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Abstract--A spaceborne heterogeneous computer must finish sensing, preprocessing, artificial-intelligence inference, 

compression, and data return within one mission window. Processor throughput alone is an incomplete guide because task 

placement simultaneously determines computation, transfer, energy, peak power, thermal accumulation, and reliability exposure. 

We developed a reproducible feasible-domain workflow that screens compatibility, transient memory, deadlines, period, peak 

power, repeated-cycle temperature, and segment reliability before multi-objective selection. Its executable model combines a 

directed task graph, task-dependent Roofline capability, mapping-induced communication, baseline-increment energy, a first-

order RC recurrence, and bounded perturbations. Direct enumeration of a synthetic six-task case reduced 4096 

CPU/GPGPU/NPU/FPGA mappings to 18 after timing and capacity checks and to 15 after thermal screening. Compared with the 

nominal energy-oriented mapping, robust selection used 1.51% more energy and shortened makespan by 122.701 ms. No 

deadline violation was observed in 1000 seeded replay samples at the declared perturbation strength; the Wilson 95% upper 

bound was 0.383%. Because the inputs are theoretical model parameters without hardware measurements, the study supports 

reproducible design screening and makes no claim about flight-system performance. 

Index Terms--spaceborne computing, heterogeneous scheduling, robust optimization, thermal constraint, reliability risk, task 

graph, heterogeneous interconnect, feasible-domain modeling. 

I. INTRODUCTION 

Modern spacecraft are moving from isolated payload 

controllers to distributed heterogeneous computing platforms. 

High-resolution remote sensing, radar preprocessing, 

autonomous navigation, target recognition, compression and 

health management increasingly share CPUs, GPGPUs, NPUs, 

FPGAs and local high-speed links. In this setting, a mission 

product is completed only when sensing, transfer, computation 

and return paths all finish within the same deadline. 

Peak throughput cannot express this coupled requirement. 

An accelerator may shorten an FFT or neural-network kernel 

yet add memory copies, PCIe traffic, RoCEv2 transfers, buffer 

pressure, and heat. A lower-power resource can create the 

opposite problem: favorable energy accounting with little 

timing margin for disturbance or recovery. 

Task placement couples every limiting factor in the chain. It 

fixes computation time and dependency traffic, which in turn 

set communication delay, buffer occupancy, active power, and 

temperature. Sustained temperature and radiation-related 

exposure then affect segment reliability. Feasibility 

consequently belongs to the combined task graph, resource 

set, link model, and environment. 

Existing work addresses complementary parts of this design 

problem. Heterogeneous DAG schedulers establish task-

placement and makespan baselines [1]-[3], [27], [47], [50]; 

processor-level Roofline analysis bounds task throughput [4]; 

and startup-plus-bandwidth models describe communication 

cost [5]. Power, thermal, and dependability models supply 

additional constraints [6]-[10], [15], [28]-[36], [49], but these 

components do not by themselves define a mapping-level 

spacecraft feasibility workflow. 

Equinox uses battery state, thermal headroom, and queue 

pressure for decentralized runtime scheduling [13]. When to 

Compute in Space compares execution locations through 

measurable metrics, feasibility constraints, and a unified utility 

function [14]. Recent spaceborne-computing studies further 

document heterogeneous accelerator platforms, fault-tolerant 

payload processing, and flight-software frameworks [21]-[25], 

[37]-[46], [48]. Our question is narrower. We examine how 

task-dependent capability, mapping-induced communication, 

repeated-cycle thermal response, segment reliability, and a 

declared perturbation box contract the offline mapping set 

before objective weights are applied. 

We answer this question with an inspectable enumeration 

workflow for early architecture studies. Each candidate 

mapping is assigned a schedule and then evaluated by the 

same compatibility, transient-memory, deadline, period, peak-

power, thermal, and reliability functions. Only mappings that 

pass this screen enter normalized time-energy-risk 

comparison. For larger graphs the same functions can be 

retained within MILP, decomposition, or heuristic search, 

although scalability is not evaluated here. 

We make three methodological contributions without 

attaching them to a particular processor board. First, one 

executable evaluator connects task-dependent capability with 

mapping-induced communication. Second, reporting feasible-

set contraction before ranking reveals which constraints are 

active. Third, a monotone box-uncertainty screen is checked 

by seeded replay with confidence intervals. The released 

supplementary package contains every synthetic input and 

output. 

Evidence from the case study is limited to internal 

consistency, traceability, and sensitivity of the workflow. 

Absolute processor performance, radiation tolerance, and 
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enclosure-level thermal behavior require hardware or in-orbit 

measurements that were not available here. 

II. REQUIREMENT NECESSITY AND RESEARCH 

POSITIONING 

A. Mission-Level Feasibility Propagation 

A representative processing chain begins with sensor 

preprocessing on an FPGA. Spectral processing can run on a 

GPGPU, and neural inference can run on an NPU. 

Compression may use either FPGA or GPGPU. Fusion or 

control can return to a CPU. Such accelerator combinations 

have been reported in spaceborne and small-satellite 

computing studies [21]-[25], [37]-[46]. Each transfer between 

resources consumes part of the same mission window as 

computation. 

Dependency timing changes what resource capability 

means in practice. Two upstream completions can generate a 

short PCIe or RoCEv2 burst even when average traffic 

remains moderate. Nominal throughput may also be unusable 

when memory is insufficient or repeated execution drives the 

thermal recurrence past its limit. 

B. Why Independent Optimization Is Insufficient 

Time-only scheduling, energy-only scheduling and 

reliability-only selection each answer a useful but incomplete 

question. Time-only scheduling can select the fastest mapping 

while ignoring the energy and thermal cost of keeping high-

power resources active [1]-[3]. Energy-only scheduling can 

select a low-energy mapping that remains close to the deadline 

and therefore fails under modest timing disturbance [6]-[8]. 

