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Abstract

Large Language Models (LLMs) exhibit re-
markable capabilities, but no single model op-
timally balances serving quality and deploy-
ment cost across diverse tasks. Multi-LLM
systems address this challenge through intelli-
gent routing mechanisms that dynamically al-
locate queries to the most appropriate model.
However, existing routing methods suffer from
two fundamental limitations: (i) dependence
on extensive full-response datasets for train-
ing, and (ii) poor scalability when incorporat-
ing new models, typically necessitating retrain-
ing from scratch. In this paper, we propose
SEMIROUTER, a novel LLM routing frame-
work designed for data-sparse and evolving
model environments. Our approach combines
a data-efficient training methodology with an
adaptive architecture that enables seamless in-
tegration of new models under limited supervi-
sion. As an extension, we also consider energy
footprint as a potential deployment cost in our
routing decision. Empirical evaluations demon-
strate that our method improves data efficiency,
adaptability, and routing accuracy compared to
existing approaches, providing a scalable solu-
tion for dynamic multi-LLM deployment.

1 Introduction

Large Language Models (LLMs) have transformed
natural language processing, yet their capabilities
remain uneven across tasks, as presented in Fig-
ure 1. Each LLM occupies a distinct position
in the performance-cost trade-off space, where
GPT-4 achieves superior reasoning at a premium
price, while open-source alternatives like Llama
3.1 (Grattafiori et al., 2024) offer cost efficiency
with domain-specific limitations. This heterogene-
ity undermines the assumption that a single LLM
can effectively serve all computational needs.

Multi-LLMs serving employs dynamic routing
to select LLMs based on queries to reduce com-
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Figure 1: Radar chart of LLM performance comparison.

putational expense without sacrificing output qual-
ity (OpenRouter, Inc., 2025; Ong et al., 2024; Ope-
nAI, 2025). For example, an effective routing sys-
tem might direct arithmetic queries to lightweight
LLMs while reserving complex analytical tasks for
larger LLMs. Consequently, the economic implica-
tions are substantial: routing can reduce inference
costs by an order of magnitude for mixed work-
loads.

RouterDC (Chen et al., 2024), extended from
CosineClassifier and ZOOTER (Lu et al., 2023),
exemplifies current approaches, employing con-
trastive learning on top-k and bottom-k LLMs to
enhance the training of the router. This method sur-
passes naive ensembling or cascading methods by
requiring only a single LLM inference at deploy-
ment, yet the training process requires complete
data. Therefore, current routing methods encounter
several critical obstacles, as summarized below:

Costly Data Collection and Rapid Emergence
of New LLMs. Given the rapid emergence of new
LLMs, data acquisition represents the primary bot-
tleneck for training the router, as existing methods
require exhaustive annotation where each candi-
date LLM processes the a large query set (Chen
et al., 2024; Ong et al., 2024; Ding et al., 2024;
Zhao et al., 2024). For a modest configuration of
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5 LLMs and 10,000 training queries, each train-
ing sample requires generating outputs from all
candidate LLMs, followed by quality assessment
through human evaluation or reward LLMs to con-
struct the dataset (Chiang et al., 2024; Hu et al.,
2024). The data augmentation process in (Ong
et al., 2024) for a pair of LLMs costs about $700.
This quadratic computational scaling with the num-
ber of LLMs renders comprehensive training in-
feasible for large LLM pools. In addition, routing
LLMs naturally encounter data imbalance: popular
LLMs such as the GPT series have rich training
data, whereas less popular LLMs have few training
queries in practice (Ong et al., 2024; Chiang et al.,
2024).

Dynamic LLM Management. Current routers
are architecturally inflexible and strongly coupled
to their training-time LLMs set, requiring complete
retraining when LLMs are added or removed. To
achieve more accurate LLMs routing for a given
list of LLMs and costs (API price for closed-source
LLMs, compute cost for open-source LLMs), some
routers (Tsiourvas et al., 2025) also include the
company-determined query cost in training. These
limitations make router training more frequent
when the LLMs list or price changes (Jin et al.,
2025). This coupling induces catastrophic forget-
ting when adapting to new LLMs, reducing perfor-
mance on previously learned routing patterns.

Beyond Price as a Routing Target. While price
is a convenient proxy and has dominated prior rout-
ing formulations, it represents only one dimension
of deployment utility (Hu et al., 2024). In practice,
operators must balance performance with multiple
considerations, including latency, monetary cost,
and energy consumption, given growing sustain-
ability concerns. Price, being vendor-determined
and volatile across product lifecycles, can be re-
strictive as a sole routing objective. A more flex-
ible approach should be objective-agnostic, sup-
porting diverse routing targets beyond price-based
optimization.

The combined constraints of data acquisition
overhead and integration inflexibility define the pri-
mary challenges for practical routing deployment.
An efficient and adaptable routing framework of
multiple LLMs is critical for real-world deploy-
ment in dynamic and data-sparse environments.

