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ABSTRACT: 

The integration of large language model (LLM) application programming interfaces into the critical request path 

of production software introduces a class of performance-engineering problems that classical deterministic system 

design does not anticipate. Unlike conventional remote procedure calls, an LLM completion call is stochastic in 

output, autoregressive in structure, and highly variable in latency, since response time scales with generated token 

count, provider queueing conditions, and model routing decisions rather than fixed computation. This paper 

characterizes the sources of non-determinism and latency variability in LLM-integrated systems and proposes a 

structured performance-engineering and testing framework organized around four pillars: token-streaming 

instrumentation, adaptive timeout strategy, retry-storm-resistant backoff design, and fault-injection-based 

resilience testing. The framework treats time-to-first-token (TTFT) and inter-token latency (ITL) as first-class 

service-level indicators, applies deadline propagation across multi-hop agentic call chains, and formalizes retry 

budgets, jittered exponential backoff, and circuit breakers as the minimum viable resilience surface for AI-

dependent services. A comparative synthesis of resilience patterns and a latency-budget taxonomy for four 

common LLM interaction classes are presented. The discussion argues that performance testing for LLM-

integrated applications must shift from throughput-oriented load testing toward probabilistic, chaos-driven 

validation that treats variable latency and partial failure as expected operating conditions rather than exceptional 

ones. 

Keywords: Performance Engineering, Large Language Models, Non-Determinism, Latency Testing, Token Streaming, 

Timeout Strategy, Retry Storms, Circuit Breaker, Chaos Engineering, Resilience Patterns. 

 

INTRODUCTION 

 

Modern software systems increasingly place a call to a hosted large language model directly inside the 

synchronous or near-synchronous request path: a chat assistant, a code-completion tool, a document-

summarization pipeline, or a multi-step autonomous agent all depend on at least one network round trip to an 

inference provider before the system can return a useful result to the user. This architectural choice imports a set 

of behaviors that traditional backend services rarely exhibit simultaneously. First, the output of the call is not 

deterministic even when temperature and sampling parameters are held constant, because floating-point non-

associativity, GPU kernel scheduling, mixture-of-experts routing, and continuous-batching optimizations at the 

serving layer all introduce run-to-run variation. 

 

[1] Gate-all-around transistor, 2D materials, sub-2nm technology, AI accelerator, nanosheet, semiconductor 

scaling. [1] The relentless pace of AI workloads has pushed semiconductor manufacturers to the physicallimits of 

silicon scaling. Gate-all-around (GAA) transistor architectures have replaced FinFETsat the leading nodes 

because they offer superior electrostatic control at ultra-short channel lengths, but as the industry moves toward 

the 2 nm node and beyond, even nanosheet GAAdevices built from silicon face fundamental limits. 

 

[2]Neuromorphic computing, spiking neural networks, task scheduling, green cloud computing, energy efficiency, 

sustainable data centers.  [2] Cloud data Centers now consume roughly 1 to 2 percent of global electricity, and the 

pressureto reduce that footprint has moved from a corporate sustainability concern to a hard operational constraint. 

Task scheduling sits at the heart of the problem because every placement decision shapes how much energy the 

underlying servers, cooling systems, and networking fabric will draw.  
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Second, and central to the concerns of this paper, the latency of the call is itself a random variable with a heavy 

right tail: because generation is autoregressive, total response time is approximately proportional to the number 

of output tokens, and it is further inflated by provider-side queueing, rate-limit backpressure, and network 

conditions that are outside the caller's control. A request that is fast in the 50th percentile can be an order of 

magnitude slower in the 99th percentile, and that tail is precisely where user experience, cost, and cascading 

system failure concentrate. Third, because the call is remote and rate-limited, transient errors — 429 (rate limited), 

500/502/503 (upstream failure), and stream-level truncations — are routine rather than exceptional, which means 

that retry logic, if implemented naively, can itself become the dominant cause of an outage through a phenomenon 

commonly termed a retry storm. 

 

Traditional performance engineering assumes that a service call has a bounded, largely predictable latency 

distribution and a binary success/failure outcome that can be tested with deterministic fixtures. LLM-integrated 

systems violate both assumptions simultaneously: latency is heavy-tailed and workload-dependent, and 

correctness itself is graded rather than binary. This paper argues that these two properties — non-deterministic 

output and variable, heavy-tailed latency — must be engineered for jointly rather than treated as separate concerns, 

because the mechanisms that mitigate one (for example, retrying a call whose output failed a quality check) 

directly affect the other (retrying adds load and tail latency, and can trigger a retry storm against an already-

degraded provider). 

