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Abstract

Modern large language model (LLM) systems
frequently route inputs to specialized experts
to improve accuracy, efficiency, and robust-
ness. Routers determine which expert to ac-
tivate based on the input, typically represented
as a single vector. The construction of this vec-
tor limits the distinctions the router can make.
Prior work rarely isolates how this vector rep-
resentation affects routing behavior. We iso-
late the role of the representation by holding
the routing pipeline fixed and vary only how
this representation is formed in multilingual
settings. We find that representation choice
systematically reshapes the available routing
partitions. In multilingual routing settings, the
routers single-vector input often only encodes
shallow features (language/format), resulting
in domains that are organized by these features
rather than by topic. To mitigate this, we in-
troduce Funnel pooling, a lightweight trainable
in-model readout that constructs the routing
vector directly from token-level hidden states
and does not require a separate embedding en-
coder. Funnel pooling reduces language and
source-dataset driven clustering and results in
more topic-aligned domains. Despite this shift,
downstream routing performance remains com-
petitive with introducing only a minor inference
overhead.

1 Introduction

Large Language Models (LLMs) are widely de-
ployed across scientific and industrial applications,
but their computational demands limit efficient scal-
ing (Maslej et al., 2025). Increasingly, ensembles
of specialized, often smaller models, so-called ex-
pert models, are used to improve both output qual-
ity and performance. Routing-based systems en-
able the integration of diverse sets of expert models
into a unified system, where the router selects a
specialized expert for each input prompt. For ex-
ample, rather than relying on a single monolithic

model, GPT-5 (OpenAI, 2025) utilizes a routing
system.

These experts are often realized through a fine-
tuned adapter (Muqeeth et al., 2024a), or a model
with fewer parameters (Ong et al., 2025). Effective
routing is important for accuracy (experts trained
on coherent domains avoid cross-task interference
(Ostapenko et al., 2024)), efficiency (specialization
opens the potential to employ models with fewer
parameters (Shnitzer et al., 2023)), and robustness
(routers can naturally avoid out-of-distribution in-
puts (Chuang et al., 2025)).

Based on the source of their decision repre-
sentations, routing systems fall into two fami-
lies: outside-model and in-model. Outside-model
routers compute an input embedding with a stand-
alone encoder and use it to choose among whole
models (Shnitzer et al., 2023; Pichlmeier et al.,
2024; Ong et al., 2025). In-model routers derive
the embedding from an LLMs hidden states and
select among experts inside of this model (Feng
et al., 2024; Muqeeth et al., 2024a; Ostapenko et al.,
2024). A practical trade-off is that in-model rout-
ing avoids an extra encoder, which reduces latency
and complexity, but couples decisions to the chosen
layer and readout.

Because many practical routers score inputs
based on their distance in embedding space to the
k-nearest neighbors of the reference data, their deci-
sions reflect the geometry of that representation (Li,
2025). In multilingual corpora, generic embedding
spaces often separate languages (Fan et al., 2025),
so routers tend to group by surface properties (lan-
guage/format) rather than latent intent or domain.
However, the role of the representation itself is
rarely isolated under an otherwise fixed routing
pipeline, leaving unclear which routing behaviors
are driven by the router versus the representation.

In this work, we isolate the role of representation
choice in multilingual expert routing. Specifically,
we maintain an otherwise identical centroid-based
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Figure 1: Experimental Setup: Effect of representations on centroid based routing partitions. Each sample uses
either a pretrained encoder or in-model poolers (average, attention, Funnel). A fixed L2-norm, UMAP, K-Means
pipeline serves as a probe to generate expert partitions. Routing uses top-1 nearest-centroid assignment.

routing pipeline and vary only how input represen-
tations are extracted from an LLM, given different
hidden state pooling mechanisms.

Motivated by the tendency of standard in-model
pooling methods to mirror language and format
rather than intent, for example clustering function-
calling prompts by language instead of endpoint
type, we introduce Funnel pooling. Funnel pool-
ing is an in-model readout that learns from hid-
den states to form answer-aware embeddings for
routing. It generates answer-aware embeddings by
learning a cross-attention pooling mechanism that
compresses token states into a single vector and is
trained to align each questions vector with its corre-
sponding gold answer. Our results show that Fun-
nel pooling (1) shifts clusters away from language-
driven structure toward topic-aligned domains, (2)
maintains competitive routing accuracy, and (3)
introduces only minimal prefill-latency overhead.

2 Experimental Setup

We evaluate how representation choice affects the
routing partitions in multilingual settings within
the fixed pipeline shown in Figure 1. Our guiding
question is whether enhanced representations lead
to domains that are less driven by dataset-specific
surface level features such as language or format
and more driven by topic. Following the MoErging
taxonomy (Yadav et al., 2025), we study shared-
data, centroid-based top-1 routing. This means that
we derive a routing partition from pooled training
data, represent each domain by a cluster centroid,
and route each input by nearest-centroid assign-
ment. We do not consider an explicit trained gating
mechanism as in Mixture-of-Experts architectures.

To isolate representation effects, we hold three
components fixed across all runs: the datasets and
corresponding splits (train, test, validation), the
normalisation and dimensionality-reduction, and
the clustering algorithm with its hyperparameters.

The main experimental variable is the representa-
tion method. For in-model methods that extract
hidden states from a frozen Llama-3.1-8B model,
we additionally ablate the extraction layer.

I. Representation. We encode each of the
N = 70 000 samples with one of four represen-
tation methods: a pretrained sentence encoder
(Qwen3-Embedding-8B (Zhang et al., 2025)) and
three in-model pooling methods that operate on
hidden states of a Llama-3.1-8B Model, namely
average pooling, attention pooling, and our Funnel
pooling method. These methods are presented in
detail in Section 3.

