Table 1. The systems and infrastructure categories of Part VI: primary-category output, compound annual
growth, and structural-change estimates of the monthly log-volume series.

Category n 2018 n2022 n2025 CAGRbase CAGR post Slope ch. p Placebo
Computer architecture 19,554 15,174 20,209 -0.061 0.111 0.016 0.000 0.06
Accelerators and Al hardware 818 1,421 1,906 0.148 0.092 0.018 0.000 0.16
Operating systems 1,556 1,083 1,363 -0.087 0.078 0.016  0.000 0.47
Distributed computing 11,519 9,379 12,550 -0.050 0.132 0.020 0.000 0.07
Cloud computing 9,396 7,103 10,974 -0.068 0.198 0.019 0.000 0.23
Edge computing 5,185 8,554 11,554 0.133 0.126 0.004 0.006 0.07
Computer networks 58,744 49,141 59,555 -0.044 0.071 0.009 0.000 0.20
Database systems 16,265 13,625 16,681 -0.043 0.073 0.014 0.000 0.09
Information retrieval 12,095 11,243 17,379 -0.018 0.176 0.023  0.000 0.09
Quantum computing 6,224 9216 17471 0.103 0.287 0.018 0.000 0.16
Sustainable computing 583 830 1,639 0.092 0.233 0.016 0.000 0.16

Counts are eligible works whose primary category is the row category (multi-label memberships are larger). CAGR base: 2018 to Z
(complete years). Slope ch.: change in the monthly trend of the log-volume series at 2022-12 in the interrupted time-series model ¢
Placebo p: share of placebo event dates whose slope statistic is at least as extreme; BP breaks: Bai—Perron break dates selected t

excluded from the growth columns.

1. Scope and evidence

This part reviews the eleven categories of the taxonomy that describe how computation is built,
housed and delivered: computer architecture, accelerators and Al hardware, operating systems,
distributed computing, cloud computing, edge computing, computer networks, database systems,
information retrieval, quantum computing and sustainable computing. In the area partition of
Appendix A the first six belong to data and distributed systems and the last five to hardware and
emerging paradigms; the grouping adopted here follows the intellectual dependencies instead,
so that accelerators are read with architecture, operating systems with distributed systems, and
information retrieval with databases.

The evidence is of two kinds and the two are kept apart throughout. The first is the corpus
itself: the yearly primary-category counts and growth rates of Part IX (Tables ?? and 1), the
structural-change estimates of the monthly log-volume series (Table ??), and the citation flows
between categories of the knowledge graph. The second is the landmark lists of the two areas, 152
records for data and distributed systems and 125 for hardware and emerging paradigms, selected
by the rule of Part III (the most cited works of each primary category under the field-normalised
thirty-six-month window, with a floor of twenty-five records per category; for 2025 and 2026,
twelve-month citations relative to the year mean). What is known about these works is their
metadata and, for most of them, their abstract; no full text was consulted. Consequently every

statement about the content of a paper below reports what its abstract says, and a paper whose



abstract is absent from the corpus is described from its title and venue only. Preprints are named as
preprints. The structured record of each claim, with its evidence type and confidence, is in the file
literature_synthesis/agent_F/claims.csv.

Two properties of the landmark lists bound what they can show. The selection rule favours
records that OpenAlex has dated to a re-publication rather than to the original: the distributed-
computing list opens with MapReduce (Dean and Ghemawat, 2008), Lamport’s “Time, clocks” and
“The Byzantine generals problem” recorded as 2018-2019 items, and the computer-architecture list
is headed by the NumPy paper. Such records measure what the field cites, not what it produced,
and they are set aside. The rule also admits, for 2025-2026, records with very few citations in
absolute terms, so that the most recent “landmarks” are indications of current citation rather than
established contributions. More consequential is classification noise. Roughly one record in five
in the two lists is not systems research at all: dissertations on language teaching and admission
systems under cloud computing and operating systems, an ethnography of mobile phones and
the Paleobiology Database user guide under database systems, nursing students’ Al literacy and
regulatory sandboxes under operating systems, mammography screening under quantum computing,
higher-education surveys under sustainable computing, control-theory papers under distributed
computing, molecular-dynamics codes under computer architecture. These records are listed, with
their identifiers, in 1literature_synthesis/agent_F/review.md; they are excluded from the
synthesis, and their frequency is reported because it bounds the precision of every category-level
statistic that follows. The taxonomy’s validation in Appendix A did not sample these categories
at the depth that would estimate the error rate, and this is recorded as an open problem for the

data-quality discussion of Part XI.

2. The systems categories in the corpus

2.1. Volume, growth and share

Table | assembles, for the eleven categories, the primary-category output in 2018, 2022 and 2025,
the compound annual growth rates over the baseline (2018-2022) and post (2023-2025) periods,
and the structural-change statistics discussed below. The first regularity is a division into two groups.
Seven classical categories declined in absolute output between 2018 and 2022 and grew between
2023 and 2025: computer architecture (-0.061 then 0.111 per year), operating systems (-0.087 then
0.078), distributed computing (-0.050 then 0.132), cloud computing (-0.068 then 0.198), computer
networks (-0.044 then 0.071), database systems (-0.043 then 0.073) and information retrieval (-0.018
then 0.176). Four categories grew in both periods: edge computing (0.133 then 0.126), quantum
computing (0.103 then 0.287), sustainable computing (0.092 then 0.233) and Al accelerators (0.148

