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Abstract

Efficient deployment of large language mod-
els (LLMs) in production forces a trade-off be-
tween accuracy and cost. Operators often de-
fault to a single model that is either expensive
for easy queries or insufficient for hard ones. To
address this challenge, we propose a two-stage
cascaded solution. Stage 1 clusters incoming
queries and assigns each cluster to its most
cost-effective model. The cost budget for this
routing process is set by an interpretable hyper-
parameter, tuned offline. Stage 2 adds a quality
estimation (QE) cascade; when an output from
Stage 1 is judged low-quality, the query is es-
calated to a stronger model. This ensures only
hard or low-confidence cases reach the expen-
sive models. On the test datasets, the cascaded
system retains 97-99% of the strongest model’s
accuracy while reducing Time Per Output To-
ken (TPOT). It requires only task-correctness
labels and adapts to changes in the model pool
without manual reconfiguration.

1 Introduction

Open-weight LLMs now span a wide range of
sizes and cost-accuracy trade-offs, but production
deployments face a fundamental tension between
accuracy and serving efficiency. In practice, op-
erators typically select a single model, either the
strongest available for maximum accuracy, or a
smaller one for efficiency. Both extremes are waste-
ful, as stronger models over-invest on easy queries
while a small model underperforms on hard ones.

Model routing addresses this by directing each
query to the most appropriate model in a pool,
but existing systems typically require annotations
beyond standard task evaluation. Jointly optimis-
ing routing under an explicit inference cost budget
and recovering accuracy through post-generation
quality estimation, using only task-correctness la-
bels, remains underexplored (Moslem and Kelleher,
2026).

We propose a two-stage cascaded framework
that jointly optimises routing under a TPOT bud-
get and recovers accuracy through post-generation
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Figure 1: Two-stage cascaded routing system. Stage 1 clusters
incoming queries and applies cost-aware routing to a pool
of models. Stage 2 applies a QE classifier to outputs from
efficient models, escalating queries with low-quality responses
to a stronger model.

quality estimation, using only task-correctness la-
bels obtained from evaluating models on training
queries.

» Stage 1 — Clustering-based routing:

(1) Semantic clustering: k-means parti-
tions queries by semantic similarity into
coherent groups.

(i) Cost-aware routing: each model is
scored by its cost-adjusted error per clus-
ter via a single hyperparameter .

(iii)) Automatic A selection: \* is automati-
cally tuned on training data to satisfy a
user-specified TPOT budget B, and ap-
plied unchanged at test time.

* Stage 2 — Quality Estimation (QE) cascade:
a lightweight classifier inspects each efficient-
model output and re-routes queries with low-
quality responses to a stronger model. It is
trained on the same task-correctness labels
as Stage 1, adding accuracy recovery without
requiring any additional annotation.
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We evaluate on TeleQnA (Maatouk et al., 2025)
(telecommunications QA) and AIME 2024 (math-
ematical reasoning) using pools from the Qwen 3,
Qwen 3.5, and Gemma 4 families, confirming gen-
eralisation across domains: Stage 1+2 retains 97%
of the strongest model’s accuracy on TeleQnA; on
AIME 2024, it retains nearly all of the strongest
model’s accuracy at 18% lower TPOT.

2 Related Work

LLM routing and cascades. While model rout-
ing makes a single decision to map the query to one
model, model cascading operates sequentially, es-
calating to larger models when the initial response
is insufficient (Moslem and Kelleher, 2026). Hy-
bridLLM (Ding et al., 2024) trains a binary router
to direct queries to a small or large model by jointly
optimising cost and quality. RouteLLM (Ong et al.,
2025) learns a routing policy from human pref-
erence data; its routers include matrix factorisa-
tion and causal LLM classifiers trained on Chatbot
Arena data (Chiang et al., 2024). IRT-Router (Song
et al., 2025) applies item response theory to model
query difficulty and LLM ability jointly, combining
predicted correctness probability with cost into a
routing score for interpretable decisions. UniRoute
(Jitkrittum et al., 2026) addresses dynamic routing
where previously unseen LLMs become available
at test time, representing each model as a feature
vector derived from its predictions on a set of rep-
resentative prompts. Our framework also adapts to
model pool changes, but differs in two respects: we
automatically select A* to satisfy an explicit TPOT
budget rather than sweeping A over a monetary-
cost trade-off curve, and add a QE cascade for
post-routing accuracy recovery.