In this paper, we propose a novel framework,
SEMIROUTER, for LLM routing (Figure 2). The
framework consists of two components: a Back-
bone router trained on the full dataset using existing
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Figure 2: The workflow of our proposed general routing
framework.

LLMs, and R-adapter, a lightweight module that
enables efficient integration of new models without
full retraining. Our approach achieves substantial
cost reductions while maintaining task effective-
ness. The key contributions are threefold:
• We propose a contrastive learning based training

methodology to address sparse data collection
while maintaining routing effectiveness in cost
and task performance.

• We design an adaptive architecture (R-adapter)
that allows seamless integration of new LLMs
with minimal retraining, remaining effective
even with insufficient data for new LLMs.

• We conduct extensive experiments to demon-
strate that SEMIROUTER improves both data
efficiency and LLM adaptability, while main-
taining competitive routing performance. More-
over, we consider energy consumption as a case
study to demonstrate that our routing method is
objective-agnostic.

2 Related Work

Early approaches to LLM routing include determin-
istic methods based on predefined rules and prob-
abilistic models that predict model performance.
HybridLLM (Ding et al., 2024) builds a routing sys-
tem between two models. Routing models can be
classified as predictive routers and non-predictive
routers. Non-predictive routers like cascading sys-
tems (Chen et al., 2023) ranked the LLMs and
sequentially passed queries through models to find
the best model under budget. While predictive
methods such as ZOOTER (Lu et al., 2023) learn
to route based on predicted quality or scores that
include costs. RouterDC (Chen et al., 2024) pro-
posed a query-based router utilizing dual con-
trastive learning sample-LLM and sample-sample
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losses to select suitable LLMs. RouteLLM (Ong
et al., 2024) trains the router by augmenting using
golden-label datasets, evaluates based on human
preference, and proves that data augmentation is
expensive and effective in router training. Other
recent advancements (Jin et al., 2025) further opti-
mize the router through a multi-headed router and
best-of-n sampling. While effective, these super-
vised routing models fundamentally rely on exten-
sive "full response datasets" for training, which are
impractical and costly to obtain at scale and require
frequent backbone model retraining to adapt to new
candidate LLMs.

3 Problem Statement

We consider a set of LLMs denoted by M =
{m1,m2, . . . ,mJ}. Among them, a subset MA ⊂
M represents the anchor models for which we al-
ready have abundant labeled observations, while
MS = M\MA denotes additional models with
sparse training data coverage. For a given query xi
and model mj , let yji denote the model’s response,
qji ∈ [0, 1] its quality score, and cj its associated
cost (e.g., API price or energy consumption).

Ideally, we would have access to a fully observed
dataset:

Dfull = {(xi, yji , q
j
i , c

j ,mj)}i=1..N, j∈M, (1)

which contains complete responses and labels for
all models. In practice, however, only a smaller
anchor dataset:

DA = {(xi, yai , qai , ca,ma)}i=1..N, a∈MA
(2)

is available for training a backbone router Rbackbone,
while a sparse dataset:

DS = {(xi, yji , q
j
i , c

j ,mj)}mj∈Ω, (3)

where Ω ⊆ {1..N}×M, covers only a fraction of
LLMs, especially for new models in MS .

Goal. Given a Rbackbone trained on DA, we aim
to learn an adapted router Rsemi using the sparse
dataset DS that (i) generalizes to the newly added
models MS without requiring the full dataset Dfull,
while (ii) introducing minimal additional parame-
ters.

3.1 Scoring
For scoring, we use DeepSeek-R1 and GPT-4 as
LLM-as-a-judge to evaluate model responses. We

use DeepSeek-R1 to judge each response into good,
fair, or bad and map as (1, 0.5, 0) in quality score,
and these labels are then aligned with human prefer-
ence and GPT-4 scores to provide a more balanced
quality evaluation. For the remaining datasets, we
directly use the quality score provided where avail-
able. In the case of multiple choice benchmarks,
the ground truth answer is taken as a good response
and all other options as bad. For question answer-
ing datasets, the scoring follows the dataset proto-
col, with GPT-4 used as the judge when specified.
This unified scoring pipeline ensures consistent
evaluation across heterogeneous tasks, combining
preference alignment from LLM-as-a-judge with
objective ground truth signals.

3.2 Energy Cost

Apart from the model pricing schemes, we consider
energy consumption cost as a factor considered dur-
ing routing. Estimation of energy consumption fol-
lows previous works like Jegham et al. (2025) for
large models such as GPT-4, and AIEnergyScore
(2025) for smaller models. For models included in
both evaluations, such as Llama variants, we use
the intersection of results and align scaling with
the AI Energy Leaderboard Standard to maintain
comparability across models. Since Anthropic does
not report the energy use of their models, Claude
models are excluded from routing.

