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Abstract. Al agents change the scale of inference demand by turning a request for an answer
into a delegated program of work. A single objective can generate repeated model calls, growing
context, tool execution, verification, and parallel attempts; scheduled and event-driven execu-
tion can also increase how often that work occurs. This paper synthesizes production telemetry,
agent benchmarks, and serving-system research to explain how those changes translate into fu-
ture infrastructure requirements. It distinguishes accelerator work from elapsed task duration,
and separates three physical accounts: inference flow, retained-state capacity, and state-transfer
bandwidth. A worked example shows why context replay can grow much faster than the number
of steps, while also showing how effective caching sharply reduces that burden without eliminat-
ing decoding or attention to prior context. Transparent sensitivity cases identify the condition
under which growth in delegated work exceeds improvements in execution efficiency. The cen-
tral conclusion is that persistent agents create a credible path to substantially higher aggregate
compute demand, but not because every agent occupies a GPU continuously. Demand expands
when more objectives become economically worth delegating and when the resources spent to
complete those objectives grow faster than efficiency improves. The resulting pressure falls on
accelerators, memory, networks, and supporting systems in different proportions. Capacity plan-
ning therefore needs to move from tokens per request to verified outcomes, resource use per
outcome, and peak concurrent demand.

Keywords: agentic inference; compute demand; test-time computation; context replay; KV cache; memory hier-
archy; concurrency; outcome economics.

Research scope. A primary-source synthesis with original analytical examples, not a new production experiment
or a market-size forecast. Evidence is reviewed through September 30, 2026. Numerical scenarios are explicitly
illustrative.

Central proposition The long-run demand driver is the expansion of delegated work, not the permanent reser-
vation of hardware for every persistent agent.
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The compute-demand thesis in one page

Agents loosen two constraints on AI consumption: the amount of work inside one request, and the
need for a person to initiate every subsequent step.

40.6 ~15 % 33

Mean LLM calls per session in a  Token use of multi-agent research ~ Median turns in 610 Codex / SWE-
large Copilot trace study; the me- relative to chatin Anthropic’sinter-  bench Pro traces analyzed by the
dian was 15. First-party produc- nal observations. Not a universal = vLLM and Mooncake teams. A cod-
tion telemetry. [1] workload multiplier. [2] ing trace set, not a fleet average. [3]

The strongest case for higher demand

The relevant shift is from answering questions to completing work. An answer may finish after
one model response. A delegated task can continue through investigation, execution, testing, cor-
rection, and delivery. Once work can be initiated by a schedule or an event, aggregate usage need
not remain proportional to the number of prompts people type. This is a demand mechanism, not
proof of a particular adoption rate.

Three margins determine the outcome. Volume is the number of accepted outcomes users and
organizations seek. Intensity is the work needed to deliver each outcome, including unsuccessful
paths. Efficiency is how effectively models and infrastructure execute that work. The forward
demand case becomes strong when the first two grow faster, in combination, than the third.

Why better efficiency need not end the infrastructure cycle

Caching, smaller models, and better scheduling can reduce resources for a fixed task. Their suc-
cess can also make previously uneconomic tasks affordable. These are different effects and must
be measured separately. Neither “tokens are getting cheaper” nor “agents use more tokens” is
sufficient to establish the direction of physical compute demand.

What changes even when compute is saved

A cached agent can require less repeated prompt processing while retaining more state and trans-
ferring that state between machines. A parallel agent can finish earlier while imposing a higher
instantaneous load. A waiting agent can release its accelerator while preserving a sandbox or
checkpoint. The infrastructure mix changes with the execution pattern; it does not follow a sin-
gle token-volume multiplier.

The decisive question is not whether agents are always running. It is how much additional
work becomes worth running, and which resources are required to finish it reliably.

Reading guide. Sections 1-4 explain the workload change. Sections 5-7 connect it to physical resources. Sections
8-11 examine future demand and capacity. Sections 12-13 state the countercase and the measurements that
would resolve it.
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1. From answers to delegated work

Persistence increases the opportunity to consume compute; autonomy determines how much of that
opportunity becomes actual work.

For this paper, an agent is a system that uses a model to select or execute steps toward an objective,
usually with tools and feedback. A trajectory is the complete execution path, including branches,
waits, retries, and verification. A persistent agent can preserve enough state to continue beyond
a single synchronous exchange. None of these definitions requires uninterrupted inference.

An illustrative reporting workflow makes the distinction concrete. A chat assistant explains a dis-
crepancy when asked. A delegated workflow retrieves source records, reconciles them, identifies
an exception, requests missing information, resumes after the reply, and produces a checked re-
port. Its final visible output might still be a page of text. The work behind that page is a program,
not a longer answer.

