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Abstract

Large language models (LLMs) often exhibit complementary
strengths. Model routing harnesses these strengths by dynam-
ically directing each query to the most suitable model, given
a candidate model pool. However, routing performance re-
lies on accurate model representations, and adding new mod-
els typically requires retraining, limiting scalability. To ad-
dress these challenges, we propose a novel routing method
using in-context vectors to represent model capabilities. The
method proceeds in two stages. First, queries are embed-
ded and projected into vectors, with a projector and LLM-
based router trained to reconstruct the original queries, align-
ing vector representations with the router’s semantic space.
Second, each candidate model is profiled on a query set, and
the router learns—based on in-context vectors of query and
model performance—to predict whether each model can cor-
rectly answer new queries. Extensive experiments demon-
strate that our method achieves state-of-the-art routing per-
formance in both in-distribution and out-of-distribution tasks.
Moreover, our method allows for seamless integration of new
models without retraining the router.

Code — https://github.com/lalalamdbf/ICL-Router
Extended version — https://arxiv.org/abs/2510.09719

1 Introduction

Large language models (LLMs) have demonstrated excep-
tional capabilities performance across various tasks, in-
cluding mathematical reasoning (Liu et al. 2024b; Cher-
vonyi et al. 2025), code generation (DeepSeek-Al et al.
2024; Wang et al. 2025b), logical understanding (Liu et al.
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2025a; Wang, Jian, and Yang 2025), and STEM problem-
solving (Wu et al. 2025; Ma et al. 2025b). Despite these
advances, no single model consistently outperforms others
in every domain. Instead, models often exhibit complemen-
tary strengths and weaknesses, shaped by differences in their
training data, architecture, and optimization.

An emerging line of research explores routing methods.
The intuition is straightforward: if models excel in different
tasks, then dynamically assigning the most capable model
in a model pool to each query might maximize overall per-
formance (Chen et al. 2024b; Lu et al. 2024; Zhuang et al.
2024a; Zhang, Zhan, and Ye 2025). However, in practice,
achieving this goal is far from trivial. A key challenge is that
effective routing critically depends on an accurate under-
standing of each model’s capabilities. For example, given
two general-purpose models, it is difficult to tell which tasks
LLaMA (Grattafiori et al. 2024) excels at versus those where
Gemma (Team et al. 2025) performs better, unless both are
extensively evaluated across a wide range of tasks. This chal-
lenge is further exacerbated by the rapid pace of LLM devel-
opment. As new models are frequently released from time to
time, routing methods must be able to incrementally adapt
to these new models. Otherwise, the cost of repeating large-
scale evaluations and retraining routers will quickly become
prohibitive, ultimately limiting the ability of routing meth-
ods to benefit from model scaling.

Although some recent efforts have begun to address
this challenge, existing approaches fall short of address-
ing scalability and evaluation efficiency. For instance, Rou-
terDC (Chen et al. 2024b) uses dual contrastive learn-
ing to jointly train query and model embeddings, align-
ing each query with its optimal model. Similarly, Em-
bedLLM (Zhuang et al. 2024a) applies binary cross-entropy
loss to train an embedding-based router that predicts
query—model compatibility. However, both RouterDC and
EmbedLLLM operate on a fixed set of LLMs; incorporating
a new model requires retraining the router. More recently,
MODEL-SAT (Zhang, Zhan, and Ye 2025) represents mod-



els using a hand-crafted “capability instruction” based on
performance on the MMLU benchmark (Hendrycks et al.
2021). This removes the need to retrain the router when
adding new models, but requires manual instruction design
for other benchmarks and prior knowledge of the capabili-
ties they measure.

To this end, in this paper, we propose ICL-Router, a
novel method that leverages in-context learned representa-
tions to characterize model capabilities. We hypothesize that
a model’s performance on diverse queries can serve as in-
context exemplars, as the way a model responds to various
queries naturally reflects its unique capability profile. How-
ever, including hundreds or thousands of queries directly
as in-context information would result in an unmanageably
long context window. Inspired by the recent concept of in-
context vectors (Zhuang et al. 2024b; Liu et al. 2024a), we
instead transform these exemplars into compact in-context
vectors, substantially reducing context length. At inference
time, the router uses these vectors—compact representations
of each model’s capability profile—to estimate the proba-
bility that each model can correctly answer a given query.
When a new LLM is introduced, it is quickly evaluated on
a small set of queries to generate in-context vectors (i.e. its
capability profile), which is then fed to the router, enabling
immediate inclusion without retraining.

