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Abstract

Open-weight large language models (LLMs) are increasingly
served by multiple providers, creating an opportunity to
route requests across providers to reduce inference cost and
latency. Exploiting this market is challenging for two reasons.
First, providers use heterogeneous pricing schemes including
on-demand APIs, quota plans, and concurrency subscriptions
that are not directly comparable. Second, provider latency
varies substantially over time, requiring routing decisions
to balance cost against performance. Existing routers either
trade model quality for cost by routing across different mod-
els, or optimize cost or latency in isolation without account-
ing for subscription capacity.

We present RouteWise, a multi-provider routing system
that jointly optimizes cost and latency for a fixed LLM. Route-
Wise develops a unified cost model that converts on-demand
spending and scarce subscription capacity into a common
effective monetary cost, allowing prepaid capacity to be al-
located to requests where it yields the greatest savings. On
top of this model, a provider mixer solves a linear program
to minimize mean time-to-first-token (TTFT) under a con-
figurable cost budget, while probability-targeted hedging
reduces tail-latency SLO violations without eroding cost
savings. A single operator-tunable knob controls the cost-
latency trade-off. We implement RouteWise as a practical
LLM request router and evaluate it on BurstGPT and a pro-
duction agentic workload from Freelnference. Compared
with OpenRouter’s automatic routing, RouteWise’s cost-
oriented operating point reduces serving cost by 18.9%, mean
TTFT by 23.2%, and SLO violations by 74.6%.

1 Introduction

LLM inference cost has become a major barrier to Al adop-
tion. For startups, API bills can rival engineering costs; for
universities, limited research credits can restrict student
projects, coursework, and experimentation [27]. A common
response is to switch to cheaper, smaller models, but this
often sacrifices the quality that makes LLMs useful in the
first place [18, 22].
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Figure 1. Cost-latency trade-off on a 24-hour BurstGPT replay of
MiniMax-M3. (Left) Total serving cost versus TTFT; lower left is
better. Routewise provides a control knob to balance between cost
and latency. (Right) Fraction of requests exceeding the 3-second
TTFT target; labels give total cost. Greedy-cost and Greedy-latency
optimize one objective; OR-auto, OR-price, and OR-latency are
OpenRouter routing modes [33], and Single-provider sends every
request to the best on-demand provider.

At the same time, the LLM serving market has moved
beyond simple on-demand APIs. The commoditization of
open-weight models such as Llama-3.3-70B [25], MiniMax-
M2.5 [31], and DeepSeek-V4 [9] means that the same model
is now available from many providers under substantially dif-
ferent pricing schemes. On-demand APIs and marketplaces,
such as Together [41] and OpenRouter [33], provide elastic
access but charge per token. Subscription services instead
offer bounded capacity at zero monetary marginal cost, ei-
ther through request quotas, such as Chutes.ai’s 5,000 re-
quests/day plan [7], or through reserved concurrency, such
as Featherless.ai’s C concurrent slots [12].! This pricing diver-
sity creates an opportunity: routing requests across providers
that serve identical models can reduce cost without changing
model quality.

Realizing this opportunity is non-trivial. A naive greedy
policy that exhausts subscription capacity before using me-
tered APIs ignores the effective cost of scarce subscription
capacity. Using a quota slot for a short, inexpensive request
may force a later, more expensive request onto a metered
provider. On our 30-day replay of 1.81 million BurstGPT
'While concurrency-based subscription is less popular than quota-based

subscription, local-deployment can be modeled as a concurrency-based
provider.
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arrivals paired with ShareGPT requests, using a quota sub-

scription plus metered fallback, this greedy policy costs 19.3%

more than the offline optimum, a gap RouteWise narrows to

15.0% (§ 4.4.1).

Cost is not the only concern. Subscription providers can
have higher or more variable latency, and provider latency
is often non-stationary. We measured the time-to-first-token
(TTFT) of Llama-3.3-70B using Meta’s Llama API and GPT-
40-mini using OpenAlI API over 50 days (Figure 2) and found
several-fold variation in rolling P99 latency. Consequently,
blindly prioritizing low-cost subscriptions can substantially
degrade user experience. Cost-only routing is therefore in-
sufficient for interactive applications with strict service-level
objectives (SLOs) [8].

Although routing is common in LLM serving, existing
routers are not designed for this setting. Model routers and
cascade systems typically reduce cost by selecting among
different models, thereby trading off cost and response qual-
ity [6, 30]. Marketplaces such as OpenRouter expose multiple
providers for the same model and support provider sorting
and fallbacks [32, 35]. However, their routing policies focus
exclusively on a single objective at a time—such as price,
latency, or throughput—and fail to provide guarantees for
any other objective. In contrast, we study provider routing
for a fixed model: the model quality is held constant, and we
propose a routing algorithm that jointly optimizes cost and
latency performance.

We designed RouteWise, a routing system that jointly
optimizes cost and latency for multi-provider LLM routing.
RouteWise has two parts. First, a cost layer that computes
an effective per-request price for each provider, normalizing
across heterogeneous pricing schemes. Then, a latency layer
that selects a provider to minimize mean TTFT within a cost
budget users set to balance latency against cost. To reduce
tail latency and SLO violation, RouteWise introduces a smart
hedging that only sends a backup request if the primary
request may violate SLO while the backup can meet SLO.

We implemented RouteWise in an LLM inference router
and a simulator, and evaluated it on two real-world work-
loads: BurstGPT and Freelnference agentic workloads [13].
Our main contributions are:

e We introduce a unified cost model for LLM routing across
on-demand, quota, and concurrency pricing. Our model
converts scarce subscription capacity into an effective
monetary cost using online threshold pricing, enabling a
single routing objective that allocates prepaid capacity to
the requests where it delivers the greatest savings.

e We develop a routing algorithm that jointly optimizes cost
and latency. A provider mixer solves a linear program (LP)
to minimize mean TTFT under a cost budget controlled by
a single operator-tunable knob, while probability-targeted
smart hedging reduces tail SLO violations without sacri-
ficing the resulting cost savings.
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Figure 2. Provider latency over 50 days (1,200 hours) for fixed
10-token prompts. We issue two probes per hour and compute each
rolling P50 and P99 from the trailing 100 observations (nominally
50 hours); the dashed line is the P99 over the full trace. Rolling P99
fluctuates substantially: Meta’s Llama-3.3-70B ranges from 1.2-5.4s,
while OpenATI's GPT-40-mini ranges from 1.0-4.8s. Each rolling
estimate therefore contains 100 samples rather than the 30 samples
in the router’s separate 15-minute online profile.

Table 1. Different LLM serving pricing models. Light-use cost
measures the monthly cost of 1 request of 1k input and 200 output
tokens every day. Heavy-use cost measures the monthly cost for 5k
requests with 120k input tokens and 8k output tokens. On-demand
price assumes the MiniMax-M2.5 model.

Type Sym. Example

On-demand %o
Quota Po
Concurrency Pc

Light Heavy

OpenRouter [31]  $0.01  $138
Chutes.ai [7] $20 $20
Featherless.ai [12] $25 $25

o We implement RouteWise as a Python library for LLM
request routing? and evaluate it on BurstGPT and a produc-
tion agentic request trace from Freelnference. Compared
with OpenRouter’s automatic routing, RouteWise’s cost-
oriented configuration reduces cost by 18.9%, mean TTFT
by 23.2%, and SLO violations by 74.6%.

2 Background

LLM inference serves user requests by running a pre-trained
model to transform an input prompt into generated output
tokens. Unlike traditional stateless web services, an LLM
inference request has two distinct computational phases. In
the prefill phase, the system processes the full input prompt
and builds the model’s key-value cache. In the decode phase,
the system generates output tokens autoregressively, one
token at a time. The cost and latency of a request therefore
depend not only on the number of requests, but also on
the input length, output length, model size, batching policy,
cache reuse, and provider load.