FrugalGPT (Chen et al., 2024) introduced
cascade-based LLM serving that queries a se-
quence of models adaptively, stopping when a qual-
ity threshold is reached. AutoMix (Aggarwal et al.,
2024) uses self-verification to decide escalation.
Firewall routing (Peng et al., 2025) blocks queries
from reaching small models when predicted fail-
ure rates are too high. While we share the goal of
cascaded LLM serving, our framework differs in
two ways: Stage 1 pre-routes hard queries directly
to the strong model under an explicit TPOT bud-
get, avoiding wasted efficient-model calls, while
Stage 2 uses a separate lightweight classifier trained
on task-correctness labels as a QE cascade.

Adaptive inference and quality estimation. Es-
timating output quality without a reference signal
enables adaptive decisions at inference time. Self-

REF (Chuang et al., 2025a) trains LLMs to emit
confidence tokens that trigger escalation, while
Chuang et al. (2025b) benchmark uncertainty-
driven routing from on-device SLMs to stronger
LLMs. CP-Router (Su et al., 2025) applies con-
formal prediction to route between standard LLMs
and large reasoning models based on output un-
certainty. Farinhas et al. (2025) propose quality-
aware deferral in a cascaded translation system,
escalating outputs when a quality estimator pre-
dicts failure; our Stage 2 applies the same deferral
principle across domains using task-correctness su-
pervision. Adaptive thinking-length control (Zhang
et al., 2025a,b) adjusts compute per query at the
level of reasoning steps rather than model selection.
Speculative decoding (Leviathan et al., 2023) ac-
celerates generation within a single model, while
our framework routes and escalates across models.

Efficient LLM deployment in telecom network.
Telecommunications is a demanding setting for
efficient LLM inference, where domain compe-
tence and serving efficiency are both first-order.
TeleQnA shows that general-purpose LLMs strug-
gle with standards questions, motivating telecom-
specialised models (Maatouk et al., 2025). The
field is shifting from human-in-the-loop co-pilots
toward autonomous multi-agent systems owning
the full lifecycle, from detection and diagnosis
to remediation and validation (Xiao et al., 2026;
NVIDIA, 2026). These always-on agents reshape
the serving problem; since they act on sensitive
operational data, their models must run on-premise,
avoiding external APIs to preserve data privacy and
sovereignty. High-volume concurrent events and
long-horizon workflows make per-token latency a
major constraint. Hence, our framework optimises
for TPOT, where low-TPOT models keep such au-
tonomous loops responsive on fixed compute. Rout-
ing with cascaded escalation fits naturally, as small
or domain-adapted models can handle routine sub-
tasks, while stronger reasoning models are reserved
for more challenging cases. Rather than commis-
sioning a new telecom-specialised model, such as
the roughly 30B Nemotron-based model fine-tuned
on telecom data (NVIDIA, 2026; AdaptKey, 2026),
our framework treats the on-premise pool as a de-
ployment substrate. It can reuse specialised mod-
els where they suffice (e.g. VibeThinker-1.5B (Xu
et al., 2025) trained for maths and coding) and ab-
sorb new ones through Pareto analysis and updated
routing tables, rather than expensive specialisation
cycles. Trained only from task-correctness labels,
it gives operators an interpretable knob trading ac-
curacy against inference cost.



3 System Overview

Figure 1 illustrates the full two-stage system. An
incoming query is encoded and assigned to a cluster
(Stage 1), then routed to one of several candidate
models based on a decision score. Outputs from ef-
ficient models are passed through the QE classifier
(Stage 2): accepted outputs are returned to the user;
queries with low-quality outputs are re-routed to a
stronger model.