then 0.092). The 2026 counts are excluded from the growth rates because the year is incomplete.
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The second regularity concerns shares rather than levels. Computer networks, the largest of
the eleven, held 0.118 of all primary output in 2018 and 0.067 in 2025; computer architecture fell
from 0.039 to 0.023, database systems from 0.033 to 0.019, distributed computing from 0.023 to
0.014, cloud computing from 0.019 to 0.012 and operating systems from 0.003 to 0.002. Quantum
computing rose from 0.012 to 0.020 and sustainable computing from 0.001 to 0.002. The relative
decline of the classical systems fields is therefore a phenomenon of the whole period: it began
before November 2022 and continued after it, while the absolute output of those fields recovered.
Any reading of the post-2022 recovery as a response to a new workload must be weighed against the

simpler possibility of reversion after a four-year decline whose causes this corpus does not identify.

2.2. Structural change

The interrupted time-series model of Part IV, fitted to the monthly log-volume series of each category
with the event at December 2022, yields a positive change in trend for all eleven categories, with
heteroskedasticity-and-autocorrelation-consistent p-values below one per cent in every case. The
change is smallest for edge computing (0.004 per month, p = 0.006) and largest for information
retrieval (0.023), with distributed computing (0.020), cloud computing (0.019), accelerators (0.018),
quantum computing (0.018), architecture (0.016), operating systems (0.016), sustainable computing
(0.016), database systems (0.014) and networks (0.009) in between. The uniformity is the finding.
A steepening of the same order in quantum computing, which has no methodological connection
with language models, and in information retrieval, which has a direct one, is not the signature of a
workload-specific shock; it is the signature of a field-wide acceleration whose timing the placebo
analysis then tests.

The placebo test rejects date-specificity for every systems category. The share of alternative
event dates whose slope statistic is at least as extreme as the one estimated at December 2022 would
have to be small for the date to be singled out, and it is never small: 0.062 for architecture, 0.077
for distributed computing, 0.077 for edge computing, 0.092 for databases, 0.092 for information
retrieval, 0.169 for quantum computing, 0.169 for accelerators, 0.169 for sustainable computing,
0.200 for networks, 0.231 for cloud computing and 0.477 for operating systems. Level changes at
the event month are heterogeneous in sign: negative and significant at the five-per-cent level for
information retrieval (-0.094, p = 0.019), accelerators (-0.113, p = 0.027) and quantum computing (-
0.087, p = 0.039); positive and significant for computer networks (0.043, p = 0.021) and sustainable
computing (0.049, p = 0.048); indistinguishable from zero for the other six, with cloud computing
the clearest null (0.003, p = 0.936). The placebo p-values for the level statistics exceed 0.477 in
every category. The Bai—Perron break dates selected by the Bayesian information criterion, reported
in Table 1, are scattered from the beginning of 2022 to the spring of 2025; cloud computing is the
only category with a selected break in the month of the ChatGPT release, and the single break of the



networks series precedes it. The reading that the corpus supports is a broad acceleration of systems
output from 2022-2023 onward that the November 2022 date does not single out, superimposed on

the prior decline of the classical categories.

2.3. Citation flows

The category-to-category citation flows of the knowledge graph, aggregated over citing years 2018—
2022 and 2023-2026,' show the systems categories to be strongly self-referential and stable. In
the post years the share of references that a category’s works send to works of the same category
is 84.9% for quantum computing, 72.4% for computer networks, 59.2% for information retrieval,
57.7% for computer architecture, 40.6% for database systems, 34.7% for accelerators, 33.1% for
cloud computing, 29.8% for distributed computing, 24.4% for edge computing, 16.0% for operating
systems and 11.3% for sustainable computing. None of these shares moved by more than a few
points from the baseline years (operating systems from 20.5%, quantum computing from 88.3%).
Three details are relevant to the synthesis. The large-language-model category receives 3.0% of
information-retrieval references in the post years against 0.7% before, the only systems category
in which that destination becomes measurable. Operating systems now sends more references to
computer architecture (18.8%) than to itself, which is consistent with the GPU-centred systems work
reviewed in Section 4. Edge computing and sustainable computing cite computer networks (29.5%
and 14.2%) more than their own category in both periods, a fact about where the classifier draws its
boundaries as much as about intellectual dependence. The flows give no sign of a reorganisation
of the systems fields around artificial intelligence between the two periods; what changed, as the
following sections show, is the content of the most cited works within categories whose citation

neighbourhoods stayed where they were.

3. Computer architecture and accelerators

3.1. The end of scaling and the arrival of one workload

The architecture literature of the baseline period is organised around a diagnosis that predates it:
the end of Dennard scaling (Dennard et al., 1974) and the slowing of Moore’s law left domain-
specific architecture as the remaining route to performance, a position stated in the Turing lecture of
Hennessy and Patterson (2019) and quantified by Leiserson et al. (2020), who locate the remaining
gains in software, algorithms and hardware specialisation rather than in transistors. The tensor
processing unit (Jouppi et al., 2017) and the GPU lineage (Dally et al., 2021) are the canonical

ICalendar citing years; the aggregation does not use the 30 November 2022 boundary.  Source:
results/graph/category_flows_yearly.csv, aggregated by the macros of tables/make_numbers.py.



instances; Sze et al. (2017) is the standard account of why neural-network inference rewards
specialised data paths. The landmark lists confirm that this is the lineage the field cites, and they add
the processing-in-memory primer of Mutlu et al. (2023) and the concurrency analysis of distributed
deep learning by Ben-Nun and Hoefler (2020) as the most cited expository works of the pre-2022
years. What the baseline lists also contain, and what is set aside, are scientific-software papers
(NumPy, NAMD, Quantum ESPRESSO) that the classifier assigns to architecture because their
topics concern CPU and GPU execution.