2.1 Diverse LLM Inference Pricing Models

The commoditization of open-weight LLMs, such as MiniMax-
M2.5 [31], Kimi-K2.6 [28], and DeepSeek-V4 [9], means that
the same model is now available from many providers un-
der different pricing structures. We identify three common

2The RouteWise library is available at https://github.com/HarvardMad$
ys/RouteWise. It is also integrated into HybridInference (https://github.c
om/HarvardMadSys/hybridInference), the open-source LLM gateway that
powers Freelnference.
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pricing models that cover the current provider marketplace:
on-demand billing, quota subscriptions, and concurrency
subscriptions (Table 1).

On-demand billing. On-demand providers offer elastic ac-
cess, charging per input and output token without a hard
capacity limit. For example, OpenRouter prices MiniMax-
M2.5 at $0.15 per million input tokens and $1.20 per million
output tokens [31]. Cost therefore scales with request length:
a short “hello” query costs a fraction of a cent, while a long
coding or reasoning task can cost orders of magnitude more.
Many providers also charge discounted rates for cached in-
put tokens to reflect prompt-prefix reuse [34].

Quota subscriptions. Quota-based subscriptions provide a
fixed amount of usage per reset window for a flat recurring
fee. The quota may be expressed in requests, tokens, or other
provider-specific units. For instance, Chutes.ai offers 5,000
requests per day at $20/month [7]; Cerebras Code offers 24
million tokens per day at $50/month [5]; and Ollama Cloud
meters usage in cloud GPU time, offering $20/month and
$100/month tiers with 5-hour sessions and weekly reset win-
dows [29]. Once the quota is exhausted, subsequent requests
must either wait until the next reset window or pay per
token.

Concurrency subscriptions. Concurrency-based subscrip-
tions reserve serving capacity for a fixed number of simul-
taneous requests. For example, Featherless.ai offers 4 con-
current connections at $25/month [12], and Arli Al offers
2, 6, 20, and 40 parallel-request tiers at $25, $75, $250, and
$1,000/month, respectively [3]. Unlike quota subscriptions,
these plans bound simultaneous usage rather than total re-
quest count: each request occupies a slot for its full duration,
and the slot cannot serve another request until it completes.

2.2 LLM Inference Latency

LLM serving latency is commonly decomposed into time
to first token (TTFT) and time per output token (TPOT).
These metrics capture different parts of the inference pipeline
and matter for different user experiences. TTFT determines
how quickly the user sees the first response, while TPOT
determines how quickly the rest of the response streams after
generation begins. In interactive LLM applications, TTFT
is often the more visible latency component because users
perceive the system as responsive once streaming starts.

TTFT and TPOT. TTFT measures the elapsed time from
when a request is submitted until the first output token is re-
turned. It includes request routing, queueing, batching delay,
input prefill, and generation of the first token. TPOT mea-
sures the average time between subsequent output tokens
during the decode phase. A request’s end-to-end latency can
be viewed as the sum of TTFT and the cumulative decode
time for the remaining output tokens. Thus, TTFT captures
startup latency, while TPOT captures streaming throughput.
Mean TTFT is important. Mean TTFT is a critical metric
for interactive LLM applications. In chat workloads, users
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Figure 3. Production traces show why TTFT is central to agentic
routing. (a) Empirical CDF of TTFT as a share of end-to-end request
duration; dots mark provider means, while each curve’s intersec-
tion with the dashed 50% line gives its median. (b) Production TTFT
by prompt length, with boxes showing the 25th—-75th percentiles
and whiskers showing the 5th—95th percentiles. Tail TTFT is not
monotonic in prompt length, consistent with provider-side queue-
ing outliers.

Prompt length (K)

typically read streamed text more slowly than models gen-
erate it, so improving decode throughput beyond the user’s
reading rate may provide limited perceptual benefit. By con-
trast, reducing TTFT directly improves perceived respon-
siveness because it shortens the initial blank wait before any
output appears. TTFT is also important for agentic work-
loads, where requests often involve short outputs but re-
peated model calls. In these settings, end-to-end task latency
is heavily affected by the startup delay of many sequential
invocations rather than only by long generations. In our
production agentic traces, Figure 3a shows median TTFT
shares of 54.6%, 73.1%, and 97.1% across GPT-5.4, Claude
Opus 4.7, and MiniMax-M2.5, respectively, making mean
TTFT a first-order performance objective.

TTFT tail is dominated by queueing rather than con-
text length. Tail TTFT is especially important because long
startup delays can violate service-level objectives even when
average latency is acceptable. Unlike decode latency, which
scales strongly with output length, TTFT is primarily af-
fected by routing delay, provider load, queueing, batching,
and prefill cost. In production, Figure 3b shows that the TTFT
tail does not simply grow with prompt length, indicating that
queueing-induced provider outliers are a major source of
tail startup delay. This makes TTFT a useful target for SLOs:
it captures provider responsiveness and queueing behavior
without being dominated by the total length of the generated
response. Consequently, RouteWise optimizes both mean
TTFT and tail TTFT, using provider selection to reduce av-
erage startup delay and smart hedging to mitigate severe
queueing-induced outliers.

2.3 Motivation: Routing for Low Cost and Latency

Subscriptions benefit both sides of the market. Users get pre-
dictable spending and lower marginal cost for steady work-
loads, while providers get recurring revenue and a clearer
signal for capacity planning. Quota and concurrency limits
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Figure 4. RouteWise system architecture. The cost layer assigns each provider a unified effective cost that evaluates both monetary spend
and scarce subscription capacity. The latency layer selects the min-latency provider mix subject to a per-request cost budget B, (t), and smart
hedging dispatches a backup at the latest time such that the combined primary-plus-backup SLO-success probability still meets a target.

make these plans operationally tractable by bounding total
usage or simultaneous load.

This pricing diversity creates a routing opportunity. When
the same model is available through on-demand APIs, quota
subscriptions, and concurrency subscriptions, the cheapest
long-term choice is not necessarily the cheapest provider for
the current request. A router must decide when to spend pre-
paid quota, when to occupy reserved concurrency, when to
use elastic on-demand service, and when to preserve prefix-
cache locality for future turns.

Latency complicates the decision further. Providers serv-
ing the same model can have different and rapidly changing
TTFT distributions, often due to provider-side queueing. A
cheapest-first policy may violate interactive latency SLOs,
while always choosing the fastest provider or aggressively
hedging requests can eliminate the cost savings from sub-
scriptions and cached-token discounts.

Multi-provider LLM routing is therefore a joint online
cost-latency control problem. § 3.2.1 formalizes this objec-
tive. RouteWise decomposes the problem into a cost layer
that computes effective request prices across heterogeneous
pricing and cache states (§ 3.2), and a latency layer that
selects and hedges providers under TTFT SLOs (§ 3.3).

3 RouteWise Design

This section presents RouteWise, a cost- and latency-aware
routing system for multi-provider LLM inference.

3.1 System Overview

Figure 4 shows the RouteWise architecture. An incoming re-
quest passes through two layers that jointly select a provider.
The cost layer assigns each provider an effective cost, trans-
lating both monetary token pricing and bounded subscrip-
tion capacity onto a single unified scale. The latency layer
then picks the lowest-latency provider mix whose effective
cost stays within an operator-set budget. Once the request
is in flight, smart hedging protects the SLO target by dis-
patching a backup when the primary is unlikely to meet the
deadline.

Cost Layer (§ 3.2). The cost layer makes heterogeneous
pricing models directly comparable. Its output length esti-
mator and provider cost calculator map on-demand prices,
depleting quotas, and idle concurrency slots onto a single
monetary scale, so that scarce subscription capacity is spent
on the requests where it saves the most.

Latency Layer (§ 3.3). The latency layer turns effective costs
into routing decisions that meet latency SLOs. Its provider
mixer minimizes average TTFT within an operator-set cost
budget B, (), while smart hedging protects the latency tail
by dispatching a backup only when a request risks violating
its SLO.

Request Flow. When a request arrives, RouteWise processes
it in four steps:

1. Length Estimation: The output length estimator pre-
dicts the request’s generated token count to gauge its
baseline on-demand API value.

2. Cost Unification: The provider cost calculator evalu-
ates current provider utilization and translates disparate
billing models into a single normalized effective cost for
each candidate.

