

    
        
          Next-Generation Memory Systems: From 3D Silicon to Intelligent Computing

        

        
        
          Semi_Conductor Silicon Manufacturing, Volume 66

        

        
        
          ADNAN HAIDER ZAIDI

        

        
          Published by ADNAN ZAIDI, 2026.

        

    



  
    
    
      While every precaution has been taken in the preparation of this book, the publisher assumes no responsibility for errors or omissions, or for damages resulting from the use of the information contained herein.

    
    

    
      NEXT-GENERATION MEMORY SYSTEMS: FROM 3D SILICON TO INTELLIGENT COMPUTING

    

    
      First edition. November 10, 2026.

      Copyright © 2026 ADNAN HAIDER ZAIDI.

    

    
    
      Written by ADNAN HAIDER ZAIDI.

    

    
      10 9 8 7 6 5 4 3 2 1

    

  


Table of Contents

Title Page

Copyright Page

Next-Generation Memory Systems: From 3D Silicon to Intelligent Computing (Semi_Conductor Silicon Manufacturing, #66)

Dedication

Acknowledgements

Preface

About the Author

The Memory Wall Beyond Conventional Computing

Advanced DRAM Physics and Scaling

Hierarchical Memory Systems and Data Locality

Bandwidth, Latency and Energy Modeling

Mathematical Foundations for Advanced Memory Systems

HBM4-Class and Successor Memory Architectures

3D DRAM Stacking and Vertical Interconnects

Intelligent HBM Base Dies: Control, Monitoring, and Adaptive Optimization

Thermal–Electrical Co-Design of Stacked Memory

Advanced Memory Interfaces: Signaling, Timing, Training and Reliability

Near-Memory Computing: Data Movement, Coherence and Workload Placement

Digital Processing-in-Memory: Bitwise Operations, Arithmetic Mapping, and Verification

Analog and Mixed-Signal Compute-in-Memory: Physical Accuracy, Conversion, and System Integration

Emerging Nonvolatile Computational Memory: Devices, Reliability, and Architectural Contracts

Adaptive and Self-Optimizing Memory Subsystems

Worked Solutions and Laboratory Verification — Round 16 (Part I)

Additional Worked Solutions: Chapter 15

Sign up for ADNAN HAIDER ZAIDI's Mailing List

Further Reading: Semiconductor Manufacturing Systems Engineering

About the Publisher


Next-Generation Memory Systems: From 3D Silicon to Intelligent Computing
Volume I: Advanced Memory Physics, HBM and Compute-in-Memory (2027–2035 Research Outlook)
Adnan Haider Zaidi

	[image: ]
	 	[image: ]


[image: ]

Dedication

[image: ]


To those who pursue the foundations of computing with patience, curiosity, and a commitment to making knowledge useful.

	[image: ]
	 	[image: ]


[image: ]

Acknowledgements

[image: ]


This volume reflects the accumulated contributions of the scientific and engineering communities working on semiconductor devices, memory architectures, computer systems, and computational modelling. The author acknowledges the researchers whose published work has shaped these fields and whose contributions are identified in the references.

The author also recognizes the value of open scientific discussion, reproducible methods, and careful scrutiny in the development of engineering knowledge. Responsibility for the interpretation, presentation, and any remaining errors rests with the author.

	[image: ]
	 	[image: ]


[image: ]

Preface

[image: ]


Memory systems are no longer peripheral to the design of computing platforms. Data movement, device physics, integration density, power delivery, thermal limits, and software access patterns jointly determine what advanced computing systems can achieve. This volume examines these relationships from physical mechanisms to architectural and system-level design.

The discussion begins with the memory wall, DRAM scaling, hierarchy design, and quantitative models of bandwidth, latency, and energy. It then turns to high-bandwidth memory, three-dimensional stacking, base-die intelligence, electrothermal interactions, and interface reliability. The final chapters address near-memory computation, digital and analog compute-in-memory, emerging devices, and adaptive memory management.

