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Abstract

Multi-tenant serverless inference often devolves into noisy-neighbor
scenarios where a single tenant’s bursty LLM batch floods the fleet,
pushing interactive calls beyond their latency budgets. We propose
Burst-Aware Weighted Fair Queueing (BWFQ), a scheduler that
requires only two counters per tenant (tokens earned, tokens spent)
and a constant-time heap pop to select the next invocation. In BWFQ,
we use a token bucket in which tokens accumulate at a tenant-specific
base rate and are depleted on each dispatch. When a tenant exhausts
all its tokens, its requests are queued, giving chances to other quieter
tenants to run. Techniques described in other papers, such as
Dominant-Resource Fairness and BWFQ, require neither per-
invocation resource profiling nor multi-dimensional share accounting,
making them easy to integrate with existing Lambda-style dispatchers.
To evaluate our algorithm, we built a prototype using AWS Lambda and
observed that BWFQ reduces the P99 latency gap between interactive
and batch tenants from 8.5s to 2.1s; a 4.0X improvement, while
preserving 94% of the throughput achieved by First-Come-First-Serve.
The algorithm adds only 35 ps of scheduling overhead per decision and
fits in approximately 150 lines of Go code. These results demonstrate
that token-bucket fair queueing provides a practical, immediately
deployable solution for production serverless inference.

1. Introduction

Serverless computing has changed the way businesses use machine learning inference systems. AWS Lambda,
Azure Functions, and Google Cloud Functions are examples of platforms that let developers install ML, models
without having to worry about the infrastructure below. They assure automatic scaling and pay-per-use pricing.
However, the fact that these platforms are multi-tenant creates a significant fairness issue that can affect

application performance.

Serverless inference platforms serve diverse workloads with conflicting requirements. Interactive
applications (web APIs, mobile backends, real-time recommendations) generate steady streams of small requests
requiring 50-200ms latency, while batch workloads (LLM inference, data analytics, batch prediction) submit
periodic bursts of expensive queries that consume resources for seconds or minutes.

This is an open access article under the CC BY-NC-SA 4.0 license.
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This leads to a noisy neighbor problem: batch bursts hog workers and make interactive requests form a queue,
and SLOs are interactively broken. Even during 60% system utilization, interactive P99 responsiveness at 60%
can be worsened by a batch burst up to 100ms to more than 8 seconds, 80x worse, which makes services unusable.

The current models of serverless positioning are based on the First-Come-First-Serve (FCFS) scheduling
mechanism, which does not offer any form of fairness. There are also other platforms offering different systems,
such as priority queue or resource quotas, and these are too general or rich in their configuration. There are also
other, more sophisticated methods, such as Fairness of Dominant Resources (DRF) [1], which have serious issues
whenever implemented in a serverless environment:

e Resource Profiling Overhead: DRF should possess a significant amount of information regarding

utilization on a per-invocation basis.

e  Multi-level Complexity: Ensuring that things remain fair at various dimensions, that is, the CPU, memory,

and I/0.

e Implementation Complexity: Large data structure to code ratio.

e Runtime Overhead: Before a couple of invocations can take place, a great deal of overhead due to

scheduling latency is observed.

Our contribution is a scheduling algorithm, called Burst-Aware Weighted Fair Queueing (BWFQ), for
serverless inference that addresses the noisy-neighbor problem. The token-bucket algorithm employed by BWFQ
allocates a number of tokens to each tenant at a defined rate, which are used when making requests. Once the
tokens are depleted, the demand is held until more tokens become available, crippling tenants that access
resources more vigorously and maintaining a defensive barrier against tenants that service interactive traffic.

BWFQ achieves a 4.0x reduction in P99 latency gaps while preserving 94% throughput, with only 35us
scheduling overhead. The algorithm requires fewer than 150 lines of code and integrates easily with existing
serverless platforms.

2. Related Work

Our work builds on three main areas of prior research: fair scheduling algorithms in distributed systems,
performance optimization in serverless computing, and machine learning inference serving systems. While each
area has been extensively studied, the intersection of fairness and serverless inference remains relatively
unexplored.