3. Latency Routing: The provider mixer solves a light-
weight LP, once per arriving request, using empirical la-
tency profiles and effective costs to decide a cost-budgeted,
min-latency provider. Any consumed quota or concur-
rency slot is immediately tracked upon dispatch.

4. Smart Hedging: While the request is in flight, smart
hedging periodically checks the elapsed time against the
target SLO. At the last checkpoint that can still meet the
target success probability, it dispatches the cheapest fea-
sible backup and returns the first response to the user.

3.2 Cost Layer

3.2.1 Problem Statement. Requests arrive online in a
continuous stream. Each request is characterized by a known
input length and an unknown output length, which together
determine its final token cost. Every incoming request needs
to be assigned to one provider from three available cate-
gories:
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e On-demand providers: incur a direct monetary marginal
cost proportional to the total number of input and output
tokens processed. There are no capacity limits.

¢ Quota subscriptions: incur zero monetary marginal cost
per request, but the provider allows at most a fixed number
of requests to be served within each billing window.

¢ Concurrency subscriptions: incur zero monetary mar-
ginal cost per request, but the provider restricts the maxi-
mum number of requests that can be processed simulta-
neously in flight.

The system’s objective is to minimize the total incurred
on-demand API cost over time, treating the upfront sub-
scription fees as sunk costs. To do this elegantly across all
three categories, RouteWise maps every provider to a uni-
fied effective cost. For on-demand providers, the effective
cost is exactly the expected monetary marginal cost; for
subscription providers, it reflects the dynamic valuation of
consuming bounded capacity.

3.2.2 Offline Analysis. To guide our online design, we
first analyze the offline setting where the full request se-
quence is known a priori. This allows us to establish theoret-
ical cost lower bounds and expose the underlying structure
of optimal routing. We first isolate quota limits and then add
concurrency limits.

Quota and On-Demand. Suppose the only scarce subscrip-
tion resource is a provider with a per-window quota Q. Be-
cause each request consumes exactly one quota slot at zero
marginal cost, the optimal strategy simply routes the Q re-
quests that would have incurred the highest on-demand API
costs to the quota provider, sending the remainder to the
metered APL

Theorem 3.1 (Greedy-by-Value Optimality). For quota-only
routing with unit request weights, routing the Q requests with
the highest API costs to the quota subscription is optimal and
computable in O(nlogn) time.

This structural insight—that optimal offline routing is

strictly greedy by value—directly motivates our online ap-
proach. It implies that an online algorithm should only admit
a request to a subscription slot if its expected value is suffi-
ciently high, which we formalize using a dynamic effective
cost threshold.
Adding Concurrency Limits. When we introduce a
concurrency-based subscription, the problem becomes
significantly more complex, coupling quota allocation with
parallel machine scheduling.

Theorem 3.2 (NP-Hardness). Under deadline or bounded-
waiting constraints, the combined quota-and-concurrency rout-
ing problem is NP-hard. This holds even in a simplified setting
with a single concurrency slot (C=1), no quota (Q=0), and iden-
tical arrivals, via a reduction from the 0/1 knapsack problem.

To compute offline optimums despite this hardness, we
formulate a time-indexed Integer Linear Program (ILP)

that scales to thousands of requests within minutes using
Gurobi [15]. These ILP solutions serve as oracle baselines in
our evaluation (§ 4). Furthermore, the difference between
the quota-only and combined optimums exposes the cost
of concurrency: the inevitable increase in API spend caused
by physical resource contention, which forces high-value
requests to spill over to on-demand providers when concur-
rency slots are saturated.

3.2.3 Online Routing. In the online setting, we must
make irrevocable routing decisions without knowledge of
future arrivals or exact output lengths. We tackle this by in-
troducing a unified effective cost that standardizes disparate
billing methods—on-demand pricing, quota limits, and con-
currency constraints—onto a single monetary scale, dynam-
ically adjusting subscription effective costs as capacity is
consumed.

Quota Effective Cost. For quota provider j, let Q; be its
per-window request quota and u; € [0, 1] the fraction of
that quota consumed in the current window. Usage resets at
each window boundary. We define an exponential threshold:

L. (%)uj (1)

where L and U represent a workload’s cost range. For each
request, we compute the lowest cost of serving it through any
on-demand provider, representing the cost avoided by using
subscription capacity instead. Across the entire workload,
L and U are then set to the 10th and 90th percentiles of
these per-request costs. In deployment the workload is not
known in advance, so L and U can be estimated from recent
traffic history. Intuitively, the threshold starts low (accepting
most requests) and rises exponentially as quota is consumed,
reserving remaining slots for increasingly valuable requests.
This exponential increase is bounded: because u; € [0, 1],
the threshold always lies in [L, U].

Quota-only routing (§ 3.2.2) maps each quota provider
to the online knapsack problem: each arriving request is
an item with value v; € [L, U] (the avoided API cost), the
quota Q; is the capacity, and admit/reject must be committed
at arrival time. This exponential threshold is the standard
primal-dual solution for this problem, with the following
guarantee:

Theorem 3.3 (Competitive Ratio [49, Theorem 2.1]). The
primal-dual algorithm with exponential threshold achieves
a competitive ratio of In(U/L) + 1 for the online knapsack
problem with unit weights and known item values in [L,U].

Concurrency Effective Cost. Unlike depletable quotas,
concurrency slots are reusable: they instantly regenerate
upon request completion but cannot be banked. Because idle
slots are wasted, we assign an available slot an effective cost
of zero, ensuring it is maximally utilized before incurring any
on-demand API costs. Saturation is handled purely as a hard



admission constraint: when all slots are occupied, provider j
is temporarily removed from the feasible set Pf(t), deflecting
traffic elsewhere. Thus, concurrency requires only binary
momentary rate-limiting rather than exponential rationing,.
On-Demand Effective Cost. For on-demand APIs charging
per token (j € Pp), the effective cost is the expected mone-
tary price of the request, explicitly accounting for provider-
specific prefix caching discounts. For an arriving request
with input length nj, and predicted output length ngyy, let
nj.aChe be the estimated number of cached input tokens if
routed to provider j. The on-demand effective cost evaluates
to:

OD in cache cache _cache out
¢ =Pp; (nin_nj )+Pj n; + P Nout (2

in ,out cache : > Pl
where pi, pi*, and p**¢ are the provider’s standard in

put, output, and discounted cached-input token prices. If a
provider does not offer a cache discount, we set p;a‘:he = p}n;
if no cache-hit signal is available, we set ncache — o The cache
term affects only effective cost; latency routing still relies on
observed TTFT distributions.

Unified Effective Cost. The cost layer outputs a single per-
provider effective cost scalar c¢; that concisely unifies the
three pricing models:

C?D Jj € Po
c;=3L- ()Y jepo ®)
0 jePc

The first case is the on-demand API price, the second evalu-
ates the exponential quota effective cost at the current uti-
lization u;, and the third assigns a zero effective cost for any
available concurrency slot. All three cases share the same
monetary scale set by the API cost envelope [L, U], allowing
the latency layer to compare providers directly (§ 3.3).

3.2.4 Output Length Estimator. Because generation
length is unknown at routing time, RouteWise uses a coarse
estimate of nyy to compute the expected on-demand API
cost (Equation 2) and compare it against subscription ef-
fective costs. We use a lightweight online bucket-mean
estimator: requests are grouped into log-spaced buckets by
input length, and each request is assigned the running mean
of its bucket’s historical output lengths. If a bucket lacks
samples, it falls back to the global running mean.

This simple, featureless point estimator is sufficient in our
workloads because output is short relative to input and cost
is dominated by input size (§ 4.4). Thus, we deliberately avoid
the complexity of training high-fidelity LLM response-length
predictors.

