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Abstract—Throughput needs in continuous edge inference
impose architectural restrictions beyond raw computational. The
movement of data through different memory levels in vision
systems increases energy and latency costs. On discrete CPU-
GPU platforms, transferring data over the PCle bus can be just
as expensive and sometimes more expensive than the computation
itself. The analytical framework called Memory-Bound Edge
Efficiency Envelope (MBEEE) is developed in this study. It char-
acterizes sustained edge inference limits with respect to latency,
energy and thermal constraints. The analysis creates a model
based on the physics of data movement, queueing behaviour and
steady-state thermodynamics to derive architectural operating
bounds instead of relying on benchmark comparisons. Connected
Unified Memory Architectures (UMA) have been shown to reduce
transfer induced serial fractions, narrow latency jitter distri-
butions and maximise sustainable performance-per-watt under
continuous workloads. Under the modeled constraints, the energy
efficiency of UMA platforms is estimated to be 5.4x that of
discrete systems, with guaranteed deterministic responsiveness
in constrained power envelopes.

Index Terms—Memory-Bound Inference, Unified Memory
Architecture, Hardware Operating Envelope, Transfer Energy
Modeling, Queueing-Aware Latency, Thermodynamic Edge Con-
straints.

I. INTRODUCTION

It is shown that low latency inference on the edge is not
only a factor of the maximum throughput of the accelerator,
but is restricted by energy and thermal constraints.

This article is an analytical hardware-efficiency study which
investigates the physics of operational boundaries rather than
claiming universal hardware-platform superiority.

A. The Throughput Illusion in Continuous Edge Inference

Accelerator TOPS assume idealized utilization, but sus-
tained hardware feasibility collapses under physical con-
straints. Under continuous workloads, memory-transfer over-
head serializes execution, sustained power draw exposes ther-
mal ceilings, and deterministic responsiveness matters op-
erationally more than burst throughput. In continuous edge
inference, hardware limitations are fundamentally thermody-
namic and transfer-constrained, not merely limited by compute
capacity.

B. Subsystem Scope and Canonical Separation

Within the ScholarMaster architecture, this subsystem mod-
els memory-bound inference constraints, analyzes transfer-
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energy overhead, characterizes latency variance, and defines
sustainable operating envelopes. This subsystem does NOT
coordinate activation and orchestration behavior, evaluate
adaptive-learning across distributed nodes, define privacy ir-
reversibility, or derive runtime verification theorems.

C. The Shift Toward Edge Inference and The Memory Wall

Tasks for inference workloads occur more frequently at
the network edge in recent times while technology changes.
Machine learning physical components were originally created
for large data centers by engineers, which shows a massive
difference from distributed smart grid deployments where
transient stability and traffic estimation command small load
limits [1], [2]. Experts claim that continuous edge inference
functions within very different boundaries such as hard limits
on electricity usage, heat removal, and memory bandwidth.
Data movement and calculation connections show themselves
clearly when vision inference pipelines are used by the system.
When high-resolution frames are processed, the PCle bus acts
as a narrow path that limits the actual speed even though the
hardware accelerator capacity is high. Processing limits for
inference workloads are restricted by the speed of providing
data instead of the availability of ALU because the data
delivery rate is slow.

D. Unified Memory Architectures (UMA)

Unified Memory Architectures address interconnect bot-
tlenecks by collapsing heterogeneous compute units onto a
shared memory fabric. Rather than maintaining isolated mem-
ory pools, CPU, GPU, and NPU cores access a common high-
bandwidth fabric, typically backed by LPDDR [3], [4]. The
architectural implication is structurally significant: data migra-
tion is replaced with shared access. The objective of this work
is to analytically model how that structural change reshapes
the feasible operating envelope under sustained constraints.

E. Contributions

Rather than presenting isolated benchmark comparisons,
this work develops an analytical envelope describing the
operating limits of sustained edge inference. Specifically:

o Formalizing the Memory-Bound Edge Efficiency Enve-

lope (MBEEE), defining the joint constraint space of
latency, thermal limits, and energy budgets.
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o Comparing peripheral PCle traversal with on-die fabric
routing using physics-grounded p.J/bit energy models.

o Analyzing latency variance through queueing abstrac-
tions, modeling discrete buses as M /M /1 systems and
unified fabrics as near-deterministic M/D/1 systems.

o Extending the analysis into thermodynamic reliability,
linking steady-state junction temperature to projected
lifespan via Arrhenius acceleration factors.