Activate Execute Verify Persist
Prompt, schedule, — Model calls, tools, — Test, reconcile, —  Deliver outcome;
or external event parallel branches accept or retry retain useful state

t |

correction loop

Exhibit 1. A delegated outcome can contain repeated model and non-model work. Schematic analysis; widths do
not represent time or cost.

Three distinct routes to more demand

More work per activation. A request can trigger a chain of actions rather than a single response.
The chain may expand because the objective is harder, because verification is more thorough, or
because execution is inefficient. These explanations have different economic value even when
they consume similar resources.

More activations per user or business process. A schedule or event can initiate work without a
new typed prompt. OpenAI’s documentation describes recurring and supported event-triggered
tasks, while its background API mode supports asynchronous long-running responses. These
establish available execution modes, not their prevalence. [7][8]

A wider set of delegable objectives. Better reliability can make longer or more consequential
tasks worth attempting. METR’s work measures task difficulty using the time a human expert
would need; that capability horizon is not the model’s own runtime or a measure of deployed
demand. It provides a way to study expanding task scope without confusing capability with con-
sumption. [9]

The demand frontier moves before the fleet mix is known

The forward implication is conditional but substantial: a system that can economically complete
work has a larger potential consumption base than a system used only to explain work. Human at-
tention, organizational budgets, authorization, and verification remain constraints. Persistence
removes neither those constraints nor the need to earn value from each activation. It does, how-
ever, weaken the one-prompt, one-response ceiling on resource use.
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2. What the evidence actually establishes

The strongest evidence concerns multi-step execution. Evidence about universal adoption, always-
on utilization, and aggregate retained memory remains incomplete.

SELECTED PRIMARY-SOURCE OBSERVATIONS

Source and Observed workload characteristic Interpretation boundary

setting

Copilot production Table 4 reports 40.6 mean calls per session, but 6.6 per A session can contain

traces [1] user-turn. Sessions have median duration 4.2 minutes = multiple objectives. These

and mean 62.6 minutes. are not calls or

GPU-minutes per
completed task.

Anthropic Internal observations put agent token use near 4x chat Research-oriented

research system

(2]

vLLM / Mooncake
trace analysis [3]

SWE-Serve
benchmark [4]

Bai et al., coding
study [5]

AgentSysBench [6]

and multi-agent use near 15x.

Across 610 coding traces, context approaches 80,000
tokens by turn 30; median inter-turn delay is 5.2
seconds; the 99th percentile is 81.4 seconds.

Across its top-per-model configurations, mean task
runtimes range from 17.6 to 99.9 minutes.

Repeated runs on the same task vary by as much as 30x
in token consumption across the study’s evaluated
settings.

Non-LLM components dominate latency in 5 of 10
applications; sandbox working sets peak at 28 GB per
session.

architecture; no
quality-matched,
cross-industry demand
multiplier.

Demonstrates context
growth and gaps between
calls; not continuously
occupied accelerator time.

Engineering benchmark
on 53 tasks; runtime
includes tool and
environment work.

Along cost tail is not
necessarily a long
useful-computation tail.

Agent infrastructure
extends beyond model
inference; peaks are not
averages.

Exhibit 2. A selected evidence ledger, not a representative census. Results remain local to the stated systems, tasks,

models, and measurement definitions.

Method and evidence quality

This paper uses disclosed production measurements to establish workload behavior, controlled
evaluations to examine mechanisms, and product documentation only to establish capability.
Provider-authored measurements are identified as such; they are not independent audits. Agency
projections are treated as forecasts. The analytical examples in later sections are deliberately sep-
arated from all three.

No average across this table is meaningful: a session, a user-turn, a benchmark task, and an
accepted business outcome are different denominators. The cited sources also do not jointly es-
tablish a representative fleet distribution of context length, task success, reuse intervals, or sched-
uled activation volume. The demand model therefore uses explicit scenarios rather than a point
estimate of a global agent market.
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3. Why tasks require more inference

Extra work comes from repeated decisions, accumulated evidence, deliberate reasoning, and at-
tempts to obtain a reliable result—not just from a longer final answer.