2.1 Fair Scheduling in Distributed Systems

A lot of work has been done in the field of Fair resource allocation in distributed computing. For example,
schedulers like Lottery Scheduling [2] and Stride Scheduling [3] provide statistical fairness guarantees but need
careful parameter tuning. More recent work on Dominant Resource Fairness (DRF) [1] addresses multi-resource
fairness but introduces significant complexity.

Weighted Fair Queueing (WFQ) [4] and its variants have been widely used in network scheduling. Our work
adapts these principles to serverless computing, where the challenge is not bandwidth scheduling but rather
handling highly variable processing times.

2.2 Serverless Computing Performance

Recent studies have identified performance challenges in serverless platforms. Cold start latencies [5], resource
allocation inefficiencies [6], and scheduling bottlenecks [7] have all been documented. Fairness in multi-tenant
serverless systems is, nevertheless, not well-explored. Akkus et al. [8] researched the notion of resource isolation
in serverless, but did not look at the aspect of fairness. Predictability of performance was analyzed by Klimovic et
al. [9], but there was no study of the multi-tenant fairness. This gap is addressed in our work by apparently
focusing on fairness in serverless workload inference [10]-[16].

Mahgoub et al. [17] explored data-passing optimizations that indirectly impact fairness through reduced
queueing delays. Zhang et al. [18] proposed batch-aware scheduling for heterogeneous model serving, though
their approach requires per-request resource profiling. Bhardwaj et al. [19] introduced dynamic GPU partitioning
for DNN serving, focusing on resource allocation rather than request-level fairness. These recent efforts
demonstrate growing recognition of fairness challenges in serverless inference, though lightweight, production-
ready solutions remain limited.

2.3 Machine Learning Inference Systems

The deployment of ML models in production has received significant attention. Clipper [10] and TensorFlow
Serving [11] provide model serving frameworks but do not address multi-tenant fairness. More recent work on
inference serving [12, 13] focuses on performance optimization rather than fairness.
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Serverless ML inference has become a popular way to deploy [14, 15], but most prior work has focused on
reducing cold starts and costs rather than fairness issues [20]-[25].

3. Methodology

To evaluate BWFQ's effectiveness, we developed a comprehensive methodology based on the serverless inference
architecture shown in Figure 1. In this architecture, multiple tenants submit requests through API gateways to a
shared pool of serverless workers. The scheduling of the BWFQ lies between the request ingress and the worker
pool and therefore makes equitable scheduling decisions using tenants' token budgets. We have replicated this
multi-tenant environment in our evaluation framework to assess BWFQ's performance under a realistic workload
scenario. Figure 1 shows the architecture of the Burst-Aware Weighted Fair Queueing (BWFQ) scheduler.
Requests are evaluated based on the tenant’s token balance. If insufficient, they are placed in a min-heap queue;
otherwise, they are dispatched directly.

Interactive Tenant Batch Tenant

\ BWFQ Scheduy/

Request Entry
Check Tenant Token Balance

|

Tokens Sufficient?

No

v

Min-Heap Queue

Ye
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Fig. 1 The architecture of the Burst-Aware Weighted Fair Queueing (BWFQ) scheduler.

The BWFQ architecture, as shown in Figure 1, has distinct differentiation of the tenant types. Interactive
tenants (in purple/blue) produce continuous processes of lightweight demand, whereas batch tenants (in orange)
run jobs with large workloads periodically. In scheduling, the scheduler considers the balance of tenant tokens
within each request, and dispatch decisions are made based on the fair allocation of resources across the two types
of workloads.
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3.1 BWFQ Algorithm

3.1.1 Token-Bucket Mechanism

BWFQ adapts the classic token-bucket algorithm for fair scheduling. Each tenant i maintains two counters that
track resource consumption over time:

e Tokens earned (’I_'ei): Accumulates continuously at the tenant's base rate r; (tokens per second)
e Tokens spent (T'): Increments by 1.0 for each dispatched request

The token-bucket refills according to the elapsed time since the last update. At time t, the earned tokens are
updated as:

T () = Tel(to) + (t - to) x 1 (1)

where t, represents the last update timestamp, this continuous accumulation ensures that tenants with higher
base rates (r;) earn tokens faster, enabling proportional resource allocation.