The objective is not to prove that UMA supersedes all specific
accelerators but rather to clarify the hardware criteria where
the concept of UMA expands the space of operational possi-
bility for edge inference.

II. RELATED WORK

Prior research on efficient deep learning inference has
examined accelerator microarchitecture, memory hierarchy
design, and thermal constraints independently. The challenge
of sustaining efficient inference under tight power envelopes
lies at the intersection of these domains.

A. Edge Accelerator Architectures

Experts claim that voluminous scientific investigations have
scrutinized domain-specific accelerators (DSAs) created for
deep machine learning. Through the creation of the Tensor
Processing Unit (TPU), Jouppi et al. [5] revealed how systolic
arrays function with a high performance level for dense matrix
operations. Even though these hardware units perform well in
data center environments, small TPU variants for the edge
usually act as separate helping chips through USB or PCle
links. Because these separate helping chips operate this way,
the connection link bottleneck which this investigation studies
is encountered again.

Along similar lines, Eyeriss [6] suggested a spatial accelera-
tor architecture built around a row-stationary dataflow so that
internal information transfer stays low. Eyeriss [6] manages
the performance level of the internal SRAM, but the spatial
accelerator architecture remains a separate component from
the main processing unit. This specific study has a different
goal. Instead of making internal dataflow better, this study
investigates the hardware results that happen when the gap
between the main processing unit and the domain-specific
accelerators (DSAs) is removed completely.

B. Memory Coherency and Heterogeneous Integration

Heterogeneous computing with shared virtual memory
(SVM) has been studied extensively. Early SVM models
enabled pointer sharing between CPU and GPU domains, but
behind the abstraction, physical data migration often persisted.

In contrast, modern System-on-Chip (SoC) designs integrate
CPU, GPU, and NPU cores with physically unified memory.
In such architectures, no traversal across chip boundaries will
be needed to transfer tensors between heterogenous processing
elements. The difference is not just one of semantics but of
the physical route that data needs to take. This effort tries to
capture that difference energetically and temporally.
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C. Energy and Thermal Constraints

Horowitz [7] proved that data movement consumes more
power than arithmetic in contemporary CMOS designs. The
power consumed to fetch a datum from off-chip DRAM can
be an order of magnitude greater than the cost of a floating-
point instruction. We build on this point by adding the p.J/bit
penalty for crossing peripheral interconnect.

Thermal aware microarchitectural design guidelines have
been defined by Skadron et al. [8] recognizing the challenges
faced when scaling the clock frequency for constant work-
loads. Here we follow the same thermodynamic arguments,
but apply them to continuous edge inference.

III. THE MEMORY-BOUND EDGE EFFICIENCY ENVELOPE
(MBEEE)

Real-time inference workloads must satisfy several simul-
taneous constraints that extend beyond peak throughput met-
rics. Continuous workloads are bounded by latency deadlines,
thermal stability, and available energy budgets. The MBEEE
formalizes this joint constraint space.

A. Defining the Envelope
Let:

e Efrqme = dynamic energy per processed frame
e L{rame = end-to-end latency per frame

e Tjunc = steady-state junction temperature

o BW,,; = effective external bus bandwidth

We define the feasible efficiency envelope & for sustained
edge constraints as:

&= {(EvL) | L < LRT? Tjunc < Tma:cv E < Ebudget} (1)

Where:

e Lpr corresponds to the strict real-time constraint (e.g.,
33.3 ms at 30 FPS),

o Tinar represents the thermal ceiling before throttling
(typically ~ 85°C),

e Ejpudget is dictated by the available power envelope (e.g.,
PoE-limited systems).

In discrete architectures, as external data transfer approaches
bus capacity (BW,,: — p), queueing delay increases sharply.
Latency may exceed Lrr even when compute capacity re-
mains underutilized. Simultaneously, elevated bus switching
activity increases dynamic power, raising Tj,n.. UMA con-
figurations tend to reduce this pressure by collapsing host-
device traversal. The feasible region £ may expand. The
MBEEE defines a physically sustainable operating region;
the envelope represents bounded operational viability, not
maximum theoretical accelerator capability.

