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Abstract

We study model routing for Large Language
Model (LLM)-based systems. A model, called
the router, dynamically chooses which LLM
should handle a given input/query. We chal-
lenge the assumption that complex routers are
necessary for generalising to new candidate
LLMs. We introduce CONTEXTUALROUTER,
a simple meta-evaluation framework that pre-
dicts per-model performance for new queries by
retrieving similar past queries and reweighting
model scores with lightweight attention. Dur-
ing inference, the router balances estimated per-
formance and cost by adjusting a tunable cost
penalty parameter. This allows the router to
adapt dynamically to the addition or removal of
LLMs without the need for retraining. Across
five routing benchmarks (SPROUT, Router-
Bench, LiveBench, BigGenBench, and Em-
bedLLM), CONTEXTUALROUTER matches the
quality—cost trade-offs of other generalisable
routers. Surprisingly, a simpler non-parametric
baseline, k-nearest-neighbour averaging, per-
forms comparably or better, achieving strong
performance estimation, high NDCG, and sub-
stantial cost savings. Retrieval-based routers
remain robust to k, embedding size, data spar-
sity, retrieval degradation, and generalise to
unseen queries and models with as little as 1%
historical data. These results suggest that effec-
tive retrieval alone enables generalisable LLM
routing.

1 Introduction

Large Language Models (LLM) have been applied
in various domains, ranging from conversational
agents (Dam et al., 2024) to multi-agent systems
(Tran et al., 2025). These systems usually rely on
a single LLM to perform the tasks. This model-
centric approach focuses on selecting the most suit-
able LLM for deployment. However, domain speci-
ficity and task complexity often differ across user
requirements. Therefore, instead of a universal
model suitable for all scenarios, each user query
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Figure 1: CONTEXTUALROUTER uses historical per-
formance data from a small dataset to predict candidate
performance on new queries. At inference, it routes
to the candidate that optimizes the trade-off between
predicted performance and cost. New candidates can
be added without retraining by evaluating them on the
history dataset. Perf*: Estimated performance.

may require a distinct model to balance perfor-
mance and computational cost.

The routing framework in LLM-based systems,
as proposed in earlier works (Hu et al., 2024a; Ong
et al., 2025), was proposed as a solution to this
issue, aiming to create dynamic systems in which
an LLM is selected based on the query. Most ex-
isting methods rely on supervised learning, using
classifiers for topic selection or regressors for static
performance estimation (Jain et al., 2024; Wang
et al., 2024; Dekoninck et al., 2025; Ding et al.,
2024; Hu et al., 2024b; Somerstep et al., 2025;
Liu et al., 2024; Ong et al., 2025; Zhuang et al.,
2025). A major limitation of these methods is their
inability to generalise to new models without re-
training. Recent studies have addressed this chal-
lenge through model representation learning, which
projects candidate models into latent performance
spaces derived from historical data, enabling zero-
shot generalisation to unseen models (Jitkrittum
et al., 2026; Feng et al., 2025a).

While these representation-based approaches
demonstrate strong generalisation capabilities, they
often introduce additional architectural complex-
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ity through graph neural networks or pseudo—zero-
shot designs. This raises a fundamental question: is
such sophistication necessary, or can simpler gener-
alisable methods achieve comparable performance
without retraining?

In this work, we investigate whether low-
resource generalisable routing systems are efficient
routing architectures (Figure 1). Methods such as
attention-like mechanisms, clustering-based strate-
gies, or averaging over similar samples can achieve
comparable performance while reducing inference
cost, compared to selecting the best overall or most
expensive model. All architectures can generalise
to new routing candidates without retraining by
representing models in a shared performance space.
We show that a simple k-NN approach is sufficient,
provided that retrieval is efficient, and demonstrate
that on several routing evaluation benchmark and
different embedding models.

2 Related Works

2.1 Routing in LLM-based Systems

The paradigm of model selection has become in-
creasingly important in the context of LLM. Most
current systems are monolithic, relying on a single,
generalist LLM (e.g., Claude-Sonnet). However,
this approach may not always be ideal. Depending
on the complexity of the query or the knowledge
required, a single model may lack specific ability to
provide adequate responses or be overly complex.
To address this limitation, several routing strategies
have been proposed (Varangot-Reille et al., 2025).
Post-generation strategies (i.e., cascade routing)
first generate an answer and then evaluate its qual-
ity with a scoring function; if the quality is insuf-
ficient, the query is routed to another model from
a predefined sequence. In contrast, pre-generation
routing strategies aim to predict which model is
most likely to produce the optimal response before
generation. While this approach reduces latency
and computational cost, it introduces uncertainty as
the model’s performance is inferred without observ-
ing the output. Most routing strategies in the liter-
ature rely on supervised learning, either by train-
ing classifiers to decide whether to route a query
to a given model (Jain et al., 2024; Wang et al.,
2024; Dekoninck et al., 2025; Ding et al., 2024;
Jeong et al., 2024; Malekpour et al., 2024; Shnitzer
et al., 2024; Stripelis et al., 2024; Srivatsa et al.,
2024; Ong et al., 2025), or by training regressors
to estimate performance scores (Hu et al., 2024b;

Somerstep et al., 2025; Liu et al., 2024; Ong et al.,
2025; Zhuang et al., 2025).