II. Normalization and Dimension Reduction
After extracting the vectorial representations, we
normalize them using L2 to control for scale. We
then apply a single UMAP configuration to all
methods to obtain 256-dimensional embeddings.
UMAP builds a graph of local neighborhoods to
approximate the data manifold and optimizes a low-
dimensional embedding that preserves those neigh-
borhoods. It scales nearly linearly with embedding
dimension and with no fixed limit on target dimen-
sionality (McInnes et al., 2020). We adopt UMAP
for its locality-preserving properties, which is es-
pecially useful in this study and because it is stan-
dard in topic-modeling pipelines such as BERTopic
(Grootendorst, 2022).

III. K-means After dimensionality reduction,
we cluster the UMAP embeddings using K-
means (Lloyd, 1982). K-means splits the embed-
ding space into K groups by iteratively assigning
each sample to its nearest centroid and updating
centroids to minimize within-cluster squared dis-
tances. We adopt K-means as a simple and repro-
ducible clustering probe with a small number of
hyperparameters, which supports consistent com-
parisons of cluster structure across representation
methods. Since K-means requires specifying K,
we fix K and all clustering hyperparameters across
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Figure 2: Funnel-Pooling: Layer-L hidden states (red) are fed to a student-teacher pair of three cross-attention
blocks whose learnable query sets shrink (blue). After each block, student latents z(q) and EMA teacher latents z(a)

are aligned with a cosine InfoNCE loss. The students final vector is used at inference.

runs. We fit K-means on the training split and
assign validation, and test samples by nearest cen-
troid in the same UMAP space. In our study we set
K = 8 as it introduces a small but meaningful flex-
ibility beyond the 7 source datasets. It allows some
partitioning to reveal which datasets are merged
or split into sub domains under different represen-
tations, while keeping the budget for fine tuning
expert models manageable.

3 Representation Methods

In total, we compare four techniques for turning the
samples in our datasets into fixed-length vectors.
Three are in-model methods that use the hidden
states at layer L of the Llama-3.1-8B model to pro-
duce sentence-level embeddings: mean pooling,
attention-based pooling, and a novel contrastive
approach we call Funnel pooling. These in-model
methods leave the underlying LLM architecture un-
changed, which makes them especially suitable for
routing. In addition to these in-model methods, we
use the text embedding model Qwen3-Embedding-
8B which serves as a strong external baseline.

3.1 Average Pooling
Given token hidden states at layer L, H(L) =

[h
(L)
1 , . . . , h

(L)
T ] ∈ RT×dLLM , we form a sentence

embedding by averaging the token vectors over the
unpadded sequence (Tang and Yang, 2024):

x̃(L)avg =
1

Z

T∑

t=1

h
(L)
t . (1)

Average pooling is a parameter-free and simple
method. It provides a neutral baseline how input is

represented in each layer L as it does not add any
additional bias.

3.2 Attention Pooling

Given token hidden states at layer L, H(L) =

[h
(L)
1 , . . . , h

(L)
T ] ∈ RT×dLLM , and the head-

averaged self-attention Ā(L) ∈ RT×T (rows
q=queries, columns k=keys), we form a sentence
embedding by weighting tokens with the average
attention mass they receive across query positions:

x̃
(L)
attn =

T∑

t=1

ã
(L)
t h

(L)
t . (2)

Here ã(L) ∈ RT are the averaged attention
scores over the heads (derivation in the Appendix
A.1). Attention pooling is parameter-free but uses
the models own attention as a learned latent signal,
emphasizing informative tokens in the dimension
reduction process.

3.3 Funnel Pooling

In the following we present a trainable pooling
mechanism that maps the layer-L token states
H(L) ∈ RT×dLLM to a single vector x

(L)
fun ∈ Rdf

while leaving the LLM unchanged. Two core con-
cepts shape the architecture of the Funnel pool-
ing method. First, leveraging the cross-attention
mechanism to perform the dimensionality reduc-
tion from T ×dLLM to df . Second, performing the
reduction gradually over several internal steps to
assure stable performance. This second idea gives
the architecture it’s Funnel like shape and hence its
name. To train the weights in the Funnel, we are
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using a dual-path setup with a student encoding the
question and a teacher encoding the paired answer.
A contrastive objective drives the alignment of the
resulting question-answer embeddings during train-
ing. The motivation is to produce answer-aware
question embeddings so that questions with similar
answers end up close together. During inference,
only the student path is used.

Architecture
The Funnel encoder is a dual-path student-teacher
module. As visible in Fig 2, each path applies three
consecutive cross attention blocks whose learnable
query weights shrink from 64 to 16 and finally to
1 slot. In the first block of the student encoder,
the query matrix Q(θ1) acts on the LLMs hidden
representation of the question Hq producing new
latents via

CrossAttn(Q,K, V ) = σ(
Qθ1K

T

√
d

)V (3)

with K = HqWK and V = HqWV (σ being the
softmax function). The output of equation 3 is the
input for the next stage. The same operations are
performed in the teacher path for the answer encod-
ing. Because the queries are parameters, this works
as a content adaptive down-sampler. Therefore T
token states are compressed to smaller latent grids
until only a single vector remains. We provide a
dimension-level derivation of how the learnable
query slots downsample the token states in Ap-
pendix A.2. To prevent the representation from col-
lapsing during training, each cross-attention output
is followed by a feed-forward network (a 2-layer
MLP with GELU). Furthermore, we use 4 cross
attention heads in every layer. In this configura-
tion, the Funnel consists of 611, 601, 408 trainable
parameters, while half of them are used during in-
ference.

Training
For each question answer pair we compute stu-
dent z(q) and teacher z(a) embeddings at every
step in the Funnel. The teacher is the Exponen-
tial Moving Average (EMA) copy of the student
and is therefore receiving no gradients (Morales-
Brotons et al., 2024). It is updated via γN,t+1 =
βγN,t + (1 − β)θN,t+1. We use EMA on the
teacher encoder so that the answer embedding cre-
ates a slowly changing training target for the stu-
dent, since the contrastive loss pulls each question
embedding toward its paired answer embedding.