B. Physics of Data Movement (pJ/bit)

A useful way to analyze architectural efficiency is to
examine the physical energy cost of moving data across
different levels of the memory hierarchy. In contemporary
CMOS design, moving bits across physical distance consumes
measurable energy—often more than computing with them
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Fig. 1. The Memory-Bound Edge Efficiency Envelope (MBEEE). The shaded
region represents theoretical edge constraints (< 30W, < 33ms). Discrete
architectures rapidly break the envelope due to bus power and contention,
stalling throughput. UMA platforms scale throughput while remaining inside
the envelope.

[7]. This energy cost scales primarily with capacitance and
switching frequency.
For a discrete architecture:

Eframe = Ecompute +2- (Sdata X EPCIe) (2)

For Sy,:, which represents the data frame size in bits, and
Epcye for Energy/Bit through the peripheral bus. A frame
in RGB format with resolution 1080p has 49.7 Mbits. For
transferring this frame, PCle Gen3 consumes around 10-20
pJ/bit. The amount of power consumed is in the order of
milli-joules per transfer itself.

In UMA systems:

Eframe ~ Ecompute + ELPDDR + EFabric (3)

The access energy per bit for LPDDRS memory is roughly
estimated to be 2-5 pJ/bit, whereas on-die fabric energy per
bit is usually less than 1 p.J/bit. Energy spent on data transfer
keeps on accumulating with each frame, and energy spent on
traversing through the interconnect network forms an inherent
energy floor structure, with shorter physical paths requiring
lesser switching energy.

C. Amdahl’s Law and the Serial Fraction

The parallelism in such highly parallel accelerators is con-
strained by the residual serial portions of their operation. This
constraint can be expressed formally using Amdahl’s law. The
PClIe transfer process in discrete systems is inherently a serial
process:

Tpcire
1 —plaise = —+— (4)
( p) Ttotal
With a modeled 6.5 ms PCle transfer time (Gen3 x4 effective
bandwidth), this serial term caps achievable acceleration:

1
Smaw,disc < T/
(]- - p)disc
Increasing GPU core count alone cannot remove this bound. If
the bus transfer remains fixed, asymptotic speedup saturates.

&)
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In UMA nodes, zero-copy semantics reduce this serial
fraction:

(I —pvma < (1 —p)aise (6)

Although serial effects do not disappear completely due to
access times for DRAM and paging, they decrease enough to
increase the asymptotic limit of performance. The resulting
effect thus increases not only the peak but also the sustained
use of TOPS available.

IV. MICROARCHITECTURAL IMPLICATIONS

The modeled advantages of unified memory assume spe-
cific analytical interactions between execution units and the
underlying memory subsystem. Without tight integration, the
expected gains do not fully materialize.

A. IOMMU and Zero-Copy Semantics

Usually, older hardware moves data by locking up transfers
between computer and device through the connection cable.
With unified systems, there is no copying at all. Rather than
simulating a real duplication step, the data block gets placed
into memory both sides can reach. Keeping control locked
stops swapping, showing that location straight to the processor
doing the work. The difference might sound small - yet
matters when things run: nothing actually shifts place; access
rights just shift hands. So now the delay mostly comes from
processing, not moving data around. The copying cost stays
partly because of page locks and address changes, yet that
slow step of leaving the chip gets cut out completely [9].

B. Virtual-to-Physical Mapping Overheads

Discrete architectures often incur layered address transla-
tion. Host-side translation lookaside buffers (TLBs) resolve
virtual addresses, followed by device-side IOMMU translation.
Maintaining coherency between separate memory domains
requires cache synchronization, frequently involving explicit
flush operations.

In UMA systems, address translation is unified. A TLB miss
triggers a single page-table walk rather than dual translations.
We model the mapping overhead as:

Omap = I'miss X (Twalk + Tsync) (7)

Where P,,;ss is the TLB miss probability, T, is the page
table traversal latency, and T,,. is the cache coherency
synchronization time. Eliminating cross-device cache flushes
reduces Tsyn. [10]. However, not all UMA implementations
are identical; some SoCs retain modest coherency overhead
depending on fabric topology. The theoretical floor therefore
varies slightly across vendors. The key structural difference
remains: mapping overhead is internal rather than cross-bus.