For GPT-3.5, no direct measurement is provided
in either report. Therefore, we assume 0.2Wh per
short query, half of the value of GPT-4o, consistent
with the average reported by OpenAI of 0.3Wh per
query in the main models. These values are based
on inference deployment on A100 and V100 GPUs,
as specified in the original papers. Because the
routing strategy depends on the relative energy cost
across the models rather than precise absolute num-
bers, and the energy consumption is huge between
GPT-4 and those small models, these assumptions
provide a sufficient and standardized starting point.
The significant gap in consumption between small
and large models dominates the comparison, mak-
ing relative scaling more relevant than hardware-
specific variation. To our knowledge, this is the
first work to incorporate explicit energy assump-
tions into model routing.

4 Methodology

We present the framework of SEMIROUTER in Fig-
ure 3. It consists of two core components: a Back-
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Figure 3: Overview of the proposed SEMIROUTER framework. Left: Training of the Backbone and R-Adapter;
Right: Inference Flow.

bone for existing LLMs (denoted as the anchor
model), which is trained on a rich, full dataset DA,
and a Routing Adapter (R-Adapter) for new LLMs,
trained on a sparse dataset DS . For the Rbackbone,
commonly used models include BERT, DeBERTa,
and their variants (He et al., 2021; Devlin et al.,
2019). Some approaches also employ ensemble
strategies combined with clustering methods (Zhao
et al., 2024).

Furthermore, the routing adapter is structured
in three stages. First, a projection layer converts
each candidate LLM into a trainable model infor-
mation vector Vm, which captures the interrelation-
ships between existing LLMs and new candidates,
as well as the correlations among the new LLMs
themselves. Second, the embedding of a query
xi is transformed into a query vector Vq, which
is concatenated with the model vectors Vm. The
concatenated vector is then passed through a fea-
ture extraction layer to match the hidden size of the
backbone model, forming the query information
vector Vf . Finally, the query information vector
obtained from the R-Adapter is combined with the
hidden vector Vb from the backbone. This com-
bined representation integrates both the backbone
inference and the adaptive correction, and is fed
into a lightweight classification layer to produce
the final quality prediction.

4.1 Backbone and R-adapter Structure

The training pipeline consists of two major phases:
training the Rbackbone model using rich and com-
plete training data, and training a sparse routing
module for additional models with a batch of con-
trastive samples.

We first train a BERT-based backbone model
(bert-base-uncased), which serves as Rbackbone.
The BERT encoder is optimized on training tuples
consisting of a query xi, its corresponding response
yi from the LLM ma, and the associated quality
score qai . The quality score acts as the supervision
label, while the BERT encoder provides contextual-
ized representations of the inputs. The objective of
this stage is to learn a robust mapping from queries
to quality scores using a standard cross-entropy
loss.

Then, during the training of the R-Adapter in
SEMIROUTER, the parameters of Rbackbone are
frozen, and a dual-path structure is introduced to
enhance the router’s capability. The intermediate
representations from the frozen BERT backbone
serve as the primary (anchor) feature point. In
parallel, the model index is projected into a dense
vector that captures the interrelationships among
anchor and sparse models. This model vector is
concatenated with the BERT embedding of xi and
passed through a small feed-forward network to
obtain a representation aligned with the dimension-
ality of the BERT intermediate layer. The resulting
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vector is concatenated with the frozen BERT fea-
ture, and the combined representation is fed into a
classification head to predict the final quality score.
We further explore adaptive parameterization with
different structural variants, including a multi-head
attention design similar to Jin et al. (2025), and
simpler feed-forward architectures with or without
the model projection vector Vm.

4.2 Anchor Based Contrastive Learning
The training objective of the R-Adapter combines
a contrastive loss with a cross-entropy loss to guide
the adaptive learning of parameters. The con-
trastive term, denoted as Delta in Figure 4, en-
courages the model to capture the relative differ-
ences between the anchor and new LLM predic-
tions, thereby enhancing the discriminative capa-
bility of the learned routing parameters. Below,
we present our approach from two complementary
perspectives: (i) Training Pair Construction and
(ii) Contrastive Loss Design.

Contrastive Training Pair. To train the adaptive
parameters, we adopt a contrastive batch construc-
tion strategy (Figure 4). For each batch, a query
xi is selected, and a contrastive batch is formed
as Bc = (DA

i , D
S
i , D

R). The anchor reference
set DA

i = {xi, qai , cai ,ma} contains all anchor-
model training samples associated with xi. The
sparse-model set DS

i = {{xi, qsi , csi ,ms} | xi ∈
XI , ∃qsi }, includes samples from newly introduced
sparse models that have data for the same query.