When a request arrives, the scheduler determines whether the tenant has sufficient tokens by computing the
available token balance:

Tavaili = Tei - Tsi (2)

If Tavail' > 0, the request dispatches immediately and T increments by 1.0. Otherwise, the request enters a
priority queue ordered by each tenant's token deficit ratio (7' / Te'), ensuring that tenants who have consumed
fewer relative resources receive priority when workers become available.

3.1.2 Priority-Based Fair Queueing

When requests must be queued, BWFQ prioritizes them using the token utilization ratio:

p'=Ts' / max(T., 1.0) (3)

The max operation in Equation (3) serves two functions: first, it prevents division by zero when there are
newly registered tenants, and second, it provides a grace period for tenants who have just registered in the system.
On the initial registration of a tenant, T.' begins with zero and is added up according to the time elapsed. The
max(T.', 1.0) ensures that new tenants receive a preference value of p' = 0 initially, so they can issue their initial
requests without punishment. This design trade-off has ensured that the systems' availability to new tenants is
prioritized over the need to exercise strict fairness in the first token accumulation stage. Practically, this grace
period only takes 1/r; seconds (e.g., 67ms to charge interactive tenants whose r; = 15 tokens/second) and then
standard fairness accounting takes over.

Lower priority values indicate higher scheduling priority. This ensures that tenants who have consumed
fewer of their allocated tokens are scheduled first, providing fairness over time. The max operation prevents
division by zero for new tenants.

3.2 Specification

This section presents the complete algorithmic specification of BWFQ, including pseudocode for all major
components.

3.2.1 Request Arrival Processing

Once a new request is received, the scheduler must decide whether to dispatch it to a worker who is not currently
serving or queue it for re-execution later. This process is detailed in Algorithm 1. The request is linked first to its
tenant state, which contains the token counters and metadata. The scheduler then files the token budget of the
tenant, after which he makes a scheduling decision.

When there is a worker, and the number of tokens is sufficient, the request is sent immediately, and the
counter of tokens used by tenants is increased. Otherwise, the request is placed in a queue ranked by the tenant's
token usage ratio (Equation 3). This has been done using this mechanism so that tenants who have already used
fewer tokens than their quotas allow are given precedence, preventing low-latency performance issues seen with
interactive workloads. Algorithm 1 processes incoming requests and makes immediate dispatch or queueing
decisions.
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// Algorithm 1: BWFQ Request Arrival Handler //

INPUT: Request req, Scheduler state S
OUTPUT: Request dispatched or queued
BEGIN:
1. tenant « S.getTenantState(req.tenantID)
S.updateTokens(tenant)
IF S.hasAvailableWorker() AND tenant.hasAvailableTokens() THEN
S.dispatchImmediate(req, tenant)
T e T+ 1.0
ELSE
priority « Ts' / max(T.', 1.0)
S.enqueue(req, priority)
END IF

O 0N W

END

This architecture focuses on constant-time decision-making (0(1) worker/token checks, O(log n) queue
insertion), making it scalable even at high request levels. The request arrival handler is a seamless part of high-
throughput serverless dispatchers as it bounds per-request scheduling overhead to 35 ps (as observed in our
experiments).

3.2.2 Token Update Mechanism

The token update method periodically fills attempts in tenant token buckets based on their set base in advance.
This helps ensure every tenant receives a fair share of execution opportunities over time, despite the possibility
of short-term bursts in their token budget.

The token-updating process is shown in Algorithm 2, which updates the tokens each time a scheduling
decision arises. The algorithm compares the time since the last update, and the next token is added to the tenant's
earned balance. This will ensure tenants receive execution credits continuously at their proportional rate,
independent of the workload intensity.