Cluster centroids and per-cluster routing tables
are computed once offline from task-correctness
labels on the training corpus, the only annotation re-
quired, which is available from standard benchmark
evaluation. At inference, each query undergoes a
single embedding lookup and one arg min over the
model pool. Pool updates require only inference
on the existing training corpus, with no additional
annotation.

Without Stage 1, the QE cascade would need to
run an efficient model on every query before decid-
ing to escalate. Stage 1 avoids this by routing entire
clusters directly to a strong model where warranted,
reserving Stage 2 for per-query failures within clus-
ters assigned to an efficient model. Together, the
two stages span the routing design space from
pre-generation query routing to post-generation re-
sponse evaluation, addressing the multi-stage cas-
cade gap identified in prior work (Moslem and
Kelleher, 2026).

4 Stage 1: Clustering-Based Routing

4.1 Problem Formulation

Let M = {m1,...,mg} be a pool of candidate
models and C = {ci,...,cn} a partition of the
query space into NV clusters. For each model m
and cluster ¢, let Error(m, ¢) denote the empirical
error rate on training queries in that cluster. The
routing score is:

Score(m, ¢) = Error(m, ¢) + X - Costporm(m)
ey
where A > 0 controls the accuracy-latency trade-
off and Costyerm (m) normalises our primary ef-
ficiency metric, Time Per Output Token (TPOT),
over the pool:

~ TPOT(m) — TPOT iy
"~ TPOT.ax — TPOT in

The fastest model has Costyorm=0 and the slowest
has Costporm=1, making A directly interpretable
as the maximum tolerated error-rate penalty for
using the most expensive model. Each query is
routed to arg min,, Score(m, ¢), with ties broken
in favour of the faster model.

2

CoStnorm (m)

4.2 Clustering

We adopt the query-embedding clustering scheme
of Jitkrittum et al. (2026): queries are encoded with
all-MiniLM-L6-v2 (Wang et al., 2020) and then
clustered using k-means. The cluster count N is
selected by maximising the mean Silhouette score
(Rousseeuw, 1987) over k € [2,10]. Centroids
are fixed on training data; at inference each new
query is assigned to the nearest centroid in a single
embedding pass.

4.3 Pareto Analysis and Model Selection

A model m is Pareto-dominated if there exists
m’ such that TPOT(m') < TPOT(m) and
Error(m/, ¢) < Error(m, ¢) for all ¢, with at least
one strict inequality. Dominated models cannot
be selected by Equation 1 for any A and are dis-
carded. When new models arrive, Pareto analysis
is re-run automatically. On TeleQnA (Section 7.2),
this pruning reduces the four-model pool to two
Pareto-efficient candidates.

4.4 Crossover Points and Routing Regions

For any pool of K models and N clusters,
sweeping A from 0 upwards produces routing-
region boundaries where the arg min,,, assignment
changes for at least one cluster; between bound-
aries a fixed routing strategy holds. For K>2,
these boundaries are identified numerically via the
arg min,, sweep; this applies, for instance, to Tele-
QnA’s four-model pool (Section 7.2). For K=2,
the boundary for each cluster has the closed form:

Ae = Error(mygagt, ¢) — Error(metrong, ¢)  (3)

This simplification holds since Costyopm (Mgast ) =0
and Costporm (Mstrong)=1, making the cost-
difference denominator equal to 1. For A < A,
the larger model is preferred (lower penalty on
inference cost); above it the efficient model is pre-
ferred (higher penalty on inference cost). With N
clusters, the NV crossover points define N+1 fully
interpretable routing regions; all A values within a
region yield the same cluster-to-model assignment.
Figure 2 illustrates the four regions for the AIME
2024 two-model pool.