Moreover, to maintain diversity and avoid query-
specific bias, we randomly sample set DR, consist-
ing of training data from other queries, following
RouterDC’s sampling strategy. In each batch, the
sparse-model samples DS are paired with the corre-
sponding anchor-model outputs from the pretrained
Rbackbone, ensuring a stable supervision signal.

Anchor to Sparse Contrastive Loss. For a
contrastive batch Bc of anchor–sparse pairs
(DA

i , D
S
i , D

R), the anchor–sparse loss is:

La(xi;M
a,M s) = ReLU(Margin−

∣∣q̂(Ma
i )− q̂(M s

i )
∣∣)

(4)
The contrastive loss of query from anchor LLM to
new LLM is calculated as Equation 4, then for all
pairs of queries. The total contrastive loss can be
calculated as Equation 5:

LA(xi;M
A,MS) = α

|Bc|
∑

DA
i ,DS

i ∈Bc
La(xi;M

a,M s) (5)

∀a ∈ A and s ∈ DS
i (6)

Model Diversity Loss. While anchors guide
alignment, it is equally important that sparse mod-
els remain diverse. Without explicit encourage-
ment, the router may collapse to similar outputs
for all sparse models, limiting complementary
strengths. To address this, we introduce a small
diversity loss that penalises sparse predictions that
are too similar and keeps its influence smaller than
contrastive loss with a scale of 0.1. For each pair
(M s

i ,M
s
i ) in Bs ⊆ Bc, we compute it as follows:

Ldiv = 0.1

(|B
S
c |
2 )

∑
i<j ReLU(δ −

∣∣q̂(M s1
i )− q̂(M s2

i ))
∣∣)

(7)
where δ is a small threshold, same as margin in
Ls, and a mild weight (e.g., 0.1) to avoid excessive
penalty. This ensures sparse models preserve dis-
tinguishable behaviors and improve generalization.

Anchor Based Comparison

Delta

Sparse Pair-Wise Comparison

Delta Delta:
The difference
of responses

from two LLMs.

Delta

Figure 4: Training batch consists of contrastive pairs
with anchor to sparse contrastive loss (Left) and model
diversity loss (Right) to capture the difference between
existing models and new models.

Combined Contrastive Objective. The an-
chor–sparse loss and diversity loss are combined:

Lc(xi; θ) = LA(xi) + Ldiv(xi) (8)

The overall training objective integrates the super-
vised prediction loss Lp on anchors with the con-
trastive term using weight λ:

Ltotal = (1− λ)Lp + λLc (9)

This formulation transfers reliable supervision
from anchors, maintains diversity among sparse
models, and enables the router to achieve robust
and adaptable routing under limited supervision.
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Table 1: Performance across datasets for different routing methods. Notes:  means training with data augmentation.

Method Augmentation abstract2title ARC bias_detection GSM8K HellaSwag MBPP MMLU WinoGrande

BERT (Devlin et al., 2019)  99.60 77.51 77.36 62.03 65.25 62.73 76.54 59.66
ZOOTER (Lu et al., 2023) # 99.60 78.23 77.93 57.85 65.31 57.03 76.06 59.86
LoraRetriever (Hu et al., 2022) # 99.60 73.92 77.24 61.03 64.77 62.26 75.58 58.84
RouterDC (Chen et al., 2024) # 99.60 78.18 77.93 61.37 64.15 61.56 75.98 55.51
RadialRouter (Jin et al., 2025) # 99.60 78.07 77.58 61.32 64.23 61.25 75.74 57.53

SEMIROUTER (MLP) # 99.60 78.14 77.82 61.33 64.35 61.02 75.93 57.93
SEMIROUTER (EMB) # 99.60 78.57 77.93 61.46 64.25 61.88 76.06 57.74

4.3 Inference
We present the inference phase in the right part
of Figure 3. The existing LLMs MA that are pre-
trained on sufficient data still use the backbone to
assess quality. The new LLMs Ms, would rely on
the R-Adapter trained by a sparse dataset, which
takes the pretrained backbone features as input and
passes them through the adaptive path head to gen-
erate predicted quality scores. This design allows
the backbone to remain frozen and provide stable
features while new models can be trained or up-
dated incrementally without affecting the original
routing model. The predicted quality scores from
both paths are then used in the model selection
stage to choose the most cost-effective model with
the highest predicted quality.

Table 2: Comparison of trainable parameters across
router variations.

Variation Hidden Size Trainable Params Total Params

BERT 1536 109.6M 109.6M
RaidialRouter (ATT) 1536 65.7M 175.2M
SEMIROUTER (MLP) 1536 2.53M 112.0M
SEMIROUTER (EMB) 1536 2.07M 111.6M

5 Experiments

5.1 Experiment Settings
Candidate LLMs. We evaluate routing perfor-
mance across 7 diverse large language models,
covering both open-source (e.g., Mistral (Jiang
et al., 2023), Llama (Touvron et al., 2023), Code
Llama (Roziere et al., 2023)) and proprietary sys-
tems (e.g., GPT (Brown et al., 2020; Achiam et al.,
2023), Claude). These models range from 7B to
70B parameters and encompass varied architectures
and training objectives, ensuring our evaluation re-
flects heterogeneity across model families. Details
of the models are provided in Appendix B.