 

The remainder of this paper is organized as follows. Section II reviews related work on non-determinism in LLM 

systems, resilience patterns in distributed systems, and streaming latency measurement. Section III characterizes 

the specific sources of non-determinism and latency variability that a performance engineer must account for. 

Section IV presents the proposed testing and engineering framework, covering token-streaming instrumentation, 

timeout strategy, retry and backoff design, circuit breakers and bulkheads, and chaos-based fault injection. Section 

V proposes an evaluation framework and metric taxonomy, including a latency-budget table across interaction 

classes and a comparative table of resilience patterns. Section VI discusses the practical trade-offs and limitations 

of the framework, and Section VII concludes with directions for future work. 

 

RELATED WORK 

 

Non-determinism in LLM systems has been documented from several angles. Guild.ai's engineering glossary 

notes that no major inference provider currently promises fully deterministic outputs, and recommends that 

engineering teams design for tolerance of minor output variation rather than bit-perfect reproducibility, borrowing 

chaos-engineering practice — deliberately injecting failures and latency perturbations — to probe resilience 

before it is needed in production [1]. A practical evaluation guide for LLM-reliant systems similarly traces non-

determinism to stochastic computation, chained model calls, and grounding-data inconsistencies, and 

recommends repeated-sampling strategies such as self-consistency to estimate and average out system noise, while 

cautioning that this approach multiplies the number of calls and therefore directly worsens cost and latency, 

illustrating the coupling between correctness engineering and performance engineering that motivates this paper 

[2]. 

 

A closer empirical investigation into so-called "deterministic" LLM settings found that even after eliminating 

GPU-parallelism randomness through fixed seeds, serving-side engineering optimizations such as continuous 

batching, chunked prefill, and prefix caching can reintroduce non-deterministic behavior, and that this instability 

propagates into unit-test failures, malformed output formats, and downstream parser errors [3]. This finding is 

significant for performance engineers because it shows that non-determinism is not solely a property of the model 

but also of the performance optimizations applied at the serving layer — the very techniques used to reduce latency 

can increase output variance. 

 

On the testing-methodology side, recent work proposes automated self-testing as a continuous quality gate for 

LLM applications, arguing that traditional deterministic assertions used in unit and end-to-end testing are poorly 

suited to probabilistic systems and must be replaced with tolerance-based regression checks [4]. A related 

empirical study of practitioners testing LLM-powered software confirms that identical prompts can yield 

materially different outputs, that behavioral drift occurs silently when providers update models without any 

change to client code, and that teams frequently fall back on manual review because automated black-box and 

prompt-probing techniques remain limited in scale [6]. A broader reproducibility study of commercial LLM 

performance in software-engineering research further notes that both epistemic and aleatoric uncertainty vary 
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across models and tasks, making a single general-purpose function for estimating non-determinism unrealistic, 

and that time-dependent model versioning compounds the reproducibility problem for any longitudinal 

performance study [7]. 

 

On the latency side specifically, LatencyPrism proposes online, non-intrusive latency "sculpting" for large-scale 

LLM inference serving, motivated by the observation that mainstream providers now embed percentile latency 

directly into service-level agreements — for instance, aggregating 50th-percentile request latency over rolling 

intervals — and that conflating queueing delay with actual model execution time obscures the true bottleneck 

when a service degrades [5]. This distinction between extrinsic scheduling overhead and intrinsic execution 

latency is directly relevant to the timeout-strategy design proposed in Section IV, because a timeout policy that 

does not distinguish queueing delay from generation time will either fire prematurely during load spikes or fail to 

fire when the model itself has stalled. 