The question encoder stays fully trainable, so the
inference-time question embedding z(q) can learn
to match the semantics implied by the paired an-
swers. We optimize a cosine InfoNCE loss (Rusak
et al., 2025) with in-batch negatives and tempera-
ture τ ,

L = − 1

B

B∑

i=1

log
e

(
〈z(q)i ,z

(a)
i 〉/τ

)

∑B
j=1 e

(
〈z(q)i ,z

(a)
j 〉/τ

) . (4)

In our experiments, we set β = 0.95 and τ = 0.25
which leads to a stable loss signal and accelerated
convergence without any signs of representation
collapse. We train the architecture for 3 epochs,
ensuring full convergence of the loss and the cosine
similarity between question answer pairs.

Inference
During inference, we only use the student path.
We therefore compute z(q) and feed it into the
presented UMAP K-means pipeline for clustering
shown in Figure 1.

3.4 Pretrained Sentence Encoder
As a strong external baseline we use Qwen3-
Embedding-8B (Zhang et al., 2025), a multilingual
sentence encoder that supports more than 100 lan-
guages. As of December 2025 it ranks within the
top ten on the MTEB leaderboard (Huggingface).
Its broad training data and competitive benchmark
scores make it a good reference point for our in-
model pooling methods.

4 Datasets

We use seven datasets to investigate different fac-
tors that shape representation geometry: language
vs. topic, task type, and out-of-distribution (OOD)
input. For each dataset we sample 10k instances
and use identical splits (0.8/0.1/0.1) for train, vali-
dation and test. All representation methods see the
same texts and preprocessing.

Dataset Lang Task Domain

Korean MC ko MCQ General
Orca Agent Instruct en QA General
English Medical MC en MCQ Medical
Chinese Medical MC zh MCQ Medical
Chinese MC zh MCQ General
Function Calls multi API calls Code/Tools
Automotive Manuals en QA Manuals

Table 1: Datasets used in this study including their
language, domain and tasks.
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We incorporate the following five established
datasets to represent a selection of different lan-
guages (English, Chinese and Korean) and two
question-answering formats (multiple-choice and
open-ended): Korean Multiple Choice (BENCH-
HUB) (Kim et al., 2025), Orca agent instruct
(Open-domain QA) (Mitra et al., 2024), English
Medical MCQ (Jin et al., 2020), Chinese Medical
MCQ (CNMLEQA) (Zonghui, 2025) and Chinese
Multi-domain MCQ (CMMLU) (Li et al., 2023).
These span either the general domain or are focused
on medical content. We further extend this set with
two newly created synthetic datasets: Function-
Call and Automotive Manuals. These broaden the
scope by introducing additional languages and the
domains of function calls and industrial customer
support. Additionally, as these are novel datasets,
they serve as an out-of-distribution check. This se-
lection covers a broad range of languages, domains,
established and unseen data. Key characteristics
are summarized in Table 1, with further detailed
descriptions provided in Appendix A.3.

5 Tasks, Evaluation, and Analysis Plan

5.1 ARI-based agreement and semantic
inspection

We first analyze how different pooling methods
form different partitions under an otherwise iden-
tical routing pipeline. To measure how strongly
pooling methods preserve source-dataset structure,
we report Adjusted Rand Index (ARI) agreement
(Rand, 1971) between cluster assignments and
source-dataset labels across layers. ARI evalu-
ates pairwise consistency between two clusterings.
In our multilingual test setup, source datasets are
strongly correlated with surface level features (lan-
guage and formatting), so ARI serves as a diag-
nostic for dataset-driven clustering rather than a
measure of clustering quality.

ARI alone does not reveal what clusters mean
semantically. We therefore perform a seman-
tic inspection by tagging each sample with topic
attributes using an LLM, and summarizing per-
cluster attribute distributions (topic purity, lan-
guage mixing). We derive the topic labels from
the IAB Tech Lab Taxonomies repository (IAB
Technology Laboratory, 2025), and use Gemma-
3-27B for tagging because several datasets lack
explicit domain labels. We measure topic purity
as purity(C) = (maxt |Ct|)/|C|, the fraction of
samples in cluster C sharing the majority topic la-

bel t. To validate the tagging signal, we compare
LLM tags against human labels on 100 randomly
selected English training samples. We observe an
agreement of 82%. We then compare representa-
tion methods via these per-cluster distributions.

5.2 Downstream task: LoRA Routing
Our downstream routing evaluation asks if the clus-
ters introduced by each representation method can
be used as effective expert domains. Concretely,
for every cluster obtained on the training split we
finetune a LoRA adapter with the questions being
masked so no gradient flows through question to-
kens. At inference the respective representation
method embeds the incoming prompt, assigns it to
its nearest cluster and applies the matching adapter.

We evaluate two LoRA training regimes to in-
vestigate different deployment constraints. In the
all layer regime, we apply LoRA across all trans-
former layers. It tests whether expert domains
formed by different representations can achieve
comparable accuracy when enough adaptation ca-
pacity is available. For the in-model representation
methods (avg, Funnel, attn) we also test the plu-
gin scenario. The plugin scenario is motivated by
practical serving setups where a single shared base
model is used for many requests, and a large set
of domain adapters is available but only a small
subset can be activated per request under tight la-
tency and memory constraints. During inference,
this corresponds to running the base model up to
a layer L, extracting a routing representation from
the hidden states at L, selecting an expert, and
then continuing the forward pass only for the sub-
sequent layers with the chosen LoRA adapter. This
allows the lower part of the backbone (up to L) to
remain unchanged and shared across all experts,
while expert-specific adaptation is confined to the
top layers. Accordingly, we freeze layers up to the
representation extraction layer L and apply LoRA
only to subsequent layers. We apply LoRA to
attention projections (q, k, v, o) and MLP layers
(up, down, gate).