Reliability-only selection can prefer conservative resources 

without exposing whether the extra safety reduces 

schedulability [9], [10]. 

A common feasibility test replaces the separate time-only, 

energy-only, and reliability-only questions. Table 1 connects 

each research gap to a modeling extension. More importantly, 

every rejected mapping carries a specific cause, such as 

deadline, memory, peak power, accumulated temperature, or 

reliability, so a generic failure flag is unnecessary. 

 
 

Fig. 1. Feasible-domain contraction in the canonical rerun. Hard constraints reduce 

4096 candidate mappings to 15 feasible mappings; Pareto screening retains five. 

Table 1. Positioning against representative lines of work 

Representative line Established scope Boundary addressed here 
DAG scheduling [1]-[3] Task placement and 

makespan/energy heuristics 
Adds mapping-induced links and 

spacecraft constraint screen 
Processor/link models [4], 

[5] 
Compute and communication 

bounds 
Embeds both bounds in task 

mapping 
Satellite schedulers [11]-

[14] 
Dynamic, orbital, or location-level 

constraints 
Offline intra-platform feasible-

domain contraction 
Thermal MPSoC allocation 

[15] 
Power/thermal-aware 

heterogeneous allocation 
Adds segment reliability and 

declared perturbation replay 
 

III. SYSTEM MODEL AND ASSUMPTIONS 

A. Task Graph and Mapping Variables 

We represent the application by a directed acyclic graph 

G=(V,E). Task i carries computation demand O_i, memory 

traffic Q_i, transient working-set memory m_i^work, runtime 

buffer m_i^buf, release time r_i, deadline D_i, class-

dependent vulnerability, and an operator class. Edge (i,j) 

carries data volume d_i,j whenever its endpoints use different 

resources. 

A binary variable x_i,k assigns task i to resource k. 

Compatibility is determined by a positive task-class efficiency 

in the canonical configuration. Figure 2 reports the exact task 

deadlines, edge volumes, and resource envelope used for the 

rerun; the full matrices are supplied as machine-readable CSV 

files. 

Mission timing enters through task outputs. Downstream 

stages cannot consume an output until all predecessor transfers 

finish, so attaching the deadline to an isolated kernel would be 

optimistic. A processor can report local success while the end-

to-end chain still misses its frame or control deadline. 

Selecting x_i,k both assigns task i and determines 

communication on its outgoing edges. A shared resource or 

memory domain incurs local movement and scheduling 

overhead. Separation across devices or nodes invokes PCIe, 

AXI, RoCEv2, or another board-level transfer. Induced traffic 

therefore remains inside the mapping decision. 𝛴ₖ ∈ ܴᵢ ݔᵢ, ₖ =  1, ,ᵢݔ ₖ ∈  {0,1}, ∀݅ ∈ ܸ        (1) 

Equation (1) assigns each task to exactly one resource. In 

the released evaluator, non-preemptive tasks are serialized and 

their working sets and buffers are transient. Equation (2) is 

thus checked for each selected task-resource pair; 

simultaneous residency of every task is not assumed. xᵢ,ₖ(mᵢʷᵒʳᵏ + mᵢᵇᵘᶠ) ≤ Mₖ,  ∀i∈V, k∈K.                                      (2) 

Transient capacity matches the released implementation. 

Persistent model weights, operating-system reservations, or 

concurrent buffer pools would add a resident-memory term 

and could shrink the feasible set. Those effects lie outside the 

synthetic case examined here. 

Table 2. Task and resource envelope used in the model-level case 

Element Values Role in feasibility 
Task graph 6 tasks and 7 dependency edges Defines precedence, data transfer and 

deadline propagation 
Resources CPU, GPGPU, NPU and FPGA Defines compatible execution sites and 

resident memory limits 
Mapping space 4^6=4096 assignments Enumerated before feasibility screening 
Period 1.1 s Defines repeated thermal and energy 

accounting window 
Declared limits 175 W; 45 °C; reliability ≥ 

0.999990 Defines final pass/fail constraints 

 

B. Task-Dependent Effective Capability 

Each task-resource pair is characterized by task-dependent 

effective capability, not nominal peak throughput. C denotes 

computational capability and P denotes electrical power. 

Compute throughput, memory bandwidth, software efficiency, 

parallel efficiency, and startup overhead jointly bound the 

attainable rate. Consequently, the same GPGPU, NPU, or 

FPGA can suit one task and perform poorly on another. 

Execution time follows from task demand and effective 

capability. A hardware study should calibrate the capability 

terms with microbenchmarks, performance counters, task 



traces, and repeated timings across representative input sizes. 

This measurement requirement is consistent with experimental 

onboard-computing and accelerator studies [24], [37]-[41], 

[46]. In this sense, the model specifies the measurements 

needed for deployment and does not treat vendor peak values 

as observations. 

Conservative credit is given only when a task has enough 

parallelism, memory locality, and operator support to 

approach a resource's laboratory throughput. Such 

qualification matters because preprocessing, transforms, 

detection, compression, and control differ substantially in 

arithmetic intensity and data movement. 

Calibration can be reused across design sweeps. After 

profiling a task family on one resource over a defined input 

range, its effective rate can support studies with different 

deadlines, thermal limits, or links. New evidence of software 

overhead or memory contention requires updates to the 

calibrated rate and startup term, while the feasibility logic 

remains intact. ܥᵢ, ₖᵉᶠᶠ = ,ᵢߟ  ₖ ݉݅݊(ܥₖᵖᵉᵃᵏ, ,ₖᵐᵉᵐ)        (3) ܶᵢܤᵢܫ ₖᵉˣᵉᶜ =  ܱᵢ/ܥᵢ, ₖᵉᶠᶠ +  ߬ᵢ, ₖˢᵗᵃʳᵗ        (4) 

Equations (3) and (4) compute effective capability and 

execution time from arithmetic intensity, memory bandwidth, 

software efficiency, and startup overhead. Both C_i,k^eff and 

T_i,k^exec can be measured directly; nominal data-sheet 

values alone cannot supply them. 