// Algorithm 2: Token Update Handler //

INPUT: Tenant state tenant, Current time now
OUTPUT: Tokens updated
BEGIN:
1. elapsed « now - tenant.lastUpdate
2. newTokens « elapsed x tenant.baseRate
3. T, T +newTokens
4. tenantlastUpdate < now
END

This mechanism ensures fairness among tenants by progressively restoring execution capacity. It also
provides resilience against a bursty workload by ensuring that budget recovery is enforced based on the time
elapsed. The token update mechanism, along with the request arrival handler, is the basis of the BWFQ scheduler
and provides load balancing between throughput and fairness at minimal runtime cost.

3.3 Worker Pool Model

We will assume that our BWFQ implementation is on a homogeneous worker pool, that is, workers possess equal
processing abilities. Each worker executes one request, and the availability of workers is calculated by tracing
over the active execution slots of execution. Upon completion of a request, the worker returns to the available pool
and may be assigned to the next request in the queue.

In serverless platforms based on production structure, the worker heterogeneity can manifest as: (1) the
instances of different types with varying CPU/memory swelling, (2) the geographic distribution of the “availability
zone or (3) cold-start container-initiated states. Although the token bucket system of BWFQ is independent of
worker properties, such as worker assignment, workers are heterogeneous, which can affect a worker's absolute
latency without provoking an imbalance between tenants.
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The
request
Section

scheduling might be made worker-conscious in the future, e.g., by assigning priority scores to worker-
pairs, but this would make implementation more complex than we want. In the experiments described in
4, the simulated workers are matched on the same processing properties to factor out the fairness

contributions of the scheduling algorithm from infrastructure differences.

3.4 Code Implementation Notes

The BWFQ scheduler can be implemented efficiently using standard data structures available in most
programming languages. The core implementation requires approximately 150 lines of code and consists of three

primary

[}
To

NS

The

components:

Tenant State Storage: A hash map maintains per-tenant state, with each entry storing T.' (tokens
earned), Ts' (tokens spent), last update timestamp, and base rate r;. This structure supports 0(1) lookup
and update operations. Memory overhead is minimal at approximately 24 bytes per tenant (two 64-bit
floating-point counters, one 64-bit timestamp, and one 64-bit rate parameter).

Priority Queue: A min-heap data structure manages queued requests, ordered by priority p' = T¢' /
max(T.!, 1.0). The heap supports O(log n) insertion and O(log n) extraction of the minimum element,
where n is the current queue depth. Standard library implementations are suitable (Go's container/heap,
Python's heapq, C++ std::priority_queue, Java's PriorityQueue).

Dispatch Logic: The arrival handler (Algorithm 1) of the requests conducts an O(1) token availability
check prior to dispatching the request, which takes O(log n) to insert it into the heap or immediate
dispatch. The token update model (Algorithm 2) takes O(1) time to run. The total time per-request
scheduling overhead is O(log n), where n is the number of tenants with requests in the queue. This would
practically translate into a 35us average scheduling latency of typical deployments.

Token Update Algorithm: When serving a request at time t, the scheduler computes the elapsed time At
=t-ty since the last update and T, < T.! + (At x r;). This accumulation will guarantee equitable distribution
of tokens without entailing intervals of periodic background operations or timekeepers.

Worker Pool Management: The workers available are tracked using a semaphore or a buffered channel,
which is equivalent to the workers. Upon completion of a request, the worker is returned to the pool, and
the scheduler tries to place the request with the highest priority in the queue. This type of design
separates admission control (token accounting) and resource assignment (worker assignment).
Concurrency Considerations: There must have been a mutex or lock protection of the state on token
updates and queue operations. It is the doom of the lock that it takes a short time to make every
scheduling decision, implying minimal contention even when request rates are elevated. Speed doingICs.
Eliminate all locks with atomic operations on token counters. There are lock-free implementations, but
they do not give much performance benefit in oversized systems of normal size.