Repeated decisions and growing context

An agent often alternates between model calls and tools. Each return from a tool introduces
new evidence: files, search results, test failures, records, or observations. Without reduction,
subsequent calls carry a larger history. The vLLM / Mooncake trace analysis reports average
context growth of 2,242 tokens per turn in its examined coding traces. That pattern creates two
burdens: new information must be processed, and earlier information may be processed again
when reusable state is unavailable. [3]

A useful distinction is prefill versus decode. Prefill processes the input context to prepare a re-
sponse. Decode generates new tokens step by step. Reusing a prefix can avoid rebuilding much
of its stored computation, but new tokens still have to interact with relevant prior context. A
cache hit is therefore not equivalent to free inference. PagedAttention and disaggregated serving
research address different parts of this resource problem. [12][17]

Reasoning can be larger than the visible response

A model may spend computation before emitting its final answer. OpenAI’s reasoning documen-
tation explains that reasoning tokens are not shown as ordinary response text but still consume
output-token budget; its earlier ol results demonstrate performance improvements with addi-
tional test-time computation in the reported evaluations. Neither fact implies unlimited returns
from longer reasoning. [10][11]

For infrastructure measurement, the implication is simple: counting only the words delivered to
a user understates work when internal reasoning or discarded candidates are present. The rele-
vant record includes all model-generated tokens exposed by usage telemetry, and should identify
any unobserved component rather than estimate it from answer length.

Parallel search, verification, and retries

Parallel branches can explore alternatives, divide research, or test candidate solutions. They may
reduce time to a result while increasing total work, since several branches can duplicate setup and
context. Conversely, parallel exploration can save total work when it avoids a long unsuccessful
serial path. The graph and the stopping rule determine which effect wins.

Verification creates a similar trade-off. More checking costs resources, but can prevent defective
outcomes and expensive retries. A model that appears cheaper per attempt may be worse per
accepted outcome. In SWE-Serve, four configurations with the same reported 64% pass@1 range
from $0.95 to $7.24 per task. The comparison shows why price, duration, and success must be
observed together; API cost is still not a direct measurement of physical GPU work. [4]

The infrastructure unit is the whole trajectory: every branch that ran, every failed attempt,
every tool action, and the verification needed to decide that the work is finished.
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4. Context replay: a multiplier, not destiny

A growing history can make submitted input rise roughly quadratically with step count. Reuse can
remove much of that replay, but it does not remove the task.

Consider an illustrative 30-call agent. It begins with 12,000 input tokens. Every call generates
500 tokens; after each call except the last, a tool adds 2,000 new input tokens. All prior messages
remain in context. There is no compaction, branching, or model change. These are assumptions,
not measured workload averages.

At call s, the input length is P, = 12,000 + (s — 1) x 2,500. Summing the 30 calls gives:
30 x 29

30 x 12,000  + 2,500 x = 1,447,500 submitted input tokens.
N————

initial context replayed

accumulating history

With perfect reuse of the key—value (KV) cache—the model’s stored attention state—only the ini-
tial input and newly arriving tool tokens need fresh input processing: 12,000 + 29 x 2,000 =
70,000 tokens. This idealized accounting treats prior output state as already computed; message-
formatting and response-boundary overhead are excluded.

History-reuse assumption Fresh input positions Generated tokens
No reusable history 1,447,500 15,000
90% of eligible repeated history reused 207,750 15,000
All eligible repeated history reused 70,000 15,000

Exhibit 3. Author calculation. “Fresh input positions” counts input tokens processed without reusable prior state,

not floating-point operations (FLOPs). All three cases submit the same logical history; the final call sees 84,500
input tokens.

What the arithmetic demonstrates

First, raw submitted tokens can dramatically exceed genuinely new input. A forecast that treats
every submitted token as a full-price, uncached computation will overstate work when prefixes
are reusable.

Second, even perfect history reuse leaves the entire 15,000-token generation process and all newly
arriving evidence. It also leaves attention to stored context, cache access, orchestration, and tools.
The final context is much larger than the initial one, so the per-token serving burden need not
remain constant.

Third, the difference between the rows is a systems variable. Cache survival, model compatibility,
routing, and compaction determine realized reuse. It is not appropriate to choose either zero
reuse or perfect reuse as a universal agent assumption.

The durable compute-demand case should rest on additional useful work and additional
activations. Recomputing the same history is a real burden, but it is also an optimization
target.

Calculation note. Eligible repeated history is 1,447,500 — 70,000 = 1,377,500 token positions. At reuse fraction r,
fresh input is 70,000 + (1 — r) x 1,377,500. This is token accounting, not an assumed linear mapping to dollars or
accelerator time.
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5. A physical model of agent demand

A useful demand model keeps quantities with different units in separate accounts. Tokens, gigabytes,
seconds, and dollars are not interchangeable.

