFT and Decima-thermal unchanged (0.986 and 0.382
respectively): their placement decisions produced predicted peaks so far above Tpen that
the 100 ms budget could not rescue them, so the env mechanism is not a universal safety
floor. Second, both deployed Ours configurations were policy-intrinsically safe at hot
N = 17 under the operational definition of Section 3.4: Ours-auto_only’s violation rate
was identical at both settings (0.002 — 0.002, the same single paired-identical unsafe
episode). Ours-hybrid recorded 0.002 — 0.000 with no new violations introduced under
cool= 0 (within-policy exact McNemar across cool= 100 vs. cool= 0 on Ours-hybrid: 1
discordant pair, p = 1.000). Neither configuration relied on env rescue for its hot N = 17
headline number. The third reading isolated which axis of the proposed architecture
delivers this independence.

Table 9. Auto-cool ablation at N = 17 in the hot regime (Tyypient € [60,75] °C). The max_cooling_steps
=100 column is inherited from the n = 500 paired pool of Table 4; the max_cooling_steps = 0 col-
umn is the new n = 500 paired evaluation with the env auto-cool budget disabled (Ours-NoThermal
cool= 0 uses the n = 200 sub-pool sharing seeds with the matching n = 500 cool= 100 slice, hence
the non-integer 0.010 = 2/200 vs 0.006 = 3/500 pairing); A columns report the change relative
to the max_cooling_steps = 100 baseline. The McNemar column is the paired exact test on the
binary safety indicator against Ours-auto_only as anchor at max_cooling_steps = 0. These tests
are reported as uncorrected exploratory comparisons outside the Holm—Bonferroni family of the
six ablation-chain tests in Section 5.3; significance markers *** p < 0.001 are on raw p-values.

Scheduler Viol Cool =100 Viol Cool=0  AViol Peak T (Cool=0) McNemar vs. Auto_Only
HEFT 0.986 0.986  0.000 91.46°C  p < 1079
Decima-thermal 0.382 0.382  0.000 78.18°C  p < 10750 =
Ours-NoThermal 0.006 0.010  +0.004 68.66°C  p = 1.000, n.s.
Ours-NoRCEdge 0.000 0.056 40.056 74.79°C  p< 1076 =
Ours-auto_only 0.002 0.002 0.000 68.34°C —

Ours-hybrid 0.002 0.000 —0.002 69.20°C  p = 1.000, n.s.

[ max_cooling steps=100 (standard env)
[ max_cooling steps=0 (env safety floor off)
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Figure 10. Per-episode peak temperature distribution for each of the six schedulers in the auto-cool abla-
tion. Light violins: max_cooling_steps = 100 (standard env). Dark violins: max_cooling_steps = 0
(env safety floor off). Median marked with a horizontal line. The dashed red line marks Tpen = 80 °C.
HEFT and Decima-thermal are unaffected by removing the auto-cool budget (the env safety floor can-
not rescue them under standard conditions either). Ours-auto_only’s distribution is also unaffected
(intrinsic safety). Ours-NoRCEdge shifts visibly toward Tpen once the safety floor is removed, expos-
ing the 6.1 °C thermal-margin gap to Ours-auto_only that the max_cooling_steps = 100 budget had
been absorbing in Table 4.

https://doi.org/10.3390/sym18071182


https://doi.org/10.3390/sym18071182

Symmetry 2026, 18, 1182

30 of 40

Reading 3: The RC-Coupling Edge Attribute Is the Dominant Axis We Have Identified for
Auto-Cool-Independent Safety

The single-axis ablation Ours-auto_only — Ours-NoRCEdge (removing the RC-
coupling edge attribute from proc—proc edges and re-training from scratch) was paired-
indistinguishable from auto_only under the standard env (0.002 for auto_only vs 0.000 for
NoRCEdge, p = 1.000, n.s.; the single unsafe episode of auto_only happened to be safe
under NoRCEdge, which the auto-cool budget rescued) but degraded sharply once the
env safety floor is removed: the violation rate rose from 0.000 to 0.056, with 28 episodes
paired-discordant in NoRCEdge’s favor of being unsafe and only 1 in the opposite direc-
tion (paired McNemar p < 107°). The peak-temperature distribution of Ours-NoRCEdge
sat a median 6.1 °C closer to Tpen than Ours-auto_only’s at max_cooling_steps = 100
(Wilcoxon p < 10~7% on n = 500 paired episodes); the auto-cool ablation revealed that
this 6 °C margin was exactly the safety reserve that env auto-cool consumed when RC-
edge was absent. Removing per-processor thermal observations instead of the RC-edge
attribute (Ours-auto_only — Ours-NoThermal) was paired-not-significant at both cooling
settings (p = 1.000), confirming that thermal observation features are second-order to the
RC-coupling edge attribute on the auto-cool-independence axis.