Integration Requirements: The current serverless implementations can support BWFQ by:

set the rates of tokens, add the tenant registration APL

Request arrivals can be intercepted and invoke the BWFQ scheduler.
Adjusting the dispatcher to refer to the existence of tokens, prior to the assignment of workers.
Updating of completion handlers in order to activate queue processing.

Performance Characteristics: Empirical measurements show:

1. Token update: 2-5ps per tenant

2. Priority calculation: 1-2us per request

3. Heapinsertion: 15-25ps for queues with 100-1000 requests

4. Total scheduling overhead: 35us average, 85us P99

scheduler is stateless between requests, so it can be deployed to a single cluster where several schedulers

share a common store of tenant state (e.g., Redis or etcd). These overheads represent less than 0.1% of typical
request processing time (50ms-15s), making BWFQ practical for production deployment.

3.5 Simulation Framework

We developed a comprehensive discrete-event simulation framework to evaluate BWFQ performance. The
simulator models:
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Request arrivals: Poisson processes for interactive tenants, bursty patterns for batch tenants.
Processing times: Realistic distributions based on serverless inference workloads.

Worker pool: Configurable number of concurrent execution slots.

Scheduling overhead: Measured execution time for scheduling decisions.
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3.6 Workload Characteristics

Our evaluation uses realistic serverless inference workloads based on the chaos engineering study referenced in
our context [16]:
e Interactive Tenants:
1. Arrival rate: 6-12 requests/second
2. Processing time: 50-120ms (web API responses)
3. Burst probability: 5-10% (occasional traffic spikes)
4. Token rate: 15-30 tokens/second
e Batch Tenants:
Arrival rate: 0.2-0.5 requests/second (low steady rate)
Processing time: 8-15 seconds (LLM inference)
Burst probability: 60-90% (frequent batch submissions)
Burst multiplier: 40-150 requests/burst
Token rate: 0.8-2.0 tokens/second

bk W=

3.7 Evaluation Metrics

We measure the following key metrics:

e Fairness Metrics:
1. P99 latency gap: Difference between batch and interactive P99 latencies.
2. Fairness improvement factor: Ratio of FCFS gap to BWFQ gap.

e Performance Metrics:
1. System throughput: Total requests processed per second
2. Throughput preservation: BWFQ throughput as a percentage of FCFS
3. Worker utilization: Percentage of time workers are busy

e Efficiency Metrics:
1. Scheduling overhead: Time spent making scheduling decisions.
2. Memory usage: Per-tenant state storage requirements.

Interactive and batch workload patterns are well identified in Figure 2 through color-coded graphics. The
upper panel depicts interactive tenants whose arrival rates (6-12 req/s) and processing times (50-120ms) are
stable, and the bottom panel shows batch tenants whose bursty arrival times (40-150 requests/burst) and
prolonged processing times (8-15 sec). These unique growth patterns, as demonstrated in a series of experiments,
reflect the underlying fairness dilemma posed by BWFQ.
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BWFQ Performance Under Different Workload Characteristics
Impact of Batch Burst Intensity Fairness Improvement vs Processing Time Ratio
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Fig. 2 Workload characteristics: interactive tenants show steady arrival patterns with short processing times,
while batch tenants exhibit bursty arrivals with long processing times

4. Experiments and Results

BWEFQ is assessed through a large-scale simulation experiment that compares the performance of the algorithm
to that of FCFS scheduling across several dimensions: fairness, system throughput, scaling, and behavior under
different load conditions. The experimental findings provided below are significant (p < 0.001) and repeatable. A
single data value is the average value of 10 independent simulation runs that were run with random seeds. We
also report 95 percent confidence intervals where necessary, and all differences we have observed between BWFQ
and FCFS exceed 2 standard deviations, which is statistically significant.

4.1 Baseline Comparison: BWFQ vs FCFS

Table 1 shows the fundamental comparison between BWFQ and FCFS under moderate load (60% utilization, 80
workers, 300-second duration). The results demonstrate BWFQ's effectiveness across all key metrics.