Evaluation Datasets. We evaluate on 6 repre-
sentative large-scale benchmarks: ARC (ARC-
Challenge) (Clark et al., 2018), HellaSwag (Zellers

et al., 2019), GSM8K (grade-school math) (Cobbe
et al., 2021), MBPP (Austin et al., 2021),
MMLU (Hendrycks et al., 2020), and Wino-
Grande (Sakaguchi et al., 2021), together with
two low-resource datasets, abstract2title and Bias
Detection. We mixed six large datasets and two
small datasets to simulate query-level concentra-
tion: some tasks naturally produce many labelled
examples while others produce fewer labelled ex-
amples. This reproduces the common production
pattern where certain domains dominate the train-
ing distribution. For each dataset, we use the of-
ficial training and test splits when available; oth-
erwise, we randomly sample 70% of the data for
training and hold out 30% for testing. All training
subsets are combined into a unified training set DA,
which is used to train the router.

We simulate a realistic sparsity setting by ran-
domly downsampled response evaluations from
training data for Ds to around 2 samples per query.
Training data DA for Anchor models are kept as
original, where frequently used models have more
available annotations than less common ones.

Implementation Details. All experiments are
conducted on a server equipped with an NVIDIA
RTX 6000 Ada GPU. For SEMIROUTER and
RaidalRouter use finetuning, we trained for 2
epochs with a batch size of 16 and a learning rate
of 1× 10−5. SEMIROUTER hyperparameter is set
as α = 0.3 and λ = 0.5. For the other baseline full
fine-tuning is applied, we trained the model for 20
epochs using a batch size of 16 and a learning rate
of 5 × 10−5 with a batch size of 16. We also use
the AdamW optimizer.

To enable fair comparison across methods that
utilize query embeddings (such as LoraRetriever or
RouterDC, which involve clustering or similarity-
based routing), we adopt a unified encoder for
embedding generation. Specifically, we use the
gpt-embedding-small model to convert each
query into a fixed-dimensional vector representa-
tion, ensuring consistency in input features across
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all routing approaches. Moreover, various routing
methods employ different backbone architectures,
including BERT, Llama, and DeBERTa-v3. To stan-
dardize our experiments and align with commonly
used practices, we select BERT as the default router
backbone. This choice allows for a consistent ba-
sis when comparing routing performance across
different methods in our study.

5.2 Results Evaluation
We evaluate our framework across multiple rout-
ing benchmarks covering diverse tasks and query
distributions. Performance is measured in terms of
predicted quality, cost efficiency (inference cost)
under sparse training settings.

Comparison with Baselines. We first compare
our routing framework, including the full-finetuned
BERT-base router, ZOOTER, and cluster-based
methods such as LoraRetriever, RadialRouter,
which use multiple attention heads, and RouterDC
with sample-sample loss, because the top-k router
required is not available under a sparse dataset.
As shown in Table 3, for all queries used in train-
ing Bert, we augmented DS by adding the qual-
ity scores of all missing new model samples for
each query, resulting in a more comprehensive
training dataset. The remaining baselines were
trained on the original DS without this augmenta-
tion. ZOOTER requires full training. LoraRetriever
requires less training by exploiting model cluster-
ing. We use the same approximation of ZOOTER
and Loraretriever. For RadialRoute, we freeze the
BERT encoder path to perform finetuning. For Rou-
terDC, we use our SEMIROUTER with the sample-
sample contrastive loss as a comparison. Beyond
baseline methods, we analyze three architectural
branches within our proposed framework: (i) di-
rectly using the LLM embedding vector (denoted
as MLP), (ii) enhancing the embedding vector with
a learned projection layer (denoted as EMB), and
(iii) incorporating an attention layer to adaptively
weight embeddings during sparse training, which
is treated as RadialRouter variants.

Efficiency of Adaptive Path. A key strength of
our design lies in the adaptive path architecture.
We progressively reduce the trainable parameters
to perform the model routing and observe that our
SEMIROUTER maintains strong performance with
the smallest total trainable parameter without an
obvious decrease in the quality of prediction accu-
racy. As shown in Table 2, SEMIROUTER (EMB)

variant achieves the lowest parameter size (2.07M).
The adaptive path overall contains only about 2%
of the parameter size of the backbone router, mak-
ing it lightweight and fast to train. We also im-
plemented pure MLP, which does not contain the
downsampling module in the adaptive layer, and
RadialRouter with multiple attention head finetun-
ing using sparse training data. For RadialRouter,
we finetuned the attention head of the router, and
it could serve as a parameter-dense variant of our
method with approximately half of the training pa-
rameters of the backbone, as shown in the Table 2.