We interpret these three readings as follows. The RC-coupling edge attribute is the
architectural element that converts a trained policy from env-mechanism-dependent safety
(safe-at-the-margin-with-env-rescue) to policy-intrinsic safety (safe-without-rescue). Both
modes look identical under the standard env in headline violation rate, but only the latter
deploys without the simulator-side cooling-budget guarantee.

5.7. Robustness Against Thermal-Calibration Error

A deployed module’s true RC constants are never known exactly, so we tested how
sensitive the safety result was to the calibrated parameters of Table 1. We used a decoupled
calibration-error sweep: the policy kept observing the nominal calibration it was trained
on, while the underlying thermal plant was perturbed by ¢ € {£10, 420, £30}% on one
parameter at a time. This isolated genuine model-mismatch robustness (how the policy
behaves when reality differs from its internal model) from mere retraining on a different
calibration. We perturbed the three heat-flow parameters independently—the lateral
coupling G°%%, the cold-plate conductance G, and the leakage coefficient P'*?%0—and
evaluated the headline Ours-auto_only at the hot N = 17 operating point with 200 paired
episodes per cell.

Table 10 and Figure 11 show three regularities. First, the policy was insensitive to
coupling-strength error: the violation rate was flat at 0.005 across the full £30% range
of G°%%, s0 a mis-estimated chip-to-chip coupling did not compromise safety. Second,
the heat-balance parameters G and P'®?%? had a tolerance of about +10%: the rate stayed
at or below 0.045 for GV > —10% and P'¢3%0 < +10% then climbed steeply outside that
band. Third, the failures were one-sided —the policy degraded only when the real plant ran
hotter than calibrated (less cold-plate cooling, or more leakage), never when it ran cooler.
A deployment therefore only needed to calibrate the heat-balance parameters to within
roughly 10% on the conservative side, which was comfortably within the accuracy of the
published CPO thermal characterizations the model is built on (Section 3.2). This validated
the lumped RC model for the operational scheduling task: the safety result did not hinge
on the exact calibrated values.
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Figure 11. Decoupled calibration-error sensitivity of Ours-auto_only at hot N = 17 (200 paired
episodes per cell): (a) violation rate and (b) mean peak temperature versus per-parameter calibration
error, for the chip-to-chip coupling G, the cold-plate conductance GV, and the leakage power.
The policy observes the nominal calibration while the plant is perturbed; the shaded band marks the
4+10% tolerance and the dashed line in (b) marks T = 85 °C.

Table 10. Decoupled calibration-error sensitivity of Ours-auto_only at hot N = 17 (200 paired
episodes per cell). The thermal plant is perturbed by § on one parameter while the policy observes
the nominal calibration; entries are the violation rate.

J —30% —20% —10% 0% +10% +20% +30%
GEross 0.005 0.005 0.005 0.005 0.005 0.005 0.005
G 1.000 1.000 0.045 0.005 0.000 0.000 0.000
pleak0 0.000 0.000 0.000 0.005 0.025 0.450 1.000

5.8. Comparison with a Lagrangian Constrained-PPO Baseline

The proposed policy enforces the thermal limit through a shaped reward (Section 4.1.3)
rather than as an explicit constraint, which raises the question of whether a for-
mally constrained formulation—a constrained MDP solved by a Lagrangian/RCPO
method [39-41]—would give a stronger safety guarantee. We trained such a baseline,
Ours-Lagrangian, on the identical architecture, environment, and reward components,
replacing the fixed thermal-penalty weights with a Lagrangian dual variable A updated by
dual ascent on the violation constraint (warm-started from the same Stage-1 checkpoint,
1.5 x 10° steps; A converges to ~20.34). This isolated the effect of the objective (shaped reward
vs. formal constraint) on the same architecture.