3.3 Latency Layer

The latency layer selects a provider across Po, Pg, and Pc
using the effective cost c¢; from Equation 3. Because provider
latency is non-stationary (Figure 2), this decision must adapt
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to recent observations. Our measurements reveal an impor-
tant distinction: typical latency (e.g., P50 or mean) is pre-
dictable over short time horizons, while tail latency (e.g., P99)
decorrelates quickly and is difficult to predict. This motivates
a two-part design. The LP uses the rolling mean TTFT ¢; to
proactively select a provider, while smart hedging (§ 3.3.3)
handles unpredictable tail events reactively: as a request
runs, it dispatches a backup when the estimated primary-
plus-backup probability of meeting the SLO falls below the
target.

3.3.1 Online Latency Profiling. To make routing de-
cisions, RouteWise needs an up-to-date estimate of each
provider’s latency before dispatching a request. For each
provider, it maintains a 15-minute rolling window of recently
observed TTFT measurements. The router uses the mean
TTFT to favor lower-latency providers, while the hedging
mechanism (§ 3.3.3) uses the empirical latency distribution
to estimate whether an in-flight request is likely to meet its
SLO. Observations come primarily from live traffic; when
a provider is idle, lightweight background probes keep its
profile from becoming stale. This allows RouteWise to contin-
uously adapt its routing decisions as provider performance
changes over time.

3.3.2 LP-Based Provider Mixer. Let P = Po U Pp U Pc
be the full set of candidate providers, each with effective cost
¢; from Equation 3. Let Pi(t) C P denote the feasible set
of providers at decision time ¢ (i.e., those not masked out
by quota exhaustion or concurrency saturation). We solve
for routing fractions x; (the probability of dispatching the
request to provider j) that minimize expected latency subject
to a per-request cost budget:

min Z it (4)
T jern
s.t. Z mjcj < Bg(t) (5)

jePi(t)

Dom=1 om0

JjePi(t)

where 7; € [0,1] is the routing fraction, {; is the rolling-
window mean TTFT of provider j, and c; is the per-provider
effective cost from the cost layer. The cost budget linearly in-
terpolates between the cheapest and most expensive feasible
providers at the current decision time:

Ba(t) = (l_a)cmin(t) + acmax(t)’ (6)

where cpmin(t) = min;cpr(,) ¢; and cmax(t) = max;epr(s) c;-
The parameter « € [0, 1] is a normalized Pareto knob: & = 0
tightens the budget to the cheapest feasible provider (min-
imum cost, no latency tradeoff), @ = 1 admits the most
expensive feasible provider (full latency optimization uncon-
strained by cost), and « € (0, 1) continuously interpolates
between the two regimes. Because B,(t) self-calibrates to
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the current envelope of feasible effective costs, « is dimen-
sionless and a uniform sweep gives uniform coverage of the
cost-latency Pareto frontier without per-deployment tuning
of an absolute budget.

Proposition 3.4 (Sparsity of Optimal Mix). When the cost
budget is tight, the optimal solution uses at most two providers;
when the budget is slack, it uses only one.

This follows from LP basic-feasible-solution theory: a basic

solution has at most as many non-zero components as active
constraints. The LP has one equality (2; 7; = 1) and one
inequality (the cost budget); when the budget binds it con-
tributes a second active constraint, yielding the two-provider
mix. Sparsity is practically valuable: each request is routed
to one of at most two providers, simplifying implementation
and reducing variance.
Solve Frequency. RouteWise re-solves this LP once per
request arrival. The request is then dispatched to a single
provider drawn from 7: a two-provider mix is realized across
requests, not by splitting one request. Solving this often is
cheap because of Theorem 3.4: the optimum is either a single
provider or a two-provider mixture on the budget boundary,
therefore RouteWise simply enumerates these closed-form
candidates instead of invoking a general LP solver. For the
eight-provider pool we evaluate this is arithmetic over a few
dozen candidates, negligible beside the network round-trip
that follows.

3.3.3 Probability-Targeted Smart Hedging. Latency-
aware routing optimizes the expected latency distribution
but cannot guarantee strict individual request SLOs. We
augment the router with probability-targeted hedging,
which watches each request in flight and, instead of guessing
in advance which one will straggle, repeatedly answers a
much easier question: if I send a backup now, how likely is
this request to still meet its deadline?

Let T, and T, denote the TTFT of the primary provider p
and candidate backup provider b, modeled by their empirical
survival functions S,(x) = 1 = F,(x) and Sp(x) =1 - F,(x).
Suppose a request has been dispatched to the primary and
elapsed time t has passed without a response (i.e., T, > t).
If we dispatch a backup at time ¢, the combined probability
that at least one request meets the latency SLO Lg| ¢ is the
complement of both requests failing:

Sp(Lsro)
IJST -Sp(LsLo — t) (7)
p %/_/
— P(Tp>Lso—t)
P(TP>LSLO|Tp>t)

Psucc(t) =1-

The hedger asks this question at a grid of checkpoints spaced
at fixed fractions of the SLO budget. At each checkpoint it
scores every provider available under the same feasibility
mask the LP uses, other than the primary, and keeps the
feasible ones: those that would restore the target reliability,
Pouee(t) = 1 — € (e.g., 0.99). Two rules then settle the policy:

wait until last safe decision point requests racing to meet SLO
| .
Primary t request to primary i ]
= | T
Backup : request to backup '
= | '

0 t L,

time

SLO

Figure 5. Smart hedging timeline. The primary request is dis-
patched at t=0. As t grows, the combined primary-plus-backup
SLO-success probability Pg,cc(t) drops. The hedger dispatches a
backup at the latest t* for which Py (#*) still meets the target
1 — ¢; the first response is returned.

e Which backup: the cheapest feasible one. Feasibility al-
ready certifies reliability, so the only thing left to optimize
is the price of the duplicate dispatch. That price is the
marginal cost of the extra call.

e When to send it: at the last checkpoint that still has
a feasible backup. Waiting costs nothing if the primary
returns on its own, so RouteWise holds back while any
later checkpoint would still work and fires at the first one
where none would.

The two requests then race. The first token to arrive is for-
warded to the user and the losing stream is cancelled, so
RouteWise does not pay for the loser’s generation. If no
checkpoint ever offers a feasible backup, the SLO is unreach-
able under current conditions and the request rides on the
primary as best-effort. Figure 5 illustrates this timeline.
Cost Analysis. When hedging triggers, both requests are
billed. The expected effective cost of a routed request under
the hedging policy is:

E[C] = ¢, + P(hedge) - ¢} (8)

where ¢, and c;, are the marginal costs of the primary and
backup dispatches, and P(hedge) is the probability of a hedge
dispatch. Because the backup is dispatched at the latest possi-
ble moment, P(hedge) is minimized, keeping expected costs
low while preserving the target SLO reliability.
Exploratory Hedging. While our current implementation
uses periodic out-of-band probes to track provider latency,
high-traffic deployments can eliminate this active probing
overhead entirely through exploratory hedging. Rather than
always routing a hedge to the cheapest feasible backup, the
system can periodically sample a random one from the feasi-
ble set. Although this may sacrifice a fraction of the backup’s
SLO-success probability, the resulting hedged requests act
as organic exploration probes. At sufficient request volumes,
this background rate of hedging naturally yields a dense, up-
to-date TTFT profile for all candidate providers, elegantly
coupling tail-latency mitigation with continuous system ex-
ploration without incurring dedicated probing costs.

4 Evaluation

We evaluate RouteWise to answer the following key ques-
tions:
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Table 2. Datasets used in evaluation.

Input tokens

Output tokens

Workload Span Reqs Total tokens Mean Median P99 Mean Median P99 Cache hit (request)
BurstGPT 30 days 1.81M 927M 456 368 1,978 56 14 607 —
Freelnference 7 days 755k 70.8B 93,362 48,646 654,163 506 163 4,548 80%

e How much does RouteWise reduce serving cost relative
to state-of-the-art systems and algorithms, and how close
does it come to the offline optimal?

e How much does RouteWise reduce latency and SLO viola-
tions relative to state-of-the-art systems, and what mech-
anisms drive these improvements?

e How effectively does RouteWise expose the cost-latency
trade-off to users and operators?

e How sensitive is RouteWise’s performance to key design
choices and parameters, such as output-length prediction
and effective cost designs?