4.5 ) Selection
Given a cost budget B, the optimal A is:

A* = argmax{Acc(\) | TPOT(\) < B} (4)
A

where Acc(A) and TPOT () denote system accu-
racy and average TPOT under routing strategy A,
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Figure 2: Routing regions for the AIME 2024 two-model
pool. As the inference cost penalty A increases, clusters
flip from Qwen3-30B-A3B-Thinking-2507-FP8 (Q3-30B) to
VibeThinker-1.5B (V) at the indicated crossover points; C1
flips first (smallest Q3-30B advantage) and C2 last (largest).

selected on training data and applied unchanged
at test time. B is a user-specified deployment tar-
get, where we adopt B=20 ms in the experiments.
We define an efficiency metric quantifying accu-
racy cost per millisecond saved relative to the A=0
baseline (routing all queries to the strong model):

Acc(0) — Acc(N)

"N = Tpor) oty O

Lower 7 indicates a more favourable trade-off.

5 Stage 2: Quality Estimation Cascade

The Quality Estimation (QE) cascade routes
queries through an efficient model first, escalating
to a more costly, stronger model only when output
quality is deemed insufficient. Stage 1 routing is
applied at the cluster level: the same model handles
all queries in a cluster. For clusters (queries) routed
to an efficient model, completions may still be of
poor quality, limited by efficient models capability.
Stage 2 inspects each completion post-generation
and re-routes the query to a stronger model when
required.

5.1 QE Classifier

We fine-tune ModernBERT-base (Warner et al.,
2025) as a binary classifier with labels accept and
escalate. The input combines the query, the model
output, and the generation length; training labels
are derived from task-correctness of the efficient
model’s output. Dataset-specific input formats,
training data, and hyperparameters are detailed in
Appendix C. At inference, the arg max over class
probabilities determines acceptance or escalation
to a stronger model.

5.2 Cascade Integration

Stage 2 is applied only to outputs from efficient
models. Outputs already produced by a strong
model bypass the classifier, preserving Stage 1 la-
tency savings. Relative to generation, the classifier
adds only a small per-token cost, quantified in Ap-
pendix F.

6 Datasets and Model Pool

We evaluate on two datasets spanning different do-
mains, query volumes, and model pools to confirm
that the framework generalises beyond any single
setting. The contrasting test-set scales (30 vs. 1,000
queries) are deliberate: TeleQnA provides statisti-
cal robustness while AIME provides a challenging
fixed-competition benchmark in the Mathematics
domain.

AIME 2024. The American Invitational Mathe-
matics Examination dataset provides 921 training
queries (AIME 1983-2023) and 30 test queries
(AIME 2024), the full fixed competition set for this
benchmark. Silhouette analysis selects 3 clusters.
The primary model pool consists of VibeThinker-
1.5B (hereafter V) (Xu et al., 2025), trained for
maths and coding, and Qwen3-30B-A3B-Thinking-
2507-FP8 (hereafter Q3-30B) (Yang et al., 2025).
In the extensibility experiment (Appendix B), we
further consider Qwen3-4B-Thinking-2507-FP8
and Qwen3.5-35B-A3B-FP8§ (Yang et al., 2025).

TeleQnA. TeleQnA (Maatouk et al., 2025) is a
multiple-choice QA benchmark for the telecommu-
nications domain. We use 9,000 training queries
and 1,000 test queries; Silhouette analysis identifies
2 clusters. The initial model pool contains Qwen3-
4B-Instruct (Yang et al., 2025) (Q3-4B), Gemma4-
E2B-it (G-E2B), Gemma4-26B-it (G-26B), and
Gemma4-E4B-it (Kamath et al., 2025) (G-E4B).

7 Experiments and Results

We evaluate Stage 1 routing and Stage 2 QE cas-
cade on both AIME 2024 and TeleQnA. The com-
bined Stage 1+2 system is then compared against
single-model baselines.

7.1 Stage 1 - AIME 2024

VibeThinker (V) is a fast model trained for maths
and coding but still less accurate than Qwen3-
30B-A3B (Q3-30B) which is larger and slower.
Per-cluster training performance is shown in Ta-
ble 1. The three crossover points (Equation 3)
are \g=0.067, A1=0.052, A\o=0.099, defining four
routing regions (cf. Figure 2 and Table 2).