For comparison, we include three baselines.
The first uses clusters derived from the Qwen3-
Embedding-8B model. We train per-cluster LoRA
adapters exactly as above and at inference, assign-
ment is performed with the same external embed-
ding and inputs are routed to the corresponding
adapter. The second baseline are the Human-
Domain adapters where one adapter is trained
per source dataset (Section 4). The third is a Multi-
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Task adapter which is trained on all training sam-
ples across all datasets combined.

Training regimes for LoRA routers

A key challenge is that clusters differ in size, which
would give different adapters different compute
budgets under epoch-based training. To ensure a
fair comparison across representation methods, we
use a compute-matched fine-tuning protocol. All
adapters are trained with identical hyperparameters
and the same number of optimizer update steps S.

Given an effective batch size as Beff = B · A
where B is the per-device batch size and A is gradi-
ent accumulation, each adapter is trained on S ·Beff
training examples, independent of cluster size. If a
cluster contains less samples than required update
steps, we sample with repetition to fill the remain-
ing updates. This results in equal compute across
experts and representation methods while retaining
each clusters data distribution. Detailed fine tuning
hyperparameters can be found in Appendix A.4.

5.3 LLM Judging

We use Gemma-3-27B as a judge with JSON-only
outputs (Team et al., 2025). The judge is instructed
to assess correctness by only receiving the input,
the models answer, and the gold reference. For
robustness we randomize criterion order to reduce
position bias and compute accuracy as the mean
judge score. The Function-Call category is scored
deterministically by endpoint matching. We report
mean accuracy with 95% bootstrap CIs.

5.4 Latency Measurements

An important aspect in routing setups is the latency
introduced by additional computation for represen-
tation extraction and expert selection. We mea-
sure prefill latency for each routing method under
a consistent serving configuration, isolating the
overhead introduced by the representation method,
the UMAP projection, and centroid assignment,
relative to the same base model and adapter appli-
cation. This evaluates whether more content-driven
representations can be used in practical inference
settings without materially inference latency. We
use vLLM as the inference engine, implementing
each in model pooling method as a plugin that ex-
tracts hidden states at the middle transformer layer
(layer 15). The prefill latency includes represen-
tation extraction, UMAP projection, and centroid
assignment overhead. In the simulation we are

sending 16k samples in a range of 17-1024 tokens,
representing our dataset composition.

6 Results

6.1 Representations result in meaningfully
different partitions

Under an otherwise identical pipeline, represen-
tation methods result in systematically different
partitions of the same data. Figure 3 reports ARI
between the resulting in-model pooling cluster as-
signments and the source-dataset labels. It serves
as a diagnostic for how dataset-aligned the resulting
clusters are (high ARI = dataset-aligned clusters).

Figure 3: ARI (dataset alignment). High ARI means
clusters match dataset IDs. Lower ARI means less
dataset-driven clustering. Avg/Attn stay high while Fun-
nel drops in mid layers.

Since source datasets in our experimental setup
are strongly correlated with surface features such
as language and formatting, high dataset-alignment
suggests routing decisions are driven by such sur-
face features rather than content. As visible in Fig-
ure 3 Avg and Attn remain highly dataset-aligned
across layers, whereas Funnel pooling shows a mid-
layer drop, indicating reduced reliance on dataset-
specific structure at those layers. Prior work shows
that middle layers often carry the most transferable
signal (Skean et al., 2025), suggesting that pooling
methods exploit mid-layer information differently.

Because these differences are systematic, we
next ask what they mean semantically. We ana-
lyze how Avg, Funnel, and the Qwen3-Emb.-8B
model partition the datasets according to topic and
language, using LLM-assigned taxonomy labels.
For the in-model pooling methods we select layer
15, where the methods diverge most in the ARI
diagnostic.

The results are illustrated in Figure 4. Average
pooling forms clusters that mostly contain a sin-
gle language, resulting in lower topic purity. A
similar trend is visible for Attn pooling (Appendix
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Figure 4: Topic purity vs Nr. languages (L 15). Each bar represents the topic purity while the color mix indicates
the language composition relative to the bar height. Avg pooling forms domains that are more equal in language
than in topic. Funnel pooling and Qwen form domains that are mixed in language resulting in higher topic purity.

A.5). In contrast, Funnel and Qwen3-Emb.-8B
form domains with higher topic purity by creating
language-mixed clusters. This is especially evi-
dent for the Function Call datasets, where Funnel
and Qwen3-Emb.-8B form clusters driven by end-
point type (Travel, Communication (Comm), Enter-
tainment (Entert)). This indicates that the Funnel
pooling is less language-sensitive and more intent-
focused in this setting. In our setup, the Funnel is
trained on question-answer pairs, with the student
encoding the question and an EMA teacher encod-
ing the answer. We argue that aligning the student
to the answer embedding creates cross-lingual an-
chors in the embedding space (e.g., endpoint and
argument patterns) that support mixed language
and intent aligned clusters. These trends are further
highlighted by how dataset mass flows into clusters
across layers shown in Appendix A.5. We addi-
tionally analyze cluster composition with respect
to question formatting. As visible in Appendix
A.7, Funnel pooling and Qwen3-Emb.-8B show a
tendency to form more format-mixed clusters than
Avg. This further suggests reduced reliance on sur-
face level features beyond language. Overall, Fun-
nel pooling reduces source-dataset alignment while
increasing topic purity and cross-lingual mixing,
suggesting more content-driven routing partitions.