2.2 Generalisable Routing in Dynamic
Environments via Model Representation

Most of the routing approaches discussed previ-
ously lack the ability to adapt to new pooling of
routing candidates at inference time. These static
pipelines require retraining to accommodate new
environments (i.e., different sets of routing candi-
dates). However, this adaptability represents a crit-
ical requirement for real-world implementation, as
new models and processing strategies emerge con-
tinuously. Recent work has proposed architectures
designed to address this limitation by projecting
routing candidates into a latent representation de-
rived from their historical performance (Feng et al.,
2025a; Jitkrittum et al., 2026). In this framework,
the router learns to select models based on these la-
tent representations (Feng et al., 2025a; Jitkrittum
et al., 2026). Consequently, when implementing a
new routing candidate, there is no need to retrain
the router; instead, it is only necessary to project
the candidate into the existing latent model space.

3 CONTEXTUALROUTER

3.1 Problem Formulation

Let Q = {q1, 92, ..., ¢z}, a set of x input queries,
and M = {M;, My, ...M,,}, a set of n LLM can-
didates for the router. The problem is to optimally
assign each query to exactly one model while bal-
ancing performance against resource constraints.
The performance of a routing candidate M; on
query g; is captured by the true performance matrix
P = [p;;] € R™%, where higher values indicate
better performance according to some specific met-
ric (e.g., accuracy, correctness score, etc.).

The basic routing problem aims to find the opti-
mal routing candidate M * which maximise perfor-
mance p -

M*(a;) = i
(¢j) = arg max pi; (1)

3.2 Routing for Resource Optimisation

In a resource optimisation context, the objective
extends beyond finding the most performant model
for a specific query. Each model m; has an associ-
ated cost ¢; € R+ (e.g., dollar per token, latency),
stacked in the cost vector ¢ = [c1, 2, . .., ¢,). The
cost ¢4 of a query must satisfy ¢, < B, where
B, € R+ is the user budget. We introduce the
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cost penalty parameter A > 0, which quantifies
the trade-off weight between performance and cost,
akin to Hu et al. (2024a)’s performance score or
Jitkrittum et al. (2026)’s correctness representation.
A represents the cost one is willing to pay for a
one-unit increase in predicted performance. The
problem becomes:

M*(qj) = arg Dax (pij —Aei) (2

where )\, the cost penalty, determines how heav-
ily expensive models are penalized in the selection
process. Increasing the value of A biases the rout-
ing towards a cheaper LLM candidate.

While the cost of a routing candidate can be
estimated a priori (e.g., price per token) and the
cost penalty parameter A is adjustable at inference
time, the performance p;; of model M; on query
gj remains unknown until inference. Thus, the
routing optimisation problem requires learning a
performance estimation function. We define a pa-
rameterised function that maps queries to estimated
performance scores:

pij = fo(qj, M) 3)

where p;; represents the estimated performance
of model M; on query g;, 6 denotes the learnable
parameters, and fp : Q X M is the performance pre-
diction function. Given the performance estimates,
the optimal model selection problem becomes:
M*(gj) = arg max (Pi; — Ac;)
M;eM (4)
p ij — f 0 (Qj7 Z)
3.2.1 Routing Generalisation

Finally, in real-world scenarios, the set of routing
candidates M used during training may differ
from the set of routing candidates M available at
inference time (Jitkrittum et al., 2026; Feng et al.,
2025a; Tailor et al., 2024). When only some or
none of the training-time candidates are available
at inference time, the routing function fy cannot
rely on the candidate-specific behaviours learned
during training. Similarly, the query distribution
might shifts from training (Q7) to inference (Qj).
A generalisable router must rely solely on invariant
meta features and avoid conditioning on specific
models (M) or specific queries (Q).

3.3 Our Architecture

CONTEXTUALROUTER is based on a contextual
meta-evaluation algorithm to predict p;; of rout-

ing candidate M; on query ¢;. Meta-learning can
be defined as learning to learn where a model
is trained over multiple tasks to learn a general
learning function which can generalise across tasks
(Vanschoren, 2018). Generalisable routing through
model representation can be understood as a form
of meta-evaluation. This involves learning to pre-
dict how models might perform when faced with
queries they have not encountered before, based
on previous experience. In other words, through
the meta-evaluation process, the router must learn
how to route effectively in different, or even unseen,
contexts across various routing tasks (e.g., different
number of routing candidates) (Vanschoren, 2018).
The rationale underlying CONTEXTUALROUTER is
that the true performance p;; can be estimated from
the observed performances of candidate M; on a
set of queries similar to g;, collectively referred
to as the context £(g;, M) for a specific query g;.
Then, the performance estimation function fy uses
the context to estimate p;;. Formally, the problem
can be reformulated as:

M*(Qj) = arg maX (pm )\Ci)

bij = fo(E (%7 i)

Linking it to meta-learning taxonomy, the perfor-
mance matrix and similarity vectors derived from
historical data, or £(g;, M), can be understood
as meta-features, a characterization of the current
user query and routing context (Vanschoren, 2018).
Thus, the CONTEXTUALROUTER works as a meta-
model that recommends the best configuration, or
the most optimal model, given the current task (i.e.,
query and candidates) (Vanschoren, 2018).