4.1 Experimental Setup

Workloads. We evaluate RouteWise on two real-world
workloads (Table 2). The first, BurstGPT, is a conversa-
tional/API workload from Azure production traces [42].
Because it contains no prompts, we pair its request times-
tamps with ShareGPT prompts [2], producing a 30-day
replay of 1.81M requests. The mean input length is 456
tokens, and prefix caching is disabled. The second workload
is a 7-day trace of 754,750 agentic requests from Freelnfer-
ence [13], our platform providing free LLM inference to the
research community. Requests contain 93,362 input tokens
on average, and cached prefixes account for 93% of all input
tokens.

Provider Ecosystem. We evaluate routing across a can-

didate pool serving the competitive open-weight model

MiniMax-M3 across three complementary provider tiers:

o Quota subscription: MiniMax Token Plan ($20/month), pro-
viding a depletable quota of 4,500 requests per 5-hour
window (or 45,000 requests/week) at zero marginal cost
until exhausted.

o Concurrency subscription: Featherless ($25/month), offer-
ing 2 dedicated concurrent execution slots at zero marginal
cost when idle.

e On-demand metered APIs: Six commercial endpoints ac-
cessed via OpenRouter [33]: Together, GMICloud, Min-
iMax, AtlasCloud, Novita, and StreamLake. Five charge
standard list prices ($0.30/M input, $1.20/M output tokens);
GMICloud offers a 20% discount ($0.24/$0.96) with higher
latency. Cached tokens are billed at each provider’s dis-
counted cached-input rate.

Baselines. We compare RouteWise against the following
online baselines.

o Greedy-cost routes to the lowest marginal-cost provider
and falls back to on-demand APIs when subscription ca-
pacity is exhausted. Greedy-latency routes to the fastest
provider without considering cost.

e OR-auto, OR-latency, and OR-price are three designs
provided by OpenRouter [33] that balance latency and
cost; the detailed algorithms are not public. We include
them in real-world evaluations.

¢ Random chooses uniformly among providers.

o Single-provider routes all requests to Together Al the
fastest on-demand provider in our profiling. (supported
by OR-latency provider mix in which Together has the
largest share)

Metrics. We evaluate all systems using three metrics:

o Serving Cost: sum of API charges and fixed subscription
fees prorated over the evaluation timeframe. We report it
in dollars for the real-provider replay, where it is an actual
bill, and normalized to Greedy-cost in simulation.

e Latency: mean, median (P50), P95, and P99 TTFT.

e SLO Violations: fraction of requests exceeding the TTFT
SLO target (LsLo)-

Configurations. RouteWise uses three key parameters:

o Pareto knob (a): Normalized cost-budget parameter a €
[0, 1] defining B, (¢) (§ 3.3). « = 0 minimizes cost, & = 1
greedily minimizes TTFT, and intermediate values trace
the Pareto frontier. We use RouteWise-0.5 by default.

e Latency SLO target (Lso): Default TTFT target of 3s,
slightly above nominal 1-2 s provider latency; requests
exceeding 3 s are SLO violations. We evaluate sensitivity
to Lsio € {2,3,4,5} s in § 4.4.2.

e Smart hedging: Hedging checks in-flight requests and
races at most one backup when success probability drops
below target reliability (1 — € = 0.99), canceling the loser
on first token. Enabled by default across all RouteWise
configurations.

Implementation and Testbeds. We evaluate RouteWise

across two environments:

o Real-world prototype testbed: Implemented in Python and
evaluated on a server with an AMD Ryzen Threadripper
PRO 7975WX CPU (32 cores / 64 threads), 512 GB DRAM,
and a 25 Gbps NIC (network RTT < 50 ms to all endpoints).

o Trace-driven simulator: long-horizon workloads such
as the 30-day BurstGPT trace are impractical to replay
against live providers: doing so is costly, and provider
availability can change over the course of an experiment
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as models or endpoints are retired. Live experiments
also do not allow us to control provider behavior, which
is necessary for testing robustness and evaluating de-
sign choices under different performance conditions. We
therefore built a simulator that replays request traces.

4.2 Real-world Experiments

Execution and replay methodology. We evaluate our
prototype by replaying a 24-hour segment of the Burst-
GPT trace (14,233 requests per policy) against live endpoints
for MiniMax-M3. Because provider latency varies dynam-
ically with backend load, evaluating policies sequentially
would introduce temporal bias. We therefore ran all eleven
policies—the six baselines and five RouteWise operating
points (¢ € {0,0.25,0.5,0.75, 1})—concurrently within the
same 24-hour window, launched one minute apart, sharing
the live provider pool and telemetry profiler. Each replayed
prompt carried a unique prefix to isolate prefix caches across
policies. Reported costs reflect actual metered API charges
plus the prorated 24-hour subscription fees.

4.2.1 E2E Performance and Baseline Comparison. Fig-
ure 1 compares RouteWise against six baseline policies on
the 24-hour live MiniMax-M3 replay across cost, mean TTFT,
and tail SLO violations.

Comparison with latency-oriented baselines. Route-
Wise achieves competitive or superior latency while sub-
stantially reducing serving cost. Relative to Greedy-latency,
RouteWise-1 achieves lower mean TTFT (0.70s versus
0.81s, a 13.6% reduction) at comparable cost ($3.25 versus
$3.28). Compared with OpenRouter’s latency-oriented mode
(OR-latency) and Single-provider, RouteWise strictly domi-
nates both: even the balanced configuration RouteWise-0.5
achieves lower mean TTFT (0.74 s versus 0.81s and 0.83 s)
while reducing cost by 9.7% and 8.8% ($2.91 versus $3.23
and $3.20), respectively. Across all evaluated policies, Route-
Wise-1 achieves the lowest mean TTFT, outperforming the
fastest baseline by 12.9%.

Comparison with cost-oriented baselines. RouteWise
matches the cost efficiency of low-cost baselines while dra-
matically improving latency. Relative to OR-price, the cheap-
est OpenRouter mode, RouteWise-0 incurs essentially identi-
cal cost ($2.46 versus $2.44, within 1%) while reducing mean
TTFT from 1.30 s to 0.90 s (30.8%). Compared with Greedy-
cost ($1.97), RouteWise-0 spends 24% more ($2.46), but re-
duces mean TTFT from 1.02's to 0.90 s (11.8%). Furthermore,
relative to OpenRouter’s default multi-provider mode (OR-
auto, $3.03, 1.18 s), RouteWise-0 strictly dominates it across
both dimensions, cutting cost by 18.9% and mean TTFT by
23.2%. Of that $2.46, $0.96 is metered spend and $1.50 the pro-
rated subscription fees, whereas OR-auto’s $3.03 is metered
throughout.

SLO compliance. Using a 3-second TTFT SLO target, ev-
ery baseline violates the SLO on 1.6%-3.3% of requests:

3.1%-3.3% for cost-oriented policies (OR-price, OR-auto, and
Greedy-cost), and 1.6%-2.1% even for latency-oriented base-
lines (Single-provider, OR-latency, and Greedy-latency). In
contrast, RouteWise bounds the violation rate between 0.50%
and 0.83% across all operating points—a 2XxX—-6X reduction
compared to any baseline.

Navigating the Pareto frontier via a. Beyond matching or
dominating individual baselines, Figure 1 confirms that « pro-
vides operators with a continuous, predictable lever to trade
cost for latency. Sweeping « from 0 to 1 reduces mean TTFT
from 0.90 s to 0.70 s (and median TTFT from 0.74 s to 0.50's,
Figure 6a), as serving cost scales monotonically from $2.46
to $3.25. Intermediate values (¢ € {0.25,0.5,0.75}) yield
smooth speedups (0.83s,0.74 s, and 0.72 s at $2.64, $2.91, and
$3.13). Across the entire sweep, P99 TTFT stays below 2.85s,
demonstrating that the knob trades cost for body latency
without sacrificing the 3-second SLO.