More specifically, our ICL-Router consists of three main
components: an embedding model, a projector, and an LLM-
based router. It is trained in two stages, as shown in Fig-
ure 1. In the first stage, queries are embedded and projected
into vector representations; the projector and the LLM-based
router are co-trained to align their semantic spaces, allowing
the router to interpret the information encoded in the vec-
tors effectively. In the second stage, each candidate LLM in
the model pool is evaluated on a small set of queries. The
resulting performance is paired with the vector representa-
tions of the queries to form the model’s capability profile.
Using these query-performance pairs as in-context vectors,
the router is then trained to predict whether a given model
can successfully handle new queries.

We evaluate the performance of ICL-Router on 10 widely
used benchmarks (AGIEval, AIME, BBH, HumanEval,
KORBench, LogicBench, MBPP, MMLU-CF, MMLUPro,
and OlympiadBench) across both in-distribution and out-
of-distribution scenarios. Experimental results show that
ICL-Router achieves state-of-the-art (SOTA) routing per-
formance. Specifically, on in-distribution tasks, ICL-Router
outperforms the best-performing single LLM in the model
pool (Deepseek-R1-distill-Qwen-7B) by 7.2 absolute points
(Table 1); it also surpasses RouterDC by 3.9 points, Em-
bedLLM by 2.2 points, and MODEL-SAT by 4.6 points.
Moreover, unlike EmbedLLM and RouterDC—which as-
sume a fixed model pool and require retraining to incorpo-
rate new models—the ICL-Router seamlessly benefits from
model scaling. As more models are added, it significantly
outperforms MODEL-SAT (Figures 2 and 3), demonstrating
superior scalability and adaptability. Beyond model scalabil-
ity, the ICL-Router also benefits from incorporating a mod-
est number of in-context exemplars, which further enhances
routing performance as shown in Figures 4 and 5.
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Our key contributions are summarized as follows:

* We propose characterizing model capabilities through
vector representations of query-performance pairs, offer-
ing a new perspective on model representation.

* We propose a novel routing method, ICL-Router, that de-
couples model capability profiling from routing, enabling
scalable integration of new models without retraining.

Empirical results demonstrate that ICL-Router achieves
SOTA routing performance across multiple domains in
both in-distribution and OOD tasks.

2 Related Work

In-Context Learning. In-context learning (ICL) enables
LLMs to perform new tasks using only demonstrations pro-
vided in the prompt. This capability was first demonstrated
effectively by GPT-3 (Brown et al. 2020), which achieved
strong few-shot and even zero-shot performance across di-
verse tasks. With LLMs supporting longer context windows,
ICL performance has further improved, especially when
hundreds or thousands of examples are provided (Li et al.
2023a; Chen et al. 2023; Bertsch et al. 2025). However, this
also increases context length and inference cost. To address
these challenges, recent work explores in-context vectors as
a more efficient way to encode contextual information. For
example,Zhuang et al. (2024b) propose Vector-ICL, which
maps continuous inputs from various modalities into the
model’s embedding space, enabling LLMs to learn from
vectorized demonstrations. Similarly,Liu et al. (2024a) im-
prove context selection and demonstration efficiency, reduc-
ing inference cost while preserving strong ICL performance.
Building on these advances, our work investigates using in-
context vectors as model representations for model routing.
Model Routing. Model routing aims to efficiently allocates
queries to the optimal model without invoking all avail-
able models. Recent research generally falls into two cate-
gories: methods balancing performance and computational
cost (Ong et al. 2024; Feng, Shen, and You 2024; Wang
et al. 2025a; Jitkrittum et al. 2025; Zhang, Feng, and You
2025), and methods prioritizing model performance (Jiang,
Ren, and Lin 2023; Lu et al. 2024; Chen et al. 2024b;
Zhuang et al. 2024a; Zhang, Zhan, and Ye 2025; Zhang et al.
2025c). For the former, GraphRouter (Feng, Shen, and You
2024) adopts a graph-based strategy to reduce computational
overhead while preserving accuracy, and Router-R1 (Zhang,
Feng, and You 2025) frames routing as a sequential decision
process, using an LLM-based router that iteratively “thinks”
and “routes” to balance cost and performance. For the latter,
EmbedLLM (Zhuang et al. 2024a) uses an encoder—decoder
architecture to leverage compact model and query embed-
dings for routing prediction. MODEL-SAT (Zhang, Zhan,
and Ye 2025) employs aptitude-based instruction tuning to
characterize model capabilities for dynamic routing. How-
ever, existing performance-oriented approaches still face
two main limitations: their model representations are of-
ten overly simplistic, and adding new models remains inef-
ficient, typically requiring costly retraining and large-scale
inference.
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Figure 1: The two-stage ICL-Router framework. (1) Query Reconstruction Training: The projector is trained to align the em-
bedding model and router dimensions, while the router reconstructs queries from projected vectors to learn their semantics. (2)
ICL Model Routing Training: Each model’s capabilities are encoded as in-context vectors, and the router is trained to predict