After 2022 the most cited architecture works, once misclassified records are removed, form
a single set: systems papers for the training and serving of large language models. This is the
central empirical observation of this section and it is a statement about metadata, not about the
field’s full output: the citation-ranked top of the category is occupied by one workload. The corpus
statistics of Section 2 qualify it at once. Architecture’s trend change at December 2022 (0.016 per
month) is in the middle of the systems range, its level change is null (p = 0.771), and its share of
computer-science output fell from 0.039 to 0.023. The concentration of citation on LLM systems
papers occurred within a category that did not grow faster than the rest and whose relative weight

continued to decline.

3.2. Training and inference systems

The training-systems line is largely a pre-window inheritance recorded in preprints and conference
papers: tensor and pipeline parallelism in Megatron-LM (Shoeybi et al., 2019, preprint) and its
scaling to thousands of GPUs (Narayanan et al., 2021), memory partitioning of optimiser state
in ZeRO (Rajbhandari et al., 2020), fully sharded data parallelism in PyTorch (Zhao et al., 2023,
preprint), and the asynchronous dataflow of Pathways (Barham et al., 2022, preprint). The compiler
stack beneath these systems is the one documented in Part VII: LLVM and MLIR (Lattner and
Adve, 2004; Lattner et al., 2021), TVM (Chen et al., 2018, preprint), Triton (Tillet et al., 2019).
The landmark set adds the paper that brought graph compilation into the dominant framework:
Ansel et al. (2024) describe TorchDynamo, which captures computation graphs by rewriting Python
bytecode before execution, and TorchInductor, which lowers them to Triton for GPUs and to C++
for CPUs; the abstract reports geometric-mean speedups of 2.27x for inference and 1.41x for
training over eager execution on the authors’ model suite. This is a vendor-authored evaluation of
the authors’ own system, which is the norm in this literature and the reason the claims below are
reported as the authors’ rather than as established.

The inference-systems line is where the window’s own contributions lie, and it is organised by
one bottleneck. Gholami et al. (2024), in a perspective article in IEEE Micro, state that peak server
FLOPS grew at 3.0 per two years over the past twenty years while DRAM bandwidth grew at 1.6 x
and interconnect bandwidth at 1.4, and argue that memory bandwidth, not arithmetic throughput,



has become the binding constraint for decoder-only Transformers at serving time. The trend figures
are the authors’ and are not re-derived here, but the diagnosis organises the rest of the literature.
Pope et al. (2022), in a preprint, derive the latency—throughput frontier of Transformer inference
under memory and communication limits; FlashAttention (Dao et al., 2022, preprint) reduces
memory traffic of the attention kernel by tiling; quantisation methods reduce the weight bytes
moved per token, from post-training GPTQ (Frantar et al., 2022, preprint) to activation-aware AWQ,
whose abstract reports an algorithm—system co-design with an on-device framework (TinyChat) that
converts memory savings into speedups through on-the-fly dequantisation and kernel fusion (Lin et
al., 2025). The serving systems proper are discussed with operating systems in Section 4, because
their abstraction is memory management; here it suffices to note that Splitwise (Patel et al., 2024),
an ISCA paper, characterises each inference request as a compute-intensive prompt phase and a
memory-intensive token-generation phase with distinct latency, throughput and power profiles, and
places the two phases on separate machine pools so that generation runs on older or lower-power
hardware. Taken together these works establish, at the level of abstracts, that the architecture
community’s response to the LLM workload in 2023-2025 was to redesign the memory system
and the deployment topology rather than the arithmetic unit. Whether the memory-wall diagnosis
survives changes in the installed base, and whether gains attributed to it come from bandwidth or
from model-side sparsity, are open (Section 10).

The survey of Silvano et al. (2025) closes the period: it classifies accelerators for heterogeneous
HPC platforms into GPU and TPU systems, FPGA and ASIC designs, neural processing units, open
RISC-V accelerators, and emerging-memory and neuromorphic devices. That such a survey, and
the earlier benchmarking of commercial accelerators by Reuther et al. (2022) and TPU v4 (Jouppi
et al., 2023), do not appear in the accelerator landmark list but in the bibliography is a reminder that

the classifier routes digital accelerators to architecture.

3.3. Photonic, neuromorphic and in-memory accelerators

The accelerator category is the one most affected by classification: at least half of its post-period
landmarks are memristive and chaotic Hopfield-network circuit papers in journals of nonlinear
dynamics and circuit design, a literature on attractors, multistability and image encryption that
the topic classifier maps to Al hardware. Removing it leaves a photonic and neuromorphic thread
whose baseline anchors are Loihi, Intel’s neuromorphic manycore processor with programmable
synaptic learning rules (Davies et al., 2018), and the perspective on neuromorphic algorithms and
applications of Schuman et al. (2022). The post-period additions are optical: the Taichi photonic
chiplet (Xu et al., 2024), whose abstract reports a diffractive—interference hybrid design with a
distributed architecture reaching 160 TOPS/W and on-chip classification over a thousand categories;

the universal photonic accelerator of Ahmed et al. (2025), for which the corpus holds no abstract;



a review of optical neural networks (Fu et al., 2024); and, in 2026, a monolithically integrated
neuromorphic photonic circuit with on-chip capacitive analog memory, whose abstract reports
an analysed power saving of more than 26 x relative to SRAM-DAC designs (Lam et al., 2026),
together with a hyper-multiplexed matrix—matrix optical processor.