Mathematical models are presented as tools for reasoning about assumptions and trade-offs rather than as substitutes for measurements. The research outlook for 2027–2035 is exploratory: prospective architectures and capabilities should be distinguished from established implementations. The aim is to connect device-level understanding with reproducible architectural analysis and to encourage technically grounded inquiry across semiconductor engineering and intelligent computing.
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The Memory Wall Beyond Conventional Computing
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Scientific scope and research questions

The memory wall is not a single device limit. It is the interaction of finite transfer bandwidth, access latency, constrained locality, contention, and the energy required to move information through a hierarchy. An arithmetic unit may sustain a high operation rate while remaining idle because operands cannot arrive at the rate required by its instruction stream. This chapter develops a quantitative vocabulary for distinguishing these mechanisms rather than attributing every performance shortfall to memory bandwidth. The classical discussion of the widening processor–memory performance gap by Wulf and McKee remains a useful historical starting point .

Four research questions organize the analysis: (i) when does a workload become bandwidth-bound rather than latency-bound; (ii) how does data reuse change the physical traffic presented to DRAM; (iii) when does reducing data movement improve energy more than adding arithmetic capacity; and (iv) which memory-system parameters must change before higher theoretical bandwidth produces measurable application speedup? The analysis separates mathematical identities from illustrative assumptions and experimentally measured quantities.

A hierarchy-aware throughput model

Let [image: ] denote the total useful floating-point operations, [image: ] the bytes crossing hierarchy boundary [image: ], and [image: ] its sustainable bandwidth. Define boundary-specific arithmetic intensity

[image: ]

For compute peak [image: ] and sustainable memory-boundary bandwidth [image: ], a necessary upper bound on performance is

[image: ]

This is an upper bound, not a prediction: dependencies, insufficient concurrency, irregular access, instruction overhead, and synchronization can lower observed throughput. The roofline framework relates arithmetic intensity to attainable performance . Distinguishing [image: ] from [image: ] is essential because reuse can lower external traffic without changing [image: ].

Derivation from resource constraints

If useful operations complete at rate [image: ], execution takes [image: ]. At boundary [image: ], at least [image: ] seconds are needed to transport the required bytes; thus [image: ]. Similarly, [image: ]. Substituting [image: ] into both inequalities yields Eq. [eq:roof]. Equality requires sufficient overlap and the absence of other bottlenecks; it is not generally attainable.

Illustrative numerical experiment

Consider an explicitly hypothetical accelerator with [image: ] TFLOP/s and sustained external bandwidth [image: ] TB/s. The ridge intensity is

[image: ]

At [image: ] FLOP/byte, the bandwidth roof is [image: ] TFLOP/s. At [image: ] FLOP/byte, the compute roof is [image: ] TFLOP/s. These are modeled ceilings, not measurements of any commercial accelerator. Doubling bandwidth to [image: ] TB/s increases the first ceiling to [image: ] TFLOP/s but does not raise the second ceiling beyond [image: ] TFLOP/s.

Original analytical roofline illustration for hypothetical parameters. Curves are upper bounds, not benchmark results.

Latency, concurrency, and bandwidth are distinct constraints

A bandwidth figure alone cannot determine random-access performance. For a request of [image: ] bytes with round-trip latency [image: ] seconds, a stream with [image: ] independent requests outstanding has the concurrency ceiling

[image: ]

To sustain a target bandwidth [image: ] with fixed-size requests, the minimum required outstanding request count satisfies

[image: ]

For a hypothetical [image: ] GB/s, [image: ] ns and [image: ] bytes, at least [image: ] independent outstanding requests are required in this idealized model. The calculation assumes uniform request sizes, no protocol overhead, and no bank conflicts. Real systems must also account for memory-level parallelism, queue capacity, and address-dependent service time.