Account 1: inference work over the entire execution graph

For an execution ¢, let G, contain every model-call node that actually runs. Define:

W, = Z m(Us, ¢s) + D (04, 45)] -
seG.
Here u, is uncached input, ¢, is reused prefix length, o, is generated output, and ¢, is attended
context length. F,, and D,, represent measured prefill and decode service demand for the routed
model m. They should be calibrated on a declared hardware and serving configuration, rather
than replaced with a single token price. Cached context still matters to the work performed.

An accelerator-second represents one second of attributed device execution; ten devices work-
ing for one second can consume ten accelerator-seconds. This measure is often more useful for
capacity planning than a theoretical operation count alone. The measurement must state how
batched device time is allocated; independently timed calls cannot simply be added as though
each owned the whole device. CPU, tool, and storage work remain separate resource records.

Account 2: physical state retained in each tier

Z Slze nb k )

M, (t) is bytes physically stored in tier & at time ¢. Each b is a distinct cache block, and n, . is
the number of physical copies. Shared blocks are counted once per stored copy; replicas are
counted separately. This is a capacity measure, not bytes multiplied by a probability of reuse.
Reuse probability determines whether storing a block is worthwhile, not how many bytes the
block occupies.

Account 3: traffic through a link or storage tier

B, — bytes transported through resource % in a wmdow

window duration
Average bandwidth is traffic divided by time. Peak requirements must be measured over shorter
windows that capture overlapping restores and writes. Adding the transfer rates of operations
that occur at different times would overstate simultaneous demand.

Join the accounts at the accepted outcome

For a defined cohort, let V be accepted outcomes and g the total accelerator service spent across
all its attempts divided by N. Then total inference work is exactly W = Ng. This ratio-of-totals
identity requires no assumption that difficulty, context, branch count, and failure are indepen-
dent. Retained bytes, traffic, and non-model work should be reported alongside g, not folded into
a unitless multiplier.

Analytical scope. These equations are an accounting framework. They become an empirical capacity model only
after the service functions, workload mix, shared-resource attribution, and acceptance criteria are measured.
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6. Persistent agents and the memory hierarchy

An agent can remember an objective without keeping its entire computational history on an accel-
erator. The distinction is central to credible infrastructure forecasts.

Durable semantic state Computational KV state
What it retains Facts, plans, results, provenance, Model-specific key and value tensors for
checkpoints processed context
Value Continuity and recovery Avoided recomputation of compatible
context
Reuse condition Information remains relevant and Model, prefix, positions, and
trustworthy implementation remain compatible
Typical Database, object store, document or index Accelerator memory, host memory, SSD,
placement shared cache

Exhibit 4. Analytical distinction informed by KV management and disaggregated-serving research. Durable mean-

ing and cached computation are complementary, not equivalent. [12][16]

Why long context can be a large physical object

For a conventional full-attention model with grouped-query attention, an uncompressed KV pay-
load is approximately:
Bxv =2 x L x Hey xdxbxT.

The factors are layers L, key/value heads Hxy, head dimension d, bytes per element b, and context
tokens 7. The factor two represents keys and values. Grouped-query attention uses fewer KV
heads than query heads, so substituting the query-head count would misstate memory. [13]

For an illustrative, not model-specific, configuration with 80 layers, 8 KV heads, a head dimen-
sion of 128, and two-byte elements, each token requires 327,680 bytes of raw KV. A 100,000-token
context therefore occupies about 32.8 GB (30.5 GiB), before metadata or allocator overhead. Ten
thousand distinct, unshared contexts at that size would occupy roughly 328 TB across whatever
tiers retain them. This does not imply ten thousand dedicated GPUs.

The example is architecture-sensitive. One-byte elements halve the raw payload, while different
attention designs can change the formula’s application. DeepSeek-V3’s multi-head latent attention
and research such as KIVI demonstrate that KV representation is an active efficiency lever, not a
fixed bytes-per-token constant. [14][15]

The economic effect is an allocation problem

HBM—high-bandwidth memory attached to an accelerator—must accommodate weights, active
context, and execution workspace. Retaining an idle context can crowd out useful active work. A
cheaper tier may preserve reuse value without consuming scarce HBM, while a compact semantic
checkpoint may be preferable when exact computational reuse is unlikely. More persistent agents
can therefore expand host-memory or storage demand even when they do not expand resident
accelerator state proportionally.
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7. Efficiency changes where demand lands

Better infrastructure does not merely shrink a workload. It can move its limiting resource from
arithmetic to memory, bandwidth, or coordination.