These are device-level demonstrations evaluated on small tasks, and the efficiency figures they
report are figures for the photonic core. None of the abstracts reports end-to-end energy including
digital-to-analog and analog-to-digital conversion, memory traffic and precision loss, and none
compares against a precision-matched digital accelerator under a shared benchmark. The literature is
therefore classified here as speculative with respect to its claim on the computing infrastructure: the
physics is established, the system-level advantage is not. The corpus statistics reinforce the caution.
The accelerator category’s level fell at December 2022 (-0.113, p = 0.027), its post-period growth
(0.092 per year) is slower than its baseline growth (0.148), and its references go to deep-learning
architectures (23.1%) and computer architecture (17.4%) in proportions that did not change between
periods. Whatever occurred in Al hardware after 2022 is not visible as a surge in this category’s

volume or as a reorientation of its citations.

4. Operating systems and distributed systems

4.1. Operating systems: memory abstractions for accelerators

Operating systems is the smallest of the eleven categories (1,363 primary works in 2025) and the
one that contracted fastest before the window (-0.087 per year), recovering at 0.078 per year in
2023-2025 while its share of computer science continued to fall. Its baseline landmarks are what
one would expect of the late 2010s: customisable trusted execution environments on RISC-V in
Keystone (Lee et al., 2020), sub-millisecond serverless runtimes for interactive microservices in
Nightcore (Jia and Witchel, 2021), the Berkeley position paper on serverless computing (Jonas et
al., 2019, preprint), and key-value stores for persistent memory. Unikernels (Madhavapeddy et al.,
2013; Kuenzer et al., 2021) and kernel-bypass or in-kernel packet processing with XDP and eBPF
(Hgiland-Jgrgensen et al., 2018; Vieira et al., 2021) belong to the same lineage and are cited by the
corpus, though they do not reach the landmark threshold.

The post-period landmarks are of a different kind. Powerlnfer (Song et al., 2024), an SOSP
paper, observes that neuron activations in large models follow a power-law distribution, keeps the
consistently active “hot” neurons on a consumer GPU and computes the input-dependent “cold”
ones on the CPU, with predictors and sparse operators to bridge the two. Orion (Strati et al.,
2024) intercepts the kernel launches of several clients sharing a GPU and schedules them at the
granularity of individual operators so as to limit interference at the scale of tens of microseconds.
vAttention (Prabhu et al., 2025) contests the memory abstraction of vLLM (Kwon et al., 2023):
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where PagedAttention allocates the key—value cache on demand in non-contiguous pages, inspired
by virtual memory and paging, vAttention argues that the loss of contiguity imposes programming
and performance overheads and restores a contiguous virtual layout through CUDA virtual-memory
primitives. This is a live design controversy, and the corpus offers no way to adjudicate it: each
system is evaluated by its authors on particular GPU generations and traces, and no neutral,
versioned serving benchmark exists. What the abstracts establish is narrower and more interesting:
the operating-systems problem of 2023-2025, as the field’s most cited work defines it, is the
management of accelerator memory and accelerator time for one workload, and the classical
concerns of the baseline years—isolation, serverless latency, persistent memory—no longer appear
at the top of the category. The citation flows agree: operating-systems works now send more
references to computer architecture (18.8%) than to their own category (16.0%).

Two further items qualify the picture. The “LLM as operating system” proposals that the
bibliography records (Packer et al., 2023; Ge et al., 2023; Mei et al., 2024, all preprints) treat context
management and tool scheduling for language-model agents as an operating-systems problem by
analogy; they are position statements, not systems in the sense of the papers above, and none
reaches the landmark list. The standardisation of the BPF instruction set as an IETF RFC (Internet
Engineering Task Force, 2024) in 2024, together with an in-kernel aggregation preprint whose record
is misdated in the corpus, suggests that kernel-extension technology remained an infrastructure
theme of the period; the evidence is one RFC and one abstract, and the suggestion is recorded as

such.

4.2. Distributed computing: a canon cited, not renewed

The distributed-computing landmark list is dominated by what the field cites rather than by what
it produced: re-dated records of MapReduce (Dean and Ghemawat, 2008), Lamport’s logical
clocks and the Byzantine generals problem head the baseline, and the canon that the bibliography
documents—Paxos (Lamport, 1998), practical Byzantine fault tolerance (Castro and Liskov, 2002),
the CAP formulation (Gilbert and Lynch, 2002), Spanner (Corbett et al., 2013), Spark (Zaharia et
al., 2016), Borg and Kubernetes (Verma et al., 2015; Burns et al., 2016)—is present in the references
of the period without any post-2022 work of comparable standing in consensus, transactions or fault
tolerance reaching the list. The growth topic of the baseline years was blockchain: a blockchain
survey appears twice under distinct OpenAlex identifiers, the selfish-mining paper “Majority is not
enough” and a consensus pre-processing method are among the most cited, and in the post years
distributed-computing works still send 4.3% of their references to the blockchain category. The
category’s trend change at December 2022 is among the largest of the eleven (0.020 per month) and
its output recovered at 0.132 per year after declining at -0.050; two Bai—Perron breaks are selected,

neither in the event month (Table 1).