Data locality and traffic amplification

Let [image: ] be bytes actually consumed by an algorithm and [image: ] be bytes physically transported over a chosen boundary. Define traffic amplification

[image: ]

If a cache-line fetch transfers 64 bytes while an application uses 8 bytes, a single-use access has [image: ] at that boundary. Subsequent reuse can reduce the amortized amplification. The denominator must be specified carefully: unique algorithmic bytes and total bytes consumed across repeated accesses are not interchangeable. Spatial and temporal locality, tiling, prefetching, compression, and near-memory execution change different terms of this ratio.

For a dense matrix multiplication [image: ] with square matrices of order [image: ], a conventional count is approximately [image: ] FLOPs. If idealized blocking allows each of the three matrices to be moved once between DRAM and a sufficiently large fast memory, the nominal traffic lower estimate for reading [image: ] and reading/writing [image: ] depends on whether [image: ] starts at zero and whether write allocation occurs. Under a simplified three-matrix, one-transfer-per-element model with element size [image: ], [image: ], yielding [image: ]. This is an optimistic illustration, not a generally attainable DRAM traffic bound: capacity, associativity, tile size, and the memory model determine actual I/O complexity. Communication lower-bound theory provides a more rigorous treatment .

Energy and performance are coupled but not identical

A useful accounting identity is

[image: ]

where [image: ] is joules per operation and [image: ] is joules per byte transferred at boundary [image: ]. This equation requires care to avoid double-counting nested transfers: each [image: ] must represent incremental energy at that boundary. Amdahl-style limits also apply: reducing the energy of one term by factor [image: ] changes total energy by factor [image: ] if the optimized term originally accounts for fraction [image: ] and all other terms remain constant. Data-movement energy has long been recognized as a key consideration in accelerator design .

Architectural tradeoffs and 2027–2035 research hypotheses

Higher bandwidth can be obtained through wider interfaces, more channels, stacking, or closer integration; none is free. Wider interfaces increase routing and packaging demands, more channels increase controller complexity, and stacked memory raises thermal and yield concerns. Near-memory computing can reduce movement for selected kernels while increasing integration and programmability burdens. Accordingly, the following are research hypotheses, not demonstrated forecasts: (H1) workload-aware placement will yield larger end-to-end gains than peak-bandwidth increases for irregular applications; (H2) intelligent base dies will improve utilization only when control overhead is lower than avoided traffic and queuing penalties; (H3) co-optimized cooling and memory scheduling will be necessary to realize sustained bandwidth in dense packages. Chapters 2–15 investigate the device, system, and validation requirements behind these hypotheses.

A unified service-time model for memory-bound execution

A roofline ceiling is necessary but insufficient when the memory system contains serial phases. Consider a kernel that performs [image: ] operations and transfers [image: ] bytes across a selected boundary. Define [image: ] and [image: ], where [image: ] is the achievable compute throughput in the absence of external-memory stalls and [image: ] is the sustainable boundary bandwidth under the workload’s access pattern. If transfers and arithmetic overlap perfectly, the best possible time is [image: ]; if the two phases cannot overlap, the time becomes [image: ]. Thus an overlap factor [image: ] motivates the interpolation

[image: ]

Equation [eq:overlap] is a deliberately simplified performance model, not a universal identity. The factor [image: ] is workload- and architecture-dependent, and queueing, dependencies, and synchronization may add nonnegative delay [image: ]. A more defensible model for a specific experiment is [image: ] with [image: ] characterized rather than silently set to zero. At [image: ] ms and [image: ] ms, zero overlap predicts 10 ms; full overlap predicts 6 ms. A measured time of 8 ms would correspond to [image: ] only if [image: ] and the phase times were independently measured.