During inference, hidden representations from
the frozen BERT backbone can be cached once
and shared across all candidate models, allow-
ing the adaptive path to run in parallel for each
new LLM without repeated backbone computation.
This parallelizable structure not only reduces la-
tency but also enables efficient adaptation when
integrating additional candidate LLMs, making the
framework particularly well-suited for online or
resource-constrained deployment scenarios.

Table 3: Cost, quality, and score across datasets for
different adaptive structures.

Dataset SEMIROUTER (Div) SEMIROUTER (Anchor) SEMIROUTER

Quality Cost Score Quality Cost Score Quality Cost Score

ARC 62.58 1.322 35.37 64.63 1.4421 36.35 64.17 1.515 35.91
GSM8K 53.75 1.339 31.61 54.70 1.002 32.53 54.00 1.242 31.86
HellaSwag 53.93 76.23 30.53 57.48 78.81 32.62 57.51 77.74 32.68
MBPP 50.00 3.664 27.79 52.34 5.062 28.13 53.12 5.199 28.50
MMLU 59.94 160.64 32.93 61.99 167.21 34.03 63.37 173.49 34.73
WinoGrande 53.54 0.6336 32.66 55.12 0.7194 33.60 55.12 0.7168 33.60

Ablation of Contrastive Loss. We further evalu-
ate the effectiveness of contrastive batch in router
training in Table 3. We calculate it as follows:

Score = 0.6× Quality − ci
|Xi|

(10)

where |Xi| denotes the number of queries. to eval-
uate the routing performance considering both out-
put quality and query cost. Encouraging diversity
among new LLMs using diversity loss alone does
not provide significant improvement if used with-
out anchor contrast. The anchor contrast only ac-
centuates differences between anchor models and
newly introduced LLMs, improving robustness in
the presence of unseen candidates. Table 3 shows
that anchor contrast yields more improvements over
baselines, with the combined variant striking the
best balance for more datasets between cost effi-
ciency and accuracy. Notably, contrastive train-
ing allows the router to generalize better to low-
resource settings, where direct retraining is limited.
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Scalability under Variable Candidate Pools.
We also conduct an ablation over the number of
available LLMs to assess scalability. As shown
in Table 4, performance remains stable even when
subsets of models are removed, confirming that the
router adapts flexibly to variable candidate pools.
With new models, quality prediction is only stored
in the parameter-efficient adaptive path, increas-
ing the model or decreasing the model on the new
models does not require retraining the whole router.

In the R-Adapter, if the LLM is only represented
in the lightweight R-Adapter, forgetting can be
avoided easily. Options include retraining the small
R-Adapter (only 2% parameters), or removing the
trainable model embedding corresponding to that
LLM. The R-Adapter thus provides a cheap, re-
versible intermediate state for the router, enabling
fast deployment and reducing the need for costly
backbone retraining when new models are added
or removed.

Table 4: Quality on variable models benchmarks.

Model MBPP MMLU ARC HellaSwag Winograde

-w/o Code-Llama-34B 0.5391 0.6313 0.6395 0.5695 0.5486
-w/o WizardLM-13B 0.5625 0.6918 0.8231 0.5755 0.5486
-w/o Llama-2-70B 0.5781 0.6925 0.8231 0.5702 0.5591
-w/o Mixtral-8x7B 0.6641 0.6529 0.8141 0.5904 0.5459
-w/o Claude-Instant 0.6719 0.6982 0.8367 0.6011 0.5354
-w/o Mistral-7B 0.6719 0.7018 0.8367 0.6004 0.5617

Energy Saving using Routing Model. We evalu-
ate the energy footprint of routing decisions, where
energy consumption reflects more on LLM’s re-
source consumption than price signals. Also, en-
ergy consumption is particularly relevant for sus-
tainable deployment, amid growing environmental
concerns in LLM deployment. To quantify energy
cost, we use model-level energy consumption data
reported in the AIEnergy Leaderboard as a proxy
for per-query inference cost in model selection.
Since some models (e.g., Claude) do not publicly
release energy statistics, we exclude them from this
part of the evaluation. As shown in Table 5, our
approach effectively reduces energy consumption,
lowering both economic and environmental costs.

GPT-4 as Backup Cost. When GPT-4 is ex-
pected to provide a higher-quality answer, the query
is rerouted and executed with GPT-4 as a backup.
If the answer quality of GPT-4 is higher than the
LLM selected, we add the power consumption of
GPT-4 for this query. We find that the energy cost
is still smaller than all on GPT-4. This approach
improves answer quality while reducing the aver-

Table 5: Energy cost, percentage savings, and GPT-4 as
backup cost.