Provider mix dynamics. This Pareto frontier is realized
by dynamically restructuring the provider mix according
to the operator’s cost budget B, () (Figure 7, Figure 6b). In
our provider pool, on-demand APIs present a stark trade-
off: five providers charge the standard list price ($0.30/$1.20
per million input/output tokens) but differ by up to 2X in
TTFT—MiniMax and Together average 0.72-0.84 s, whereas
AtlasCloud and StreamLake reach 1.5-1.6 s (Figure 7a). GMI-
Cloud provides a 20% discount (Figure 7b) but is among the
slowest (1.17 s). Meanwhile, the two subscriptions provide
low-latency, zero-marginal-cost capacity (0.72 s for concur-
rency Pc, 0.82 s for quota Pp), bounded by concurrency caps
and daily quotas.

As « increases, the LP mixer translates the relaxed cost
budget into a systematic reallocation of traffic (Figure 6b).
RouteWise-0 absorbs 47% of all requests via zero-marginal-
cost subscriptions (37% concurrency, 10% quota) and routes
nearly all on-demand overflow (52% of total requests) to
GMICloud, the cheapest API. As « increases, the router pro-
gressively substitutes GMICloud with faster endpoints: GMI-
Cloud’s share collapses to below 1% with RouteWise-1, re-
placed by premium on-demand providers (MiniMax growing
to 45%, Together to 13%) and heavier use of the quota sub-
scription (21%). This progressive promotion of requests into
lower-latency tiers directly drives the end-to-end TTFT re-
ductions, demonstrating that « reliably controls the system’s
operational regime.

4.2.2 Sources of Performance Advantage. RouteWise’s
gains come from expanding multi-provider routing beyond
on-demand APIs and then exploiting the resulting resource
diversity. Three mechanisms explain the advantage.

Expanding the serving pool beyond on-demand APIs.
Existing multi-provider routers choose among metered API
endpoints. RouteWise additionally incorporates quota- and
concurrency-based subscriptions, creating a more diverse
pool in both provider performance and pricing structure.
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Figure 7. Provider latency and token prices in the MiniMax-M3
replay. Light and dark bars show input and output prices, respectively.

Figure 6. TTFT distributions and provider mix in the 24-hour
MiniMax-M3 replay. Boxes span the 25th—75th percentiles, with me-

dians marked; whiskers span the 5th—-95th percentiles.

This introduces zero-marginal-cost capacity while also
adding alternative endpoints that can be useful when on-
demand providers are slow.
Allocating heterogeneous capacity where it is most
valuable. Subscription capacity cannot be treated like an-
other on-demand endpoint: concurrency slots are temporar-
ily occupied, while quotas are cheap but depletable. Route-
Wise explicitly models these constraints and dynamically
prices scarce quota, preserving it for requests that would
otherwise be expensive to serve on demand. Thus, the ben-
efit comes not only from having subscription capacity, but
from spending it where it provides the greatest value.
Rescuing latency outliers that routing cannot antic-
ipate. Even with a diverse provider pool and up-to-date
latency profiles, individual requests can still become unpre-
dictable stragglers. RouteWise complements a priori routing
with selective in-flight hedging, launching a backup only
when the primary becomes unlikely to meet its SLO. This
truncates latency tails without the cost of indiscriminately
duplicating requests.

In short, RouteWise gains from a broader serving pool,
resource-aware allocation within that pool, and in-flight
recovery when the initial routing decision goes wrong.

4.2.3 Effectiveness of System Components. To isolate
the mechanisms driving these end-to-end gains, we evaluate
the three core components of RouteWise: dynamic LP traffic
rebalancing under shifting provider latencies, subscription
capacity management across depletable quotas and regener-
ating concurrency slots, and probability-targeted hedging.

LP rebalancing. The LP re-solves for every request against
the rolling latency profile, so the provider mix should fol-
low provider latency rather than a fixed preference. Fig-
ure 8 shows this behavior for RouteWise-0.5. As GMICloud’s
rolling TTFT roughly doubles over the run, from about 1s
to about 1.9s, the LP walks its share down from a peak of
23% to zero, and it hands traffic back to the Featherless slot
once that provider recovers from a spike above 4s. Every
provider’s assigned share moves opposite to its own latency.
This is re-weighting rather than failover: GMICloud never
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Figure 8. LP rebalancing during the 24-hour replay. Top: rolling
latency estimates used by the LP and achieved mean TTFT (dashed).
Bottom: average routing weights. Results are grouped into 20-
minute bins, with sparse bins merged.

failed or hit a rate limit, and the only availability that moves
is the concurrency slot’s, which is offered only while a slot
is free (Table 3).

Quota effective cost. The exponential effective cost in Equa-
tion 3 helps RouteWise preserve quota for requests that
would otherwise be expensive to serve on demand (Figure 9).
For RouteWise-0, this makes quota admission highly selec-
tive. When the concurrency slot is busy, requests longer
than 50 tokens make up 16.5% of quota admissions, even
though they are only 3.1% of the request pool those admis-
sions are drawn from (Figure 9a). Since such long responses
are relatively rare in this workload, RouteWise uses only
27% of the 4,500-request quota window (1,458 requests), leav-
ing substantial capacity unused rather than spending it on
cheaper requests (Figure 9b). As « increases, this selectivity
gradually relaxes: the router admits more requests to the
quota endpoint, but those requests are shorter on average.
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Table 3. Concurrency-slot handling on the replay.
RouteWise prioritizes free capacity but trades it for la-
tency as « increases. Available slots have zero cost, so
they are always considered (100% offered) and chosen
when fastest. When slower than metered providers, the
take rate drops from 100% to 0% to buy speed, reducing
the slot’s request share from 37% to 20%.

Table 4. Smart hedging on the 24-hour MiniMax-M3 replay with 3-second SLO.
Racing backups for at-risk queries (5.2%-7.8% hedged, winning ~50% of races)
truncates tail latency, reducing SLO violations from 2.0%-3.1% to 0.5%-0.8% and
cutting P99 TTFT by up to 64% at a modest 5.4%-11.8% extra metered cost. “With /
without” compares against the counterfactual where hedged requests waited solely
for the primary leg. Extra cost reflects token charges incurred by losing legs.

Free-slot ~ Offered Taken when With / without hedging

a decisions when free fastest not Share a Hedged Wins Violations Mean TTFT (s) P99 TTFT (s) Extra cost

0 5,300 100% 100% 100% 37% 0 7.8% 52% 0.83%/3.11% 0.90/1.11 2.84/7.96 11.8%
0.25 5,490 100% 100% 57% 30% 0.25 7.6% 48% 0.50% /2.68% 0.83/1.00 2.68/6.01 10.8%
0.5 5,840 100% 100% 34% 27% 0.5 6.4% 47% 0.61%/2.32% 0.74 / 0.89 2.68/5.51 7.8%
0.75 8,355 100% 100% 7%  23% 0.75 59% 48% 0.50%/2.36% 0.72/ 0.85 2.65/4.98 6.3%
1 9,023 100% 100% 0% 20% 1 52% 46% 0.54%/1.98% 0.70 / 0.80 2.72/ 4.37 5.4%
response length (tokens) — RouteWise — Greedy-cost the backup wins about half of its races, yet those few races
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Figure 9. RouteWise reserves quota for requests that are expensive
to serve on demand. (a) Response-length distribution of quota-
admitted requests versus the eligible request pool, where the quota
competes with metered providers. Under a tight budget, quota
disproportionately serves long responses; this selectivity decreases
as a increases. (b) This selective allocation keeps RouteWise within
the five-hour quota limit, while Greedy-cost exhausts it early and
falls back to metered providers.

RouteWise-1 admits 3,113 requests, using 60% of the win-
dow. Greedy-cost shows the opposite behavior: it consumes
quota without distinguishing between requests, exhausts the
window 13.6 hours into the day, and then serves the rest of
the day at metered prices.