Sensitivity and the limits of bandwidth upgrades

For a strictly bandwidth-bound workload with fixed [image: ], doubling [image: ] halves [image: ]. When compute and data movement overlap perfectly, however, [image: ], so the speedup from changing bandwidth [image: ] to [image: ] is bounded by

[image: ]

under the idealized two-resource model and fixed effective compute rate. This expression is an ideal-model speedup, not a universal bound on a real device: increasing bandwidth may also alter scheduling, frequency, or power. For [image: ] ms and [image: ] ms, doubling bandwidth changes the ideal critical time from 12 ms to 6 ms (2[image: ]); tripling changes it to 5 ms (2.4[image: ]), after which arithmetic limits further benefit. The correct design question is therefore not simply whether a memory technology offers higher peak transfer rates, but whether the application remains constrained by that boundary after the upgrade.

Queueing, bank-level parallelism, and service distributions

Real memory access is a scheduling problem. A request traverses queues, arbitration, command issue, bank timing constraints, data buses, and response paths. Let [image: ] be the long-run request arrival rate, [image: ] the mean end-to-end time in the system, and [image: ] the mean number of outstanding requests. Under stable steady-state conditions, Little’s law gives

[image: ]

Unlike the fixed-latency approximation in Eq. [eq:mlp], this relation holds for averages under broad stability assumptions, provided the population and time boundaries are defined consistently. It does not guarantee that increasing the outstanding-request count will increase throughput indefinitely: service capacity eventually saturates, and queueing delay can rise sharply.

A minimal queueing illustration

For an idealized M/M/1 queue with Poisson arrivals and exponentially distributed service time, service rate [image: ], and utilization [image: ], mean response time is

[image: ]

At 50% utilization, mean time is twice mean service time; at 90% it is ten times. These numbers are illustrative consequences of the M/M/1 assumptions, not predictions of DRAM latency. Actual DRAM controllers have multiple banks, non-Poisson arrivals, read/write turnarounds, row-hit asymmetries, refresh operations, and correlated bursts. Nonetheless the example demonstrates why a near-saturated interface can exhibit long-tail latency even when average throughput appears excellent.

Bank conflicts and row locality

A simplified DRAM timing decomposition distinguishes row activation, column access, precharge, and bus transfer. A row-buffer hit may avoid activation and precharge relative to a conflict, whereas a row miss can require both. This explains why a quoted “DRAM latency” is not a universal constant. In a controlled characterization, record row-hit rate, bank-level concurrency, access stride, request sizes, read/write mix, and controller policy. The effect of adding banks should be evaluated jointly with address mapping and controller scheduling; more banks do not remove bandwidth or power-delivery limits.

Communication complexity and the cost of insufficient locality

For dense linear algebra, the number of arithmetic operations alone obscures the minimum data movement required by the memory hierarchy. Consider matrix multiplication of three [image: ] matrices over a two-level memory model with fast-memory capacity [image: ] elements. Under conventional assumptions for classical matrix multiplication, communication lower-bound arguments imply asymptotically

[image: ]

for sufficiently large problems, in addition to compulsory input/output traffic. Constants and the precise model matter; Eq. [eq:comm] should not be interpreted as a hardware-specific byte count. The lower-bound perspective follows the communication-complexity framework of Hong and Kung .

Blocked multiplication: a constructive traffic estimate

Partition matrices into square tiles of side [image: ], with enough fast memory for one tile of each of [image: ], [image: ], and [image: ]; the simple capacity condition is [image: ]. A basic blocked algorithm updates each output tile across [image: ] inner tiles. Ignoring edge effects and assuming [image: ] divisible by [image: ], there are [image: ] tile multiplications. Reading two input tiles for every multiplication gives approximately

[image: ]

Reading and writing output tiles once adds approximately [image: ] elements if the initial output must be read. The estimate is not optimal for every schedule and neglects write allocation, coherence, and cache conflict misses. Nevertheless it demonstrates why tile size matters: doubling [image: ] approximately halves dominant input traffic until fast-memory capacity or another constraint prevents further growth. With element size [image: ], the arithmetic intensity for large [image: ] becomes approximately [image: ] FLOP/byte. This is a useful engineering approximation, not an unconditional bound.