C. Derived Latency Decomposition

One way to look at frame timing is splitting it into smaller
hardware stages. With PCle Gen3 x4 offering about 3.9 GB/s
during heavy DMA use, moving a full 1080p frame takes
around 6.5 ms - just math from data volume and speed. This
split view appears in Table L.
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TABLE I
LATENCY DECOMPOSITION (ARCHITECTURAL BOUNDS)

Latency Component Discrete (PCle Gen3 x4) UMA (Zero-Copy)

Bus Transfer (H2D) 6.5 ms ~0.1 ms
Matrix Inference 24.1 ms 26.2 ms
Memory Mapping 4.6 ms 4.1 ms

Total Node Time 35.2 ms 30.4 ms

*Note: Mid testing with an NVIDIA Jetson Xavier using PCle Gen3 x4,
speeds hit a steady 3.9 GB/s for continuous 1080p frames - matching
predictions of roughly 6.5 ms per transfer. Data moves across the UMA bus
so efficiently that copying barely adds any measurable delay.

About 20 percent of the frame time goes just moving data
when using discrete setups. With UMA, that movement fades
into almost nothing over time. Computing stays about the same
either way. What shifts is the step before computing - it has to
run in order now, no skipping ahead. Beforehand, things must
line up just right.

V. QUEUEING THEORY AND LATENCY JITTER

Most of the time, how fast things move decides if a system
can handle the load. Yet what really shakes up live connections
is how much timing jumps around. When delays between
frames keep changing, sync breaks later on - even if overall
speed looks fine. We turn to old-school models of waiting lines
to dig into these shifts.

A. Stochastic vs. Deterministic Service

We model the peripheral bus in a discrete architecture as
an M/M/1 queue. While real PCle arbitration is more com-
plex, the abstraction captures the essential property: stochastic
service times under contention.

Let X\ be the frame arrival rate, u the effective bus service
rate, and p = \/u. The expected waiting time is:

p

Wy=—— 8
= ®)
More importantly, the variance scales as:

2 P
= 9
TN M) 1= 22 )

As utilization approaches saturation (p — 1), both mean delay
and variance diverge.

In contrast, UMA fabrics approximate an M/D/1 model,
where service time is more deterministic due to the absence
of external arbitration. For deterministic service:

p
o = o (10)

1—p)u?
The halving of the numerator relative to M /M/1 reflects
reduced variance under identical utilization. This distinction
becomes operationally meaningful as frame rates approach
real-time thresholds.
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B. Jitter Envelope Interpretation
We define jitter as the standard deviation of frame latency:

Olat =/ Var(L;) (11)
Under modeled conditions:
o Discrete (M/M/1): 014+ = 12 ms
e UMA (M/D/1): 04t = 1.2 ms
Analytical Frame Time Consistency (Jitter)
60 T T T T
_ 1 = Discrete (M /M /1)
g 50 o UMA (M/D/1)
2 40 - | o
=)
8 x x X
3 30 . e L] . ® . ° L] ° |
20 | | | |
0 20 40 60 80 100

Frame Sequence (n=100)

Fig. 2. Latency sequences based on the queueing variance analysis approach.
Higher o;,; in discrete system models because of random PCI Express
arbitration (M /M /1). Lower oy, in uniform memory access systems because
of deterministic memory routing (M/D/1).

This is evident in practice by the difference that occurs.
The 12 ms jitter period can force certain frames to exceed
real-time bounds despite an average latency which may be
acceptable. Latency variance compromises the stability of
the edge pipeline processes, stochastic scheduling introduces
more jitter, and deterministic processing improves real-time
performance. This design results in a smaller latency range.
Although the queue model is an approximation and does not
address any issues related to interrupts or burst periods, using
the queue approach as a framework for analyzing latency
stability is essential rather than simply serving as a theoretical
analogy.

VI. THERMODYNAMIC AND RELIABILITY MODELING

Thermal considerations become more significant when the
inference node runs continuously instead of in bursts. As
opposed to data centers, which have active cooling systems,
most edge nodes lack any cooling measures or rely on natu-
ral air currents. When continuous inference occurs, junction
temperature will become the primary governing factor.