Concurrency effective cost. Because an idle slot is wasted,
RouteWise prices an available slot at zero, which should
make it a candidate whenever it is free. Table 3 confirms
both halves of that behavior: at every operating point the
slot entered the candidate set in 100% of the decisions in
which it was free, and was taken in essentially all of the
decisions in which it was also the fastest candidate. The last
two columns show the cost budget’s pull. When the slot was
free but slower than some metered provider, RouteWise-0
still took it every time, while the take rate falls to 57%, 34%,
7% and 0% as « rises and the budget allows paying for speed.
Its overall share of requests therefore falls from 37% to 20%,
even though the slot sits idle more often at high .
Hedging. Table 4 isolates hedging’s contribution at each
operating point. Hedging fires on only 5-8% of requests and

remove most of the tail: without hedging, violations would
be 2.0-3.1% rather than 0.5-0.8%, and P99 TTFT 4.4-8.0's
rather than 2.7-2.8 s. Because the rescued requests are the
slowest ones, cutting the tail also lowers mean TTFT by 12—
19%. The price is modest: the losing legs add an estimated
5-12% to metered spend, and the share falls with « as faster
primaries need fewer backups.

4.3 End-to-end Experiment in Simulation

We use the trace-driven simulator to explore more settings:
a month-long horizon and a workload whose request shape
and pricing differ sharply from BurstGPT’s. Both replays
reuse the testbed’s provider pool (§ 4.1), draw provider
TTFT from the 202k latency samples collected during the
24-hour run, prorate the monthly subscriptions over the
replay, and keep the default 3-second SLO; OpenRouter’s
proprietary modes cannot be executed offline, so the base-
lines are Greedy-cost, Greedy-latency, and Random. Because
those latency distributions come from the run behind § 4.2,
agreement with it is not evidence of simulator fidelity.

4.3.1 30-day BurstGPT Workload. Replaying all 1.81M
requests (127X the live replay) leaves the picture of § 4.2
intact at 30X the horizon (Figure 10): the same frontier, from
0.98s mean TTFT at 1.04x Greedy-cost (RouteWise-0) to
0.75s at 1.72x (RouteWise-1); RouteWise-0.75 dominating
Greedy-latency outright (0.75s versus 0.77s, 13% lower cost,
9x fewer violations); violations of 0.1-0.3% across the sweep
against 0.9-2.6% for the baselines.

Worth carrying forward is the shape of the provider mix
(Figure 10d): MiniMax’s share rises in step with « (33%, 64%,
81%, 99%), GMICloud gives up the complement, and the two
capacity-bound subscriptions hold about a fifth of the month
throughout. That ramp is the budget arithmetic of Equa-
tion 5: with only the metered APIs feasible, separated by
GMICloud’s 20% discount, a budget a fraction a of the way
from the cheapest to the priciest admits the faster, pricier
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Figure 10. Thirty-day BurstGPT simulation. Costs in (a) and the X labels in (b) are normalized to Greedy-cost. Boxes show the interquartile

range and median; whiskers span the 5th-95th percentiles.

endpoint for about that fraction of requests. The next work-
load breaks this.

4.3.2 Freelnference Agentic Workload. An increasing
share of production traffic is agentic rather than conversa-
tional: multi-turn, long-context, and heavy on prefix-cache
reuse [11, 17, 40]. We replay the 7-day Freelnference trace
(754,750 requests) from Freelnference on the same pool, with
prefix caching enabled and cached tokens billed at each
provider’s discounted cached-input rate.

The comparisons carry over (Figure 11): RouteWise-0.25
costs 19% less than Greedy-latency at a lower mean TTFT
(0.75s versus 0.77s) with 9% fewer SLO violations (0.1% versus
0.9%), and RouteWise-0, within 2% of Greedy-cost’s spend,
cuts violations from 1.3% to 0.1%. The mechanisms split the
work as in § 4.2.3: the LP balances the on-demand mix within
the budget, the dynamic quota effective cost reserves the free
tier for the longest prompts, and hedging trades a little me-
tered spend for the tail. What differs is that the subscriptions
barely participate: the 45,000-requests-per-week quota and
the two concurrency slots absorb under 9% of the 755k re-
quests, so the on-demand mix sets the trade-off.

4.4 Ablation Study

4.4.1 Offline Analysis. We use an offline oracle as a diag-
nostic lower bound to evaluate the efficiency of RouteWise’s
prepaid capacity allocation on the 30-day BurstGPT replay.
Quota and concurrency exhibit distinct online-to-offline gaps
due to their differing semantics. For depletable quota, Route-
Wise costs 15.0% above the offline lower bound, versus 19.3%
for Greedy-cost. For regenerating concurrency, both policies
use zero-cost admission and finish 6.0% above offline. These
cost gaps establish the outcome but do not, by themselves,
prove the allocation mechanism.

4.4.2 SLO Target. The SLO is an operator knob, but a
tighter target does not simply buy lower latency. Table 5
evaluates RouteWise-0.5 at four targets with the same real
world experiment setup. Relaxing the target from 2sto 5s
cuts violations from 8.5% to 0.4% at nearly constant cost,
because the router pays for a tight target in hedging rather

Table 5. SLO-target sweep. RouteWise-0.5 with hedging replayed
the same 24-hour trace at four TTFT targets, concurrently in a
separate window; each run is scored against its own target.

SLO Cost ($) Mean (s) P99 (s) Viol. Hedged Wins

2s 2.64 1.02 6.10 8.5% 14.6% 32%
3s 2.62 0.90 4.01 2.2% 13.2% 49%
4s 2.60 0.91 3.74 0.8% 7.7%  53%
5s 2.60 0.94 4.35 0.4% 4.8% 66%

than in money: the hedged share falls from 14.6% to 4.8%.
Mean TTFT, however, is lowest at 3 s. Hedging is a safety
net rather than a first-line strategy: it waits until a request
appears unable to meet its deadline and dispatches at most
one backup. Under a target the pool cannot reliably meet,
far more requests reach that point, the backup wins only a
third of its races because a deadline the primary cannot meet
is often one the backup cannot meet either, and the elapsed
wait plus the backup’s own tail leave these requests deep in
the distribution, dragging the mean up. A very loose target
instead hedges too rarely to rescue slow requests, and mean
TTFT drifts up again. The target should therefore sit slightly
above what the pool typically delivers, which motivates our
3-second default.

4.4.3 Effective Cost Formula. We evaluate alternative ef-
fective cost formulations for subscription capacity. For quota
providers, our dynamic exponential formula performs best
on average across diverse workloads (Figure 12a), though
static pricing can win in isolated configurations if the static
price perfectly matches the quota’s scarcity. Because produc-
tion workloads are highly bursty, it is impossible to know a
quota’s true scarcity in advance. The exponential formula is
robust because it self-corrects: staying cheap during under-
utilization to maximize return, and ramping up aggressively
when capacity tightens.

Conversely, for concurrency subscriptions, assigning a
fixed cost of zero strictly outperforms dynamic pricing (Fig-
ure 12b). This is intuitively sound: unlike a monthly quota
that depletes permanently, concurrency slots instantly re-
generate when a request completes. If an available slot is
not used immediately, that capacity window is permanently



RouteWise: Latency—Cost Optimization for Multi-Provider LLM Routing

1.2 RouteWise-0 4 0.1% 1.02x
RouteWise-0.25 4 0.1% 1.10x
G oreedy-cost RouteWise-0.5 1 0.1% 1.15x
£ 10440 . ;
E RouteWise-0.75 4 0.1% 1.23x
S RouteWise-140.1% 1.44x
3 0.8 a=0.5 Greedy-latency
= =025 0o 9o T o Greedy-cost 1.3% 1.00x
‘ @=075 a=1 Greedy-latency 0.9% 1.35x
061 Random 2.7% 1.21x
1.0 11 1.2 1.3 1.4 0 2 4
Normalized cost SLO violations (%)
(a) Cost-TTFT frontier (b) SLO violation

W7, mMiniMax Atlas Novita
m Pc MGMICloud mTogether mStreamLake
3s SLO

RouteWise-0 {1 HIl—— RouteWise-0
RouteWise-0.25 1 HIll—— RouteWise-0.25
RouteWise-0.5 { HIll—— RouteWise-0.5
RouteWise-0.75 { Hll—— RouteWise-0.75
RouteWise-1 1 HIll—— RouteWise-1
Greedy-cost{ HIl—— Greedy-cost
Greedy-latency { HIll—— Greedy-latency
Random { HIJ—— Random
0 2 4
TTFT (s) Requests (%)
(c) TTFT distributions (d) Provider mix

Figure 11. Seven-day Freelnference simulation with prefix caching enabled. Costs in (a) and the X labels in (b) are normalized to Greedy-cost

for this workload. Boxplot conventions follow Figure 10.
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wasted. Thus, a greedy zero-cost design safely maximizes
the utilization of rapidly regenerating concurrency resources
before incurring any metered API costs.