The post-period landmarks that survive scrutiny are three. vVLLM (Kwon et al., 2023), classified
here rather than under operating systems, reports that near-zero waste of key—value-cache memory
and the sharing of cache blocks within and across requests raise throughput by two to four times at
equal latency relative to the previous state of the art. OrbitalBrain proposes in-space distributed
training on Earth-observation nanosatellites under bandwidth and power constraints, and a live
race-bypassing system for deployed multithreaded applications appears as a 2026 repository record
of older work. The first is the window’s single most influential systems artefact in this area; the
other two are indications of citation rather than landmarks. Federated learning, which the taxonomy
treats as a category of its own but which is a distributed-systems topic in its mechanics (McMahan
et al., 2016; Kairouz and McMahan, 2021; Li et al., 2020), appears in the systems lists only through
surveys, discussed in Section 9. The conclusion for distributed computing is therefore negative
in a precise sense: the corpus records no renewal of the field’s theoretical or protocol canon in
2023-2026, and records its most cited new work as an inference-serving system whose intellectual

home is the operating-systems tradition of memory management.

5. Cloud and edge computing

5.1. Cloud computing: the same problem, a new workload

Cloud computing’s baseline landmarks are scheduling and placement papers—yvirtual-machine
allocation with usage prediction, QoS-aware scheduling for energy conservation, metaheuristic task
scheduling—together with surveys of data-centre energy efficiency and of IoT—cloud integration.
The post-period landmarks keep the problem and change the workload. The review of deep-
reinforcement-learning methods for cloud resource scheduling by Zhou et al. (2024) is the bridge;
the 2026 slice consists almost entirely of scheduling for large-language-model inference: token-
level pooling and slicing of GPUs for co-located models, contextual-bandit elastic scheduling for
serverless multi-tenant inference (Li et al., 2026), and carbon-aware prompt scheduling, whose
abstract reports, in trace-driven simulation, a reduction of 26.8% in carbon per thousand generated
tokens relative to round-robin routing (Liao et al., 2026). These 2026 records are provisional
landmarks in the sense of Section 1, they appear in smaller IEEE conferences, and each is evaluated
in simulation or on a single testbed; they are cited here not as results but as evidence of what the
cloud-computing literature of 2026 is about. The one post-period landmark with an operations
rather than a scheduling focus is RCACopilot (Chen et al., 2024), a EuroSys paper that matches
cloud incidents to handlers, aggregates runtime diagnostics and uses a language model to predict
the root-cause category and produce an explanatory narrative; the abstract reports accuracy up to
0.766 on a year of incidents from one provider, a proprietary evaluation that no public benchmark

allows to be reproduced.



The corpus statistics for cloud computing are distinctive in one respect. Its level change at
December 2022 is the clearest null of the eleven (0.003, p = 0.936), its trend change is 0.019 per
month, and it is the only systems category for which the Bayesian information criterion selects a Bai—
Perron break in the month of the ChatGPT release, with a second break two years later. The placebo
result (0.231) does not permit the coincidence to be read as specific, and the category’s output had
been contracting at -0.068 per year before recovering at 0.198. The serverless agenda of the baseline
(Jonas et al., 2019) survives in the 2026 papers as the deployment model for inference; what the
landmark set does not contain is any post-2022 work on the cloud’s own abstractions—storage,

consistency, multi-tenancy—of the standing of the Borg or Spanner papers.

5.2. Edge computing: a change of subject without a change of output

Edge computing offers the sharpest contrast between what is cited and what is produced. Its baseline
landmarks are the blockchain—IoT integration papers of 2018-2019, the Edge Intelligence survey
of Zhou et al. (2019), and a cluster of COVID-era reviews of IoT applications that the classifier
assigns to the category; the lineage runs from the definitions of Shi et al. (2016) and Satyanarayanan
(2017) through the edge-intelligence surveys (Deng et al., 2020) to the 6G framing of edge Al
(Letaief et al., 2022). The post-period landmarks are surveys and visions about language models at
the edge: mobile edge intelligence for LLMs, which positions the mobile network edge between
on-device and cloud inference on grounds of privacy, latency and bandwidth (Qu et al., 2025);
edge general intelligence with agentic Al, which proposes that distributed edge entities become
autonomous agents with perception—reasoning—action loops (Zhang et al., 2026); edge—cloud
collaborative computing on distributed intelligence and model optimisation (Liu et al., 2026); and
Al Flow, a device—edge—cloud framework for large models (An et al., 2026). The abstracts describe
architectures, taxonomies and challenges; none reports a measured deployment, and the empirical
question of where inference should sit on the device—edge—cloud continuum under energy, latency
and privacy constraints is open.