C. Inter-Resource Communication 

When dependent tasks are mapped to different resources, 

their data dependency becomes a communication stage. The 

communication time combines a fixed startup term, effective 

bandwidth and copy or protocol overhead. The effective 

bandwidth may represent PCIe, AXI, RoCEv2 or a board-level 

interconnect, depending on the placement boundary. 

Application-visible completion time is the criterion for 

valuing a high-speed interconnect. Link speed helps only 

when power, buffer, and fault assumptions are held fixed. 

Communication is therefore screened together with 

computation within each candidate mapping. 

A generic directed link supplies latency, effective 

bandwidth, energy per byte, and failure rate to the inter-

resource term. PCIe, AXI, or RoCEv2 can provide those 

parameters. Our synthetic configuration omits protocol-

specific congestion control, PFC/ECN behavior, and recovery. 

Kernel bypass and zero-copy can reduce software overhead, 

although descriptor preparation, DMA arbitration, NIC 

processing, and completion handling still contribute [18]-[20]. 

For early-stage architecture comparison, the Hockney-style 

decomposition is useful because it separates the startup term 

from the data-size term [5]. The startup term dominates small 

control and metadata transfers, while the bandwidth term 

dominates large image, tensor or compressed-block transfers. 

This separation enables sensitivity analysis: improving the link 

rate cannot compensate for large startup overhead when the 

dependency consists of many small messages. ܶᵢⱼᶜᵒᵐᵐ =  𝛴ₖ𝛴ₗ ݔᵢ, ₖݔⱼ, ₗߜₖ, ₗ(ߙₖ, ₗ +  ݀ᵢⱼ/ܤₖ, ₗᵉᶠᶠ +  ߬ₖ, ₗᶜᵒᵖʸ)        

(5) ܵⱼ ≥ :݅}_ݔܽ݉  (݅, ݆) ∈ + ᵢܨ){ܧ  ܶᵢⱼᶜᵒᵐᵐ)        (6) 

Equation (5) activates communication through the selected 

mappings ݔ௜,௞ and ݔ௝,௟. The indicator ߯௞,௟ is zero when the two 

tasks remain in the same local resource domain and one 

otherwise. Data size ݀௜,௝ , startup latency ߙ௞,௟ , effective 

bandwidth ܤ௞,௟௘௙௙
 and copy overhead ߬௞,௟௖௢௣௬

 determine ௜ܶ,௝௖௢௠௠ . 

Equation (6) then propagates predecessor completion ܨ௜  and 

transfer delay into the earliest start time ௝ܵ  of the successor 

task. 

D. Energy, Thermal and Reliability Terms 

We decompose energy into idle baseline, activity-increment 

and communication components. Activity energy ݁௜,௞௔௖௧  is 

defined as the task activity-power increment integrated over 

execution time, and communication energy ݁௜,௝௖௢௠௠ is defined 

as the transfer energy associated with the mapped dependency 

edge. This avoids double-counting idle power and traces 

energy reduction to processor selection, task ordering, link 

optimization or idle-resource residency. 

We model thermal behavior with a first-order resistance-

capacitance recurrence over repeated task periods [7], [8]. In 

Equation (8), a=݁−௱௧/ோ஼ is the thermal memory coefficient and 

b=R(1-a) converts period power into temperature rise under 

the compact RC approximation. The recurrence cannot replace 

board-level thermal simulation, yet it suffices to reveal when a 

mapping with acceptable energy still accumulates too much 

temperature over sustained operation. 

Segment reliability is computed from resource and 

communication exposure. Here it serves as one screening 

boundary during mapping and replay; no radiation-

qualification claim follows from the calculated probability. 

Peak power and accumulated temperature remain separate 

constraints. A mapping can meet the instant power budget yet 

heat gradually across repeated periods. Another can satisfy 

average temperature while briefly exceeding a bus or power-

supply envelope. 

Reliability enters the diagnosis in the same way as deadline, 

memory, and temperature. For each mapping, the evaluator 

asks whether longer exposure or additional communication 

pushes segment reliability below its declared threshold. Joint 

timing, energy, thermal, and reliability constraints have also 

been examined for heterogeneous embedded platforms [28]-

[36]. Designers can later tighten or relax that measurable 

boundary as calibration improves. ܧ =  𝛴ₖܲₖⁱᵈˡᵉܶᵖᵉʳⁱᵒᵈ +  𝛴ᵢ𝛴ₖݔᵢ, ₖܲᵢ, ₖᵃᶜᵗܶᵢ, ₖᵉˣᵉᶜ + 𝛴₍ᵢ, ⱼ₎݁ᵢⱼᶜᵒᵐᵐ        (7) ߆ₙ₊₁ = + ₐₘᵦ߆  − ₙ߆)ܽ  (ₐₘᵦ߆   +  ܾܲₙ, ܽ = ݁−௱௧/ோ஼ , ܾ =ܴ(1 − ܽ)        (8) ܴˢᵉᵍ = ,ᵢݔ−)݌ݔ݁ ₖߎᵢߎ  ₖߣᵢ, ₖܶᵢ, ₖᵉˣᵉᶜ) ߎ₍ᵢ, ⱼ₎ ݁݌ݔ(−ߣᵢⱼܶᵢⱼᶜᵒᵐᵐ)        

(9) 

Equations (7)-(9) keep the non-timing constraints explicit. 

Energy ܧ  is split into idle power ௞ܲ௜ௗ௟௘ , activity energy ݁௜,௞௔௖௧ 

and communication energy ݁௜,௝௖௢௠௠ . Temperature ߆௡ 

accumulates across repeated periods, and segment reliability ܴ௦௘௚  decreases with resource exposure rates ߣ௜,௞  and 

communication exposure rates ߣ௜,௝. 