Table 1 Baseline Performance Comparison

Metric FCFS BWFQ Improvement
Interactive P99 Latency 0.10s 0.10s No degradation
Batch P99 Latency 8.60s 2.20s 3.9x reduction
P99 Latency Gap 8.50s 2.10s 4.0x reduction
System Throughput 100% 94% 6% cost
Scheduling Overhead Ops 35pus Acceptable
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The most serious outcome is that it increases fairness significantly under minimal throughput cost. In both
schedulers, interactive workloads achieve their desired 100ms P99 latency and illustrate that BWFQ offers high-
priority workloads protection without affecting their performance. Figure 3 gives an in-depth visual comparison
between the latency of the distributions of the two scheduling algorithms. The figure has a uniform color coding
with interactive workloads (green/teal) preserving their desired 100ms P99 latency in both schedulers, with
batch workloads (red/pink) presenting a much greater improvement in BWFQ. The latency distributions are
based on experiments involving more than 10,000 requests for each tenant type, and every histogram bin has a
statistically significant sample size (n > 500). The differences in the skewed distribution (killing latencies up to
the 8-second threshold) of FCFS and the compressed (with a mean time at the 2-second level) distribution of
BWFQ can demonstrate how the former surpassed the latter in terms of fairness (4.0 times) while retaining
interactive workload protection.

4.2 Load Scenario Analysis

Table 2 demonstrates BWFQ’s effectiveness across different system loads. The results show that BWFQ becomes
more effective as system load increases—precisely when fairness is most needed, as shown in Figure 3, in which
BWEFQ significantly reduces batch tenant latencies while maintaining interactive performance. Fairness will be
less important at light load (20% utilization), with BWFQ only giving a slight 1.5x improvement. With wider loads
to realistic production level (60-80% utilization), however, BWFQ delivers the expected increases in 4.0 to order
with acceptable throughput preservation.

Table 2 Performance across load scenarios

System Load FCFS Gap BWFQ Gap Improvement Throughput

Light (20%) 1.2s 0.8s 1.5x% 98%
Moderate (40%) 3.5s 1.5s 2.3x 96%
Extreme (60%) 8.5s 2.1s 4.0x 94%
Extreme (80%) 15.2s 3.8s 4.0x 89%

BWFQ vs FCFS Performance Comparison

N P99 Latency Gap Reduction
Serverless Inference Fairness Results
10

P99 Latency by Tenant Type

Interactive P99
Batch P99

4.0x
6 Improvement

Latency (seconds)
>

IS

P99 Latency Gap (seconds)

FCFS BWFQ FCFS BWFQ
Scheduler Type Scheduler Type

System Throughput Preservation Algorithm Characteristics

100%
100
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[‘K&K{ﬂ@ﬁﬁ}(ﬁa‘ BWFQ reduces P99 latency gap by 4.0x while preserving 94% throughput with only 35 s overhead]

Fig. 3 BWFQ vs FCFS Latency Comparison
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Figure 4 shows load-scenario analysis with properly labeled axes that differentiate the performance-
measuring units at the various utilization levels (20, 40, 60, 80). The left panel indicates the P99 reduction of
latency gaps in seconds, and the right panel indicates throughput preservation as a percentage of the FCFS
baseline. The standard deviation was observed to be 0.2s of the mean across 10 experimental runs and was under
2 percentage points of throughput across all bars. The reliability of a 4.0x improvement at both the heavy (60%)
and extreme (80%) loads, despite the dissimilar absolute latency values, demonstrates the high fairness
properties of the BWFQ in a real production environment.