whether a given model can handle a specific query.

3 ICL-Router
3.1 Overview

We introduce ICL-Router, a framework for constructing in-
context learned representations to support LLM routing. It
comprises three main components: an embedding model, a
projector, and an LLM-based router. Consider a set of can-
didate LL.Ms. At inference time, each query is first encoded
using the embedding model and projector to obtain its vec-
tor representation. The router then takes this query vector
along with the in-context vectors representing each candi-
date LLM’s capabilities as input, and selects the model best
suited to handle the query. As illustrated in Figure 1, our ap-
proach features a two-stage training strategy: (1) Query Re-
construction Training, which aims to enable the projector
align the dimension between the embedding model and the
router, while also allowing the router to interpret the vectors
generated by the embedding model. (2) ICL Model Routing
Training, which utilizes the in-context model performance
vectors as input to train the router to select the most suitable
LLM for each query.
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3.2 Query Reconstruction Training

The core objective of this stage is to co-train the projector
and the router. The projector learns to map vectors from an
embedding model into the routing model’s semantic space,
while the router simultaneously learns to understand and in-
terpret these incoming vector representations.

Given a set of queries Q = {g, | n = 1,..., N}, each
query g, is first encoded into an embedding by the embed-
ding model fe1,. The embedding e,, corresponding to query
qn 1s defined as:

€n = femb(qn) S RdEmb~ (1)

Next, each embedding e, is projected into a vector v,, by
a projector fpr0j, Which is trained to align the embedding
dimension with the LLM-based router’s input space:

Un = fproj (en) S RdRouter~ (2)

The router is trained to reconstruct the original query g,
from its projected vector v, in an autoregressive manner.

Specifically, at each step, it maximizes the conditional prob-

ability of the current token qg)

ated tokens qr(ft)

given the previously gener-
and the projected vector v,,. The training



objective is thus defined by minimizing the reconstruction
loss:
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where qgf ) denotes the t-th token, q,(ft) represents all pre-

ceding tokens, and T, is the number of tokens. By jointly
training the projector and router to minimize this recon-
struction loss, we encourage the projection module to pro-
duce vectors aligned with the router’s semantic space, en-
suring that projected queries are interpretable by the router
for downstream routing.

3.3 ICL Model Routing Training

Building upon the vector representation learned during
query reconstruction, this stage trains the router to assign
each query to the most appropriate LLM. By leveraging in-
context vectors that represent each LLM’s capabilities as in-
put, the router learns to match queries with the LLM that is
most likely to provide correct answers.