IV. OPTIMIZATION FORMULATION AND ROBUST 

FEASIBILITY 

A. Feasible-Domain Construction 

Feasibility requires a sequence of explicit checks. Every 

task must be compatible with its assigned resource, and 

memory capacity must be respected. Precedence and 

communication must meet the deadline. Peak power must 

remain within budget, thermal recurrence below its limit, and 

segment reliability above its threshold. 

Order matters: weighted objectives are meaningful only 

among mappings that satisfy the engineering constraints. The 

objective in the example uses normalized makespan, energy 

and reliability risk with weights 0.1, 0.8 and 0.1. The weights 

express an energy-oriented design preference after feasibility 

has already been established. 

Feasible-set contraction changes how an optimum is read. 

A single-objective winner may sit close to a hard boundary, 

yet its score does not reveal that fragility. Counting survivors 

after each screen exposes the active limits and the margin of 

the selected mapping. Figure 1 and the ablation table therefore 

connect architecture-space reduction to an engineering 

decision, while still reporting the best schedule. 

Exhaustive enumeration is practical for the small graph 

studied here and makes every rejection reproducible. Each 

candidate is checked for precedence, memory, resource non-

overlap, power, temperature, and reliability. Larger graphs 

could retain the same tests within mixed-integer, heuristic, or 

decomposition solvers. We have not evaluated that scaling 

step, so no claim of algorithmic scalability is made. ܨᵢ =  ܵᵢ +  𝛴ₖ ∈ ,ᵢݔܭ ₖܶᵢ, ₖᵉˣᵉᶜ, ≥ ᵢܨ ,ᵢܦ  ∀݅ ∈ ܸ        (10) ܲᵖᵉᵃᵏ(ݔ)  ≤  ܲᵐᵃˣ, (ݔ)ₙ߆ₙݔܽ݉  ≤ ,ᵐᵃˣ߆  ܴˢᵉᵍ(ݔ)  ≥  ܴᵐⁱⁿ        

(11) P(t;x)=ΣₖPₖⁱᵈˡᵉ+ΣᵢΣₖxᵢ,ₖ(Pₖᵃᶜᵗ−Pₖⁱᵈˡᵉ)1[Sᵢ,Fᵢ)(t),   Pᵖᵉᵃᵏ(x)=maxₜP(t;x).     (11a) ݉݅݊ₓ ∈ ℱ ݓₜܶⁿᵒʳᵐ(ݔ)  + (ݔ)ⁿᵒʳᵐܧₑݓ   +         (ݔ)ⁿᵒʳᵐ݇ݏᵣܴ݅ݓ 

(12) ܵⱼ ≥ − ᵢܨ  − 1)ܯ  ,ᵢݕ  ⱼ, ₖ), ܵᵢ ≥ − ⱼܨ  ,ᵢݕܯ  ⱼ, ₖ Sⱼ ≥ Fᵢ − M(3−xᵢ,ₖ−xⱼ,ₖ−zᵢⱼ,ₖ),   Sᵢ ≥ Fⱼ − M(2−xᵢ,ₖ−xⱼ,ₖ+zᵢⱼ,ₖ).     (13) 
For each unordered task pair {i,j} and resource k, z_i,j,k is 

a binary ordering variable. When x_i,k=x_j,k=1, z_i,j,k selects 

one of the two non-overlap inequalities; otherwise the Big-M 

terms deactivate both inequalities. The enumeration code 

implements the same non-preemptive serialization by 

maintaining the next available time of each resource. 

Equations (10)-(13) define completion, resource non-

overlap, and the hard constraints. Equation (11a) specifies the 

event-based peak-power trace used by the released evaluator. 

Thermal recurrence is applied to the scheduled active and idle 

intervals for 180 repeated cycles. Normalized makespan, 

energy, and mission risk are compared only within the feasible 

set. 

B. Robust Perturbation Model 

Nominal parameters may vary with input content, 

temperature, contention, and environment. We use the 

independent box U={ρ_T∈[0,0.15], ρ_B∈[0,0.20], 

ρ_λ∈[0,0.20]}, where execution time is multiplied by 1+ρ_T, 
bandwidth by 1−ρ_B, and resource/link failure rates by 1+ρ_λ. 
For the monotone deadline, period, thermal, and reliability 

functions used here, the corner (0.15,0.20,0.20) is the 

deterministic worst case. 

Robust screening defines a bounded engineering contract. It 

provides no distribution-free guarantee [16], [17]. Separately, 

stochastic replay samples scaled uniform ranges and estimates 

deadline-violation frequency. Related work has used 

stochastic, reliability-aware, or energy-aware scheduling 

formulations for heterogeneous platforms [30], [34], [35], 

[49]. Every distribution, sample count, seed, and Wilson 95% 

interval is recorded in the supplement. 

Table 3 reports the constraint screens and robust budgets 

used in the case study. Figure 1 shows the corresponding 

survivor counts. We interpret those counts as successive 

contraction of the feasible domain, not as independent 

optimization results. 

Worst-corner feasibility is checked before the final 

weighted objective is applied. Nominally efficient mappings 

can disappear at this stage when they lack perturbation 

margin. A slightly more energy-intensive mapping may 

survive and then win within the robust subset. That ordering 

accounts for the difference between robust and nominal 

energy-oriented results in Fig. 3. 