A worked tile-capacity example

Suppose fast memory can reserve [image: ] scalar elements for the three tiles. The capacity inequality gives [image: ]. For 4-byte elements, the dominant-term intensity estimate is [image: ] FLOP/byte. If the usable fast-memory allocation is reduced fourfold, the maximum tile side drops to 64 and the estimated intensity to 16 FLOP/byte. In practice, registers, shared memory, cache associativity, buffering, and occupancy introduce additional constraints; the model provides a first-order screening test for implementation choices.

Energy–delay optimization and memory-system efficiency

A memory optimization can reduce execution time while increasing total energy, particularly when additional channels, higher clocks, or wider interfaces raise static and dynamic power. Let [image: ], with [image: ] the dynamic energy and [image: ] average static power. The energy–delay product is [image: ]. For two designs [image: ] and [image: ], design [image: ] improves EDP precisely when

[image: ]

If [image: ] is 20% faster ([image: ]), it may consume up to 25% more energy before EDP ceases to improve. This is an algebraic tradeoff, not an endorsement of EDP as the only design objective. Thermal limits, absolute energy budgets, quality-of-service latency, cost, and reliability may override an EDP optimum.

Avoiding misleading comparisons

Compare energy per useful operation, not energy per nominal peak operation, and normalize the amount of work completed. Report both idle and active power, memory capacity, data precision, memory footprint, and cooling assumptions. When comparing compute-in-memory with conventional execution, include data conversion, peripheral circuitry, program/data placement, write endurance where relevant, and host-device transfers. Otherwise apparent reductions in movement energy can simply reflect omitted boundary costs.

An experimental methodology for credible memory claims

A rigorous memory experiment separates independent variables from measured responses. The independent variables can include working-set size, stride, read/write ratio, outstanding request depth, thread count, precision, tile size, and data placement. Responses include sustained throughput, median and tail latency, energy per useful byte, thermal state, and error rate. The measurement procedure should state warm-up duration, clock and power settings, repetition count, confidence interval method, and instrumentation uncertainty.

Three complementary benchmark families

Streaming transfers expose sustainable throughput when access is regular and concurrency is abundant. Pointer chasing creates dependency chains that suppress memory-level parallelism and can approximate load-to-use latency, although compiler optimizations and cache residency must be controlled. Application kernels test whether microbenchmark improvements translate into useful work, with algorithmic intensity and DRAM traffic independently estimated. A defensible study uses all three rather than equating a vendor bandwidth specification with application performance.

Uncertainty propagation

For measured performance [image: ] with effectively exact operation count [image: ] and time uncertainty [image: ], first-order propagation gives [image: ]. For measured intensity [image: ] with traffic uncertainty [image: ], [image: ]. If both numerator and denominator are uncertain and uncorrelated, their squared relative uncertainties add; if correlated, covariance must be included. Report instrument resolution and run-to-run variability separately. A result that changes by 3% cannot establish a meaningful improvement when combined uncertainty is 5%.

Measurement controls required to interpret memory performance.

	Claim

	Essential control

	Typical failure mode

	Bandwidth gain

	Identical traffic, precision, and transfer definition

	Peak interface rate mistaken for sustainable traffic


	Latency gain

	Fixed dependency depth and working set

	Cache hits contaminate DRAM latency


	Energy gain

	Equal completed work and full boundary accounting

	Peripheral or idle power omitted


	Scaling gain

	Controlled concurrency and thermal conditions

	Frequency throttling changes baseline


	Locality gain

	Traffic counters and data-layout disclosure

	Reuse assumed rather than measured



Research agenda: from 2026 evidence to 2035 hypotheses

The 2027–2035 outlook should be evaluated as a set of conditional research trajectories, not a timeline of guaranteed products. Trajectory A: higher-bandwidth stacked memory will increase the value of controller scheduling and package-level thermal coordination, conditional on sustainable power delivery and manufacturable interconnects. Trajectory B: near-memory and in-memory execution may reduce transfers for kernels with favorable data placement, provided conversion, synchronization, and programming overheads do not erase savings. Trajectory C: intelligent memory subsystems may adapt placement, refresh, and scheduling to workload phases, but require demonstrable stability, isolation, and quality-of-service guarantees. These are proposed evaluation directions, not measured outcomes.