Cache reuse trades recomputation for retention and transfer

Mooncake organizes serving around reusable KV state and uses pooled memory and storage be-
yond individual accelerators. PagedAttention attacks fragmentation and duplication in KV allo-
cation. These approaches address different costs: finding useful state, holding it efficiently, and
making it available where the next computation will run. [12][16]

That last step has a physical floor. A single 400 Gb/s link carries at most 50 GB/s before overhead,
so transferring 100 GB takes at least two seconds of serialization. It does not take 0.25 seconds;
that would confuse bits with bytes. Real restore time also includes storage reads, setup, con-
tention, and placement. A cache is beneficial only when the whole restore path is preferable to
recomputation under the required latency target.

Specialize execution without assuming a universal gain

Prefill and decode have different operating characteristics. DistServe separates them to reduce
interference and optimize the number of requests meeting latency objectives. This provides a
reason to size serving pools by workload phase rather than treating all tokens identically; it does
not establish that disaggregation wins under every context, network, or batch configuration. [17]

Program-aware scheduling goes further. ThunderAgent exposes the complete workflow, includ-
ing KV state and tool assets, and reports 1.5-3.6 x serving-throughput improvement in its evalu-
ated workloads. This is evidence that orchestration can materially improve execution efficiency,
not a factor to multiply by gains from unrelated studies. [18]

Optimization Resource burden reduced Residual or shifted burden

Prefix reuse Repeated context processing KV capacity, transfer, context attention

Context reduction Input length and state size Selection work; possible loss or extra
steps

Smaller-model routing Expensive model service Routing, escalation, quality verification

Program-aware Avoidable idle time and duplication Shared-state management and queue

scheduling control

Exhibit 5. Mechanism-level analysis. These benefits overlap and should not be multiplied as independent effi-
ciency factors.

Measure the complete system after optimization

Ifinference becomes faster but a sandbox remains on the critical path, end-to-end completion can
improve much less than model throughput. AgentSysBench’s heterogeneous application results
illustrate why tools, environments, and model service must be measured together. [6] The rele-
vant outcome is not the fastest individual component, but more verified work completed within
an acceptable time and resource budget.
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8. Future demand: the break-even condition

The demand thesis can be stated as a break-even condition without pretending that public data
supports a precise market forecast.

Start with accepted outcomes, not seats or nominal agent counts. Over comparable periods, write
the ratio of required inference service as:

W1 AxT

W, FE

A is growth in accepted outcome volume. I is growth in gross work per outcome under a fixed
reference execution method, reflecting broader tasks, more reasoning, or stricter verification.
E is the combined execution-efficiency improvement applied to that new workload. These are
scenario inputs, not independent random variables or separately estimated average multipliers.

The reference hardware and the definition of an accepted outcome must be held explicit. Here,
E includes improvements in models, context policy, and serving on a common hardware basis.
Hardware-generation changes can be modeled separately, once; these cases hold reference hard-
ware constant. In a real study, estimate the workload-weighted efficiency jointly, rather than
multiplying isolated benchmark speedups.

Ilustrative case Volume 4 Intensity I Efficiency £ Work ratio
Efficiency dominates 4x 1.5x 8x 0.75x
Broad delegation 12x 2% 8x 3.0x
High delegation 40x 3x 8x 15.0x

Exhibit 6. Sensitivity cases chosen to show the threshold, not to predict a year, assign probabilities, or estimate a
market. All assume the same eightfold efficiency gain.

The threshold is more useful than a heroic forecast

Demand rises when Al > E. With eightfold efficiency and a doubling of work intensity, outcome
volume must grow more than fourfold for aggregate work to rise. Below that threshold, efficiency
wins. Above it, cheaper execution and greater consumption coexist.

The high-delegation case is possible only if users actually fund and accept substantially more
work. Scheduling features, benchmark progress, and long traces cannot establish that assump-
tion by themselves. The framework makes the missing variable visible instead of disguising it as
a token-growth forecast.

Work growth is not automatically hardware growth

If required service triples while sustainable utilization improves from 65% to 80%, equivalent
capacity rises by approximately 3 x 0.65/0.80 = 2.44 times, before considering a change in hard-
ware generation. Memory constraints, tail-latency targets, and deployment fragmentation can
alter that result. The next planning step is to map service work to the achievable utilization of
the actual workload, not simply purchase three times as many devices.

10
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9. Falling unit costs, expanding demand

Efficiency lowers the cost of a fixed unit of work. It does not determine how many units become
worth buying or how ambitious those units become.