Consider a set of LLMs, denoted as Ml = {M; : t =
1,...,T}, and a set of queries 2 = {q, | k =1,...,K}.
For each model M, we construct a capability profile P,
by evaluating the model’s responses to each query in 2.
The query set 2 consists of challenging queries, specifically
those that only a few LLMs are able to answer correctly. For-
mally, for each model M, we define its capability profile P;
as:

Pt:((Ulvcl)v(anCQ)»"'a(vacK))7 4)
where vy, is the vector representation of each query g €
2, which is encoded through the embedding model and the
projector, and ¢, indicates whether M; answered query g
correctly, with ‘Yes’ and ‘No’ denoting correct and incorrect
responses, respectively.

These capability profiles provide a detailed characteriza-
tion of model capabilities. We jointly train the projector and
the router to predict whether a model can accurately han-
dle a query, conditioned on its capability profile. Formally,
the projector and the router are optimized together using a
cross-entropy loss:

T N
1
Lece (0p1'0j7 erouter) = _ﬁ Z Z 10g P(yt,n | (Pta Qn))a

t=1n=1
(%)
where 7' is the number of LLMs, N is the number of queries,
and y; ,, is the ground-truth label indicating whether model
M answers query ¢, correctly. Conditioning on these vec-
tors allows the router to reason about the relative strengths
and weaknesses of each candidate model, without requiring
an excessively long context window.

3.4 Inference and Scalable Model Incorporation
During inference, for each new query ¢’, the router combines
it with each model’s capability profile P; and outputs the
probability that model M, will answer correctly. The model
with the highest predicted probability is selected:

(6)

“log P (¢ | 452, vn),
=1
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where p(‘Yes” | My, ¢’) denotes the router-estimated prob-
ability that M; will produce a correct answer for the query.
When a new model M7 is introduced, we simply evaluate
it on the same query set 2 to construct its capability profile
P14, with the embedding model and the projector. The ca-
pability profile of this new model can then be incorporated
into the routing process without any additional retraining.
Therefore, our approach allows for rapid, plug-and-play in-
tegration of new LLMs in dynamic environments.

4 Experiments
4.1 Datasets

We evaluate our method on 10 benchmarks, includ-
ing OlympiadBench (Chervonyi et al. 2025), AIME,
MBPP (Austin et al. 2021), HumanEval (Zhong et al. 2023),
BBH (Suzgun et al. 2022), LogicBench (Parmar et al.
2024), KORBench (Ma et al. 2025a), MMLUPro (Wang
et al. 2024), AGIEval (Zhong et al. 2023), and MMLU-
CF (Zhao et al. 2024). To evaluate the generalization of ICL-
Router, we partition these benchmarks into in-distribution
and out-of-distribution (OOD) sets. We designate AIME,
HumanEval, KORBench, AGIEval and MMLU-CF as OOD
datasets, reserving them exclusively for testing. Referring
to the settings in RouterDC (Chen et al. 2024b), the other
benchmarks are considered in-distribution and split into
training and test sets at a 7:3 ratio.

4.2 Implementation Settings

Our framework is composed of three main components: an
embedding model, a projector, and an LLM-based router.
We adopt Qwen3-Embedding-8B (Zhang et al. 2025d) as
the embedding model; notably, this model is used solely to
generate query vectors and does not participate in the train-
ing process. The projector is implemented as a two-layer
multi-layer perceptron (MLP) that facilitates the transfor-
mation between the embedding space and the router. For
the router, we employ Qwen2.5-7B-Instruct, given its good
performance and versatility. For the LLM pool, we consider
eight widely-used open-source LLMs.

Our training process consists of two stages. In the first
stage, we begin by training only the projector for one epoch
with a learning rate of 2e-5. This is followed by two epochs
of joint training, where the router is introduced with a learn-
ing rate of 5e-6. To construct the set of 500 challenging
queries, we selected 125 queries each where exactly 1, 2, 3,
or 4 models (given a pool of 8 models) produced the correct
answer. The intuition is that all-correct or all-wrong queries
fail to differentiate model capability. We jointly train the
projector and router for five epochs with learning rates of
le-5 and 2e-6, respectively. The training is repeated three
times using different random seeds. For both stages, we set
the batch size to 32. To ensure stable results during evalua-
tion, we sample each routed LLM 10 times, setting the tem-
perature to 0.3 and top-p to 1.0, and then report the average
accuracy.