®)

3.3.1 Context Extraction

Each query ¢ is first embedded into a semantic
space using an encoder ¢, i.e., ¢(q) € R For a
given query ¢;, we retrieve its k nearest neighbours
from the training dataset Dr = {¢7,¢d,..., ¢}
by computing the cosine similarity between ¢; and
each training query g . We then select the top-k
queries with the highest similarity scores as the
nearest neighbours of g;.

The k highest similarity scores form a similarity
vector s € RF. Using these k neighbours, we
construct a neighbour performance matrix P €
RMI*E where each entry P;; corresponds to the
observed performance of candidate M; on the k-th
neighbour. The context £(g;, M) is then defined
as the tuple £(q;, M) = (s, P).
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3.3.2 Performance Estimation

The performance estimation is formulated as a re-
gression problem to predict the performance score
of routing candidates. The input dimensionality
is k, the number of nearest neighbours, which en-
sures that the estimator remains agnostic to the total
number of routing candidates |M|.

We introduce an attention-based weighting
mechanism to modulate the influence of unreli-
able performance from distant neighbours. We
define an attention-like matrix A € RIMI*F that
reweights candidate performances based on their
similarity—performance interactions

Projection into Shared Space. We first project
the similarity vector s € R¥ and the performance
matrix P € RMI*¥ into a shared latent space of
dimension h:

S=W,s+bs P =W,P+ 1)101‘3\4| (6)
where W, € R"*F and W, € R"*E are learnable
projection matrices, and by, b, € R are bias terms.

Attention Weights Computation. First, the at-

tention weights are computed as

A,=S-PT, A, eRFM (7

Then, the softmax function is applied row-wise
to obtain the normalised attention weights:

A=c(A]l), A ecRMX (8)

Each row of A assigns a normalized relevance
score to the performance on the k nearest neigh-
bours. These weights highlight which neighbours
contribute most to the predicted performance of
each routing candidate, effectively filtering out less
informative performances.

Weighted Performance Representation. The at-
tention matrix is then used to weight performance
scores element-wise:

Pu=A0P )

Feed-Forward Regression Head. We feed the
attention-weighted representation into a two-layer
feed-forward network with ReLLU activations to
produce a hidden representation. This hidden repre-
sentation is then passed through a regression layer
to predict the final performance p;;. To ensure that
the performance lies within the [0, 1] range, p;; is
clamped to this interval.

Learning objective. The routing task can be sub-
divided into two subtasks: (i) estimating the perfor-
mance of each candidate; (ii) obtaining a ranking
that is representative of the final order of the can-
didates. The first learning objective L;5r min-
imizes the mean squared error (MSE) between
the predicted and true performance scores over all
query—candidate pairs:

1l M|

1 2
L(O)= ——— E E ii — Dii 10

The second one Lypcge++ is the NDCG-
Loss2++ proposed by Wang et al. (2018). The loss
is built to reward if the inferred ranking is close to
the true ranking. It is included because the conse-
quences of incorrectly estimating the performance
of a high-ranking model must be more severe than
those of misestimating a low-ranking one.

Thus, the final loss can be formulated as:

(11)

Lcrout = LMsE + LNDCG24++

Routing Candidate Selection. At test time, the
estimator outputs the predicted performance scores
for all routing candidates M; € M given query g;:

b = [PrjsPajr- - D) €RME (12)
This is analogous to the correctness vector rep-
resentation proposed by Jitkrittum et al. (2026),
except that their method infers the representation
from the average performance on the centroids,
whereas CONTEXTUALROUTER derives it from
the performance on the top-k nearest neighbours.
This performance prediction vector p; is then
passed to Eq.(5) to route to the optimal routing
candidate M*(g;). The cost penalty is kept in-
dependent of the learning process, allowing it
to be parametrised at deployment according to
application-specific resource requirements without

retraining the estimator.

4 Experiment

4.1 Datasets and Metrics
4.1.1 Datasets

The datasets used in our experiments include
SPROUT (Somerstep et al., 2025), EmbedLLM
(Zhuang et al., 2025), RouterBench (Hu et al.,
2024a), LiveBench Leaderboard (White et al.,
2025) and BigGenBench Leaderboard (Kim et al.,
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2025).We removed Chinese datasets from Router-
Bench (Hu et al., 2024a) to avoid any language
influence that may confound the routing task. Each
dataset provides an instruction or question, along-
side the ground truth and performance scores for
each LLM candidate. These scores represent model
performance on the question (See Appendix A for
more details on the settings). Performance is evalu-
ated via LLLM-as-a-Judge.