Separate prices, resource efficiency, and customer value

An API price is a commercial schedule, not a physical measurement. It can change with model
mix, discounts, competition, or provider economics. Epoch AI’s historical inference-price study
finds substantial declines at fixed benchmark-performance thresholds, but explicitly excludes
reasoning models because additional inference tokens complicate comparisons. The study does
not isolate the causes of price declines. Its result supports falling prices, not a one-for-one infer-
ence about falling GPU work per real-world outcome. [21]

A customer makes a different comparison: expected benefit versus total cost of delegation. That
cost includes model usage, tools, human review, errors, and delay. A technically cheaper agent
that creates more rework can have worse economics. A more expensive trajectory can be at-
tractive when it replaces a larger amount of valuable manual effort. This paper’s demand thesis
depends on the latter margin expanding, not on maximizing token consumption.

Two forms of demand expansion

The extensive margin is additional work: more records checked, more changes investigated,
more tests generated, or more recurring processes monitored. Lower costs can make formerly
ignored or sparsely sampled work worth performing.

The intensive margin is more effort on existing work: broader search, more candidate solutions,
additional verification, or tighter service requirements. The budget for a useful outcome may
increase even as cost per unit of inference falls. Both margins are analytical possibilities, not
assumed behavioral laws.

An illustrative business that once checked one exception manually might delegate checks across
all exceptions after automation becomes inexpensive. Conversely, a business with a fixed work-
load and no benefit from broader coverage may simply keep the savings. Rebound is therefore
conditional on the supply of valuable unfinished work, willingness to pay, and the ability to trust
the result. It is not an automatic consequence of cheaper compute.

The counterforce is already technically credible

AgentDiet reports 39.9-59.7% fewer input tokens in its tested settings, with reported cost reduc-
tions and maintained performance. Observation-masking research finds that a comparatively
simple context-management policy can compete with summarization while reducing cost. These
results show that long trajectories need not retain their initial inefficiency. They do not establish
how much new demand the savings subsequently induce. [19][20]

The bullish case is not that inefficiency persists. It is that economically useful delegation
expands faster than the resources required to execute any fixed task decline.

Measurement implication. Publish cost per accepted outcome and accelerator service per accepted outcome
separately. A price reduction and a physical efficiency gain are not the same event.

11
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10. Concurrency and the capacity problem

Elapsed lifetime determines how many tasks are in the system. Active service demand and workload
shape determine how much accelerator capacity they need.

A long-running task is not a continuously busy GPU

Suppose tasks arrive at an average rate of 10 per second and remain in the system for five minutes.
In a stable system, arrival rate multiplied by average lifetime implies about 3,000 live tasks. This
standard flow relationship counts tasks waiting on tools or external events as well as tasks using
a model.

Now assume each arriving task requires 12 reference accelerator-seconds across its entire exe-
cution graph. The steady-state workload is 120 accelerator-seconds per second. At a planning
utilization of 60%, that corresponds to about 200 equivalent accelerator units, not 3,000. All
numbers here are illustrative; they show why task count, elapsed duration, and occupied com-
pute must remain separate.

Parallelism can increase peaks without increasing useful output

If several branches launch together, their model and state requirements overlap. Parallel exe-
cution can shorten completion time, but a scheduler must decide whether the faster outcome
justifies higher simultaneous demand. Branch budgets, cancellation of losing candidates, and
limits on speculative work affect both total service and peak capacity.

The tail matters as much as the mean. A few unusually deep trajectories can consume a large
share of work or hold state far longer than the typical task. Bai et al.’s run-to-run token varia-
tion motivates measuring these tails, but it does not by itself identify the peak load of a mixed
production fleet. [5]

Persistence can smooth demand as well as amplify it

Not every background task needs immediate service. Jobs with flexible deadlines can be batched
or shifted into underused periods. That improves utilization and can lower installed capacity per
unit of completed work. In contrast, many scheduled tasks released at the same time, or many
agents reacting to one event, can create a synchronized burst.

Observed usage should not be described as continuously flat merely because agents support back-
ground execution. The Copilot study still reports pronounced daytime peaks and overnight de-
clines in its sampled US traffic. [1] Whether future deployment smooths or intensifies peaks is a
scheduling and adoption question, not a property implied by the word “agent.”

Provision by deadline and resource class

Separate interactive work, deadline-bound background work, and deferrable batch work. For
each class, measure arrival bursts, concurrent branches, service demand, state residency, and
the time allowed to finish. The same average work can require very different capacity when one
class tolerates a queue and another does not.

The right capacity question is: how much work must finish within which deadlines, with
what reusable state? Counting agents alone cannot answer it.

12
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11. From compute to physical infrastructure

Accelerator work, installed capacity, electricity, and capital spending are connected—but each link
needs its own assumptions.