Table 11 compares the two at the hot operating point across all module sizes. The con-
strained formulation did not deliver stronger safety: both configurations held the violation
rate at or below 0.002 and DAG completion at 1.000 at every N, at a comparable makespan.
The two differed only in second-order trade-offs. Ours-auto_only ran 2—4 °C cooler in
peak temperature, retaining more thermal margin, whereas the Lagrangian baseline was
marginally more robust at the edge of the calibration band of Section 5.7 (at GV = —10%
it recorded a 0.005 violation rate versus 0.045 for Ours-auto_only). Because the safety
headline was reached under both a shaped-reward and a formally-constrained objective on
the same heterogeneous-graph architecture, the safety result is best read as a property of
that architecture—the RC-coupling edge and the typed encoder—rather than as an artifact
of reward-weight tuning; a constrained MDP does not provide a stronger guarantee in
this regime.
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Table 11. Ours-auto_only (shaped reward) vs. Ours-Lagrangian (constrained PPO) at hot T, pient €
[60,75] °C, 500 episodes per cell evaluated under the same seed pool (seed_base = 100,000); the
Ours-auto_only metrics are reproduced from the size-by-ambient envelope evaluation (Table 7). Both
reach the safety headline at every size; both complete 100% of DAGs at a comparable makespan
(5317 ms for both at N = 17). The shaped-reward policy retains a larger thermal margin (lower
peak temperature).

Metric, Scheduler N=9 N=13 N=17 N=24 N =33
Viol. rate, Ours-auto_only 0.002 0.002 0.002 0.002 0.002
Viol. rate, Ours-Lagrangian 0.000 0.000 0.000 0.002 0.002
Peak T, Ours-auto_only 68.43 68.35 68.33 68.30 68.22
Peak T, Ours-Lagrangian 72.03 71.64 7141 70.91 70.54

6. Discussion

The six-test ablation chain of Section 5.3 isolated which design decision drives the
safety gap. This section briefly revisits the architectural commitments behind those links
(Section 6.1), reports deployment cost (Section 6.2), and bounds the safety claim explicitly
(Section 6.3).

6.1. Design Choices Revisited

The six-test ablation chain attributes the safety contribution of the following design
choices: (i) a thermal-shaped reward; (ii) heterogeneous edge typing of DAG dependencies
vs. RC coupling vs. task—processor candidates; and (iii) the RC-coupling edge attribute
supplied directly to the encoder. Three further architectural choices are not isolated by the
§5 chain individually.

6.1.1. Cross-Attention for Placement, Pooled MLP for Delay

The two policy heads use structurally different primitives. Placement is a matching
problem (which processor for this task); multi-head attention is the appropriate primitive.
Delay is a regression problem (how much delay across the system); a small MLP on a
(h?, max; h]r-’ ) pool captures the max-temperature signal that dominates the delay deci-
sion. A single attention-everywhere architecture would have to learn both behaviors from
gradient alone.

6.1.2. Dual-Channel Critic for Stage 2

The Stage 2 hybrid training of Section 4.5 uses two scalar value heads VP12 and Vdelay
rather than one, mirroring the additive decomposition of the reward (5) into a placement-
driven part (makespan + bonus) and a thermal-driven part (soft + hard penalties).