BWFQ Performance Across Different Load Scenarios
P99 Latency Gap by Load Scenario Throughput Preservation by Load Scenario

18 105
m FCFS mm FCFS
BWFQ 4.0x BWFQ
16 1525
[ 100% 100% 100%
100 —

8
g

Throughput (%)

©
3

89%

P99 Latency Gap (seconds)
®
o
&

85

Light Load Moderate Load Heavy Load Extreme Load Light Load Moderate Load Heavy Load Extreme Load
(20% util) (40% util) (60% util) (80% util) (20% util) (40% util) (60% util) (80% util)
System Load Scenario System Load Scenario

Fig 4. Load Scenario Analysis: BWFQ effectiveness increases with system load, providing maximum benefit
when fairness is most needed

4.3 Latency Timeline Analysis

An extensive scalability analysis across four dimensions is displayed in Figure 5, with well-defined axes. The
scheduling overhead subplot (top-left) indicates that the per-decision latency of BWFQ has a logarithmic increase
with the number of tenants: it is less than 60us, on average less than 90 sej, and above 142 sej at 5,000, 1,000, and
500 tenants, respectively. This deterioration can be attributed to the high cost of operation of the heaps, in
addition to cache misses (exceeding 1,000 tenants) of the tenant state because the tenant state is large (surpassing
L2/L3 cache size) and the frequency of token update. Notwithstanding this increase, overhead is less than 100
microseconds for plausible deployments, which is less than a tenth of the normal request processing time.

In the memory usage subplot (top-right you find a linear scaling at about 24 bytes per tenant, and at 24MB for
1000 tenants only- insignificant in the age of the modern server. The performance versus worker count subplot
(bottom-left) shows that fairness improvement as well as system utilization is going up with scale: with 100
workers, the fairness improvement is 3.2x with 84 percent utilization, and with 5,000 workers, it is 4.2x with 94
percent utilization. This shows that BWFQ gains greater benefits in large deployments where competition is
increased. The deployment scenarios subplot (bottom-right) indicates that BWFQ is giving significant gains at all
scales: 2.1x in edge environment (10 workers) to 4.3x in hyperscale deployments (10,000 workers):
comprehensive value across the deployment continuum.

Figure 6 demonstrates the development of the temporal latency versus a 300-second simulation, where the
Interactive P99 (green) and Batch P99 (red/pink) lines show the evolution of latency, and the stippling of the
figure illustrates the difference in the latency. In the FCFS case (top), batch bursts, represented by time intervals
of about 50 seconds, lead to extreme spikes in the P99 performance to around 8+ seconds, which leave large gap
regions between bursts, and make interactive responses slower with blocking on the queue head-of-line. In the
BWEFQ case (bottom), the token-bucket technique controls batch requests within the same burst incidents, and
sacrifices batch P99 to around 3 seconds and fully guarantees interactive loads to around 100ms. The
continuously small shaded line showing the stability of BWFQ over time - fairness is not observed only in the
statistics, but is attained consistently over the course of the experiment.
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BWFQ Scalability Analysis

Performance at Scale
Memory Usage vs Tenant Count
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Fig 5. Scalability Analysis: BWFQ maintains acceptable performance characteristics up to 1000+ tenants
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Fig. 6 Latency timeline comparison: BWFQ maintains consistent fairness over time
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4.4 Statistical Significance

All reported results are statistically significant (p < 0.001) based on Figure 6 Latency Timeline Comparison, BWFQ
maintains consistent fairness over time, while FCFS shows high variability during batch bursts

e Multiple random seeds (10 runs per configuration).

e Sufficient simulation duration (300 seconds).

e Large sample sizes (>10,000 requests per experiment).

e Wilcoxon signed-rank tests for non-parametric comparison.

The 95% confidence intervals for key metrics are P99 gap reduction (8.5s * 0.3s to 2.1s * 0.2s), throughput
preservation (94% * 3%), and scheduling overhead (35us * 5us).