4.1.2 Metrics

We evaluated the following metrics: (i) Peak Per-
formance: The maximum average true perfor-
mance of the routing candidates selected by the
router. Routing candidates performances are nor-
malised to the range [0, 1] and then reported as
percentages. Higher values indicates higher per-
formance. (ii) Weighted Distance to Optimum
(DTO,): To evaluate the cost-performance trade-
off, we adopt a metric from the fairness literature
proposed by Han et al. (2022), which computes the
Euclidean distance from a routing architecture at a
pre-specified cost penalty to a utopian point (i.e., an
oracle router). Following the adaptation by Leteno
et al. (2025), we use performance on a 0-100 scale
and define the inverse cost as C = (1 — C') x 100
to compute DTO. Since our primary objective is
to maintain performance while minimizing cost
(we prefer a better-performing model at higher cost
over a worse-performing model at lower cost), we
propose a weighted version of DTO:

DTO,,(M) = \/we(Cy — Cr)? + wy(P, — P)?

(13)
where w,. and w,, are the weights for cost and per-
formance respectively, C,, and P, represent the
utopian (oracle) cost and performance, and Cr and
Pr, denote the cost and performance of a router. We
set w, = 0.25 and w, = 0.75 to emphasize perfor-
mance over cost in our evaluation. Lower DTO,,
indicates higher proximity with the oracle router.
(iii) Relative Cost Difference (RelDiff): The rela-
tive cost difference measures how a router achieves
a target performance at lower cost compared to sim-
ply routing to the best model of a training dataset.
It is calculated as:

C’router - Cbest

RelDiff = 7
Cbest

(14)
where Croueer 1S the cost required by the router to
achieve a target performance level (e.g., 95% or
100% of the best model’s performance), and Cheg

is the cost of always using the best-performing
model. Negative values indicate the router is more
cost-efficient, while positive values indicate it is
less efficient. If the router cannot reach the target
performance, RelDiff = +o0. (iv) MSE: This de-
termines whether the strategy adequately estimates
the true performance of the candidates. A lower
value indicates a better ability to estimate true per-
formance. (v) NDCG@all: An optimal routing
would always choose the best candidate if the esti-
mated ranking is the same as the true one. A value
closer to 1 indicates a better matching to the true
ranking.

4.2 Routing Strategies

The different routing strategies evaluated are: (a)
Random Router: A baseline that selects a routing
candidate uniformly at random from the available
models. (b) Oracle Router: An upper-bound
baseline that assumes access to the ground-truth
performance of all models. At each step, it se-
lects the model M™* € M that achieves the highest
true performance while incurring the lowest pos-
sible cost, thus representing the ideal cost—quality
trade-off. (c) Best, most expensive and cheapest
LLM on the dataset These baselines correspond
to always selecting a single fixed LLM from the
dataset: Best Training LLM: The model achieving
the highest average performance on the training
dataset regardless of cost. Most Expensive LLM:
The model with the highest inference cost. Cheap-
est LLM: The model with the lowest inference cost.
(d) Low-Resource Generalisable Routing Strate-
gies: CONTEXTUALROUTER and Universal Model
Router (UMR) (Jitkrittum et al., 2026). (e) K-NN
Regression: The estimation of the performance
of each candidate is made by averaging the perfor-
mance of that candidate across all £ neighbours
without weighting by distance. Additional imple-
mentation details are provided in Appendix A.

4.3 Experiments
4.3.1

To evaluate the ability of different architectures to
perform routing with a fixed candidates pool, we di-
vide each benchmark into training, validation, and
test splits. The different architectures are tested
on the test splits using all available routing can-
didates. All queries are encoded using snowflake-
arctic-embed-m-v2.0 as embedding function ¢ (Yu
et al., 2025), one of the top performing embedding

Main Experiment
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Routing Performance Comparison (768d) - All Benchmarks
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Figure 2: Deferral curves for different routing architectures across varying cost penalties (A € {0,0.5,1,2}). The
x-axis and y-axis represent the mean performance and mean cost on the benchmark, respectively. Stars denote
baseline comparisons. The gray area represents the Pareto front constructed from the mean performance and cost of

all individual LLM.

models under 500M parameters on the MTEB re-
trieval task (Muennighoff et al., 2023). The train
split is used to construct the historical performance
dataset. We evaluate the routing architectures with
different cost penalties: A\ € {0,0.5,1,2}. Addi-
tionally, we construct a Pareto front from the mean
performance and cost of all individual candidates
on the test dataset to evaluate the cost-performance
efficiency of the routing strategies against what
is achievable using the most optimal single candi-
dates.

First, our results show that on almost all bench-
marks, using a routing architecture is a cost-
efficient strategy to achieve the same performance
as the most performant candidate in the training
dataset, or 95% of its performance (Figure 2 and
Table 1. See Appendix D for the detailed DTO,,
and peak performance). For example, in the Em-
bedLLM benchmark, it lowered the cost by half
while achieving the same performance. In most
benchmarks, the performance-cost curves of the
different routing strategies lie above the Pareto
front constructed from individual LLMs cost and

performance, indicating that these routing strate-
gies are more efficient than using any single rout-
ing candidate alone (Figure 2). However, in most
settings, neither our architecture nor UMR out-
performed significantly the K-NN @40 algorithm,
whether in terms of DTO,,, peak performance,
MSE, or NDCG (Tables 5 and 2). In fact, recent
work showed that K-NN was a strong baseline,
frequently outperforming more complex learned
strategies (Li, 2025; Yuan et al., 2025). Similarly
to Yuan et al. (2025), we did not find that UMR
(Jitkrittum et al., 2026) outperforms the K-NN. Our
results might differ because they used another em-
bedding model, Gecko (Lee et al., 2024; Jitkrittum
et al., 2026).