6.1.3. RC-Coupling Edge Attribute vs. Raw Temperature Concatenation

The RC-coupling edge relation £y, carries the calibrated cross-conductance ijross
of the discretized thermal network (2) as an edge attribute, rather than concatenating
per-processor temperatures into the processor node feature. The two routes are not equiv-
alent: the governing dynamics on processor i are C; dT;/dt = PitOtal — G™(T; — Tamb) —
Yji ijr"SS (T; — T;), in which the cross-coupling term is a bilinear function of the conduc-
tance and the inter-processor temperature gradient. A node-only concatenation exposes
{T;} to the encoder but leaves the bilinear coupling implicit, requiring it to be relearned
through message passing on every forward pass; the edge-attribute route surfaces the
physical coupling structure directly on the edges that carry it. The six-test ablation chain
of Section 5.3 does not isolate the RC-coupling edge attribute on its own: Component
3 (Decima-thermal — HGATE-PPO) introduces heterogeneous edge typing on top of a
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homogeneous-GCN baseline and is paired-worse, and Component 5 (Decima-thermal —
Ours-NoThermal) jointly introduces the heterogeneous trunk, the cross-attention placement
actor, and the RC-coupling attribute. The chain supports the inductive-bias argument at
the granularity of the joint architecture, not at the granularity of the RC-edge attribute
alone. To isolate this attribute, we trained a separate Ours-NoRCEdge policy (same het-
erogeneous trunk, same cross-attention actor, RC-coupling attribute ablated on proc—proc
edges only, identical training schedule to Ours-auto_only) and evaluated it under the
auto-cool ablation of Section 5.6. The result resolved the isolation cleanly: at the standard
env configuration the two policies were paired-indistinguishable on safety (0.002 vs. 0.000,
p = 1.000, n.s.), but the median peak temperature of Ours-NoRCEdge was 6.1 °C closer
to Tpen ON 89% of paired episodes (Wilcoxon p < 10~74); when the env auto-cool budget
was disabled, the violation rate of Ours-NoRCEdge climbed to 0.056 (28 of 500 paired
episodes were unsafe where Ours-auto_only was safe; only 1 in the opposite direction;
paired McNemar p < 10~°). Removing per-processor thermal observations instead of the
RC-edge attribute (Ours-auto_only — Ours-NoThermal) was paired-not-significant under
both cooling settings (p = 1.000 each). The single-axis ablation isolated RC-edge as the
largest contributor among the four axes we examined; we do not exclude other architectural
choices contributing to auto-cool-independent safety. This isolates the RC-coupling edge
attribute as the specific contributor to auto-cool-independent safety: the attribute moves the
deployed policy out of the regime where env-side cooling-budget rescue is needed to keep
the headline violation rate at zero, into the regime where the policy’s own placement distri-
bution carries the safety margin. The two routes (RC-edge attribute vs. raw temperature
concatenation) incur identical encoder forward cost; the difference is one of inductive bias,
not parameter count.

6.2. Inference Latency and Deployment Cost

We measured per-decision inference latency on a commodity CPU (Apple M3 Pro,
11-core, single-thread PyTorch 2.3.0 with torch.set_num_threads (1)) using the deployed
checkpoint at N = 17 and the three deployment modes. Times were in milliseconds,
computed over 1000 steady-state trials preceded by 200 warm-up forward passes per mode
under PyTorch 2.3.0 with neither torch.compile nor TorchScript enabled (eager-mode
forward pass on the same checkpoint used for the evaluation tables). Each trial was one act-
step decision on a freshly sampled graph_obs drawn from the standard H = 20 workload
at Tympbient € [60,75] °C. Table 12 reports the median, pgs, pg9, and max latency for each
mode:

Table 12. Per-decision inference latency on commodity CPU. N = 17, single thread, batch size 1.
The three modes shared the encoder and the placement head; differences arose from whether the delay
head was sampled and the small overhead of the dual critic. Latency was well below the dominant
thermal time constants of the CPO interposer (Section 3.2), so the scheduler is computationally cheap
relative to the phenomena it controls.

Mode Median (ms) P95 (ms) P99 (ms) Max (ms)
auto_only 1.68 1.79 1.92 2.20
hybrid 1.70 1.78 1.85 3.06
agent_only 1.74 1.78 1.81 2.22

6.2.1. Three Modes Within ~60 us of Each Other

The three deployment modes share the encoder and the placement head; they differ
only in whether the delay head’s softmax is sampled and whether the dual critic’s delay-
channel value is computed downstream. The measured difference is ~60 s (1.74—1.68),
or 4% of the total. This confirms that the delay-head and dual-critic components are cheap
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relative to the encoder, which is consistent with the parameter-count breakdown: the
encoder accounts for the large majority of model parameters and computation. From a
deployment engineering standpoint, this means switching between the deployment modes
of Section 4.5.4 incurs no measurable latency penalty.

6.2.2. Latency Is 65-141x Below the Dominant Thermal Time Constants

The thermal time constants of the CPO interposer (Section 3.2) are Tog ~ 110 ms and
TasiC ~ 244 ms. A 1.70 ms scheduling decision commits to placement well within the time
horizon over which the thermal field can change appreciably, with ~65x-141x headroom
for the per-decision compute relative to the per-decision thermal evolution. The scheduler
is, in deployment terms, computationally cheap relative to the phenomena it controls.