4.3 Baselines
We compare ICL-Router with the following baselines:



Table 1:

Method OlympiadBench BBH LogicBench MMLUPro MBPP Avg.
DeepSeek-R1-Distill-Qwen-7B 66.24 72.87 78.03 58.84 69.52  69.10
Llama-3.1-8B-Instruct 16.93 59.47 69.47 49.38 60.03 51.06
Llama-3.1-Nemotron-Nano-8B-v1 74.26 53.24 65.43 50.40 79.21 64.51
Qwen2.5-7B-Instruct 38.02 71.54 71.93 57.49 71.99 62.19
cogito-v1-preview-llama-8B 16.58 75.62 68.43 58.04 60.82 55.90
Gemma-2-9B-IT 13.71 62.19 68.27 55.42 60.31 51.98
Internlm3-8B-Instruct 33.12 68.64 72.83 56.49 56.88 57.59
GLM-4-9B-Chat 16.88 51.14 69.53 48.58 61.10 49.65
Random Router 34.47 64.34 71.41 54.33 64.98 5791
LLM Router 46.03 69.54 73.19 55.87 66.55 62.36
Max Expert 74.26 75.62 78.03 58.84 79.21  73.19
RouterDC 73.56 73.49 77.24 58.20 79.11  72.32
EmbedLLM 71.45 79.02 78.92 64.06 77.34  74.16
MODEL-SAT 73.02 71.14 74.80 63.61 76.00 71.71
ICL-Router (ours) 74.16 80.52 79.03 67.53 80.53 76.30

Comparison of ICL-Router with baselines on in-distribution tasks. The best is in bold and the second-best is underlined.
Method AIME KORBench MMLU-CF AGIEval HumanEval Avg.
DeepSeek-R1-Distill-Qwen-7B 45.50 50.30 56.70 62.56 83.78 59.77
Llama-3.1-8B-Instruct 3.67 43.67 62.16 54.40 65.43 45.87
Llama-3.1-Nemotron-Nano-8B-vl  58.00 30.91 49.76 47.64 91.10 55.48
Qwen?2.5-7B-Instruct 8.00 38.31 64.98 62.23 84.27 57.58
cogito-v1-preview-llama-8B 2.67 44.99 62.11 58.56 67.80 50.83
Gemma-2-9B-IT 10.00 37.16 64.33 60.60 63.23 51.82
Internlm3-8B-Instruct 5.83 38.53 64.58 64.01 67.98 52.99
GLM-4-9B-Chat 1.67 35.67 60.76 59.11 67.68 50.18
Random Router 15.79 37.80 60.67 59.02 73.91 49.44
LLM Router 30.33 40.67 60.48 58.08 75.20 52.95
Max Expert 58.00 50.30 64.98 64.01 91.10 65.68
RouterDC 58.00 46.44 59.50 61.49 90.20 63.13
EmbedLLM 53.72 46.90 65.22 64.99 83.29 62.82
MODEL-SAT 56.84 44.53 64.45 60.08 89.02 62.99
ICL-Router (ours) 58.00 53.03 64.99 67.29 89.04 66.47

Table 2: Comparison of ICL-Router with baselines on OOD tasks. The best is in bold and the second-best is underlined.

Random Router: Selects a model at random from the
pool of candidate LLMs for each query.

LLM Router: A prompt-based approach that leverages
an LLM (Qwen2.5-7B-Instruct) to choose models based
on natural-language descriptions of their performance
profiles.

Max Expert: Serves as a strong baseline by selecting the
best-performing model for each dataset.

RouterDC (Chen et al. 2024b): Trains query and model
embeddings using dual contrastive learning, pulling
queries closer to suitable models and clustering seman-
tically similar queries within the representation space.
EmbedLLM (Zhuang et al. 2024a): An en-
coder—decoder framework that employs compact model
and query embeddings to predict model-query compat-
ibility, with the router trained via binary cross-entropy
loss.

* MODEL-SAT (Zhang, Zhan, and Ye 2025): Leverages
capability instruction tuning by converting candidate
model performance into textual descriptions, which are
embedded and passed to a trainable LLM that dynami-
cally predicts the most suitable model for each query.