 

A large body of resilience-engineering literature outside the LLM context establishes the retry, backoff, circuit-

breaker, and bulkhead patterns that this paper adapts to the LLM setting. Guidance on retries in distributed systems 

consistently identifies the retry storm — where many clients retry simultaneously against an already-struggling 

dependency — as one of the most common self-inflicted outage mechanisms, and recommends exponential 

backoff combined with randomized jitter to desynchronize retries, together with hard caps on both delay and 

attempt count [9]–[14]. A systematic review of recovery patterns across microservice architectures similarly finds 

that circuit breakers, popularized by Netflix's Hystrix framework, protect dependent services from cascading 

failure by tripping after a threshold of errors and probing recovery through a half-open state, and that these patterns 

are frequently combined with bulkhead isolation to prevent one failing dependency from exhausting shared 

resource pools [21]–[24]. Chaos engineering — the deliberate injection of failure and latency into a running 

system to validate these patterns before an incident occurs — has likewise been studied as a systematic testing 

discipline for microservice resilience, with recent work proposing lightweight, model-driven approaches to 

generate realistic fault scenarios for graph-structured service topologies [22]. 

 

Finally, guidance on token streaming and time-to-first-token (TTFT) measurement has emerged primarily from 

practitioner and vendor sources rather than peer-reviewed venues, reflecting how recent this operational concern 

is. Server-sent events (SSE) are widely adopted as the transport mechanism for incremental token delivery because 

they map naturally onto a single long-lived HTTP connection and require no additional client infrastructure 

beyond the standard EventSource API [16]. Benchmarking guidance distinguishes TTFT — the latency until the 

first generated token is observed — from inter-token latency (ITL, also called time-per-output-token), and 

recommends tracking both as separate first-class metrics rather than collapsing them into a single end-to-end 

duration, since a user's perceived responsiveness is dominated by TTFT even when total generation time is 

unchanged [15], [17]–[19]. This body of work collectively motivates the framework proposed in the next two 

sections. 

 

CHARACTERIZING NON-DETERMINISM AND LATENCY VARIABILITY 

 

A. Output Non-Determinism 
Even at a sampling temperature of zero, repeated calls to the same hosted model with the same prompt are not 

guaranteed to return byte-identical output. Contributing factors include floating-point non-associativity across 

GPUs operating in parallel, non-deterministic kernel-launch ordering, mixture-of-experts routing decisions that 

can depend on co-scheduled requests in the same batch, and serving-layer optimizations such as continuous 

batching and prefix caching that were introduced purely for throughput and latency benefit but have the side effect 

of altering numerical execution order [3]. From a performance-engineering standpoint, the important consequence 

is not the non-determinism itself but its interaction with correctness-driven retries: a system that retries a call 

whenever the returned output fails a downstream validation check will retry more often precisely when the model 

is behaving unusually, which is also often when the serving infrastructure is under load — coupling a correctness 

problem to a load problem at the worst possible time. 

 

B. Latency Variability and the Heavy Tail 
Total response latency for a streamed LLM call is well approximated as the sum of time-to-first-token and the 

product of output token count and inter-token latency. Because output length is itself a random variable determined 

by the model's own generation decisions, total latency inherits a heavy right tail even when TTFT and ITL are 

individually well-behaved. Practitioner benchmarking commonly targets a TTFT under roughly 600 milliseconds 
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for interactive use, since responses that begin streaming within about one second are perceived as responsive 

while a wait beyond two seconds is noticed by users regardless of how quickly the remainder of the response 

subsequently streams [19]. Because the perceived and measured components of latency diverge this sharply, a 

performance test suite that reports only mean or median end-to-end latency is measuring the wrong thing for an 

interactive LLM-integrated feature; it must separately characterize the TTFT distribution, the ITL distribution, 

and the tail (p95/p99) of both [17], [18]. 

 

C. Multi-Hop Amplification in Agentic Pipelines 
The variability problem compounds when a single user-facing request triggers a chain of LLM calls, as in 

retrieval-augmented generation or autonomous agent pipelines that plan, call a tool, and then synthesize a final 

answer. Each hop in such a chain has its own TTFT and ITL distribution, and because the hops are typically 

sequential, the end-to-end latency distribution is the convolution of several heavy-tailed distributions rather than 

a single one. Observability guidance for agentic systems emphasizes separating gateway timing, model timing, 

tool-call timing, and client delivery time precisely because a single slow hop deep in the chain can dominate the 

entire user-perceived latency even if every other hop is fast, and because streaming the wrong phase of a multi-

step pipeline can make a system feel slower than an equivalent single LLM call that streams immediately [15]. 