5. Discussion

Our experimental results demonstrate that BWFQ effectively increases fairness with minimal overhead and
complexity. This allows it to comfortably fit into existing serverless platforms, as it only needs small adjustments
to request dispatchers and can be deployed gradually without causing problems for existing workloads. In
practice, the ratio of the token rates for the interactive and batch tenants is the most important configuration
parameter and can be adjusted to reflect workload priorities; we calculate that a ratio of around 15:1 would be a
sensible default for mixed-latency and batch-oriented tenants. The token-based mechanism also provides
observability signals that are easy to understand, operators can use: token usage rates, presence of queues, and
gaps in latency are natural and fairness indicators that can be plotted and displayed as part of the normal
monitoring dashboards and alerting systems, such that platform operators can adjust unfair behavior in
production.

Simultaneously, BWFQ is restricted in some aspects, which can encourage future work. The usage of this
formulation currently assumes compute capacity to be a unit resource and refers to the fact that ambiguous multi-
dimensional resources, such as memory pressure, [/O bandwidth, or network contention, are not explicitly
modeled as a resource. There is also an important direction of extending the model to include multidimensional
resources and making it lightweight. Furthermore, the existing implementation employs fixed token rates; there
are adaptive mechanisms that automatically vary issuance rates within observed workload patterns and service-
level goals, which may help provide greater responsiveness to changing tenant mixes. Such improvements would
transform BWFQ into an adaptive fairness controller as compared to a mainly admission-control mechanism.

In addition to its technical impact with respect to its direct contribution, BWFQ has a broader systems
implication: it demonstrates that useful fairness can be obtained in systems that support production serverless
inference without involving heavyweight schedulers like Dominant Resource Fairness. Precisely, token-bucket
throttling better supports the features of serverless inference workloads that are bursty in arrivals, not identical
in the time each tenant takes to process, and whose isolation edges are evident. This makes efficiency and
installation of fairness manageable. It can then be extended naturally to other infrastructures that have large
numbers of tenants with noise-neighbor impact, including GPU-supported model-serving clusters, container
orchestration systems, and edge inference workloads.

Finally, according to the analysis and past studies on chaos engineering in cloud-native systems [16], BWFQ
should be able to handle real-world stress. Key observations include:

e Robustness to Latency Disturbances: Under injected latency disturbances (e.g., 300 ms artificial delays),
BWFQ'’s token-based throttling effectively contains burst amplification, preventing a single high-volume
tenant from starving interactive workloads.

e  Stability Under Sustained Load: With sustained heavy load, the scheduler provides stability throughout the entire
system and predictable P99 latency characteristics, eliminating the fan-out queue journalism and head-of-line
blocking that is so common in unfair schedulers.

® Resilience to Unpredictable Spikes: BWFQ demonstrates steady performance in environments with
unpredictable request spikes and resource contention, maintaining fairness without compromising
throughput.

e Alignment with Chaos Engineering Insights: This resilience is reflective of the vulnerabilities commonly
revealed in chaos engineering experiments, in which it is only clear that BWFQ can do well in controlled
settings, as well as that it can be used in real multi-tenant serverless inference brands.

6. Conclusion

This paper introduces a new, lightweight scheduling algorithm, Burst-Aware Weighted Fair Queueing (BWFQ),
intended to address the noise-neighbor problem in the multi-tenant serverless inference context. Using a bare-
bones token-bucket algorithm with fewer than 150 lines of code and a couple of counters per tenant, BWFQ can
substantially improve fairness in throughput loss. We have experimentally shown that our algorithm can scale to
over 1,000 tenants and 10,000 workers with reasonable overhead and is more fair and simpler than standard
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algorithms such as Dominant Resource Fairness (DRF). The primary observation on which this work is based is
that serverless inference workloads have special properties: bursty arrivals, nonhomogeneous processing times,
and definite tenant boundaries make them particularly well-suited to fair queuing using token buckets. These
provide a much simpler yet efficient alternative to the complex multi-resource scheduling plans. BWFQ provides
an efficient, robust, and easy-to-integrate method to achieve fairness in serverless inference systems. Future-
oriented work will inspire adaptive tuning of token rates, the extension of multi-resource support, further
theoretical study of fairness assurance, testing of BWFQ performance under realistic workloads, and its
incorporation into chaos engineering infrastructure to achieve greater system resilience.
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