A credible future study should preregister workload suites and baseline conditions, measure power and latency under steady thermal state, publish code and configuration metadata where licensing permits, and include failure cases. Chapter 2 moves from system-level symptoms to DRAM device physics; Chapters 3–5 formalize hierarchy and mathematical models; Chapters 6–10 examine stacked memory and integration; and Chapters 11–15 assess computation near and inside memory and adaptive control.

The memory wall as a constrained optimization problem

An architect cannot minimize latency, energy, cost, and temperature independently. Let [image: ] represent a design vector containing channel count, interface rate, queue depth, bank mapping, cache allocation, and cooling capacity. A workload-dependent objective may be expressed as

[image: ]

The positive normalizers [image: ] render the weighted objective dimensionless; the weights must be disclosed because different weights imply different preferred architectures. [image: ] denotes a specified reliability metric, not an unspecified claim of reliability. For a safety-critical system, a constrained formulation minimizing execution time under hard energy and error-rate limits may be more appropriate than weighted averaging. The design problem is nonconvex in general: queue depth can improve utilization until contention increases latency, while aggressive clocks can increase power and force thermal throttling. A reported optimum therefore needs a declared workload, design space, and solver or search procedure.

A Pareto-front example

Consider three illustrative configurations for identical useful work: A completes in 10 ms at 50 J; B in 8 ms at 55 J; and C in 9 ms at 44 J. Configuration A is dominated by C because C is both faster and less energy intensive. B and C are nondominated: B is faster, C consumes less energy. The corresponding energy–delay products are 500, 440, and 396 J ms, respectively. Under EDP, C wins even though B has the shortest execution time. These invented values demonstrate the decision method; they are not device measurements. A complete evaluation must also account for throughput under sustained load, reliability, and manufacturing cost.

Bank-level concurrency and service scheduling

A DRAM channel exposes multiple banks, but bank count is not synonymous with usable parallelism. Requests may conflict on a row buffer, contend for shared command or data buses, or be serialized by timing constraints. A simplified bank-service model distinguishes row hits and row conflicts. Let [image: ] denote the fraction of requests that are row hits, and let [image: ] and [image: ] denote illustrative effective service times for hits and misses. Under a fixed request mix,

[image: ]

This is a mixture identity, not a complete DRAM timing simulator. For [image: ], [image: ] ns, and [image: ] ns, the average is 32 ns; if locality reduces [image: ] to 0.3, it rises to 48 ns. Real bank commands can overlap and the values depend on refresh, scheduling, and device timings. Thus [image: ] is not automatically channel throughput.

Queueing and tail latency

For a deliberately idealized M/M/1 queue with arrival rate [image: ] and service rate [image: ], utilization is [image: ], and the mean time in system is

[image: ]

If mean service time is 40 ns and utilization is 0.8, the model predicts 200 ns mean response time; at utilization 0.95 it predicts 800 ns. This dramatic growth is a queueing effect, not a fourfold increase in raw device latency. Actual memory controllers are neither single-server nor memoryless, so Eq. [eq:mm1] is an intuition-building limit case only. An empirical controller study should report median, 95th-percentile, and 99th-percentile latency at fixed offered load, alongside request mix and address distribution.

Idealized M/M/1 response-time amplification. The curve is an analytical illustration and does not describe a measured DRAM controller.