4.3.2 Impact of the Nearest Neighbours Size

As the number of nearest neighbours directly deter-
mines the amount of information available to esti-
mate candidate performance, tuning & has a signifi-
cant impact on the model’s results. A high value of
k may introduce noise by including queries that are
too dissimilar to reflect the true local performance
of the LLM candidate. A low value of £ may result
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Benchmark C-ROUTER K-NN UMR
@95% @100% @95% @100% @95% @100%
Sprout -70.5 400 -69.9 400 -68.3 20.5
RouterBench  -46.6 400 -46.2 400 -49.0 -14.9
LiveBench -53.5 -40.4 -49.1 -39.8 -56.7 -43.0
BigGenBench -96.6 -1.2 -81.7 -17.6 -66.6 +00
Embed LLM -65.2 -50.8 -61.9 -47.1 -70.6 -55.0

Table 1: Relative cost difference (RelDiff) to achieve 95% (@95%) and 100% (@100%) of the best LLM
performance on the training dataset (A = 0, dimension=768). Positive values indicate the router requires higher cost
to reach the target performance; negative values indicate the router achieves the same performance at lower cost. If
the router cannot reach the target performance, RelDiff = +o00. C-ROUTER: CONTEXTUALROUTER

Benchmark C-ROUTER K-NN UMR
MSE NDCG MSE NDCG MSE NDCG
Sprout 0.126 940 0.128 94.0 0.133 94.1
RouterBench 0.157 882 0.157 882 0.157 88.5
LiveBench 0.167 775 0.172 77.6 0.180 77.1
BigGenBench 0.047 96.1 0.049 96.1 0.054 953
EmbedLLM 0.187 763 0.188 758 0.187 76.5

Table 2: Performance of routing architectures on different benchmarks (A = 0, dimension=768). Lower MSE
indicates more accurate performance prediction. NDCG is expressed as a percentage, with higher values indicating
better matching with true ranking order. ContRout: CONTEXTUALROUTER

in insufficient information to correctly estimate the
performance of the candidate. Thus, we train and
evaluate routing performance (mean performance
and mean cost) across different values of k, while
keeping the cost penalty at A\ = 0 at inference. The
different k tested are k € {10, 20,40, 80}.
Increasing the number of neighbours beyond k =
40 does not result in a significant improvement
in either DTO,, or peak performance. This may
be because relevant past performance is easily re-
trieved by the embedding model. MMLU items,
for instance, are highly semantically similar to one
another, which makes it relatively easy to retrieve
relevant information. The difficulty of the retrieval
task may be an important confounding factor in our
results. We also observe a trade-off between cost
efficiency and performance. Smaller values of k
tend to have better cost—performance ratios (lower
DTO,,), whereas larger k has higher peak perfor-
mance. As more examples are retrieved, larger and
more expensive LLMs with more generalistic abil-
ity may drive the performance retrieved, thereby
masking the localized strengths of smaller mod-
els. Overall, k is a critical hyperparameter: tuning
it can improve either DTO,, or peak performance
relative to the default setting of £ = 40 or UMR.

4.3.3 Impact of the Embedding Model Size

The strategies rely on embeddings adequately rep-
resenting query semantics. Thus, we evaluate mod-
els of different sizes to assess whether this im-
pacts the ability to estimate performance more
accurately and, indirectly, routing performance.
We evaluate three types of embedding model of
different number of dimensions and architectures
1 (1) potion-multilingual-128M, a static embed-
ding model distilled from BAAI/bge-m3 sentence
transformer (256d)'; (ii) snowflake-arctic-embed-
m-v2.0, a sentence transformer of 305M parameters
(768d) (Yu et al., 2025); and (iii) text-embedding-3-
large, a proprietary embeddding model from Ope-
nAl (3072d)>.

Using different sizes of embedding models does not
result in significant differences. In fact, even the
static embedding model achieves almost the same
performance as the most efficient one, Snowflake’s
embedding model (Yu et al., 2025). The figures are
available in the appendix D and Figure 2.

1https://huggingface.co/blog/Pringled/
model2vec

2https://openai.com/index/
new-embedding-models-and-api-updates/
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4.3.4 Performance and Generalization in
Low-Data Settings

In low-resource environments, there may be lim-
ited annotated history performance data available
for routing. To ensure an unbiased assessment, we
used FusionBench (Feng et al., 2025b), a dataset
that has not been used in CONTEXTUALROUTER
training. We partition the dataset into 85% train-
ing and 15% test splits. CONTEXTUALROUTER
retrieves from available data without retraining,
while UMR reconstructs clusters for each data size
(Jitkrittum et al., 2026). We vary available training
data by sampling 1%, 2.5%, 5%, 7.5% and 10% of
the training split and evaluate mean performance
and cost under cost penalty setting of A = 0 on the
test dataset. We tested two scenarios: 1) training
and evaluating on the same 50% candidate subset,
and 2) training on 50% then adding remaining can-
didates at inference. For UMR (Jitkrittum et al.,
2026), in the second scenario, we optimise cluster
selection on half the candidates, then incorporate
new candidates into existing clusters at inference.