6.2 Downstream routing accuracy
LoRA on all layers
Table 2 shows that all in-model routing variants
achieve very similar performance across categories,
with averages in the range 0.65-0.66. Most per-
category differences falling within the reported con-
fidence intervals. In particular, Funnel pooling re-
mains competitive across all datasets, showing that
optimizing representations for more intent-aligned
domains does not negatively impact downstream

routing accuracy in this setup. Compared to the
base Llama-3.1-8B instruct model, all adapted se-
tups achieve significant improvements.

Plugin setting
In the plugin setting, where we only fine-tuned
layers subsequent to the representation extraction
layer, we see that all methods perform similarly
(see Fig. 5). Up to layer L = 7, all in-model
methods keep their performance, while after that
the performance drops by almost 10%. This behav-
ior suggests that performance in the plugin setting
is primarily governed by the amount of remain-
ing trainable capacity, rather than by the choice of
pooling method.

Figure 5: Plugin FT vs Acc. . Only subsequent layers
are trained. The average LLM judge accuracy remains
stable for early extraction layers. (Individual dataset
result table in App. 5)

In summary, our results show that more content-
driven domain formation can be achieved without
sacrificing downstream task performance in routing
setups. Moreover, the in-model pooling variants
remain competitive with the external embedding
baseline, avoiding the need for a separate encoder
at inference time. Importantly, even in an inference-
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Method Auto.
Manual

Function
Call

General
Chinese

Korean
MC

Chinese
Medical

English
Medical

Orca
Instr. ∅

Llama-3.1-8B Inst. 0.25 0.01 ± 0.00 0.50 0.38 0.69 0.65 0.62 0.44

Qwen3-Embedding-8B 0.48 0.97 ± 0.01 0.53 0.47 0.74 0.69 0.77 0.67

Multi-Task Adapter 0.34 0.96 ± 0.01 0.55 0.46 0.69 0.67 0.73 0.63

Human Clusters 0.47 0.97 ± 0.01 0.53 0.48 0.72 0.68 0.75 0.66

Attn L15 0.46 0.98 ± 0.01 0.53 0.46 0.72 0.68 0.76 0.66
Attn L23 0.47 0.97 ± 0.01 0.54 0.45 0.73 0.67 0.73 0.65

AVG L15 0.47 0.97 ± 0.01 0.55 0.48 0.73 0.68 0.77 0.66
AVG L23 0.46 0.97 ± 0.01 0.52 0.46 0.72 0.70 0.74 0.65

Funnel L15 0.46 0.97 ± 0.01 0.54 0.47 0.68 0.69 0.75 0.65

Funnel L23 0.47 0.97 ± 0.01 0.55 0.45 0.70 0.69 0.77 0.66

Table 2: Per category LLM judge accuracy on the test set. Bold highlights best in-model routing results, while
underlined results highlight global best performance. CI ranges are given in brackets. If the CI range is omitted it is
equal to +-0.03 (Results for all Layers in App. 4)

oriented plugin scenario where the LoRA adapter
is applied after prefill, and a reduced set of layers is
fine-tuned, accuracy remains competitive. Next, we
examine whether Funnel pooling adds measurable
latency overhead in this regime.

6.3 Timing analysis of Pooling methods
A key motivation for in-model routing representa-
tions is fast inference. We therefore measure the
runtime of the prefill phase, important in practical
deployments. As shown in Figure 6, Avg and Attn
result in very similar prefill times, while the Funnel
is slightly slower ≈ 3ms (see App. A.8). Despite
the additional parameters introduced by the Funnel,
its impact on prefill latency remains minor. This in-
dicates that content aligned representations can be
extracted with only small overhead in this setting.
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Pooling Method

0

5

10

15

20

Ti
m

e
(m

s)

Figure 6: Timing analysis prefill phase. All three
result in similar prefill times, with the Funnel being
slightly slower.

7 Related Work

Cross-Model Routing: MixLLM (Wang et al.,
2025) focuses on routing across multiple full scale
LLMs (local and cloud). It uses a contextual bandit

framework to decide which model to use for ev-
ery input. The input is embedded using a BERT
model that is enhanced using auxiliary tags such
as dataset name or instruction type. MixLLM
relies on an external encoder and does not use
in model hidden state readouts. Adapter-Based
Routing: A number of recent works is investi-
gating systems, that route to multiple parameter-
efficient fine-tuned modules (e.g., LoRA adapters)
specialized on tasks or domains. Arrow (Ostapenko
et al., 2024) enables zero-shot routing in a LoRA
library by representing each adapter with the dom-
inant singular vector (SVD) of its LoRA update.
At inference, Arrow scores each adapter by the
cosine similarity between a tokens hidden state
and the adapters SVD-derived arrow direction, and
picks the highest-scoring adapter. PHATGOOSE
(Muqeeth et al., 2024b) learns post-hoc, per-token,
per-module gates over frozen PEFT modules and
performs top-k routing at inference. The authors
show that it outperforms retrieval/merging base-
lines. We complement adapter-routing by showing
that the choice of representation changes the dis-
covered partitions. Representations from LLM
hidden states: A second line of work asks how
to form sentence-level representations from LLM
hidden states. LLM2Vec (BehnamGhader et al.,
2024) shows that decoder only LLMs can be turned
into strong text encoders. In their work, they train
the entire backbone rather than extracting readouts
from an unchanged model. Pooling-and-Attention
(Tang and Yang, 2024) provides a controlled, large-
scale comparison of pooling/attention designs for
LLM-based embeddings and finds that trainable
pooling improves similarity/retrieval. NV-Embed
(Lee et al.) likewise introduces a latent attention
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pooling layer and a bi-directional training recipe,
reaching state-of-the-art embedding performance.
In contrast, we keep the backbone frozen. Beyond
single-vector readouts, representation geometry it-
self can be structured.