Against this change of subject, the category’s time series barely moved. Edge computing has
the smallest trend change at December 2022 of the eleven (0.004 per month, p = 0.006), after a
baseline growth of 0.133 per year that had already raised its share from 0.010 to 0.015 by 2022; its
post-period growth (0.126) is lower than its baseline growth, its single selected break falls in 2025,
and its references go to computer networks (29.5%) more than to itself (24.4%) in both periods.
The LLM-at-the-edge literature is, on this evidence, a change in what the field writes surveys about,

not a measurable change in its volume or its citation neighbourhood.
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6. Computer networks

Computer networks is the largest systems category and the one whose relative weight fell most,
from 0.118 of primary output in 2018 to 0.067 in 2025, with absolute output contracting at -0.044
per year before 2022 and growing at 0.071 after. It is also the category whose structural-change
statistics are least compatible with a post-2022 event: its level change at December 2022 is positive
(0.043, p = 0.021) but with a placebo p-value of 0.538, its trend change (0.009) is the smallest after
edge computing, and its single selected Bai—Perron break precedes the event month (Table 1). The
series was rising before ChatGPT.

The most cited works of the period are overviews that set the agenda of the sixth generation of
mobile systems: the 6G roadmap of Wang et al. (2023), which surveys requirements, scenarios and
testbeds while noting that the ITU-R vision was still under discussion, and the integrated sensing
and communications overview of Liu et al. (2022), which treats the perceptive radio access network
as a defining feature of 6G; both coincide with or precede the start of the window and continue
the programme of Dang et al. (2020). Machine learning had entered networking research well
before the window, as the surveys of deep learning for IoT analytics and for mobile and wireless
networking show (Zhang et al., 2019), and the programmable-network lineage of OpenFlow, P4
and in-network computation (McKeown et al., 2008; Bosshart et al., 2014; Kreutz et al., 2015;
Hauser et al., 2023; Sapio et al., 2019) is cited throughout. What the 2026 landmarks add is a
vocabulary: tutorials on large Al models and agentic Al for intelligent communications (Jiang et
al., 2026), a review of energy, scalability, data and security in massive [oT (Cheikh et al., 2026),
the edge-general-intelligence survey already cited, and a tutorial on pinching-antenna systems that
belongs to the physical layer. The abstracts of the agentic-Al tutorials describe design principles
and taxonomies; their empirical content cannot be assessed from abstracts, and they are provisional
landmarks by the criterion of Section 1. The networks category also receives the references of
edge computing and sustainable computing in larger proportion than those categories’ own works,
so that part of what the taxonomy records as networking output is infrastructure work that other
communities cite. The established conclusion is modest: the field’s agenda in 2023-2026 was
6G, and the arrival of large models is visible in its surveys rather than in its output or its citation

structure.

7. Database systems and information retrieval

7.1. Database systems: data for learning, and vector search

The database landmark list is the most contaminated by misclassification of the eleven, and what

remains after exclusion is small but instructive. The baseline anchors are BLOCKBENCH, a
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data-processing view of private blockchains with a benchmarking framework (Dinh et al., 2018),
the documentation standard Datasheets for datasets (Gebru et al., 2021), and the GPU similarity-
search paper that underlies the Faiss library (Johnson et al., 2021). The post-period landmarks are
three: The Faiss Library (Douze et al., 2026), whose abstract frames vector similarity search as
the core functionality of vector databases and describes the library’s indexing, compression and
benchmarking principles; the data-centric Al survey of Zha et al. (2025), organised around training-
data development, inference-data development and data maintenance; and an empirical study of
the effect of six data-quality dimensions on nineteen machine-learning algorithms under polluted
training and test data (Mohammed et al., 2025). Database systems’ trend change at December
2022 (0.014 per month) and its single Bai—Perron break in late 2023 are unremarkable among the
systems categories; its output contracted at -0.043 per year before 2022 and grew at 0.073 after, and
its references go to machine-learning theory, natural language processing and computer vision in
proportions that the two periods share.

Two readings are consistent with this record and the corpus cannot separate them. The first is
that the database community’s most cited work of the period concerns the data that feed machine
learning—its quality, documentation and maintenance—and the retrieval of embeddings, rather
than transaction processing or query optimisation; this is what the metadata show. The second
is that the engine-level work of the period is simply not cited enough within thirty-six months to
reach a list ranked by short-window citations, which favours surveys. The bibliography records
the community’s own positions on both points: the vector-database surveys (Pan et al., 2024;
Taipalus, 2024) and the preprint of Ma et al. (2023), the hierarchical navigable small-world index
that most vector systems implement (Malkov and Yashunin, 2020), the programme of machine
learning for database internals (Li et al., 2021), the assessment of large language models for data
management by Fernandez et al. (2023), and the argument of Stonebraker and Pavlo (2024) that
specialised vector stores will be absorbed by extended relational engines as earlier specialised
systems were. Whether vector search belongs in dedicated systems or in extended relational engines
is the contested question of the period, and it is untested at workload level: the landmark set contains
library-level evidence and surveys, not comparisons of dedicated and extended systems under mixed

structured and approximate-nearest-neighbour queries.

7.2. Information retrieval: from graph recommendation to retrieval augmentation

Information retrieval shows the clearest change in what is cited of any systems category. The baseline
landmarks are graph-neural-network recommendation and its surveys: neural graph collaborative
filtering, knowledge-graph attention networks, graph neural networks for social recommendation,
self-supervised graph learning, and LightGCN (He et al., 2020), whose abstract reports that the

feature transformation and non-linear activation inherited from graph classification contribute
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little to collaborative filtering and can degrade it; the surveys of Wu et al. (2023) and Gao et al.
(2023a) close the baseline. The post-period landmarks are retrieval-augmented generation and
language models for recommendation: the survey of retrieval-augmented large language models
of Fan et al. (2024), the ACM Computing Surveys review of Huang and Huang (2026), which
organises the paradigm into pre-retrieval, retrieval, post-retrieval and generation stages, the survey
of retrieval augmentation for generated content across modalities (Zhao et al., 2026), the surveys of
recommender systems in the era of large language models (Zhao et al., 2024b; Wu et al., 2024), and
C-Pack (Xiao et al., 2024), which releases a training corpus, a Chinese embedding benchmark and
the BGE family of embedding models whose abstract reports state-of-the-art results on the English
MTEB benchmark as well.