The results demonstrate that CONTEXTUAL-
ROUTER and K-NN @40 remain unaffected by the
limited amount of available historical data. Even
with only 1% (n=53) samples available, these ar-
chitectures achieve the same performance as with
10% (n=535). However, our architecture does not
outperform the K-NN@40. UMR (Jitkrittum et al.,
2026) underperformance with 1% available data
may be caused by the construction of very small
and noisy clusters, which result in a performance
representation of a candidate that is too different
from its true one (Appendix D). The results are
similar whether tested on the sample of candidates
used during training or on additional ones intro-
duced afterward. All these architectures are able
to generalise easily to new candidates; however,
K-NN@40 might be sufficient to achieve adequate
performance even with a small amount of historical
performance data. A downside of these unsuper-
vised approaches is the need to maintain a query
corpus with LLM performance records at infer-
ence, however, only very small corpora are needed,
making these methods realistically applicable in
practice.

4.3.5 Real-Case Simulation

Each dataset uses highly similar question formats
across samples (e.g., multiple-choice questions in
the MMLU dataset). This lack of diversity makes
the retrieval task relatively easy. To simulate real-

world user queries (which are often concise, in-
formally phrased, and inconsistently cased), we
sampled 3000 examples from each of the three
benchmarks with the highest number of samples:
RouterBench, EmbedLLM, and Sprout. Each sam-
ple was paraphrased using gpt-4o-mini to mimic
realistic query variations. The paraphrasing prompt
with examples are available in Appendix C. The
figure in Appendix D shows how paraphrasing in-
duces significant overlap between the datasets com-
posing each benchmark. For each benchmark, we
selected 1000 samples for training (UMR) or re-
trieval (K-NN@40 and CONTEXTUALROUTER),
and used the remaining 2000 samples for testing.
For CONTEXTUALROUTER, we use the version
trained in section 4.3.1. To evaluate the impact
of retrieval degradation, we report the difference
in peak performance (Apey) and DTO,, (Apro,,)
between the routers applied on the original and
paraphrased samples.

We observe limited performance degradation when
simulating real-world queries to degrade retrieval
with —0.3 < Apeax < 2.0 and —3.0 < ADTOw <
1.1. While EmbedLLM shows improved peak
performance, this comes with increased DTO,,
for CONTEXTUALROUTER and UMR, but not K-
NN@40. Overall, these findings indicate that these
low-resource unsupervised routing strategies are
robust to the distributional shift introduced by re-
alistic query simulations. This also suggests that
the influence of benchmark semantic similarity on
routing performance may be less significant than
hypothesised in previous sections. See Appendix
C for tables.

5 Conclusion

Our results demonstrate that unsupervised rout-
ing algorithms provide a cost-effective and gen-
eralisable alternative to traditional monolithic sin-
gle LLM architectures. They decrease financial
and computational requirements while maintaining
comparable performance. Consistent with previous
work (Li, 2025), even vanilla K-NN is as effective
as learned retrieval-based routers on benchmarks.
These findings challenge the necessity of LLM-
based routing solutions (Zhang et al., 2025) for
generalisable routing. Furthermore, we showed
that these strategies require only a small corpus of
queries to be effective. This opens up new deploy-
ment opportunities in environments with limited
computational resources.
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Limitations

As demonstrated with MMLU (Gema et al., 2025),
many datasets contain flaws including unanswer-
able questions, multiple valid answers, and incor-
rect ground truth. For instance, in SPROUT’s
Teknium sub-dataset, candidates are penalized for
valid responses that differ from ground truth de-
spite correctly following open-ended instructions
(see Appendix B for various examples). Incorrect
evaluation affects both training by penalizing cor-
rect models and inference by giving contradictory
historical performance data. There is a need to eval-
uate the proportion of the difference between tested
routing algorithms and the oracle router that does
not stem from inherently unpredictable candidate
performance. Yuan et al. (2025) analysed several
benchmarks used in this work, i.e. EmbedlLLM and
RouterBench, and identified a number of issues.
One issue is LLM dominance, whereby a single
candidate model may outperform most others. We
observe this in the Sprout benchmark: gpt-03-mini
is sufficiently general-purpose and cheap that it
often becomes the best option overall, making rout-
ing unnecessary. In this case, the focus shifts from
selecting the most suitable LLLM for each task to
identifying the best overall model, which is closer
to a multi-armed bandit setting. Another issue iden-
tified is LLM ability redundancy, where several
candidate LLMs exhibit similar capabilities at simi-
lar costs, adding noise to the routing problem (Yuan
et al., 2025). This challenges the assumption that
very large pools of LLMs are necessary, as serving
hundreds of models may be inefficient in real-world
deployments. While Yuan et al. (2025) show that
K-NN achieves the strongest performance on these
benchmarks cleaned using strategies designed to
remove these issues, they may have affected the
training of learned routing strategies such as CON-
TEXTUALROUTER. In a real-world deployment,
routers will be implemented in an online sequential
or batch setting. Consequently, a retrieval-based
router requires an incremental corpus of history
data at inference time. Future work should there-
fore study the most efficient methods for construct-
ing and maintaining such a corpus in this setting.
Additionally, it remains an open question whether
retrieval-based routers suffer from cold-start issues
when the corpus size is small (inferior to k).
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A Implementations

A.1 Settings

We define LLM cost as the input price per million
tokens, using published values where available. For
models without published pricing, we estimate cost
from parameter count using TogetherAl pricing?.
Both costs and benchmark performance scores are
normalized across all routing candidates.