8 Conclusion

Representation forming matters for centroid-based
expert routing. We showed that under a fixed
pipeline, changing only the hidden state readout
reshapes the partitions a router can utilize. Funnel
pooling provides an in-model readout that steers
routing domains away from surface-level features
such as language or form towards topic-aligned
structures. Despite this shift in geometry, down-
stream routing accuracy remains competitive com-
pared to strong baselines. Prefill-time measure-
ments further show that the Funnel method only
introduces minor overhead relative to parameter-
free methods. Practically, Funnel supports intent-
aligned multilingual routing with competitive ac-
curacy and no external encoder overhead. In sum-
mary, our results show that routing is not only a
matter of router design, but also of representations,
as it determines what distinction the router can see.

In future work, we will evaluate Funnel pooling
across additional LLM backbones and model sizes
to test how well the representation effects general-
ize. We will further expand the dataset selection
and perform sensitivity analyses over the number
of clusters k to understand how routing partitions
change under different granularities. Finally, we
will investigate a constrained regime where experts
are given as fixed, pre-trained LoRA adapters and
the router is trained from correctness feedback to
select the best expert per input. This isolates the
impact of the representation readout on expert se-
lection quality in large-scale adapter routing.

Limitations

Our study probes routing under a controlled
pipeline on seven datasets spanning three task
types: multiple-choice questions, open-domain
question-answer pairs, and API calls. These
datasets do not capture the variety of real-world
routing workloads.

The routing setup was intentionally kept simple
(UMAP + K-means + nearest-centroid) to isolate
representation effects. However, UMAP can dis-
tort distances and K-means assumes a fixed k and
roughly spherical clusters, so cluster granularity

and centroid assignment may influence purity and
accuracy. We did not run an extensive sensitiv-
ity analysis over UMAP settings or k, nor com-
pare against alternative routers, so absolute num-
bers may change under different routing/clustering
choices.

Two datasets are synthetically generated, which
may introduce artifacts that influence representa-
tion geometry. We estimate accuracy with LLM
judges. Although we used two different judges,
residual bias may remain and the results may devi-
ate from human assessments.

We report findings for a single backbone. Gener-
ality across model families and scales has not been
assessed. In multilingual settings, different pre-
training data may result in different representation
geometries and thus different cluster partitions.
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A Appendix

A.1 Attention Pooling

As mentioned in the main text, we start again
with the hidden representation at layer L, H(L) ∈
RT×dLLM . Furthermore, we extract the self-
attention probability matrices A(L,h) ∈ RT×T for
heads h = 1, . . . , H (rows q=queries, columns
k=keys). As a first step we average over the heads,

Ā(L) =
1

H

H∑

h=1

A(L,h) ∈ RT×T , (5)

so that Ā(L)
qk measures how much token q attends

to token k on average across heads. We then score
each token by the average attention it receives from
all queries,

s
(L)
k =

1

T

T∑

q=1

Ā
(L)
qk (6)

These scores are turned into weights that sum to
one by L1 normalisation,

w
(L)
k =

s
(L)
k∑T

t=1 s
(L)
t

,
T∑

k=1

w
(L)
k = 1, (7)

The attention-pooled sentence embedding is ob-
tained by a weighted average of token vectors
(Chen et al., 2023),

x̃
(L)
attn =

T∑

t=1

w
(L)
t ĥ

(L)
t . (8)

The embeddings computed with Equation 8 are
then used for all further experiments.

A.2 How cross-attention downsamples from T
tokens to S latents

For clarity we omit the batch dimension. Let the
layer-L hidden representation for a question be
Hq ∈ RT×dLLM . In one Funnel stage we use S
learnable query slots Qθ ∈ RS×dk and project keys
and values from Hq via K = HqWK ∈ RT×dk

and V = HqWV ∈ RT×dv . Cross-attention is then

CrossAttn(Qθ,K, V ) = σ

(
QθK

>
√
dk

)
V. (9)

By tracking the matrix dimensions, we see how
cross-attention compresses a sequence of token
states into a fixed number of latent slots.

Slogits =
QθK

>
√
dk

∈ RS×T , (10)

A = σ(Slogits) ∈ RS×T , (11)

Z = AV ∈ RS×dv . (12)

Thus T token states are compressed into S latent
vectors. Repeating this with progressively smaller
S (e.g., 64 → 16 → 1) results in a single sentence-
level vector.

A.3 Dataset Cards
We expand Section 4 by detailing origin, prepro-
cessing, splits, and each datasets role.

Korean Multiple Choice (BENCHHUB)
A broad-domain Korean multiple-choice-question
(MCQ) benchmark is included (Kim et al., 2025)
to test a language the Llama-3.1 8B backbone does
not list as supported (Grattafiori et al., 2024). This
dataset lets us investigate whether the clustering
is driven by low-resource language attributes or
topical content.

Orca agent instruct Open-domain QA
English question-answer pairs covering a wide va-
riety of topics such as math problems but also med-
ical and geopolitical questions (Mitra et al., 2024).
The open-generation format differs to the MCQ
and lets us test topic grouping without the multiple-
choice template.

English Medical MCQ
Clinical-knowledge questions in English (Jin et al.,
2020). Together with its Chinese counterpart be-
low, it lets us decouple domain (medicine) from
language.
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Method C 0 C 1 C 2 C 3 C 4 C 5 C 6 C 7

AVG Pooling Comm
0.342/19

Sci
0.300/1

Edu
0.201/2

Sci
0.467/1

Auto
0.877/1

Med
0.988/1

Travel
0.603/5

Med
0.965/1

Funnel Pooling Comm
0.599/10

Med
0.665/3

Med
0.539/3

Sci
0.447/3

Auto
0.908/3

Travel
0.899/15

Entert
0.791/14

Sci
0.392/1

Attn Pooling Comm
0.340/19

Med
0.969/1

Sci
0.303/1

Sci
0.467/1

Travel
0.599/5

Med
0.988/1

Auto
0.839/1

Edu
0.201/2

Pretrained Embedding Med
0.938/3

Sci
0.645/3

Travel
0.905/17

Auto
0.923/1

Biz
0.203/3

Entert
0.387/23

Sci
0.259/3

Med
0.991/2

Table 3: Cluster purity and language diversity. Each cell shows the cluster’s Topic (top) and purity / #Lang
(bottom).