4.4 Main Results

Table 1 presents the performance comparison across five
in-distribution datasets. ICL-Router achieves the high-
est average accuracy of 76.30%, outperforming Rou-
terDC by 4.08%, EmbedLLM by 2.14% and MODEL-
SAT by 4.59%. Notably, ICL-Router attains the best re-
sults on 4 out of the 5 datasets, demonstrating its consis-
tent superiority across a diverse range of tasks. Furthermore,
ICL-Router surpasses the Max Expert—which selects the
best-performing model for each dataset—by an average of
3.11%. This improvement is primarily driven by substantial
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Figure 2: Effects of integrating new LLMs on in-distribution
routing performance.

accuracy gains on several tasks: MMLUPro (+8.69%), BBH
(+4.9%), LogicBench (+1%), and MBPP (+1.32%). These
results indicate that ICL-Router can match each query to
the most suitable model based on its specific characteristics,
rather than relying solely on domain-level or task-based se-
lection.

Table 2 shows the performance comparison across five
OOD tasks. Remarkably, ICL-Router achieves an average
accuracy of 66.47%, surpassing RouterDC by 3.34%,
EmbedLLLM by 3.65% and MODEL-SAT by 3.48%. This
result highlights ICL-Router’s robust performance across
diverse OOD scenarios, confirming its effectiveness be-
yond in-distribution settings. Moreover, ICL-Router signifi-
cantly outperforms the Max Expert baseline on KORBench
(+2.73%) and AGIEval (+3.28%), while achieving nearly
identical results on AIME, MMLU-CF, and HumanEval.
This demonstrates that ICL-Router not only generalizes well
across OOD tasks, but also reliably matches or surpasses
the performance of the strongest individual model on each
benchmark.

Overall, the results demonstrate that ICL-Router con-
sistently outperforms all baseline methods on both in-
distribution and OOD tasks. This underscores the strength of
our approach in introducing accurate and semantically rich
model representations, which effectively capture subtle dif-
ferences in the capabilities of candidate models and enable
more precise routing. The robust and stable performance ob-
served across benchmarks further validates the effectiveness
and generalization ability of our method.

4.5 Scalability to New Models

We conduct experiments to assess the scalability of our
method on a set of recently released and competitive
LLMs, including Falcon-H1-7B-Instruct (Zuo et al. 2025),
Gemma3-12B-IT (Team et al. 2025), DeepSeek-R1-Llama-
8B (Guo et al. 2025), OpenThinker3-7B (Guha et al. 2025),
and AceReason-Nemotron-1.1-7B (Liu et al. 2025b). As il-
lustrated in Figures 2 and 3, ICL-Router demonstrates a con-
sistent upward trajectory in accuracy for both in-distribution
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Embed. Para./Dim. ID 00D
mxbai-embed-large-vl  0.3B/1024  74.45 64.55
bge-m3 0.6B/1024  75.13 65.14

stella-en-1.5B-v5
gte-Qwen2-7B-instruct
Qwen3-8B-Embedding

1.5B/2048  75.51 65.45
7B/3584  76.03 66.06
8B/4096  76.30 66.47

Table 3: Embedding model comparison in terms of parame-
ter size and embedding dimension. Performance is evaluated
on both in-distribution (ID) and out-of-distribution (OOD)
scenarios.

and out-of-distribution (OOD) scenarios. For example, in
the in-distribution setting, ICL-Router’s accuracy improves
from 76.3% to 79.9% as more models are integrated; a simi-
lar trend is observed on OOD tasks, where performance rises
from 66.4% to 69.9%. In contrast, MODEL-SAT exhibits
less stable gains, with accuracy improvements that are in-
consistent and sometimes fluctuate as additional models are
introduced.

Importantly, at higher accuracy levels, where further im-
provements are typically more difficult, ICL-Router con-
sistently maintains and even expands its performance
lead as more models are added. This steady and reliable
progress demonstrates that our method effectively leverages
the strengths of an expanding model pool. These results
show that our approach remains robust and dependable, even
as new models are continually integrated in real-world set-
tings.

4.6 Analysis

To better understand the effectiveness of ICL-Router. we an-
alyze how its performance is influenced by three key ele-
ments — the embedding model, the number of in-context
exemplars, and the query reconstruction training stage.