A.2 CONTEXTUALROUTER

We trained the model using the AdamW optimizer
with a learning rate of 1e~#, weight decay of 175,
and batch size of 64. We applied a learning rate
scheduler that reduced the rate by a factor of 0.5
when validation loss plateaued. Since CONTEX-
TUALROUTER is agnostic to the number of candi-
dates, we shuffled batches across benchmarks to
train on diverse routing contexts simultaneously.
We also shuffled neighbours and candidates within
each batch to encourage learning generalisable per-
formance patterns rather than candidate-specific
behaviors. For the 3072-dimensional embedding
model, we added dropout layers to the attention
matrix and feedforward network to prevent over-
fitting, and adjusted the learning rate to le~> and
weight decay to 1e 3.

A.3 Universal Model Routing (Jitkrittum
et al., 2026)

The original approach proposed by Jitkrittum et al.
(2026) search the number of clusters which max-
imises the area under the deferral curve (cost-
performance curve) for different cost penalty. This
approach leverage certain complexity as multiple
runs on possible on large datasets are necessary
to find the most adequate k, specifically when the
range of k values is large. Instead, we search for a
specified cost penalty, the number of clusters which
maximise the mean performance and minimise the
mean cost on a validation dataset. We did not im-
plement their soft clustering approach as it is per
nature not generalisable to new candidates as the
proper clustering is learnt from specific candidates
performances.

3https ://www.together.ai/pricing
(accessed 06/05/2025)

B Errors in Datasets - Example of
Sprout’s OpenHermes\Teknium
subdataset

We examine several errors found in one of the rout-
ing benchmark:

B.1 Incorrect Task Evaluation

Prompt: Summarize a recent science break-
through in any field, explaining its significance
and potential impact on society.

Annotated Ground Truth: [Summary about
AlphaFold]

In this case, there is no single correct answer.
The task requires demonstrating the ability to sum-
marize a recent scientific breakthrough. However,
in the dataset, all candidates generated adequate
summaries (e.g., on nuclear fusion or CRISPR) but
were scored as erroneous because their summaries
did not match the specific topic of the ground truth.

B.2 Incorrect Ground Truth

Prompt: Which ancient civilization is credited
with inventing the concept of zero in mathe-
matics?

Annotated Ground Truth: The Mayans

The correct answer should be "Ancient Indians."
All candidate responses provided this correct an-
swer, but the LLM-as-a-Judge assigned a score of
0 to every candidate.

B.3 Ambiguous Prompts

Prompt: Who was the British Prime Minister
at the start of World War II, famously known
for his speech "We shall fight on the beaches"
?

Annotated Ground Truth: Neville Chamber-
lain

This example illustrates a case where the ques-
tion has no true answer. Neville Chamberlain was
indeed the British Prime Minister at the start of
World War II, but the famous "We shall fight on
the beaches" speech was delivered by Winston
Churchill.
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C Simulating real-world queries

To simulate real-world user queries, we para-
phrased benchmark questions into informal queries
that mimic how users interact with chatbots. This
section presents the paraphrasing prompt and ex-
amples of the transformation.

C.1 Paraphrasing Prompt

The following prompt was used to paraphrase each
sample:

You will be given benchmark questions. Your
task is to transform these questions into
realistic queries that mimic how real users
interact with modern chatbots while preserving
all the original information.

**QGuidelines: **

1. **Preserve All Information**: Every fact,
concept, and detail from the original question
must remain in your output.

2. **Maximum 10 Words**: Your output
must be 20 words or fewer. If possible, as
concise as possible. Must be equivalent or
smaller than original question length

3. **Mimic Real Chatbot Users**: Transform
questions to reflect authentic user behavior:

- Degrade the syntax, do not capitalize -
Vague references ("that thing," "the stuff")
- Context-less requests assuming the Al
understands - Overly brief or overly verbose
extremes - Multiple questions or tangents
in one query - Assumptions or incomplete
thoughts

4. **Modern Chatbot Patterns**: Include
realistic user behaviors like: - Casual curiosity
without formality - Mobile-style typing (short,
fragmented)

5. **Do NOT include answer choices** in the
output—only transform the question itself and
do NOT mention them: do not output a, b, ¢ or
d?

Only return the reformulated questions.

C.2 Paraphrasing Example
(Sprout/MMLU-Pro)

~

You are an knowledge expert, you are supposed
to answer the multi-choice question to derive
your final answer as “The answer is ...