Dataset Energy Cost (Wh) Saving Backup Cost (Wh)

abstract2title 0.164 98.78% 6.846
Accounting Audit 3.028 77.61% 8.278
ARC 0.231 98.29% 6.880
HellaSwag 1.346 90.06% 7.437
MBPP 1.656 87.76% 7.592
MMLU 4.143 69.38% 8.836
WinoGrande 0.474 96.50% 7.001

All at GPT-4 13.529 – 13.529

age cost, since some queries are processed by both
the smaller model and GPT-4.

Figure 5: Sensitive analysis of α and λ for contrastive
loss.

Sensitivity to Contrastive Loss Weight. We fur-
ther analyze the sensitivity of our approach to the
weighting of the contrastive loss in Figure 5. We
evaluted the performance over λ from 0.2 to 0.5
to for Lc and α from 0.1 to 0.5 for LA. Based on
our sensitivity study in figure 5, λ < 5 to prevent
the contrastive term from dominating and destabi-
lizing training. In practice, λ ∈ [0.1, 0.3] works
consistently well. For α = 0.3 is a balanced choice:
larger α places more emphasis on distinguishing
new models from the anchors (new LLMs more dif-
ferent from exsiting model), while smaller focuses
on separating new models from each other(new
LLMs are more different among each other). Our
router maintains stable performance across a range
of hyperparameter settings, without requiring fine-
grained tuning. The results show that moderate
variations in the contrastive weight yield consis-
tent improvements over non-contrastive training,
but the contrastive loss should be smaller than LP .
This robustness highlights that the contrastive ob-
jective acts as a general regularizer, enforcing diver-
sity among candidate LLMs and improving gener-
alization to unseen models, rather than being overly
dependent on precise hyperparameter tuning.

6 Conclusion

We present SEMIROUTER, a data-efficient and
adaptive routing framework that addresses the
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challenges of costly data collection and inflexible
LLM integration. Our approach combines con-
trastive learning-based training with a lightweight
R-adapter module, enabling effective routing un-
der sparse supervision and seamless integration
of new models without retraining the backbone
router. This design ensures compatibility with other
routing methods and adaptability to evolving LLM
ecosystems. Beyond cost optimization, we demon-
strate the framework’s objective-agnostic capability
through energy consumption as a routing target, ad-
dressing growing sustainability concerns and data
center power constraints. Extensive experiments
validate that SEMIROUTER achieves superior data
efficiency and model adaptability while maintain-
ing competitive routing performance. These results
establish a foundation for scalable and sustainable
multi-LLM deployment in dynamic production en-
vironments.

Limitations

This paper provides an evaluation of routers perfor-
mance focusing on the quality metric of the rout-
ing model. With the limited ability to annotate
expensive new datasets, we resampled the exist-
ing dataset for simulation. In addition, since this
is the first work to mention energy consumption
as a routing metric, there are limited statistics for
LLMs’ energy consumption for energy cost evalua-
tion. Moreover, although training using cost leads
to certain advantages in routing, we focus more on
quality prediction rather than quality–cost selec-
tion during training to provide a fairer comparison
of router design methods and avoid overfitting to
specific cost patterns.
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Appendix

A Scoring Details

Answer quality is evaluated using GPT-4 and
Deepseek-R1, following the evaluation setup de-
fined in the datasets. For tasks with ground-truth
labels, such as MMLU, responses are classified into
good or wrong according to whether they match
the ground-truth answer. Since the dataset itself
specifies that GPT-4 is used as the reference evalu-
ator, majority agreement is determined against this
standard. For open-ended tasks, a fixed evaluation
prompt is used to ensure consistency across mod-
els. Responses are categorized into three levels: (i)
wrong, when the answer contains factual or rea-
soning errors; (ii) fair, when the answer is correct
but suboptimal in clarity or completeness; and (iii)
good, when the answer is correct, clear, and near-
optimal. To guarantee stable results, evaluation is
performed with the temperature set to 0, and only
a single evaluation pass is used. In cases where
model-generated judgments and ground-truth data
diverge, human verification is applied to resolve
mismatches. This procedure ensures both repro-
ducibility and alignment with the dataset’s evalua-
tion protocol.

B Model Selection

Based on the ranking in Table 6, we select GPT-4,
GPT-3.5, and Mistral-7B as anchor models for rout-
ing. This set is chosen to represent different capa-
bility tiers: GPT-4 as the strongest model, GPT-3.5
as a mid-tier model with substantially lower cost,
and Mistral-7B as a lightweight baseline. Together,
they capture the performance–efficiency spectrum
more effectively than using models from a single
family.