The methodological lineage of this literature is continuous with 2020: dense passage retrieval
(Karpukhin et al., 2020), retrieval-augmented generation itself (Lewis et al., 2020, preprint), late
interaction in ColBERT (Khattab and Zaharia, 2020), and the probabilistic framework that these
replaced (Robertson and Zaragoza, 2009); the dense-retrieval survey of Zhao et al. (2024a) and
the preprint survey of language models for information retrieval (Zhu et al., 2023) document the
transition, as does the preprint RAG survey of Gao et al. (2023b). What is notable is that the
landmark set contains no new retrieval architecture of 2023-2026 and consists, for the post period,
of surveys and one resource. This may reflect the citation lag of recent model papers as much as
the field’s output, and the review records it as speculative. The corpus statistics are the strongest of
the systems group: information retrieval has the largest trend change at December 2022 (0.023 per
month), a negative level change (-0.094, p = 0.019), two selected Bai—Perron breaks, output growth
of 0.176 per year after a flat baseline (-0.018), and it is the only systems category whose references
to the large-language-model category become measurable, at 3.0% of post-period references against
0.7% before. Its self-share of references nevertheless remained at 59.2%, and natural language
processing remained its second destination (10.6%). The placebo p-value for the trend (0.092)
forbids attributing the acceleration to the event date, and the open problem that the literature itself
states is evaluative: no agreed protocol separates the contribution of retrieval quality from that of

parametric memory and of generation in retrieval-augmented systems.

8. Quantum computing

Quantum computing is the systems category least connected to the others: 84.9% of its post-period
references go to works of its own category, applied cryptography being the next destination at
2.2%. It is also the fastest-growing after 2022 (0.287 per year, after 0.103 in the baseline), the only
systems category whose share of computer-science output rose throughout (0.012 to 0.020), and
one whose level fell at December 2022 (-0.087, p = 0.039). Its two selected Bai—Perron breaks
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fall at the beginning of 2022 and in the spring of 2025 (Table 1). These are the statistics of a field
growing on its own momentum, and the landmark list explains why: the window contains a coherent
experimental sequence that has no connection with language models.

The baseline anchors are Preskill’s framing of the noisy intermediate-scale era (Preskill, 2018),
the supremacy experiment on a 53-qubit programmable superconducting processor (Arute et al.,
2019), the photonic advantage experiment, and the reviews of NISQ algorithms and variational
methods (Bharti et al., 2022; Cerezo et al., 2021). The post-period landmarks are the error-correction
milestones. Google Quantum Al (2023) report that a distance-5 surface-code logical qubit modestly
outperforms an ensemble of distance-3 qubits, the first demonstration that adding physical qubits
improves logical performance on that platform; Bluvstein et al. (2024) report a programmable
logical processor on reconfigurable neutral-atom arrays with up to 280 physical qubits, a zoned
architecture and mid-circuit readout; and Google Quantum Al and Collaborators et al. (2025) report
two below-threshold surface-code memories on the Willow processor, a distance-7 code whose
logical error rate is suppressed by a factor of A = 2.14 per increase of two in code distance, with a
real-time decoder, and a logical memory beyond break-even. The figures are those of the abstracts
and the articles are peer-reviewed. Two 2025 demonstrations extend the sequence to modular
architectures: distributed quantum computation between two trapped-ion modules about two metres
apart by deterministic gate teleportation over an optical link (Main et al., 2025), and Aurora, a
35-chip photonic machine networked over fibre that its authors describe as a sub-performant scale
model demonstrating the integration of all primitive components (Aghaee Rad et al., 2025). These
are feasibility demonstrations; the rates and fidelities required for error correction across modules
are not reported in the abstracts.

The contested claim of the period is utility before fault tolerance. Kim et al. (2023) report, on a
127-qubit processor, accurate expectation values for circuit volumes beyond brute-force classical
computation and argue that this is evidence of utility in the pre-fault-tolerant era. The abstract
restricts the claim to brute-force simulation. The classical-simulation responses that followed, which
reproduced the reported quantities with tensor-network and related methods, are not in the landmark
set and are not in the verified bibliography, and they are therefore not cited; the claim is recorded
as contested, and the open problem is methodological—utility experiments need independently
committed classical baselines fixed before publication, because the classical frontier moves after it.
On the algorithmic side, the review of barren plateaus in variational quantum computing (Larocca
et al., 2025), for which the corpus holds no abstract, and quantum-selected configuration interaction
(Kanno et al., 2026), which samples electron configurations on a noisy device and diagonalises
the Hamiltonian classically in the selected subspace, represent the two responses to the trainability
problem of variational algorithms: characterise the obstacle, or move the optimisation to the classical

side. The software and vendor records—the Qiskit design paper (Javadi-Abhari et al., 2024, preprint)
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and a retrospective of IBM’s processors and industry applications (AbuGhanem, 2025)—complete
a list in which, as the bibliography anticipates for Part X, the post-quantum standards of 2024
(National Institute of Standards and Technology , US) and the lattice foundations (Regev, 2009;

Shor, 1997) are the only links to the rest of computer science.