An expanding agent workload can pressure several systems at once. More fresh context and gen-
eration increase inference service. Longer contexts compete for fast memory. More resumption
increases cache traffic. More tool use requires CPU execution, databases, network access, and
sandboxes. The balance depends on the task and the efficiency measures chosen; there is no
fixed hardware bill of materials per agent.

Infrastructure Demand transmission Planning variable
layer

Accelerator capacity More model service; stricter deadlines Accepted outcomes per device-hour at

target latency

HBM and host More active or retained context Concurrent bytes, sharing, retention

memory policy

Storage and network Checkpoints, tool data, KV movement Traffic volume, peak restore rate,
locality

CPU and Retrieval, execution, testing, Working sets, sandbox lifetime, tool

environments orchestration throughput

Power and cooling Installed systems and their load profile = Measured IT power, utilization, facility
overhead

Exhibit 7. Analytical transmission map. A bottleneck in one layer can prevent spending in another from producing
more completed work.

Energy is an outcome of the deployment, not a token constant

Facility energy depends on the power drawn by the actual mix of accelerators, memory, storage,
networking, and cooling over time. Even an accurate token forecast cannot supply that mix on
its own. A higher cache-hit rate can reduce computation while increasing state traffic; a newer
device can alter both throughput and power; better batching can change energy per accepted
outcome.

The IEA’s April 2026 update projects global data-center electricity consumption rising from 485
TWh in 2025 to about 950 TWh in 2030. It also identifies constraints in electricity connections,
equipment, and chip supply chains. This is an agency projection for all data centers, not an es-
timate of energy attributable to persistent agents. It provides physical context for the demand
mechanism, not a calibration of this paper’s scenarios. [22]

Installed capacity can lag economically desired work

If power, memory supply, or deployment timelines constrain expansion, demand can appear as
queues, tighter usage limits, higher prices, or deferred projects rather than immediately higher
delivered compute. Conversely, installed capacity can rise ahead of utilization when operators
build for expected future load. Capital spending therefore cannot be read as a direct contempo-
raneous measure of agent usage.

The practical implication is to track the complete conversion chain: desired outcomes, affordable
activations, delivered model service, occupied infrastructure, and facility energy. A claim about
one stage should not silently become a claim about all the others.

13
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12. The strongest countercase

A credible expansion thesis must allow efficiency, substitution, and limited adoption to win. The
central issue is whether demand intensity survives quality adjustment.

The efficiency-dominant path

Routine decisions may migrate to smaller models or deterministic code. Better tools can replace
many conversational steps with one structured operation. Context reduction can flatten history
growth. Improved stopping rules can eliminate unproductive exploration, and good memory
policy can replace large dormant caches with compact checkpoints. The first scenario in Exhibit
6 shows that even substantial volume growth can coexist with lower total inference work.

These changes would not be surprising failures of the framework; they are its explicit counter-
force. Studies of context reduction, KV management, and program-aware scheduling already
show mechanisms that can lower the burden of a fixed workload. Their fleet-level combination
remains an empirical question. [12][18][19][20]

The adoption-limited path

Organizations may discover that oversight, permissions, integration, and error costs dominate
the value of autonomous execution. Persistent systems can be technically capable of more work
than customers are willing to authorize or fund. A scheduled check that rarely produces useful
information can be throttled, replaced with a simple rule, or removed entirely.

This weakens the extensive-margin assumption. Agent counts, feature availability, and bench-
mark capability would then overstate economically productive deployment. The relevant evi-
dence would be flat accepted-outcome volume or low renewal of autonomous workflows despite
improving technical performance.

The reliability path can point in either direction

Better agents may solve a fixed task with fewer calls and retries, reducing work per success. They
may also unlock a more difficult class of tasks that requires more resources. An aggregate average
can hide those opposing changes. A longitudinal study should compare fixed-task cohorts and
the changing mix of tasks delegated, rather than interpret a rise in average tokens as declining
efficiency.

Evidence that strengthens expansion Evidence that weakens expansion

Accepted outcome volume grows faster than Outcome volume saturates while fixed-task
workload-matched efficiency. resource use falls.

More difficult tasks become worth delegating at Added autonomy mainly produces rejected or
stable acceptance standards. low-value work.

State and traffic rise after sharing, compaction, and Tiny checkpoints and high locality keep memory
tiering are applied. and transfer growth modest.

Exhibit 8. Directional tests, not predetermined numerical thresholds.

The thesis is strongest when better efficiency broadens economically useful delegation. It
is weakest when it merely serves a fixed, limited workload more cheaply.

14



THE ALWAYS-ON AGENT COMPUTE DEMAND

13. Measure outcomes, then forecast resources

The next useful disclosure is not another isolated token total. It is a joint record of what agents
attempted, what they completed, and what completion required.