Figure 6 reports the replay boundary. A zero observed 

count is described as an observation, not a zero failure 

probability; with 1000 samples, the Wilson 95% upper bound 

is 0.383%. Protection outside the declared box is not claimed. ܶ̃௜,௞௘௫௘௖  =  ௜ܶ,௞௘௫௘௖(1 + ்ߩ),   ̃ܤ௞,௟௘௙௙  = ௜,௞ߣ̃ (14)        (஻ߩ − 1)௞,௟௘௙௙ܤ   = ௜,௝ߣ̃   ,(ఒߩ + 1)௜,௞ߣ   = ∋ ݔ (15)        (ఒߩ + 1)௜,௝ߣ  ௥௢௕ܨ   ⇔  ݃௠(ݔ;  ܶ̃, ,̃ܤ (ߣ̃  ≤  0,   ݉ =  1, . . . ,  ௖        (16)ܯ

Equations (14)-(16) apply the perturbation factors and 

define the robust feasible subset. Robust selection checks the 

deterministic worst corner before applying the same 

normalized objective within that subset. This choice is valid 

for the monotone evaluator released with the paper; models 

with non-monotone thermal control, retries, or correlated 

faults would require a different uncertainty analysis. 

Table 3. Robust feasibility settings and screening stages 

Item Value Interpretation 
Compute latency 

perturbation +15% Models execution-time uncertainty 
Bandwidth perturbation -20% Models link and transfer degradation 
Failure-rate perturbation +20% Models reliability-risk inflation 
Timing and capacity 

feasible mappings 18 Mappings that pass deadline and memory 

checks 
After thermal screening 15 Mappings remaining after the 45 C limit 
Pareto nondominated 

mappings 5 Trade-off set used for final comparison 

Main replay N=500; seed 

20260615 Paired common-random-number comparison 
Boundary replay N=1000 per point Per-strength seeds listed in supplementary CSV 
 



 
 

Fig. 2. Canonical task graph, deadlines, edge volumes, and resource envelope. 

Values are synthetic model inputs and are fully listed in the supplementary 

package. 

V. REPRODUCIBLE MODEL-LEVEL EVALUATION 

A. Questions, Configuration and Evidence Boundary 

Evaluation focused on three questions. How much does 

each constraint shrink the candidate space? How do time-, 

energy-, risk-, and robustness-oriented choices differ in 

makespan, energy, and reliability? Finally, how far beyond its 

design box can the robust mapping be perturbed before 

violations appear? 

Six tasks and seven dependency edges define the canonical 

case, with edge volumes of 8-220 MB and deadlines of 350, 

520, 620, 860, 860, and 980 ms. CPU, GPGPU, NPU, and 

FPGA roles form the resource set[21]-[26]. A 1.10 s period is 

repeated for 180 thermal cycles from a 28 °C coolant 

boundary. Hard limits are 175 W, 45 °C, and segment 

reliability of at least 0.999990. Figure 2 and Appendix A 

summarize these values, and the supplementary CSV files 

retain the complete inputs. 

All inputs are theoretical model-level values retained from 

the executable Chapter-2 simulation record. They are not 

hardware telemetry or vendor specifications. The rerun 

reported here used the released Python evaluator without 

changing the canonical configuration; SHA-256 hashes and 

environment details are recorded in run_manifest.json. 

Five selection rules are compared within one evaluator: 

makespan, energy, mission risk, a nominal weighted score 

(0.10/0.80/0.10), and worst-corner robust selection. They 

function as objective and robustness ablations. Because 

external schedulers such as HEFT, CAE, and Equinox were 

not rerun under the same configuration, Table 4 does not rank 

the proposed workflow against them. 

Identical scheduling and constraint functions evaluate every 

mapping. Objective weights and robustness rules are the only 

strategy-level changes, so workload, resource, and link 

assumptions remain paired. Table 4 should therefore be read 

as a controlled comparison within the model. 

Table 4. Representative strategy results 

Strategy Makespan (ms) Energy 

(J/cycle) Reliability Peak power 
Time objective 763.272 117.461 0.999994360 173 W 
Energy / nominal 963.555 109.679 0.999994281 173 W 
Risk objective 840.854 111.332 0.999994519 173 W 
Robust trade-off 840.854 111.332 0.999994519 173 W 
 

B. Feasible-Domain Contraction 

Of 4096 candidate mappings, 18 passed timing and capacity 

checks. The 175 W peak-power limit removed none of them in 

the nominal case. Applying the 45 °C limit reduced the count 

to 15, whereas the chosen reliability threshold caused no 

additional rejection. Five mappings remained after Pareto 

screening. 

Figure 1 attributes most contraction to deadline and 

capacity, followed by repeated-cycle temperature. A one-cycle 

energy metric would have retained the three thermally rejected 

schedules. Table 3 gives the engineering meaning of each 

screen. 

No mapping was rejected solely by reliability at the 

selected threshold. Under these synthetic parameters, all 

thermally feasible mappings also met segment reliability. A 

different radiation environment, processor technology, or 

topology could reverse that ordering. Reporting both active 

and inactive constraints makes such dependence visible. 

Five nondominated mappings survive as alternatives with 

different makespan, energy, and reliability risk. Mission 

policy can then choose among them using required margin or 

resource-reservation rules, without enumerating the 

architecture space again. 

C. Strategy-Level Trade-Off 

Makespan-oriented selection produced 763.272 ms at 

117.461 J per cycle. Energy-oriented selection reduced 

consumption to 109.679 J but extended makespan to 963.555 

ms, leaving little deadline margin. Risk-oriented and robust 

selection chose the same mapping in this case, at 840.854 ms 

and 111.332 J per cycle. 

Figure 3 and Table 4 report the nominal metrics. The robust 

mapping increased energy from 109.679 to 111.332 J per 

cycle (+1.51%) and reduced makespan from 963.555 to 

840.854 ms (−122.701 ms). The risk-optimal and robust 

selections coincided in this configuration; this is an observed 

instance property, not evidence that the two objectives are 

generally equivalent. 

Within this instance, 763.272 ms is the observed lower 

makespan bound and costs 117.461 J per cycle. Only 16.445 

ms separates the nominal energy mapping from the 980 ms 

final deadline. Robust selection increases that margin to 

139.146 ms, which explains the sharply different replay 

behavior. 