 

D. Provider-Side Failure Modes 
Beyond latency variance, LLM API calls fail in ways that are routine rather than exceptional: rate-limit rejections 

(HTTP 429) during traffic spikes, transient upstream errors (5xx) during provider-side incidents or model rollouts, 

and stream-level failures such as a connection dropping mid-generation after several hundred tokens have already 

been received and billed. Any of these failure modes can be encountered by any given request with non-trivial 

probability at production scale, which means that the failure-handling logic — not the happy path — determines 

the tail behavior of the overall system. This is the central justification for treating retry, timeout, and circuit-

breaking policy as core performance-engineering artifacts rather than incidental error handling. 

 

PROPOSED PERFORMANCE-ENGINEERING AND TESTING FRAMEWORK 

 

We propose a framework organized around four complementary engineering disciplines, each of which must be 

instrumented, tested, and validated independently and then re-validated together under combined fault injection, 

since the interactions between them (for example, retries interacting with timeouts, or circuit breakers interacting 

with streaming) are frequently where production incidents originate. 

 

A. Token-Streaming Instrumentation 
Streaming delivers generated tokens to the client incrementally over a single long-lived connection, typically 

using server-sent events over chunked HTTP transfer encoding, rather than waiting for the complete response 

before returning anything [16], [22]. The performance-engineering justification for streaming is not that it reduces 

total generation time — it does not — but that it moves the first user-visible content far earlier in the request 

lifecycle, which dominates perceived responsiveness. A response that begins rendering at 400 milliseconds and 

continues streaming for several seconds is judged by users to be faster than a response that returns everything at 

once after an equivalent total duration, because attention and reading time overlap with the remaining generation 

[19], [20]. 

 

For testing and monitoring purposes, we recommend instrumenting three timestamps at the gateway boundary for 

every streamed call: request-dispatch time, first-chunk-received time, and final-chunk-received time. From these, 

TTFT is computed as the interval between dispatch and first chunk, and ITL (equivalently, time-per-output-token) 

is computed as the interval between first and final chunk divided by the number of output tokens, explicitly 

excluding TTFT from the per-token average so that a slow start does not distort the measured generation rate [17]. 

A common instrumentation defect is re-buffering: a server that consumes a provider's stream internally and only 

forwards a complete response to its own client discards the entire latency benefit of streaming while still paying 

its cost in implementation complexity, so end-to-end TTFT should always be measured from the outermost client 

boundary, not from the internal provider call [19]. 

 

B. Adaptive Timeout Strategy 
A single fixed timeout applied uniformly to all LLM calls is inappropriate given the heavy-tailed, workload-

dependent nature of generation latency: a timeout tight enough to bound interactive chat latency will spuriously 

cancel long-form summarization calls, while a timeout loose enough to accommodate long-form generation will 
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let an interactive feature hang far past the point of user abandonment. We propose a timeout strategy with three 

components. First, a per-class latency budget is set according to interaction type (see Table I in Section V), 

reflecting that autocomplete, conversational chat, agentic tool steps, and batch summarization have fundamentally 

different tolerance for delay. Second, timeouts should be split into a TTFT sub-timeout and an overall stream-

deadline: if no chunk arrives within the TTFT sub-timeout, the call is almost certainly experiencing a provider-

side stall or network partition rather than long generation, and can be cancelled and retried immediately without 

waiting for the full deadline to elapse; if chunks are arriving steadily but the overall deadline is approached, the 

client should truncate gracefully rather than abort, since partial output is frequently still useful. Third, in multi-

hop agentic pipelines, the remaining time budget should be propagated explicitly from the outer request deadline 

into each inner call — deadline propagation — so that a tool-calling step deep in a chain does not consume a 

timeout budget appropriate for a standalone call while ignoring how much of the user's overall patience has already 

elapsed [5], [15]. 