4.4.4 Robustness to Latency Misprediction. When
provider latency spikes suddenly, background telemetry
updates lag behind reality, causing latency misprediction
where the LP router continues dispatching requests based
on outdated statistics. Figure 12c evaluates this scenario in
simulation by increasing the fastest provider’s TTFT by 3x
for 10 minutes every hour across a 30-day BurstGPT replay
(three same-price providers, 2-second SLO). Under stale
telemetry, routing with the LP alone causes SLO violations
to jump from 2.3% to 44%.

Smart hedging acts as an orthogonal safeguard against
latency misprediction. Because hedging triggers on in-flight
elapsed time rather than historical telemetry, it directly de-
tects straggling requests without waiting for profiler up-
dates. Adding hedging to stale beliefs caps violations near
10%. Fresh telemetry is an idealized oracle whose latency
estimates update the instant a provider’s TTFT changes,
an upper bound on what faster profiling alone can achieve.
Hedging with stale beliefs outperforms even a fresh oracle
LP without hedging (12% violations), as racing providers is
more effective than abandoning the primary entirely. Profiler
freshness and runtime hedging are therefore complementary.

4.4.5 Robustness to Output-Length Misprediction.
While stale telemetry introduces estimation error on latency,
unknown response length introduces uncertainty on cost:
the router must predict generated tokens 7,y upfront to
compute on-demand effective costs. We evaluate Route-
Wise’s sensitivity to this error by injecting prediction bias in
[-50%, +200%] on the 30-day BurstGPT replay (Figure 12d).

Cost is insensitive to output-length misprediction because
generated responses are short compared to inputs across
diverse workloads. In BurstGPT, median output length is 14
tokens versus 368 input tokens (Table 2); in Freelnference,
context is even more asymmetrical (mean 93,362 input ver-
sus 506 output tokens). For instance, in a typical request
with a 100K cached prefix, 2K new input, and 200 output
tokens, output accounts for only 3% of total serving cost.
Because output tokens represent such a small cost fraction,
estimation errors yield small shifts in effective costs. Our
ablation confirms that even a +200% prediction error raises
total cost by only 1.4%-4.1% across operating points.

5 Discussion

Provider Quality Equivalence. Our framework assumes
all providers serving the same open-weight model, such as
MiniMax-M3, return equivalent outputs. This holds when
weights are identical and sampling parameters are passed



through. In practice, some providers apply FP8 quantization,
which introduces small perplexity differences, or provider-
side safety filters, which alter refusal rates. Extending the
framework to quality-aware routing, where providers differ
in both cost and output fidelity, is a natural direction.
Generalization to Local GPU Deployments. Although
our examples focus on public API providers, the same re-
source types arise in self-hosted settings. A GPU cluster with
k replicas maps to a concurrency-limited provider in Pc, and
a gutter pool of hot-standby nodes maintained for high avail-
ability [14, 20] maps to a capacity-limited quota provider in
Po. The routing algorithms apply unchanged; only capacity
profiling differs.

Adversarial Arrivals. The competitive ratio guarantee of
Theorem 3.3 holds for worst-case sequences, but the expo-
nential threshold is tuned for stochastic workloads. An adver-
sary that front-loads all high-value requests can cause the ef-
fective cost to rise too slowly. In practice, LLM workloads are
not adversarial, and our experiments confirm near-optimal
performance across diverse real-world traces.

6 Related Work

LLM Routing and Cascading. Model routers balance infer-
ence cost and response quality. Frugal GPT [6] learns model
cascades, RouteLLM [30] learns routing from preference data,
and AutoMix [1] uses self-verification to decide whether to
query a larger model. Other work combines routing and
cascading [10] or assigns queries across models under batch-
level cost and capacity constraints [24]. RouteWise fixes
the model and selects its provider; a model router could
use RouteWise after choosing a model. OpenRouter [32, 35]
supports provider selection, fallbacks, and price and perfor-
mance preferences. RouteWise focuses on allocating requests
across prepaid quotas, concurrency slots, and metered APIs,
accounting for their different capacity constraints and costs.
Subscription capacity couples decisions across time. Con-
suming a quota slot now changes the effective cost of later
requests, even when their prompts and the providers’ posted
prices are identical.

Multi-Cloud Resource Management. SkyPilot [44] bro-
kers compute resources across clouds. SkyServe [23] com-
bines spot and on-demand replicas across regions and clouds,
while SpotServe [26] adapts LLM execution to GPU preemp-
tions. Can’t Be Late [43] uses on-demand instances as a fall-
back to meet job deadlines despite spot interruptions. These
systems reduce costs by managing infrastructure and model
replicas. RouteWise operates over existing API endpoints
with subscription capacity. It decides how to use remaining
quota and available concurrency alongside APIs, without
provisioning compute resources or migrating replicas.
LLM Serving and Cache-Aware Scheduling. Orca [45]
and vLLM [21] improve batching and memory management.

Tian et al.

DistServe [48] separates prefill and decoding, while Llum-
nix [39] reschedules requests across instances through live
migration. Prefix reuse also affects placement: SGLang [47]
reuses KV state through RadixAttention, and Preble [38]
jointly considers prefix reuse and load balancing when sched-
uling requests across GPUs. These systems control execution
or cache placement within a serving deployment. RouteWise
has no direct control over provider KV caches. It incorporates
estimated cached tokens and provider-specific cached-input
prices into effective costs, while using observed TTFT to
guide latency decisions. A cache discount changes the mon-
etary comparison without implying that an endpoint will
meet the latency SLO; provider queueing can still dominate
the time to the first token.

Tail Latency and Hedging. Hedged requests reduce tail
latency by sending a delayed duplicate and using the first
response [8]. Delaying duplicates until the primary exceeds
alatency percentile limits the added load. Primorac et al. [36]
show that redundant work can worsen congestion and pro-
pose combining load balancing with work-conserving hedg-
ing. RouteWise applies hedging across providers with dif-
ferent prices and TTFT distributions. It estimates whether
a backup can restore the target probability of meeting the
TTFT SLO, delays dispatch to the last feasible checkpoint,
and selects the cheapest feasible backup. This requires con-
sidering the primary’s elapsed waiting time together with
each backup’s latency distribution. An endpoint that could
meet the SLO at arrival may be too slow to serve as a late
backup.

Online Resource Allocation. Online knapsack algo-
rithms [16, 49] and primal-dual methods [4] allocate finite
capacity without knowing future demand. RouteWise’s
quota threshold draws on this literature, valuing a request
by the metered cost that quota would avoid. Ski-rental algo-
rithms [19, 46] study when to rent or buy; our subscriptions
are already purchased, so decisions concern how to use their
capacity. Qiu et al. [37] predict output lengths with a proxy
model to prioritize shorter requests and reduce head-of-line
blocking. RouteWise uses a lightweight bucket-mean esti-
mate to compare expected API charges with subscription
effective costs and evaluates sensitivity to estimation errors.
The estimate supports a billing comparison at dispatch and
does not require control over a provider’s execution order.

7 Conclusion

We present RouteWise, a cost- and latency-aware routing
system for multi-provider LLM serving across heterogeneous
pricing schemes, including on-demand APIs and capacity-
constrained subscriptions. Compared with state-of-the-art
LLM routers, RouteWise reduces cost by 18.9%, latency by
23.2%, and SLO violations by 74.6%, and exposes a single cost
knob for navigating the cost-latency trade-off.
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