Table 2 shows routing performance on the train-
ing data, with one representative A per routing
region. With a TPOT budget B=20 ms, Equa-
tion 4 selects A*=0.06: C1, where Q3-30B’s accu-
racy advantage over V is smallest (crossover point
A1=0.052), is assigned to V, and CO and C2 to
Q3-30B. Concretely, at A=0.06, V scores 0.083 on
C1 versus Q3-30B’s 0.091, while Q3-30B wins CO
(0.123 vs. 0.130) and C2 (0.143 vs. 0.182).



Co C1 C2
VibeThinker-1.5B (V)
TPOT (ms)  9.282 9.348 8.825
Error 0.130 0.083 0.182
Owen3-30B-A3B-FP8 (Q3-30B)
TPOT (ms) 23.419 24.070 26.620
Error 0.063 0.031 0.083

Table 1: Per-cluster model performance on AIME training set.

A Co C1 C2 Acc TPOT (ms) n
0.00 Q3-30B Q3-30B Q3-30B 94.4% 24.8 —
0.06 Q3-30B \% Q3-30B  92.1% 184 0.36
0.07 \% \% Q3-30B  90.7% 154 0.39
0.10 \Y% \% v 87.3% 9.2 0.46

Table 2: Routing strategies on the AIME training set for se-
lected A values. CO/C1/C2 indicate the model assigned to each
cluster.

Table 3 reports routing behavior across A values
on the AIME 2024 test set. Performance closely
mirrors training trends, validating A selection on
training data. At A=0.06, TPOT is reduced by
19% (from 11.8 to 9.5 ms) at a cost of 2.7% accu-
racy (89.1% — 86.4%). Full strategy comparisons
including the combined Stage 1+2 system are in
Table 7.

A Co C1 Cc2 Acc (%) TPOT (ms) n
0.00 Q3-30B Q3-30B Q3-30B 89.1 11.8 —
0.06 Q3-30B v Q3-30B 86.4 9.5 1.17
0.07 \ v Q3-30B 81.1 7.6 1.90
0.10 v \% \% 76.1 4.8 177

Table 3: Routing assignments by A on the AIME 2024 test set.

7.2 Stage 1 - TeleQnA

Per-cluster training performance for all four mod-
els is reported in Table 4. Figure 3 shows Pareto
analysis of the four-model pool. G-E2B is domi-
nated by Q3-4B (lower TPOT and lower error on
both clusters); G-E4B is dominated by G-26B. The
surviving pool is Q3-4B and G-26B.

A Co C1 Acc (%) TPOT (ms) n
0.00 G-26B G-26B 76.4 24.5 —
0.07 Q3-4B G-26B 71.2 19.1 0.96
0.08 Q3-4B Q3-4B 66.9 15.1 1.01

Table 6: Routing assignments by A on the TeleQnA test set.

Table 5 shows training-set routing performance,
with one representative A per routing region. With
budget B=20 ms, A*=0.07, assigning CO to Q3-
4B and CI1 to G-26B (n = 0.63 pp/ms). Con-
cretely, at A=0.07, Q3-4B scores 0.297 on CO ver-
sus G-26B’s 0.301, while G-26B wins C1 (0.324

Model TPOT (ms) CO0Error C1 Error Pareto
Q3-4B 15.357 0.297 0.329 efficient
G-E2B 20.337 0.339 0.390 dominated
G-26B 25.963 0.231 0.254 efficient
G-E4B 26.827 0.332 0.293 dominated

Table 4: Per-cluster model performance on the TeleQnA train-
ing set.
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Figure 3: Pareto analysis of the TeleQnA model pool on
training data. Dominated models (x) are pruned; Pareto-
efficient models (*) form the routing pool.

vs. 0.329). Table 6 reports routing behaviour across
A values on the TeleQnA test set; performance mir-
rors training trends, validating A selection on train-
ing data. Full strategy comparisons including the
combined Stage 142 system are in Table 8.