9. Sustainable computing

Sustainable computing is small (1,639 primary works in 2025), grew at 0.233 per year after 2022
against 0.092 before, has a positive level change at December 2022 (0.049, p = 0.048; placebo
p = 0.754) and cites computer networks (14.2%) and cloud computing (10.8%) more than or as
much as itself (11.3%). Its baseline landmarks concern ICT for the sustainable development goals
and data-centre traffic models; the lineage that the bibliography documents is the measurement of
machine learning’s footprint—the energy of training natural-language models (Strubell et al., 2019),
the green-Al argument (Schwartz et al., 2020), the carbon-tracking tools of Henderson et al. (2020),
the global data-centre energy accounting of Masanet et al. (2020)—and the post-period landmarks
continue it with a notable share of preprints and workshop papers.

The measurement literature proceeds in three steps. Training: Patterson et al. (2021), in a
preprint, estimate the energy and CO;-equivalent of TS5, Meena, GShard, Switch Transformer and
GPT-3 and report that sparsely activated models, data-centre location and hardware choice change
emissions by large factors; Luccioni et al. (2022), in a preprint, estimate BLOOM'’s training at
24.7 tonnes of CO,-equivalent for dynamic consumption and 50.5 tonnes over the life cycle, and
extend the accounting to inference through an API; Dodge et al. (2022) argue that cloud providers
should expose software carbon intensity to users. Inference and water: Chien et al. (2023) model
generative-Al inference as a workload and compare request-direction policies for carbon; Li et
al. (2023), first as a preprint and then in Communications of the ACM (Li et al., 2025), bring the
water footprint of training and serving into the accounting, with projections of global withdrawal
that are the authors’ estimates; the reviews of green Al (Bolon-Canedo et al., 2024) and green
federated learning (Thakur et al., 2025) and the related argument of Wu et al. (2021), a preprint,
organise the mitigation side. Systems and policy: Luccioni et al. (2024) measure the energy of
inference by task at the level of deployed models; Luccioni et al. (2025) argue that efficiency
gains may raise total consumption through rebound effects and that life-cycle assessment must be
joined to socio-economic analysis; de Vries-Gao (2026), continuing de Vries (2023), document
that operators’ environmental disclosures do not separate Al from other workloads, so that AI’s
carbon and water footprints can only be approximated from aggregate data-centre metrics; Chen et
al. (2026) review the electricity demand of Al data centres and its interaction with power-system

planning, and Kumar and Pindoriya (2026) review the infrastructures and energy-management
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options of sustainable data-centre operation; and TokenPowerBench (Niu et al., 2026) provides a
benchmark that attributes inference energy to the prefill and decode phases of each request. The
latter’s abstract quotes industry reports to the effect that inference accounts for more than ninety
per cent of total power; such figures recur across this literature and cannot be verified from the
corpus. The field’s own diagnosis is the open problem: fleet-scale footprints are modelled rather

than measured because the data are not disclosed, and the rebound hypothesis has not been tested.

10. Synthesis

Three statements are established by the corpus. The systems categories accelerated after 2022 as a
group, and the acceleration is not specific to the ChatGPT date: every placebo test fails to single it
out, and the break dates selected by the Bayesian information criterion are scattered across three
years. The classical systems categories had been declining in absolute and relative terms since
2018 and recovered in absolute terms only; their share of computer science continued to fall, and
reversion is a competing explanation of the recovery that this corpus cannot exclude. The citation
flows among systems categories were stable between the two periods; the only measurable new
destination is the references of information retrieval to the large-language-model category.

Two statements are established by the metadata of the most cited works, and they must be read
with the caveat that short citation windows favour surveys and that roughly one landmark record in
five is misclassified. The most cited post-2022 works in computer architecture, operating systems,
distributed computing and cloud computing are systems for training and serving large language
models—graph compilation, phase splitting, key—value-cache management, GPU sharing, consumer-
GPU inference, inference scheduling—and the most cited works in information retrieval, edge
computing and networking are surveys and tutorials about language models. Quantum computing
and sustainable computing follow their own trajectories, the former an experimental programme in
error correction and modular architectures, the latter a measurement literature on the footprint of
machine learning in which several foundational items are preprints.

What cannot be established from this evidence is also to be stated. Whether research on
language-model infrastructure explains the volume recovery of the classical categories is unknown,
because the share of that research in each category’s output is not measured here; a topic-level
decomposition is the test. Whether any of the systems designs reviewed—paged or contiguous
caches, phase-split or co-located serving, hot—cold partitioning—is superior to its competitors is
unknown, because each is evaluated by its own authors on its own hardware. Whether photonic
and neuromorphic efficiency figures hold at system level is unknown, because no abstract reports
end-to-end energy under a shared benchmark. Whether pre-fault-tolerant quantum processors

deliver utility is contested and moves with the classical frontier. These, together with the evaluation
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of retrieval augmentation, the placement of inference on the device—edge—cloud continuum, the
disclosure of AI’s energy and water use, and the validation of the taxonomy’s systems categories

against venue streams, are carried forward to Part X.
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