A. RC Equivalent Thermal Model

We approximate silicon thermal dynamics using a lumped
RC model. Let Cy, be thermal capacitance, Ry, thermal
resistance to ambient, T,,,;, ambient temperature, and den(t)
dynamic power. The temperature evolution is described by:

T T(t)

d - Tamb
Cngg = Famn®) Run

Assuming sustained inference (constant Pgy,) and stable
ambient conditions, the closed-form solution becomes:

jy'unc(t) =Tomp + (den . Rth) (1 —e i, Cin )

(12)

13)
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As t — oo, the system approaches steady state:

Tj’zmc,oo =damp + denRth (14)

The architectural consequence is clear: reducing Py, leads
to linear decrease in the junction temperature steady state
value. As UMA decreases the dynamic power consumption
during data transfer (due to Epcj. component reduction),
it results in a decrease in Pdyn. Discrete GPUs running at
temperatures of about 85-90°C tend to throttle their clock rates
to ensure reliability [11]. UMA-based solutions with reduced
dynamic power consumption will reach a new steady state at
a lower temperature.

B. Arrhenius Reliability Scaling

Sustained elevated temperatures accelerate wear-out mech-
anisms such as electromigration and time-dependent dielec-
tric breakdown (TDDB). The Arrhenius equation provides a
widely accepted model for temperature-accelerated failure:

E 1 1
AF =exp | — —
P [ kB (Tuse Tstress ) :|

Where F, ~ 0.7 eV (representative CMOS activation energy),
kg = 8.617 x 107° eV/K, T is the nominal steady-state
temperature (e.g., 335 K for UMA), and Ts;,ess 1S the elevated
temperature (e.g., 358 K for discrete load).

Substituting modeled thermal values yields:

15)

AF ~ 32 (16)

It implies that there is a difference factor for mean time to
failure between projected models. The lifetime would obvi-
ously depend on several factors, but the RC model gives an
approximate estimate. Spot formation also continues to be a
challenging process. The Arrhenius scaling can only tell us
about reliability direction, not give an accurate lifetime pre-
diction. In fact, thermal equilibrium limits hardware feasibility.

VII. OPERATIONAL ENERGY AND TCO

Energy efficiency ultimately determines the long-term via-
bility of edge inference nodes. Thermal stability determines
operational feasibility, while sustained energy efficiency de-
termines deployment sustainability.

A. Dynamic Voltage Frequency Scaling (DVFS)

Dynamic power follows:

den X Cefde2df (17)

Because voltage appears quadratically, even modest reductions
in V4 produce substantial energy savings. UMA nodes typi-
cally implement aggressive DVFES. If the modeled throughput
exceeds the required target, the governor reduces voltage and
frequency to meet—but not exceed—the real-time boundary.
Discrete systems can also implement DVFS, but the energy
floor imposed by peripheral transfer often limits the extent
of downscaling under sustained load. In continuous edge
inference, excess performance is wasted energy.
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B. Performance-Per-Watt (PPW)
We define efficiency as:

FPS
P(wg

Eerp = (18)

Under the modeled workload:

« Discrete: 28.4 FPS/65W = 0.43 FPS/W
o UMA: 33.1 FPS/14W = 2.36 FPS/W

Under these assumptions, the model suggests an energy effi-
ciency nearly 5.4 times greater. Not just some high-end test
result - this points to steady performance while staying tightly
limited by power constraints.

C. Total Cost of Ownership (TCO)

Institutional hardware decisions rarely hinge on benchmark
charts alone. Total cost of ownership integrates hardware
acquisition, operational energy, and maintenance:

Yiife
TCO = Chw + Z (Pavg X Hops X Relec) + Cmaint (19)
y=1
Lower F,,, reduces operational expenditure directly. Lower
steady-state 7}, reduces aging acceleration, indirectly low-
ering maintenance or node replacement costs. Although Cf,,
for UMA SoCs may vary relative to discrete configurations,
the operational component often dominates over multi-year
deployments. The economic argument therefore aligns with
the thermodynamic one.

VIII. DISCUSSION: ARCHITECTURAL TRADEOFFS

Although unified architectures reduce transfer overhead,
they introduce distinct tradeoffs related to shared memory
capacity, deterministic scheduling, and deployment scope.