Chinese Medical MCQ (CNMLEQA)
A medical multiple-choice benchmark in Chi-
nese that covers comparable clinical topics to the
English set, but with a different question pool
(Zonghui, 2025). If representations cluster by lan-
guage, it should separate from the English medi-
cal set, if they cluster by domain, the two should
merge.

Chinese Multi-domain MCQ (CMMLU)
A Chinese benchmark spanning a wide range of
topics (Li et al., 2023). We use it to test whether
topic overrides language when vocabulary overlaps
or if the task of MCQ is dominant in representation
formation.

Function-Call
Fifteen API intents (weather, routing, calendar, me-
dia DB) synthetically generated with GPT-4o-mini.
Because the data are unseen in pre-training, they
serve as an out-of-distribution check and reveal
whether representations capture structured intent.
It contains 42 different languages, including Per-
sian, Finnish and Vietnamese. To ensure a large di-
versity of inputs, we used seed information such as
randomly sampled city names for routing/weather
requests and randomly collected names for calen-
dar questions.

Automotive Manuals
We collected vehicle-owner manuals in PDF for-
mat and converted them to textonly markdown
with GPT-4o Vision. Each section heading and
its paragraph content were then transformed into
question answer pairs. This results in 10k domain-
specific QA pairs written in customer-facing lan-
guage rather than benchmark style. This dataset
lets us test whether representations cluster by a
highly technical automotive domain that is unlikely
to overlap with standard benchmarks.

A.4 FT Hyperparameters

For the Multi-Task adapter, we train for the same
fixed update budget and draw sample uniformly
from the seven datasets presented in Section 4. This
keeps training exposure comparable to the routed
setups. Unless stated otherwise, we use Llama-3.1-
8B-Instruct with LoRA rank r=16, dropout 0.05,
learning rate 2 · 10−4, B=8, A=1, and a fixed
budget S=2000. We select S based on the typical
cluster size in the training split (about 8K samples),
so that each adapter processes roughly two passes
over its training data (S · Beff ≈ 16K example
draws).

A.5 Cluster Flow Across Layers

To identify semantics, we track how samples from
each dataset flow into clusters across layers reading
merges and splits as evidence of what the repre-
sentation prioritizes (language/format vs topic/do-
main).

Average Pooling

Figure 7: Cluster Analysis across layers of Average
pooling for training set.

Average pooling preserves the dataset structure
with only little interchanges (see Fig. 7). It splits
the function call dataset into two groups. Given
Figure 4, it splits the function call dataset into non-
english and english samples indicating language
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driven domain formation.

Funnel Pooling

Figure 8: Cluster Analysis across layers of Funnel
pooling for training set.

Funnel Pooling creates representation that are
significantly mixed in datatype and language across
Layers as visible in Fig. 8. This is especially domi-
nant in middle layers. In combination with Figure
4, at Layer 15 we can see that three function call
clusters are driven by endpoint type and not by lan-
guage. Similar is the multilingual science cluster
consisting of english Chinese and Korean samples
which is stable from mid layers on.

Attention Pooling

Figure 9: Cluster Analysis across layers of Attention
pooling for training set.

Similar to average pooling, attention pooling
forms representations predominantly guided by the
structure of the original datasets. It also splits the
function calling dataset into two groups as visible
in Figure 9.

A.6 Attention Pooling Purity Layer 15
Similar to the Results presented in Section 6.1, we
analyzed the cluster purity for attention based pool-
ing in Layer 15. Figure 10 shows a similar trend
compared to average pooling. It also separates the
medical subset of the Chinese MC dataset from its
more general topic samples.

Figure 10: Purity analysis of Attention pooling at
layer 15.

A.7 Topic purity and question format mixing

Complementary to the analysis of the language
composition of the individual clusters, we also
present how the clusters are mixed with respect
to the question type. Figure 11 shows which ques-
tion format (Multiple Choice Questions (MCQ),
Function Calling (API), Question Answering (QA))
each cluster contains. While average pooling forms
clusters that are dominantly associated with a sin-
gle question format, Funnel and Qwen3-Emb.-8B
show a tendency to form clusters that are more
mixed with respect to question type. This mirrors
the trend observed in the language analysis and pro-
vides additional evidence that these representations
are less tied to dataset-specific surface features.

A.8 Timing Results Pooling

To isolate the contribution of pooling to prefill la-
tency, we report pooling runtimes in Figure 12.
Funnel pooling, which introduces roughly 300M
additional parameters in our 4-head configuration,
is slower than average pooling in isolation. Nev-
ertheless, as shown in Section 6, the overhead on
total prefill time is moderate because pooling ac-
counts for only a small portion of the full prefill
computation.

AVG Funnel Attn
Pooling Method

0

1

2

3

4

5

Ti
m

e
(m

s)

Pooling Phase Time

Figure 12: Isolated pooling time of different methods.
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Figure 11: Topic purity vs question format mix (L15). Each bar shows topic purity, while the color mix indicates
the clusters question format composition relative to the bar height. Avg pooling tends to form format-homogeneous
clusters, whereas Funnel pooling and Qwen3-Emb.-8B produce more format-mixed clusters, often with higher topic
purity.