 

C. Retry Policy Without Retry Storms 
Because transient 429 and 5xx responses from LLM providers are routine, some retry logic is necessary; the risk 

is that naive retry logic — immediate, unbounded, unjittered — is one of the most common ways that distributed 

systems accidentally attack themselves during a partial outage, since many clients failing and retrying at the same 

moment can convert 1,000 requests per second of legitimate load into an order of magnitude more retry traffic 

against an already-struggling dependency, a pattern termed a retry storm [12], [13]. The standard mitigation, 

adapted here for LLM calls, has four elements. First, only errors classified as transient (429, 502, 503, 504, and 

stream-level disconnects) should be retried; errors that indicate a permanent client-side problem (400, 401, 

content-policy rejection) should fail fast [14]. Second, retry delay should follow exponential backoff with full 

jitter, computed as a random draw between zero and the minimum of a capped maximum delay and the base delay 

doubled per attempt, which spreads retries in time rather than clustering them at fixed intervals [9]–[11]. Third, 

both the maximum delay (typically bounded to tens of seconds) and the maximum attempt count (typically three 

to five attempts) must be capped, since unbounded retries eventually exhaust client-side resources even if they 

never overload the provider [14]. Fourth, and specific to LLM calls, retries should be governed by a retry budget 

that limits total retry volume to a small fraction — commonly cited as ten to twenty percent — of live traffic; once 

the budget is exhausted, the system should fail fast rather than retry, protecting the downstream provider from 

exactly the amplification a retry storm produces [13]. 

 

A further LLM-specific nuance is idempotency and partial-output handling. Because a streamed call that fails 

after several hundred tokens have already been generated and billed cannot simply be re-issued from scratch 

without financial and latency cost, retry logic for LLM APIs should distinguish between a failure before any 

tokens were received (safe to retry transparently) and a failure mid-stream after substantial partial output exists 

(better handled by resuming with the partial output as context, or by surfacing the partial result to the user with 

an option to continue, rather than by discarding it and retrying blind) [12]. 

 

D. Circuit Breakers and Bulkhead Isolation 
Retry policy alone does not prevent cascading failure if the upstream provider or an internal LLM-gateway 

component is degraded for an extended period; in that situation, every retry — however well-jittered — still adds 

load to a system that needs to recover, not receive more traffic. The circuit-breaker pattern, popularized in 

distributed systems by Netflix's Hystrix framework, addresses this by monitoring the error rate of calls to a 

dependency and tripping to an open state once a failure threshold is exceeded, after which calls fail immediately 

(or fall back to a default behavior) without being attempted at all; after a cooldown period the circuit enters a half-

open state that allows a small number of probe requests through to test whether the dependency has recovered 

before fully closing the circuit again [21], [23], [24]. Applied to LLM-integrated applications, we recommend that 

circuit breakers be scoped per model/provider endpoint rather than globally, since a single application commonly 

depends on more than one model (for example, a fast low-cost model for classification and a larger model for 

generation), and a failure in one should not degrade the other. 

 

Bulkhead isolation complements circuit breaking by partitioning shared resources — connection pools, thread 

pools, or concurrency-limited request queues — per dependency, so that a single overloaded or slow model 

endpoint cannot exhaust the resources available to calls destined for a different, healthy endpoint [21]. In an LLM 

gateway that fans requests out to multiple providers or model tiers, bulkheads are what prevent a latency spike in 

one tier from starving concurrency for every other tier. 
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E. Fallback and Degradation Strategy 
Every timeout, open circuit, and exhausted retry budget must resolve to a defined fallback rather than an unhandled 

error, because from the end user's perspective a clear, fast degraded response is preferable to an unbounded wait. 

Practical fallback options for LLM-integrated features include: serving a cached or previously generated response 

for repeat or near-duplicate queries; downgrading to a smaller, faster, or self-hosted model with lower quality but 

bounded latency; returning the partial output already streamed before a mid-stream failure, clearly marked as 

incomplete; and, for non-interactive paths, queueing the request for asynchronous retry and notifying the user 

rather than blocking. Which fallback is appropriate depends on the interaction class defined in Table I, and should 

be decided at design time, not discovered during an incident. 

 

F. Chaos and Fault-Injection Testing Methodology 
Because the failure and latency modes described above are routine rather than rare, they cannot be validated solely 

through conventional unit and integration tests that assume a single, fast, successful call. We recommend chaos-

engineering practice — the deliberate, controlled injection of failures and perturbations into a system to test its 

resilience before those conditions occur naturally in production [1], [22] — as the primary validation methodology 

for the framework above, applied specifically to the LLM call boundary. A minimal fault-injection test matrix 

should include: (i) artificially delayed TTFT (simulating provider queueing) at multiple magnitudes relative to the 

configured timeout, to verify that the TTFT sub-timeout fires correctly and does not falsely trigger under normal 

jitter; (ii) mid-stream connection termination after a partial token count, to verify that partial-output handling and 