Q: Why does milk spoil when kept in a refrig-
erator? Options are:

(A): Milk spoils due to high temperatures

(B): Milk spoils exclusively due to the separa-
tion of fat content at lower temperatures

(C): Milk spoils because of thermophilic bacte-
ria

(D): Psychrophilic bacteria cause milk to spoil
in cool temperatures.

(E): Milk spoils as a result of exposure to light
inside the refrigerator

(F): Spoilage occurs due to an increase in pH
levels over time, regardless of temperature
(G): Milk spoils due to chemical reactions
(H): Milk spoils due to oxygenation through
the container’s permeability

(D: Enzymatic activity from feed consumed by
cows causes milk to spoil in the fridge

(J): Milk spoils because of the absorption of
refrigerator odors

J

It turns into: why does milk still spoil even in
the fridge, what causes it exactly?

C.3 Results of the experiment

Benchmark C-ROUTER KNN UMR
Sprout +0.0 -0.3 -0.1
RouterBench +0.2 +0.0 +0.1
EmbedLLM +2.0 +1.3  +1.0

Table 3: Apeak after paraphrasing (Parameters: A = 0,
dimension=768). Positive values indicate performance
improvement. C-ROUTER: CONTEXTUALROUTER

Benchmark C-ROUTER KNN UMR
Sprout -0.6 -0.7 -1.5
RouterBench +0.4 +1.1 -3.0
EmbedLLM +0.4 -0.2  +1.1

Table 4: Apro,, after paraphrasing (Parameters: A = 0,
dimension=768). Negative values indicate improvement.
C-ROUTER: CONTEXTUALROUTER

D Additional Figures and Tables
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Strategy Sprout RouterBench  LiveBench  BigGenBench EmbedLLM

pT0, Peak DTO, Peak DTO, Peak DTO,, Peak DTO,, Peak

Oracle 0.0 98.6 0.0 91.7 0.0 79.7 0.0 92.0 0.0 93.7

Most Exp. LLM  50.8 77.6 489 789 563 410 473 78.1 622 475
Cheapest LLM 451 466 521 316 445 286 162 739 485 378
Best Tr. LLM 143 907 489 789 228 540 309 79.6 565 587
Random Router ~ 26.1 713 34.6 533 381 358 326 544 49.6 390

C-ROUTER 232 906 390 783 195 581 306 799 424 63.1
K-NN@40 189 907 394 783 190 59.0 30.1 80.6 434 62.7
KMeans (UMR) 18.8 913 419 79.0 208 565 229 765 433 644

Table 5: Comparison of routing strategies across benchmarks. Bold indicates best performance after oracle routing,
underline indicates second best. All three generalisable routing architectures show strong efficiency-performance
trade-offs across benchmarks (A = 0, dimension=768). Peak: Maximum performance achieved. DTO,,: Weighted
Distance to Optimum; C-ROUTER: CONTEXTUALROUTER; Best Tr. LLM: Best Training LLM; Most Exp. LLM:
Most Expensive LLM

Strategy k Sprout RouterBench  LiveBench  BigGenBench EmbedLLLM

pro, Peak DTO, Peak DTO, Peak DTO,, Peak DTO, Peak

C-ROUTER [0 225 888 320 744 245 520 250 759 409 590
20 222 902 356 769 210 562 283 773 415 611
40 232 906 390 783 195 581 306 799 424 63.1
80 251 905 403 79.0 195 578 295 80.0 427  63.8

K-NN 10 232 888 322 739 228 539 245 769 412 5838
20 203 902 359 769 185 593 299 79.1 419 613
40 189 90.7 394 783 19.0 59.0 30.1 80.6 434 627
80 184 909 411 793 207 563 322 797 444 632

Table 6: Impact of neighborhood size k£ on neighbours-based routing strategies performance across benchmarks.
Bold indicates best k£ performance on a specific routing strategy, underline indicates second best. Results use A = 0,
dimension=768. Peak: Maximum performance achieved at each k value; DTO,,: Weighted Distance to Optimum;
C-ROUTER: CONTEXTUALROUTER
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Routing Performance Comparison (256d) - All Benchmarks
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Routing Performance Comparison (3072d) - All Benchmarks
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Figure 3: Deferral curves of the different routing architectures for different cost penalty (A € {0,0.5,1,2}). It
represents the experiment with the 256 and 3072-dimensions embedding models. The different stars represent the
baseline comparisons. The gray area represents the Pareto front constructed from the mean performance of all
individual routing candidates.
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Few-Shot Ability - Sampled Pool of Candidates
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Figure 4: Results of the ability to accurately estimate performance of candidates on low amount of data and to
generalise to new candidates in this context. The results are aggregated from 10 runs. n: size of history data
available. KMeans: UMR (Jitkrittum et al., 2026)
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Figure 5: Influence of paraphrasing on the distribution of EmbedLLM datasets samples across semantic space.
Original and reformulated queries are embedded and visualized in 2D using t-SNE. Before paraphrasing, each
dataset is visually distinct; after paraphrasing, substantial overlap occurs across datasets.
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