6.2.3. Comparison to Flat-Vector MLP Baselines

A flat-vector MLP scheduler at the same task scale (N = 17 processors, ~5 ready
tasks per decision step) would have inference latency in the 50-100 us range; the proposed
heterogeneous-graph encoder is approximately 25x slower per decision. For applications
where the absolute scheduling rate is the binding constraint, a flat-vector encoder would
be the correct choice. For the CPO regime studied here, where the binding constraint is
thermal safety rather than scheduling throughput, the 25x latency cost is well worth the
327 x reduction in unsafe-episode rate (30,/10,000 vs 9821/10,000, see Section 5.4) that the
architectural complexity enables.

6.2.4. Concurrent Deployment in Dense Al-Factory Settings

Beyond a single CPO module, a hyperscale Al-factory deployment may host hundreds
of concurrent microservice DAGs across many modules, each requiring its own scheduling
decision. The 1.70 ms median CPU latency reported above is the cost of a single decision;
the aggregate decision rate scales linearly with the number of modules. In settings where
the management plane has access to a small embedded GPU or NPU on the control board,
the heterogeneous-graph encoder can be batched across modules, amortizing the constant-
factor overhead per forward pass. We have not benchmarked batched inference in this
work. The architectural property that enables batching is the size-parametric encoder:
graphs of different module sizes N € {9,13,17,24,33} can be packed into a single batch
through standard heterogeneous-graph batching primitives. We treat batched accelerator
deployment as a deployment engineering question rather than a research one, and a direct
next step for scaling the proposed scheduler to chassis-wide and rack-wide settings.

6.3. Limitations and Future Work

*  Boundary of the safety claim. Across the full 5 x 4 size-by-ambient envelope (10,000
paired episodes per scheduler), the proposed Ours-auto_only scheduler recorded 30
residual unsafe episodes. These spanned all four ambient bands—?5 in cold, 5 in warm,
5 in hot, and 15 in extreme (cf. Section 5.1 for band definitions)—and were spread
across all five evaluated sizes N € {9,13,17,24,33}, with one unsafe episode in each
cold, warm, and hot cell and three in each extreme cell. The residual rate was thus
low and roughly size-independent but rose with ambient temperature, concentrating
in the extreme band where the elevated starting temperature left the least placement
margin to Tpen. We have reported these envelope residuals rather than aggregating
them away. Operation outside the trained ambient range is out of scope.

*  Env-side auto-cool floor and its disclosure. The evaluation env of Section 4.1 in-
cluded a lookahead auto-cool mechanism with a 100 ms cap that may insert idle
cooling steps before each dispatch (max_cooling_steps). This is an env-side safety
floor that operates independently of the scheduler. Section 5.6 isolated its effect by
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re-running the hot N = 17 paired evaluation at max_cooling_steps = 0 and found
three regimes: HEFT and Decima-thermal were not rescued by the auto-cool floor
(their predicted peaks exceeded the 100 ms budget); both deployed Ours configu-
rations (Ours-auto_only and Ours-hybrid) were policy-intrinsically safe at this cell,
statistically unchanged by removing the floor (Ours-auto_only 0.002 — 0.002; Ours-
hybrid 0.002 — 0.000 with within-policy exact McNemar cool= 100 vs cool= 0 on
Ours-hybrid, 1 discordant pair, p = 1.000); and Ours-NoRCEdge was the single
configuration that depended on the floor for its standard headline rate (28 paired
episodes were rescued when the budget was available, p < 10~® when removed). The
envelope-wide headline rates of Sections 5.2-5.4 were reported under the standard
env auto-cool budget; the policy-intrinsic property has been verified at hot N = 17 for
both Ours-auto_only and Ours-hybrid, and we leave its extension to non-hot cells of
the envelope as future work.

Sim-to-real gap. The RC thermal network is calibrated against published CPO
measurements [1] but our evaluation ran entirely in simulation. Sustained workload
pressure on a deployed module exhibits long-timescale ambient drift and component-
level wear that our finite-horizon MDP does not see. Online fine-tuning on logged
operational data is a direct next step.

Active DVFS composition. The bounded-claim experiments treat the DVFES controller
as inactive. The scheduler operates at a strictly higher level (DAG-level placement)
than DVEFS (per-clock-cycle frequency adjustment) and the two are operationally
compositional, but a study of the interaction under regimes where DVEFS itself becomes
the bottleneck is left to future work.

Single-DAG-source and accelerator deployment. We evaluated exclusively on the
Alibaba 2021 microservice trace and on commodity CPU. Generalization across DAG
distributions (scientific workflows, AI/ML training graphs) and batched accelera-
tor inference for chassis-wide multi-module orchestration are future directions; the
size-parametric encoder is the architectural property that makes batched accelerator
inference straightforward.