A production study should define its cohort, acceptance criteria, and resource boundary. A mon-
itoring run that correctly determines “no action needed” may be a valid outcome; an artifact that
fails verification may not. Count completed objectives, not visible output.

Measurement Why it matters for demand

Activations and accepted Separates genuine expansion from retries, abandoned jobs, and nominal
outcomes agent installations.

Work per accepted Includes failed attempts, discarded branches, and disclosed reasoning work;
outcome anchors the intensity trend.

Depth, context, and Reveals whether harder tasks, context replay, or model selection explains
model route resource growth.

Elapsed and active Distinguishes task persistence from occupied accelerator capacity.

service time

Reuse intervals and Connects resumed work to a defensible retention policy in each tier.
physical bytes

Traffic and restore Tests whether cache movement beats recomputation in the deployed system.
latency

Concurrency and Converts average service demand into peak and reserved capacity.
deadlines

Cost, energy, and Separates commercial price, physical efficiency, and delivered value.
acceptance

Exhibit 9. Proposed measurement protocol. Report distributions and joint relationships, not just independent

averages.

Use two complementary comparisons

A fixed-task panel tests whether the same work becomes cheaper and faster at stable quality. A
deployment panel tests whether users delegate more work, harder work, or work with tighter
deadlines. Together, they distinguish execution efficiency from the demand mix. Report median
and tail results, preserving model and harness versions.

Conclusion

Persistent agents create a credible path to higher compute demand by expanding the scope and
frequency of delegated work. Inference becomes a means to investigate, act, verify, and resume—
not just to produce an immediate response.

Caching, better models, and scheduling can make fixed tasks substantially cheaper. Aggregate
demand grows when additional accepted work and broader task scope exceed those savings. Its
physical expression is a workload-dependent mix of accelerator service, memory capacity, and
transfer traffic, shaped by deadlines and utilization.

The enduring infrastructure thesis is an expansion from human-requested answers to eco-
nomically valuable delegated work. Forecast the work, measure the efficiency, and derive
the hardware requirement—not the other way around.
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Technical appendix and source notes

The main text uses simple examples to expose mechanisms. These notes define their boundaries and
the conditions required to apply them.

A. A compact test for whether retained state is worthwhile

Let p be the probability of another use inside a retention window, and ¢ the probability that the
state remains usable conditional on that use. Let Crecompute and Crestore b€ the costs of rebuilding
or restoring it. A simplified single-reuse policy retains state only when:

pq (Crecompute - Crestore) > Cuwrite + Chold-

All costs must use the same unit, such as dollars or a declared resource opportunity cost. Holding
HBM includes the value of displaced active work. The policy must also satisfy a separate latency
constraint. Multiple reuses require summing expected benefits over time; eviction, invalidation,
and correlated arrivals can change the result. This is an analytical rule, not a measured universal
cache lifetime.

B. Numerical conventions

The replay example counts all previous generated tokens in later prompts, but does not treat them
as fresh prefill under perfect KV reuse. Its 90% case applies to eligible repeated history, not to all
submitted tokens. It assumes complete compatible prefix reuse, no eviction beyond the stated
fraction, and no compression.

Memory calculations use decimal GB (10° bytes) and binary GiB (23° bytes). The 32.768 GB ex-
ample is raw payload for an illustrative grouped-query, full-attention configuration. It excludes
model weights, execution workspace, metadata, allocator overhead, and replicas. Bandwidth cal-
culations are ideal serialization floors, not measured end-to-end restore times.

The scenario ratios are dimensionless sensitivity inputs. They have no assigned forecast dates
or likelihoods. The utilization example holds the reference hardware constant; it must not also
receive a hardware-efficiency adjustment already included elsewhere. The concurrency example
assumes a stable workload with finite mean duration and service demand.

C. Evidence and denominator discipline

The Copilot abstract’s aggregate token count differs from the prompt/completion totals in Table
3; this paper uses neither aggregate. Its telemetry also excludes reasoning tokens. Table-specific
session and user-turn definitions are preserved rather than equated with successful tasks. [1]

A benchmark pass rate is evidence about its tested acceptance conditions, not an audited busi-
ness success rate. Provider token ratios, system throughput improvements, and agency energy
projections retain their own baselines and scopes. None is used as a stand-alone global demand
multiplier.

Terms. Prefill: processing input context. Decode: generating new tokens. KV cache: stored attention keys and

values. HBM: high-bandwidth accelerator memory. Goodput: completed service meeting its quality or latency
target. Accepted outcome: a result satisfying the declared objective and verification standard.
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