A weighted score alone would hide why one mapping was 

selected. Table 4 reports makespan, energy, reliability, and 

peak power separately, leaving the underlying engineering 

trade-off open to inspection. 



 
Fig. 3. Nominal makespan-energy comparison. The risk-optimal and robust 

selections coincide in this configuration. The dashed line marks the 980 ms final-

task deadline. 

D. Mapping Shift and Mechanism 

Only compression changes resource between the nominal 

energy and robust mappings, moving from FPGA to GPGPU 

(Fig. 4). Its position between detection and packetization 

places both execution time and cross-resource transfer on the 

final-task path. 

That single reassignment follows from the available timing 

margin. FPGA is attractive under nominal energy accounting, 

but its communication and execution path leaves little room 

for delay. Robust screening accepts the higher active energy of 

GPGPU in exchange for lower timing exposure. Table 5 lists 

every assignment so the change can be traced directly. 

All other assignments remain fixed: FPGA handles 

preprocessing and packetization, GPGPU runs FFT, NPU runs 

detection, and CPU runs fusion. Their stability depends on the 

released efficiency, setup, and link matrices. Hardware 

calibration could produce another pattern. 

Engineers can test this explanation by varying input size, 

compression ratio, memory bandwidth, or link startup time. If 

compression no longer benefits from GPGPU after calibration, 

robust selection should move it elsewhere. The model supplies 

a traceable reason for the recommendation and does not 

prescribe a permanent resource choice. 

 
Fig. 4. Nominal and robust task-resource assignments. Compression is the only 

changed assignment in the canonical case. 

Table 5. Nominal and robust task-resource mapping 

Task Nominal trade-

off Robust trade-off Design implication 

Preprocessing FPGA FPGA Streaming I/O remains on 

FPGA 
FFT GPGPU GPGPU Data-parallel transform 

remains on GPGPU 
Detection NPU NPU Neural inference remains on 

NPU 
Compression FPGA GPGPU Robust mapping trades energy 

for timing margin 
Fusion CPU CPU Control-heavy logic remains 

on CPU 

Task Nominal trade-

off Robust trade-off Design implication 

Packetization FPGA FPGA I/O formatting remains on 

FPGA 
 

E. Sensitivity and Robustness Replay 

Sensitivity sweeps produced three distinct signatures (Fig. 

5). Reducing bandwidth scale from 1.0 to 0.6 reduced feasible 

mappings from 15 to 9 and increased the best makespan from 

763.272 to 786.050 ms. The power screen changed from zero 

feasible mappings at 165 W to 15 at 175 W. Raising the 

thermal limit from 42 to 48 °C increased the feasible count 

from 12 to 18, after which the count saturated in the tested 

range. 

Each one-factor sweep used five bandwidth scales, five 

power budgets, or five temperature limits. These deterministic 

sweeps locate active boundaries in the synthetic case; 

uncertainty in the parameter values is addressed separately by 

replay. 

Replay used 1000 independent samples for every strategy-

strength pair. At strength 0.25, the nominal mapping missed 

the deadline in 758 samples (75.8%; Wilson 95% CI, 73.05%-

78.35%). Its count rose to 969 at strength 1.0 (96.9%; 95.63%-

97.81%). Robust selection had no observed violation through 

strength 1.0, with a Wilson 95% upper bound of 0.383%. 

Outside the declared set, the robust violation count rose to 

112/1000, 272/1000, and 477/1000 at strengths 1.25, 1.50, and 

2.00, respectively. Corresponding Wilson intervals are 

included in robustness_replay.csv. The nominal and robust 

series use explicitly recorded deterministic seeds at every 

point. 

Narrow final-task margin accounts for the nominal 

mapping's high violation rate under the specified sampling 

model. Operational spacecraft failure probability cannot be 

inferred because the input distributions are synthetic and 

independent. 

Sensitivity and replay answer different engineering 

questions. The former locates a parameter that constrains the 

feasible set; the latter tests a chosen mapping under declared 

uncertainty. Read together, Figs. 5 and 6 and Table 6 suggest a 

practical sequence: find the active constraint, calibrate its 

variation, and retest the mapping. 

 
Fig. 5. One-factor sensitivity of feasible-mapping count to bandwidth scale, peak-

power budget, and temperature limit. 

Table 6. Sensitivity and robustness-replay summary 

Diagnostic Condition Observed result Interpretation 
Bandwidth 

sensitivity 
Scale 0.6 -> 1.0 -> 

1.4 
9 -> 15 -> 15 

feasible mappings 
Link improvement helps 

until another constraint 

dominates 
Power sensitivity 165 W -> 175 W 0 -> 15 feasible 

mappings 
Power behaves as a hard 

threshold 
Thermal sensitivity 42 C -> 45 C -> 48 

C 
12 -> 15 -> 18 

feasible mappings 
Thermal relaxation gradually 

expands the domain 



Diagnostic Condition Observed result Interpretation 

Nominal replay Disturbance scale 

1.0 
969/1000 (96.9%; 

95% CI 95.63%-

97.81%) 
Nominal margin is 

insufficient 

Robust replay Disturbance scale 

1.0 
0/1000 (95% upper 

bound 0.383%) 
No violations were observed 

within the declared box 

Robust boundary Disturbance scale 

2.0 
477/1000 (47.7%; 

95% CI 44.62%-

50.80%) 
Protection does not extend 

beyond calibration 

 

 
Fig. 6. Deadline-violation frequency under seeded perturbation replay. Shaded 

bands are Wilson 95% intervals; n=1000 per strategy and strength. 