Embedding Model. The choice of embedding model
plays a pivotal role in determining the quality of vec-
tor representations used for downstream routing. Spe-
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cially, we evaluate the impact of various embedding mod-
els on both in-distribution and OOD accuracy by com-
paring five embedding models that differ in parameter
size and embedding dimensions, including mxbai-embed-
large-vl (Lee et al. 2024) , bge-m3 (Chen et al. 2024a),
stella-en-1.5B-v5 (Zhang et al. 2025a), gte-Owen2-7B-
instruct (Li et al. 2023b), Qwen3-8B-Embedding (Zhang
et al. 2025d). As shown in Table 3, a clear trend emerges:
as model size increases—from the smallest, mxbai-embed-
large-vI (0.3B/1024), to the largest, Qwen3-8B-Embedding
(8B/4096)—in-distribution accuracy improves from 74.45%
to 76.30%, while out-of-distribution (OOD) accuracy rises
from 64.55% to 66.47%. This stepwise improvement across
all five evaluated models indicates that stronger embedding
models consistently produce more robust and generaliz-
able vector representations, leading to better downstream
routing performance.

Effects of In-Context Exemplar Quantity. To further in-
vestigate the impact of the number of in-context exem-
plars on routing performance, we conduct ablation experi-
ments by varying the quantity of exemplars used to construct
each model’s capability profile. Specifically, we assess per-
formance with 100, 300, 500, and 1000 in-context exem-
plars, analyzing both in-distribution and out-of-distribution
(OOD) scenarios. As shown in Figures 4 and 5, increas-
ing the number of in-context exemplars consistently im-
proves both in-distribution and out-of-distribution routing
accuracy up to a certain point. For in-distribution tasks,
accuracy increases from 74.94% with 100 exemplars to a
peak of 76.30% at 500 exemplars, before slightly dropping
to 75.75% at 1000 exemplars. A similar trend is observed
for out-of-distribution performance, where accuracy rises
from 65.36% (100 exemplars) to 66.47% (500 exemplars),
but then plateaus or slightly declines to 65.71% with 1000
exemplars. These results suggest that while adding more
exemplars generally enriches model capability profiles
and enhances routing, there is a point of diminishing re-
turns—likely due to redundancy or increased noise as
the exemplar set grows too large. This observation is con-
sistent with findings from recent studies on many-shot in-
context learning (Agarwal et al. 2024; Li et al. 2024; Zhang
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Figure 5: Effects of in-context exemplar quantity on OOD
performance.

Method ID 00D
w/o QRT 74.01 64.06
ICL-Router 76.30 66.47

Table 4: Ablation study of query reconstruction training
(QRT) on in-distribution (ID) and OOD scenarios.

et al. 2025b), which report that including too many context
examples can sometimes degrade performance rather than
improve it. Overall, using a moderate number of exemplars
strikes the best balance between informativeness and effi-
ciency, supporting robust and generalizable routing perfor-
mance.

Effects of Query Reconstruction Training. Table 4
demonstrates that removing query reconstruction train-
ing (QRT) leads to a clear decline in performance on
both in-distribution and OOD tasks, with accuracy drop-
ping by 2.29% and 2.41%, respectively. This result high-
lights the importance of QRT for aligning the embedding
and router spaces, enabling the router to more effectively
leverage query representations during downstream routing.
Without this training stage, the router is less able to capture
and differentiate the relevant semantics required for accurate
model selection.

5 Conclusion

In this paper, we propose a new insight on model represen-
tation for LLM routing by characterizing model capabilities
through in-context vectors. By leveraging compact vector-
based profiles that summarize how each LLM performs on
challenging queries, our approach constructs semantically
rich model representations that capture the diverse capa-
bilities of LLMs. ICL-Router decouples capability profil-
ing from routing, allowing plug-and-play integration of new
models without retraining the router. Empirical results on
10 benchmarks demonstrate that ICL-Router achieves state-
of-the-art performance across both in-distribution and OOD
settings, demonstrating the effectiveness and scalability of
in-context learned model representations for LLM routing.
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