A.9 LLM Judge results additional Layers
We have finetuned and evaluated every in model
pooling method across 5 layers. Complementary
to the results reported in Section 6 for Layers 15
and 23, Table 4 reports LLM-judge correctness
for all evaluated layers. Similar to the results pre-
sented in the main section of the paper, we see that
the average score is very similar across methods.
This highlights that representation choice allows
to increase topic driven domain structure without
sacrificing on downstream routing performance.

A.10 LLM Judge Results LoRA Plugin
scenario

Table 5 contains the detailed results shown in Fig-
ure 5. Across methods and Datasets, we see a
similar constant decrease of downstream task per-
formance with increasing extraction layer number.
This is caused be the reduced capacity available for
adjusting the model.
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Method Auto.
Manual

Function
Call

General
Chinese

Korean
MC

Chinese
Medical

English
Medical

Orca
Instr. Avg.

Llama-3.1-8B Inst. 0.25 0.01 ± 0.00 0.50 0.38 0.69 0.65 0.62 0.44

Pretrained k=8 0.48 0.97 ± 0.01 0.53 0.47 0.74 0.69 0.77 0.67

Multi-Task Adapter 0.34 0.96 ± 0.01 0.55 0.46 0.69 0.67 0.73 0.63

Human Clusters 0.47 0.97 ± 0.01 0.53 0.48 0.72 0.68 0.75 0.66

Attn L2 0.43 0.61 0.55 0.47 0.71 0.67 0.75 0.60

Attn L7 0.45 0.97 ± 0.01 0.54 0.44 0.73 0.68 0.76 0.65

Attn L11 0.46 0.97 ± 0.01 0.54 0.46 0.69 0.67 0.76 0.65

Attn L15 0.46 0.98 ± 0.01 0.53 0.46 0.72 0.68 0.76 0.66
Attn L23 0.47 0.97 ± 0.01 0.54 0.45 0.73 0.67 0.73 0.65

Attn L27 0.45 0.97 ± 0.01 0.54 0.44 0.72 0.65 0.74 0.64

AVG L2 0.45 0.96 ± 0.01 0.56 0.46 0.70 0.68 0.75 0.65

AVG L7 0.46 0.97 ± 0.01 0.54 0.46 0.72 0.68 0.76 0.66
AVG L11 0.48 0.97 ± 0.01 0.53 0.45 0.72 0.67 0.76 0.65

AVG L15 0.47 0.97 ± 0.01 0.55 0.48 0.73 0.68 0.77 0.66
AVG L23 0.46 0.97 ± 0.01 0.52 0.46 0.72 0.70 0.74 0.65

AVG L27 0.45 0.98 ± 0.01 0.56 0.46 0.71 0.69 0.74 0.65

Funnel L2 0.46 0.96 ± 0.01 0.53 0.46 0.70 0.68 0.73 0.65

Funnel L7 0.47 0.98 ± 0.01 0.53 0.46 0.71 0.69 0.76 0.65

Funnel L11 0.48 0.97 ± 0.01 0.52 0.45 0.71 0.67 0.75 0.65

Funnel L15 0.46 0.97 ± 0.01 0.54 0.47 0.68 0.69 0.75 0.65

Funnel L23 0.47 0.97 ± 0.01 0.55 0.45 0.70 0.69 0.77 0.66
Funnel L27 0.44 0.97 ± 0.01 0.55 0.45 0.72 0.68 0.75 0.65

Table 4: Per category LLM judge accuracy on the test set. Bold highlights best in model routing results, while
underlined results highlight global best performance. CI ranges are given in brackets. If the CI range is omitted it is
equal to +-0.03

Method Auto.
Manual

Function
Call

General
Chinese

Korean
MC

Chinese
Medical

English
Medical

Orca
Instr. Avg.

Attn L2 0.45 0.97 ± 0.01 0.53 0.46 0.72 0.67 0.75 0.65

Attn L7 0.43 0.97 ± 0.01 0.53 0.47 0.75 0.70 0.75 0.66
Attn L11 0.39 0.97 ± 0.01 0.52 0.48 0.73 0.70 0.72 0.64

Attn L15 0.38 0.97 ± 0.01 0.51 0.45 0.70 0.66 0.70 0.62

Attn L23 0.32 0.94 ± 0.01 0.49 0.43 0.68 0.64 0.65 0.60

Attn L27 0.31 0.94 ± 0.01 0.49 0.43 0.68 0.65 0.66 0.59

AVG L2 0.46 0.97 ± 0.01 0.54 0.47 0.70 0.69 0.76 0.66
AVG L7 0.43 0.97 ± 0.01 0.51 0.45 0.74 0.70 0.74 0.65

AVG L11 0.41 0.97 ± 0.01 0.52 0.46 0.71 0.69 0.71 0.64

AVG L15 0.37 0.96 ± 0.01 0.52 0.45 0.70 0.68 0.69 0.62

AVG L23 0.32 0.94 ± 0.01 0.49 0.43 0.67 0.65 0.66 0.59

AVG L27 0.30 0.95 ± 0.01 0.49 0.42 0.67 0.66 0.65 0.59

Funnel L2 0.47 0.96 ± 0.01 0.53 0.45 0.70 0.68 0.74 0.65

Funnel L7 0.43 0.97 ± 0.01 0.54 0.47 0.71 0.70 0.73 0.65

Funnel L11 0.42 0.96 ± 0.01 0.53 0.45 0.70 0.69 0.72 0.64

Funnel L15 0.37 0.96 ± 0.01 0.53 0.45 0.70 0.65 0.68 0.62

Funnel L23 0.32 0.95 ± 0.01 0.48 0.42 0.65 0.65 0.66 0.59

Funnel L27 0.32 0.94 ± 0.01 0.48 0.43 0.65 0.65 0.66 0.59

Table 5: Per category LLM judge accuracy on the test set in LoRA plugin scenario.. If the CI range is omitted
it is equal to +-0.03
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