VI. DISCUSSION 

A. Main Design Implication 

Peak capability failed to rank mappings consistently once 

task class, transfer placement, power overlap, and repeated 

thermal response shared one deadline. More useful was the 

diagnostic record: which checks removed mappings, and why 

did robust selection change one assignment? 

In this configuration, moving compression from FPGA to 

GPGPU exchanged 1.51% more nominal energy for 122.701 

ms less makespan. Figure 4 identifies the responsible task, 

keeping the result local to the tested configuration and away 

from a universal resource recommendation. 

Feasibility should be inspected through its margins. A 

mapping that clears every constraint comfortably is a plausible 

candidate for hardware validation. One that survives on a 

single narrow margin remains calibration-sensitive. Exposing 

that distinction before board integration is the main practical 

value of the workflow. 

Changed requirements can be applied to the same mapping 

space. A tighter temperature limit, lower power budget, or 

larger data edge may preserve the selected mapping, favor 

another placement, or reveal the need for an added resource or 

faster link. 

B. Distinction from Prior Analytical Boundaries 

Our scope is offline intra-platform task-resource mapping 

with executable link, power, thermal, and reliability screens. 

Objective-only heterogeneous schedulers rank candidates 

without first reporting this feasible set, while satellite 

schedulers and space-computing frameworks [11]-[14], [21]-

[25], [37]-[46], [48] address dynamic, cross-location, 

platform, or flight-software decisions. These distinctions 

concern workflow and scope; the six-task enumerator is not 

presented as a replacement for those systems. 

Communication is induced by task placement and evaluated 

with each mapping (Fig. 2). The released model uses a generic 

startup-plus-bandwidth link and therefore supports PCIe-, 

AXI-, or RoCEv2-like parameterization, but it does not 

validate any one protocol implementation. 

Reliability remained inactive at the selected threshold: it 

removed no additional mappings, although mission risk 

affected ranking. The present experiment therefore validates 

the reliability calculation path, not a reliability advantage. A 

harsher or hardware-calibrated exposure case is needed to 

evaluate reliability-driven mapping changes. 

Compared with purely robust optimization, the paper 

emphasizes interpretability. The robust budget is tied to 

compute latency, bandwidth and failure-rate perturbations, and 

its effect is checked by replay. This avoids a black-box 

conservative result whose cost is hard to explain. The designer 

can see which task moved, how much energy changed, how 

much margin was gained and where the protection boundary 

ends. 

C. Calibration and Verification Pathway 

Hardware calibration would begin with task capability 

measured from microbenchmarks and traces. The deployed 

interconnect would supply startup and bandwidth 

measurements, while idle and activity power would be 

separated experimentally. Board-level temperature traces 

would then determine the RC recurrence. In that role, the 

model acts as a checklist for design screening. 

Validation should proceed in stages. Software-in-the-loop 

experiments can explore feasible-domain structure under 

controlled parameter sweeps. Hardware-in-the-loop replay can 

then test the exact board, bus and interconnect behavior. 

Finally, environmental testing can update the reliability and 

thermal parameters that determine whether the robust set 

remains valid. 

Calibration stage one targets task families, not isolated 

kernels. For each task family, the team measures execution 

time over representative input sizes, record memory traffic 

where counters are available and identify the resource modes 

that change startup overhead. These measurements populate 

the effective-capability matrix used in the model. 

Stage two covers communication edges. For each 

dependency class, the team measures startup latency, sustained 

bandwidth and copy or protocol overhead under the same 

software stack expected in deployment. RoCEv2, PCIe and 

local-memory movement should not be collapsed into one 

average value because they respond differently to data size 

and contention. 

Stage three connects power and temperature. Idle baseline 

power is measured separately from task increments so that a 

schedule does not receive an artificial energy benefit from 

hiding idle residency. Thermal recurrence parameters are 

fitted under repeated task periods, because a single pass 

through the workload may miss accumulation that appears 

over many cycles. 

D. Limitations 

All evidence reported here is synthetic and model-level. It 

establishes executable consistency and comparative behavior 

for one canonical configuration. Processor-board accuracy, 

interconnect behavior, operating-system overhead, enclosure 



thermals, and radiation response remain untested because no 

hardware, in-orbit, or fault-injection records were used. 

Several assumptions delimit the evaluator: independent 

perturbations, non-preemptive execution, transient task 

memory, first-order per-resource RC dynamics, and 

independent rare-event reliability. Congestion, persistent 

model residency, shared-memory interference, active thermal 

control, retries, checkpoints, redundancy, and common-cause 

failures could alter both feasibility and the worst corner. 

Exhaustive enumeration provides a transparent optimum 

only for the six-task, four-resource case. Algorithmic scaling 

beyond 4096 mappings was not evaluated. Larger graphs 

require MILP, decomposition, pruning, or heuristics, followed 

by the same constraint checks. 

Finally, the paper does not include a physical fault-injection 

campaign. Robust replay perturbs modeled latency, bandwidth 

and failure rate, which is appropriate for checking the internal 

robust-design contract. It cannot replace experiments that 

disturb clocks, links, processor frequency, memory arbitration 

or thermal boundary conditions on real hardware. 

VII. CONCLUSION 

Evaluation begins with task-dependent capability, mapping-

induced communication, event-based power, repeated-cycle 

thermal response, and segment reliability. Time-energy-risk 

weights are applied only after these checks. A monotone box 

uncertainty set is screened at its worst corner. 

Compared with nominal energy-oriented selection, robust 

selection increased energy by 1.51% and reduced makespan 

by 122.701 ms. No deadline violation was observed in 1000 

replay samples through the declared perturbation strength. 

Within the released synthetic configuration, the results 

support reproducible early-stage design screening. Extending 

the conclusions to a flight system requires task profiling, link 

microbenchmarks, board-level power and thermal 

identification, and radiation or fault-injection data. The 

corresponding hardware and software validation burden is 

illustrated by current spaceborne-computing platforms and 

research infrastructure [37]-[46]. 