Statistical-rigor limitations. = Several of our methodological choices reflected a
trade-off between fidelity and the available compute budget. Specifically: (i) all
the learned baselines were trained with a single fixed seed; per-baseline training-
seed variance was not reported and constitutes a notable rigor limitation. (ii) The
training budgets across the ablation chain were not uniform (2-5 x 10° environment
steps depending on variant; see Table 3); we reported each baseline at its return-
curve plateau. (iii) Confidence intervals on per-cell violation rates were not reported;
the public repository enables independent re-computation. (iv) The HGATE-PPO
comparison was a recipe-level reproduction under our budget; we have flagged
training instability in Section 5.3 and a dedicated hyper-parameter sweep is future
work. (v) Among the four architectural axes introduced jointly in Component 5, only
the RC-coupling edge attribute was individually isolated (Section 5.6); the other three
were evaluated only as part of the bundle. These limitations bound the strength of the
architectural-attribution claims but do not affect the headline empirical contrast under
the standard evaluation protocol.

Toward optical-computing-network scheduling. The present scheduler targets
thermal-aware dispatch within a single CPO module, but the same heterogeneous-
graph, symmetry-respecting formulation is a natural fit for the emerging optical-
computing—communication integrated network paradigm [9], in which computation, opti-
cal switching, and shared photonic resources are co-optimized across the fabric. Such
an extension would enrich the heterogeneous graph with additional typed nodes and
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edges—optical-link and wavelength-channel nodes, laser-source nodes, and photonic
compute tiles alongside the present ASIC and OE processors—and would broaden the
factored actor with heads for communication-path and wavelength selection along-
side the current placement and delay heads, so that compute placement, routing,
and thermal management are emitted jointly. The permutation-equivariance and
size-invariance the present design exploits carry over directly to these added relations,
making the architecture a principled starting point for this tri-objective (compute, op-
tical switching, thermal) problem, for which, to our knowledge, no unified scheduler
yet exists. Recent reinforcement-learning approaches to optical-network optimiza-
tion [48] and reconfigurable optical switching for data centers [49] suggest the learning
machinery transfers, with the CPO-specific RC-coupling edge supplying the thermal
ingredient such methods currently lack.

7. Conclusions

We have presented a thermal-aware DAG scheduler for co-packaged-optics data
centers, combining a heterogeneous-graph encoder with an RC-coupling edge attribute,
a cross-attention factored actor, and PPO with a two-stage curriculum. A six-test ablation
chain characterized the contribution of each design factor: RL backbone alone (HEFT —
Decima-vanilla), thermal reward shaping (Decima-vanilla — Decima-thermal), heteroge-
neous edge typing alone (Decima-thermal — HGATE-PPO), cross-attention actor on a ho-
mogeneous trunk (Decima-thermal — D2), the full proposed architecture (Decima-thermal
— Ours-NoThermal), and per-processor thermal observation features (Ours-NoThermal
— Ours-auto_only), with paired McNemar significance and Holm—-Bonferroni family-
wise control across the six tests. The proposed scheduler incurred 30 unsafe episodes
per 10,000 across the full 5 x 4 size-by-ambient envelope—a low rate that held across
all five sizes N € {9,13,17,24,33} and rose with ambient temperature, concentrating
in the extreme band—while every comparable thermally blind or no-RC-edge baseline
retained a non-trivial violation rate. Per-decision inference latency on a commodity CPU
was 1.70 ms, well below the ~110ms (OE) and ~244 ms (ASIC) thermal time constants of
the interposer. We reported the safety claim with explicit boundary conditions (30 residual
unsafe episodes across the 10,000-paired evaluation envelope per scheduler, spanning all
four ambient bands and most frequent in the extreme band (cf. Section 5.1), spread across
N € {9,13,17,24,33}). The single trained policy attained this envelope-wide safety at every
evaluated size without per-size retraining: by construction it is permutation-equivariant
in placement, permutation-invariant in delay, and invariant to the processor count, which
makes a single policy well-defined at every size (Section 4.4); the zero-shot generalization
we observed is the empirical payoff. Three extensions remain open: online adaptation
under ambient drift, multi-module chassis-scale coordination, and principled composition
with active DVFS controllers.
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