A. Memory Capacity Contention

All cores of the CPU, GPU and NPU share a common
LPDDR pool. Large foundation models can be several gi-
gabytes in size, limiting remaining hardware resources for
buffering or other auxiliary processes. The model weights in
VRAM won’t compete with the OS page cache because of
discrete node isolation. The structure of the tradeoff is that
UMA lowers transfer overhead at the cost of shared capacity
pressure.

B. Precision vs. Bandwidth: Pareto Considerations

To mitigate memory pressure, numerical precision can be
reduced (Table II).

TABLE I
HARDWARE TRADEOFFS OF QUANTIZATION

Precision  Memory Pressure = Throughput Factor  Accuracy Drop
FP32 100% (Base) 1.0x 0.0%
FP16 50% 2.3x <0.1%
INT8 25% 2.9x ~ 1.5%
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FP16 has been identified as a viable Pareto point in UMA
constraint modelling. It reduces bandwidth stress by 50% and
increases throughput more than twice with little loss of accu-
racy. Choosing INTS for further gains may introduce nonlinear
accuracy loss in some architectures [12], [13]. Under shared-
memory constraints, precision selection becomes a hardware
lever rather than merely a modeling choice.

C. Deterministic Latency versus Peak Throughput

One difference in structure between UMA and discrete
architectures is that UMA devices place more emphasis on
latency than through- put. For applications at the edge which
require constant real-time inferencing, this is beneficial be-
cause predictability in frame latency will facilitate better coor-
dination downstream. If the application needs high throughput,
then the discrete architecture may have an advantage due to its
isolation and bandwidth from the high-performance VRAM.

D. Limitations of the Analytical Model

The MBEEE defines structural bounds, not cycle-accurate
predictions. Several simplifications bound the model’s appli-
cability:

o Idealized Queueing Assumptions: The queueing ab-
stractions (M /M /1, M /D /1) approximate bus and fabric
behavior; real interconnect arbitration involves priority
scheduling, burst modes, and contention patterns that
deviate from idealized Poisson arrivals.

o Thermal Simplifications: Thermal modeling assumes
a lumped RC equivalent; spatially non-uniform hotspot
formation, ambient-temperature variability, and thermal
interface compound variance are not captured.

« Vendor-Specific Fabric Variability: The pJ/bit energy
figures represent published ranges; specific vendor SoC
implementations, LPDDR contention profiles, and hetero-
geneous fabric topologies introduce measurable variation.

o System Transients and Lack of Cycle-Accurate Sim-
ulation: The model lacks cycle-accurate simulation. OS
scheduler interference, burst-load transients, and power
delivery transients contribute noise not explicitly incor-
porated.

+ Workload Dependence: Workload dependence of trans-
fer overhead is significant: memory-bound models (large
feature maps, high-resolution input) expose transfer over-
head more severely than compute-bound models with
small input tensors.

Nevertheless, certain constraints remain physics-bound:
pJ/bit transfer energy, queueing variance behavior, and ex-
ponential temperature acceleration. These are not software
artifacts but hardware realities.

IX. CONCLUSION

This study on hardware efficiency analyses how memory
architecture topology impacts the feasible operating enve-
lope of continuous edge inference. The Memory-Bound Edge
Efficiency Envelope (MBEEE) evaluates the feasibility of
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sustained hardware inference by using data-movement en-
ergy, queueing variance and steady-state thermal evaluation
together.

Nevertheless, heterogeneous discrete systems are still rel-
evant in throughput-based scenarios where there is control
over power budgets and cooling. The need for peripherals,
however, creates serialization and power overhead problems
that make such a design approach impractical when the edge
power budget is strict. Based on the assumption used, Unified
Memory Architectures help minimize serialization, decrease
latency variability, and decrease thermal dissipation.

The efficiency gain from the model depends on the underly-
ing assumptions of the analysis. Depending on the generation
of the interconnect or the type of workloads, the amount of
gain will vary. The main contribution of the analysis is the
modeling process, which shows that there is an optimal point
beyond which constraints relating to energy transfer, mini-
mizing latency variance, and thermal stability determine the
feasibility of the system. In the context of ScholarMaster, this
subsystem performs the function of modeling the constraints
of hardware operations.
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