APPENDIX A. REPRODUCIBILITY PARAMETERS 

AND PROTOCOL 

One canonical configuration supplies every reported 

parameter. Values were retained from the executable 

simulation record and are identified as synthetic model inputs. 

Appendix A and the supplementary_simulation package 

provide the matrices, mapping screens, scripts, hashes, and 

figure sources needed to audit the rerun. 

A. Task and Resource Matrices 
Table A1. Canonical task-requirement matrix 

Task/class GOP Traffic 

(GB) 
Work+buf 

(GB) 
Release/deadline 

(ms) Vulnerability 
preprocess / 

stream 120 18 1.2+0.4 0/350 0.8 
fft / fft 320 28 2.0+0.5 0/520 1.0 
detect / ai 900 34 3.0+0.8 0/620 1.2 
compress / 

codec 210 20 1.5+0.4 0/860 0.9 
fusion / 

control 80 6 0.8+0.2 0/860 1.1 
packetize / 

stream 60 8 0.6+0.2 0/980 0.8 

Table A2. Canonical resource-performance and failure-rate matrix 

Resource Peak 

compute 
Memory 

BW Memory Active/idle Failure 

rate (s⁻¹) 
CPU 850 GOP/s 42 GB/s 16 GB 55/15 W 2.00e-08 
GPGPU 6200 GOP/s 320 GB/s 16 GB 78/18 W 3.50e-08 
NPU 12000 

GOP/s 180 GB/s 16 GB 72/12 W 3.00e-08 
FPGA 1800 GOP/s 95 GB/s 4 GB 38/8 W 2.50e-08 

B. Directed Link Matrix 
Table A3. Complete directed inter-resource link-parameter matrix 

Directed link Latency 

(ms) BW (GB/s) Energy 

(nJ/B) 
Failure 

rate (s⁻¹) Vulnerability 
CPU-

>GPGPU 0.020 12.0 1.8 1.00e-09 1.0 
GPGPU-

>CPU 0.020 12.0 1.8 1.00e-09 1.0 
CPU->NPU 0.025 10.0 1.7 1.00e-09 1.0 
NPU->CPU 0.025 10.0 1.7 1.00e-09 1.0 
CPU->FPGA 0.018 8.0 1.4 1.00e-09 0.9 
FPGA->CPU 0.018 8.0 1.4 1.00e-09 0.9 
GPGPU-

>NPU 0.055 7.5 2.4 1.50e-09 1.1 
NPU-

>GPGPU 0.055 7.5 2.4 1.50e-09 1.1 
GPGPU-

>FPGA 0.050 7.0 2.2 1.50e-09 1.0 
FPGA-

>GPGPU 0.050 7.0 2.2 1.50e-09 1.0 
NPU->FPGA 0.060 6.5 2.1 1.50e-09 1.0 
FPGA->NPU 0.060 6.5 2.1 1.50e-09 1.0 

C. Thermal Model Parameters 
Table A4. First-order per-resource RC thermal parameters 

Resource Rth (K/W) Cth (J/K) RthCth (s) a b (K/W) 
CPU 0.34 110 37.4 0.971017 0.009854 
GPGPU 0.30 145 43.5 0.975030 0.007491 
NPU 0.32 125 40.0 0.972875 0.008680 
FPGA 0.40 95 38.0 0.971468 0.011413 
For each resource, a=exp[-Tperiod/(RthCth)] and b=Rth(1-a). 

The recurrence uses Tperiod=1.10 s, 180 cycles, a 28 °C 

coolant temperature, and a 45 °C upper limit. 

D. Random Replay Samples and Seeds 
Table A5. Random-replay sample counts and exact deterministic seeds 

Replay Strength s N/strategy Nominal seed Robust seed 
Main paired declared box 500 20260615 20260615 
Boundary 0.25 1000 20260642 20260643 
Boundary 0.50 1000 20260667 20260668 
Boundary 0.75 1000 20260692 20260693 
Boundary 1.00 1000 20260717 20260718 
Boundary 1.25 1000 20260742 20260743 
Boundary 1.50 1000 20260767 20260768 
Boundary 2.00 1000 20260817 20260818 
Main paired replay multipliers are independent draws from 

U[0.95,1.15] for execution, U[0.80,1.05] for bandwidth, and 

U[0.90,1.20] for failure rate; the same seed supplies common 

random numbers. At boundary strength s, the corresponding 

distributions are U[1,1+0.15s], U[max(0.30,1-0.20s),1.05], 

and U[1,1+0.20s]. Wilson 95% intervals are reported for every 

binomial violation frequency. 

E. Supplementary Package 

The reviewer reproducibility package contains the canonical 

JSON configuration; task, edge, resource, efficiency, setup, 

link, and control CSV files; executable source code; complete 

mapping-screen outputs; feasible and Pareto subsets; strategy, 

sensitivity, and replay results; English reproduction 

instructions; and SHA-256 integrity records. It excludes 

Python caches, temporary files, hardware telemetry, and 

unverified external datasets. 

DATA AND CODE AVAILABILITY 

The supplementary file 

`Spaceborne_Heterogeneous_HPC20260720_reviewer_reprod

ucibility_package.zip` accompanies this submission. It 



contains the canonical synthetic input configuration and 

matrices (`data/`), executable Python source (`src/`), and the 

complete mapping screen and derived results (`results/`). 

`reproduce_all.py` regenerates the numerical outputs and 

figures; `verify_results.py` checks the delivered screening 

counts and headline values; `SHA256SUMS.txt` verifies the 

supplied files. The archive contains no hardware benchmark 

data, in-orbit telemetry, radiation-test measurements, 

proprietary operational data, or third-party restricted data. All 

reported results are deterministic or seeded outputs from the 

included source code and synthetic model inputs; the archive 

supports reproduction of the model-level claims only. 
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