retry-with-context behave as designed rather than discarding partial work; (iii) sustained 429/503 injection at a 

rate sufficient to open the circuit breaker, to verify that the breaker trips, that fallback behavior activates, and that 

the retry budget is not exhausted prematurely by the injected errors; (iv) synchronized-failure injection across 

many simulated concurrent clients, to verify that jittered backoff actually desynchronizes retries rather than 

producing a retry storm in aggregate; and (v) combined-fault scenarios that inject latency and errors 

simultaneously across multiple hops of an agentic pipeline, to verify that deadline propagation correctly 

apportions the remaining time budget rather than allowing an early hop to consume the entire allowance. This test 

matrix should be run continuously in a staging environment against a simulated or record-and-replay provider, 

since testing directly against a live production LLM provider's actual failure modes is neither reliable nor ethical 

as a repeatable test methodology. 

 

EVALUATION FRAMEWORK AND METRICS 

 

Consistent with the observability guidance reviewed in Section II, we recommend treating TTFT and ITL as 

separate first-class service-level indicators rather than collapsing them into a single end-to-end latency figure, and 

reporting both at the median and at the 95th and 99th percentiles, since tail behavior — not the median — is what 

determines whether timeout and retry policy is correctly calibrated [15], [17]–[19]. Table I proposes an illustrative 

latency-budget taxonomy across four common LLM interaction classes, intended as a starting template for teams 

to adapt to their own product's tolerance rather than as a universal standard. 

 

Interaction Class Target TTFT Acceptable ITL Timeout Budget Fallback on Breach 

Conversational chat < 600 ms 20–60 ms/token 8–15 s Cached reply / 

degraded model 

Autocomplete / inline 

suggestion 

< 300 ms 10–30 ms/token 1–3 s Suppress suggestion 

Agentic tool-calling step < 1.5 s n/a (non-

streamed) 

20–45 s Re-plan with smaller 

model 

Batch / offline 

summarization 

< 5 s 50–150 ms/token 60–180 s Queue for retry 

TABLE I. Illustrative Latency Budgets and Fallback Policy by LLM Interaction Class 

 

Table II synthesizes the resilience patterns discussed in Section IV, mapping each pattern to the specific failure 

mode it addresses, its underlying mechanism, and the risk introduced if it is misconfigured — a risk that is easy 

to overlook because a resilience pattern that fails silently (for example, a circuit breaker whose threshold is set 

too high to ever trip) provides no warning until the failure it was meant to prevent has already occurred. 
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Resilience Pattern Primary Failure Mode 

Addressed 

Mechanism Risk if 

Misconfigured 

Exponential backoff Transient 429 / 5xx from 

provider 

Delay doubles per attempt up 

to a cap 

Long tail latency, 

thundering herd on 

recovery 

Full jitter Synchronized retries across 

clients 

Random delay drawn from 

[0, backoff] 

Insufficient spread if 

entropy is shared 

Retry budget Retry amplification / storms Cap retries to 10–20% of live 

traffic 

Silent request drops if 

budget starved 

Circuit breaker Cascading failure to 

upstream services 

Trip on error-rate threshold; 

half-open probe 

Flapping if thresholds 

too sensitive 

Bulkhead isolation One tenant/model exhausting 

shared pool 

Separate connection/thread 

pools per dependency 

Under-utilization if 

pools too small 

Deadline propagation Wasted work past client 

patience 

Pass remaining time budget 

through call chain 

Premature 

cancellation of near-

complete work 

TABLE II. Comparative Summary of Resilience Patterns for LLM-Integrated Call Paths 

 

Beyond the two tables above, we recommend three aggregate metrics for ongoing performance-engineering 

review. First, the retry amplification ratio — the ratio of total calls actually issued (including retries) to the number 

of distinct user-initiated requests — should be tracked continuously; a ratio approaching or exceeding the 

configured retry budget is an early warning of an incipient retry storm before it becomes visible as a user-facing 

outage [12], [13]. Second, the circuit-breaker duty cycle — the fraction of time each provider-scoped breaker 

spends open versus closed — indicates how frequently a dependency is unhealthy and whether the trip threshold 

is well calibrated. Third, the streamed-completion rate — the fraction of streamed responses that complete without 

a mid-stream failure — directly measures how often partial-output handling logic is exercised in production and 

should be cross-referenced against the fallback strategies defined in Section IV-E. 