Why scheduler fairness matters

A throughput-maximizing policy may favor row hits and postpone requests to other rows. That can improve average throughput while harming tail

A dimensionally consistent model of communication cost




Locality as an energy multiplier


A bottleneck-identification decision procedure



Operational intensity is not invariant under optimization


From single-device models to heterogeneous memory systems




Corrected normalized placement objective




Failure modes and falsifiable research hypotheses



	
	
	
	
	
	

	
	
	

	
	
	

	
	
	


Extended doctoral exercises and laboratory design challenges

	Using Eq. [eq:mm1], calculate mean response time at utilizations 0.50, 0.80, 0.90, and 0.95 for a mean service time of 30 ns. Explain why the result should not be used as a DRAM timing specification.

	Given three designs with [image: ] pairs (10 ms, 50 J), (8 ms, 55 J), and (9 ms, 44 J), identify the Pareto set and calculate EDP. State how a maximum 45-J energy constraint changes the choice.

	A memory interface sends 64-byte useful payloads with 16-byte transaction overhead. Compute efficiency. Recompute after combining two payloads into one transaction and discuss when combining might worsen latency.

	Design an experiment to distinguish bank conflicts from insufficient memory-level parallelism. Specify address patterns, queue-depth sweep, measured counters, and statistical treatment.

	Formulate a two-tier placement optimization with capacity limits, migration cost, and a 99th-percentile latency constraint. Explain why a linear mean-latency model may violate the tail constraint.

	Critically evaluate a hypothetical claim of 30% lower memory energy. List the measurements necessary to rule out reduced useful work, omitted peripheral power, and unequal thermal states.


Lab 4: Queueing-model sensitivity.


Lab 5: Energy-accounting audit.


Lab 6: Two-tier placement prototype.


Graduate exercises

	Derive the ridge intensity for a 160-TFLOP/s processor connected to 3.2-TB/s sustainable memory. Compute roofline ceilings at intensities 5, 25, and 100 FLOP/byte. Explain why none is a benchmark prediction.

	Starting from Eq. [eq:mlp], calculate minimum outstanding 128-byte requests needed to sustain 400 GB/s at 80 ns latency. Repeat for 160 ns and interpret the effect of latency.

	A workload performs [image: ] FLOPs and transfers 800 GB from DRAM. Estimate its intensity, bandwidth roof under 2.5 TB/s, and minimum transfer time. State unit conventions.

	Under the incremental energy model, compute total energy for [image: ] operations at 2 pJ/operation and 200 GB transferred at 12 pJ/byte, ignoring other terms. Recalculate after halving traffic; report assumptions.

	Propose a controlled experiment that distinguishes bandwidth saturation from latency sensitivity and cache capacity misses. Identify three confounders and a measurement strategy for each.


Laboratory tests and verification protocol

Lab 1: Reproducible roofline sweep.


Lab 2: Concurrency sensitivity.


Lab 3: Empirical protocol.


A quantitative locality case study: sparse gather versus blocked dense computation



Sensitivity to reuse probability




Little’s law and the limits of request-level parallelism





Dependency chains and effective parallelism


End-to-end speedup bounds and system-level accounting




Useful work, wall power, and carbon accounting


A memory-controller contention model with explicit assumptions






Measurement uncertainty, validity, and reproducibility



A preregistered comparison matrix


Additional research problems and validation tasks

	Derive Eq. [eq:reuseprob] from its traffic assumptions, compute [image: ] for [image: ], and explain why [image: ] does not imply zero index traffic.

	For the two M/G/1 cases in Eq. [eq:pk], reproduce mean waiting times, then double arrival rate only if the stability condition permits. State what fails when [image: ].

	Derive the additional concurrency needed to maintain 320 GB/s when mean request latency grows from 120 ns to 180 ns with 128-byte payloads.

	Construct a paired-run experiment for two memory placements and state how you would estimate uncertainty without treating correlated samples as independent.


Lab 7: Request-level parallelism audit.


Lab 8: Queueing-variance experiment.


Chapter synthesis
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