Claude models, although ranked highly, are ex-
cluded due to the lack of reported energy usage
data. By contrast, the selected models have either
reported or reasonably approximated energy con-
sumption, making them suitable for energy-aware
routing. Their relatively small variation in nor-
malized scores also contributes to stability, avoid-
ing anchors that fluctuate significantly across tasks.
While our analysis is limited to the models in Ta-
ble 6, the anchor set is expected to provide a rea-
sonable basis for routing decisions that may extend
to other models of comparable scale.

C Code Details

Table 6: Model ranking based on normalized scores.

Rank Model Score

1 gpt-4-1106-preview 0.915
2 claude-v2 0.800
3 gpt-3.5-turbo-1106 0.741
4 claude-v1 0.724
5 claude-instant-v1 0.667
6 mistralai/mixtral-8x7b-chat 0.655
7 meta/llama-2-70b-chat 0.283
8 WizardLM/WizardLM-13B-V1.2 0.278
9 mistralai/mistral-7b-chat 0.273
10 meta/code-llama-instruct-34b-chat 0.180

C.1 Implementation Details

The overall model is constructed by combining
(i) a frozen BERT encoder for contextual text rep-
resentations, (ii) a variant-specific Adaptive path
processor for embedding and LLM identity fea-
tures, and (iii) a fusion MLP for final classification.
Below, we summarize the implementation choices
for each component.

C.2 Backbone and Fusion

The BERT encoder is trained using the full training
samples of anchor model data with cross-entropy
loss from the bert-base-uncased model and frozen
during training to preserve pre-trained feature ex-
traction ability. Its pooled 768-dimensional outputs
are cached once and reused across all routing candi-
dates, significantly reducing computation. The fu-
sion module is a three-layer feed-forward network
that accepts the concatenation of BERT features
and Adaptive path outputs, with ReLU activations
and dropout regularization. This module remains
identical across all variants.

C.3 Adaptive Path Variants

MLP Variation. The MLP variant is realized as
a two-layer fully connected network. The 1600-
dimensional concatenated input (pre-computed em-
beddings plus LLM identity embedding) passes
through a hidden layer of size 512 followed by a
second hidden layer of size 256. Each layer uses
ReLU activation with dropout applied between lay-
ers. This design yields approximately 2.53M train-
able parameters and serves as a balanced, computa-
tionally efficient baseline.

Embedding-MLP Variation. To improve effi-
ciency, the Embedding-MLP reduces dimension-
ality before processing. The 1536-dimensional
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Algorithm 1 Anchor-based model router training
with contrastive batches
Input: LLMs {Mj : j = 1, . . . , J}
Parameter: Anchor model list {Ma : a =
1, . . . , A}
Output: Predicted quality
score

1: Train the router on anchor model data with
prediction loss Lcross entropy.

2: for each epoch, for each batch of anchor data
do

3: Update router using Lcross entropy

4: end for
5: Construct contrastive batches between anchor

and non-anchor models.
6: for each contrastive batch Bc do
7: Initialize router with pretrained anchor

weights
8: Compute prediction loss Lcross entropy

9: Compute anchor to sparse contrastive loss
Las

10: Compute model diversity loss Ldiv

11: Combine: Lcontrastive = α(Las) + Ldiv

12: Final objective: Ltotal = (1 −
λ)Lcontrastive + λLcross entropy

13: end for
14: Use the trained router to predict quality scores

for routing.
15: Inference:
16: For a query xi, compute the hidden representa-

tion from the frozen backbone.
17: For existing models Mj /∈ MA: predict using

backbone path only.
18: For new models with sparse data: use adaptive

path features and a classification head.
19: Output predicted quality scores and route to

the model with the best cost-quality trade-off.

embeddings are linearly projected to a 128-
dimensional space, which is then concatenated with
a learnable 128-dimensional model vector and a 64-
dimensional LLM identity embedding. This com-
pact 320-dimensional representation is processed
by a lightweight MLP similar in structure to the
standard variant. By reducing input dimensionality,
this design achieves only 2.07M trainable param-
eters, an 18% reduction relative to the plain MLP,
while retaining factorization-based learning capac-
ity.

Transformer Variation. The Transformer vari-
ant replaces the MLP with a multi-head self-
attention processor. The concatenated 1600-
dimensional input is first linearly projected to the
model dimension (1536), followed by multiple
Transformer encoder layers with 8 attention heads.
Residual connections, layer normalization, and
feed-forward sublayers are applied in standard fash-
ion. The outputs are pooled to obtain a fixed-size
representation. This design enables complex fea-
ture interactions at the cost of significantly higher
parameter usage (65.7M trainable), making it most
suitable for resource-rich scenarios.

For LoraRetriever, we explored different num-
bers of clusters among {10, 20, 40} and report re-
sults using 40 clusters for all comparisons, as this
yielded the best performance.

D Ethical Considerations

This paper presents work whose goal is to advance
the field of router training. There are many po-
tential societal consequences of our work, none of
which we feel will leads to potential risk that needs
to be specifically highlighted here.
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