 

DISCUSSION 

 

The framework proposed in this paper reflects a broader shift that LLM integration forces onto performance 

engineering: variable latency and partial failure must be treated as expected, routinely-occurring operating 

conditions to be engineered around, rather than exceptional cases to be handled defensively as an afterthought. 

This shift has direct organizational consequences. Load testing for LLM-integrated features cannot rely solely on 

throughput benchmarks against a stable, fast backend, because the dominant source of tail latency and failure is 

not the caller's own infrastructure but a third-party dependency whose internal queueing and routing behavior is 

opaque to the caller [5]. This motivates record-and-replay or simulated-provider testing, described in Section IV-

F, as a necessary complement to live integration testing. 

 

A second consequence is that the resilience patterns discussed in Section IV interact with each other in ways that 

must be tested jointly, not merely unit-tested in isolation. A retry policy that is correctly jittered in isolation can 

still contribute to a retry storm if the circuit breaker it should be coordinating with has a threshold set too high to 

trip before the retry budget is exhausted [13], [14]. Similarly, a timeout policy that is well calibrated for a single 

call can behave incorrectly inside a multi-hop agentic pipeline if deadline propagation is not implemented, since 

each hop will independently apply its full local timeout budget rather than the fraction of the user's remaining 

patience actually available [15]. This argues for the combined-fault test scenarios recommended in Section IV-F 

as the primary validation gate, rather than treating streaming, timeout, retry, and circuit-breaking configuration as 

four independently-reviewed settings. 

 

A limitation of the framework as presented is that it does not resolve the tension, noted in Section II, between 

correctness-oriented mitigations for non-determinism (such as self-consistency sampling, which issues multiple 

calls per request to reduce output variance) and performance-oriented mitigations for latency and load (such as 

retry budgets, which explicitly cap additional call volume) [2]. In practice, teams must decide, per interaction 
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class, whether an unreliable output is better addressed by consuming additional latency and cost for a second 

sample, or by accepting the variance and validating downstream. This trade-off is inherently product-specific and 

is not resolved by the infrastructure-level patterns in Section IV alone; it requires the latency-budget and quality-

tolerance decisions summarized in Table I to be made deliberately at the product level, not defaulted implicitly 

by whichever engineer configures the retry client. 

 

Finally, the framework assumes that the calling application has sufficient control over its request path to 

implement deadline propagation, per-provider circuit breakers, and streaming instrumentation at the gateway 

boundary. Applications built directly against a provider's client SDK without an intermediating gateway layer will 

find several of the recommendations in Section IV harder to retrofit, which argues for introducing a thin LLM-

gateway abstraction early in a system's lifecycle specifically to centralize this instrumentation, rather than 

duplicating it inconsistently across every calling service. 

 

CONCLUSION AND FUTURE WORK 

 

This paper has characterized the joint problem of output non-determinism and heavy-tailed, variable latency that 

arises when large language model API calls are placed in the critical path of production applications, and has 

proposed a four-part performance-engineering framework covering token-streaming instrumentation, adaptive 

timeout strategy with deadline propagation, retry-storm-resistant backoff and retry-budget design, and circuit-

breaker/bulkhead-based fault isolation, validated through chaos-style fault injection rather than conventional 

deterministic testing. A latency-budget taxonomy across four interaction classes and a comparative summary of 

resilience patterns were presented as practical starting artifacts for teams adopting this framework. The central 

argument is that these four disciplines cannot be engineered or tested independently, because their interactions — 

for example, retries against an untripped circuit breaker, or local timeouts inside a multi-hop pipeline without 

deadline propagation — are frequently the actual source of production incidents, even when each component 

appears correctly configured in isolation. 

 

Future work should pursue empirical validation of the illustrative latency budgets in Table I against production 

telemetry across a range of LLM-integrated application types, development of open tooling for record-and-replay 

simulation of provider-side failure and latency distributions specifically for use in continuous chaos testing, and 

closer integration between the correctness-oriented evaluation methodologies discussed in Section II (such as self-

consistency sampling) and the latency- and cost-aware retry-budget mechanisms proposed in Section IV, so that 

the trade-off between output reliability and system performance can be tuned quantitatively rather than left to ad 

hoc per-team judgment. 
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