7.3 Stage 1+2: AIME 2024

At A=0.06, Stage 1 routes C1 (10 of 30 test queries)
to VibeThinker; CO and C2 go directly to Q3-30B
and bypass the QE classifier.

Averaged over 5 runs, the classifier escalates an
average of 0.6 queries per run from VibeThinker
to Q3-30B on C1. C1 accuracy rises to 96% (from
90.0% under Stage 1 alone) with negligible addi-
tional TPOT. The overall system achieves 88.4%
accuracy at 9.7 ms TPOT.

Table 7 and Figure 4a compare all systems on
the AIME 2024 test set. Stage 2 recovers 2.0%
accuracy at a cost of only 0.2 ms additional TPOT.
The combined system lies on the Pareto frontier and
is within 0.7% of always using Q3-30B while being
2.1 ms (18%) faster. An ablation study (removing
Stage 1 routing phase) that isolates QE classifier’s

A Co C1 Acc (%) TPOT (ms) n
0.00 G-26B G-26B 759 26.0 —
0.07 Q3-4B G-26B 72.1 19.9 0.63
0.08 Q3-4B Q3-4B 69.0 15.4 0.66

Table 5: Routing strategies on the TeleQnA training set for
selected A values.
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(b) TeleQnA: Stage 142 achieves 74.3% at 23.8 ms, recovering
3.1 pp over Stage 1 alone.

Figure 4: Cost-accuracy trade-offs on the AIME 2024 and TeleQnA test sets. Stage 1+2 lies on the Pareto frontier in both cases.

ability to correctly decide whether to route to a
stronger model is reported in Appendix D.

Strategy Accuracy TPOT (ms)
Always Q3-30B 89.1% 11.8
Stage 1 only (A=0.06, Q3-30B/V/Q3-30B) 86.4% 9.5
Stage 1+2 (A=0.06, QE on C1) 88.4% 9.7
Always V 76.7% 4.8

Table 7: Routing strategy comparison on the AIME 2024 test
set. Stage 1+2 recovers 2.0% accuracy over Stage 1 alone, to
be within 1% of the strongest model accuracy at 18% lower
latency.

7.4 Stage 1+2: TeleQnA

At A=0.07, Stage 1 routes CO (590 of 1,000 test
queries) to Q3-4B; C1 goes directly to G-26B and
bypasses the QE classifier.

The classifier escalates on average 202 of 590
CO0 queries per run from Q3-4B to G-26B, raising
CO accuracy from 68.9% to 74.0%. The overall
system achieves 74.3% accuracy at 23.8 ms TPOT.
Table 8 and Figure 4b compare all systems on the
TeleQnA test set.

Strategy Accuracy TPOT (ms)
Always G-26B 76.4% 24.5
Stage 1 (A=0.07, Q3-4B/G-26B) 71.2% 19.1
Stage 1 +2 (A=0.07, QE on C0) 74.3% 23.8
Always Q3-4B 66.9% 15.1

Table 8: Routing strategy comparison on the TeleQnA test set.
Stage 1+2 recovers 3.1 pp accuracy over Stage 1 alone while
remaining faster than always using the stronger model.

Stage 2 recovers 3.1% accuracy over Stage 1
alone at a cost of 4.7 ms additional TPOT. The com-
bined system is within 2.1% of always using G-26B
while being 0.7 ms faster, with Q3-4B handling
59% of queries. Of the 202 escalations per run,
about 104 are false positives (correct answers es-
calated unnecessarily) and the rest, 98 (=202-104),

are true positives; the classifier also accepts 85 in-
correct answers as false negatives (Appendix E.2).
The true-positive escalations drive the accuracy re-
covery, but the 51% false discovery rate means the
gain comes with unnecessary escalations. Overall,
the cascade recovers 3.1 pp accuracy over Stage 1
at an additional 4.7 ms TPOT.

8 Conclusion and Future Work

The results show that model-pool efficiency can
be improved without committing to either a single
strong model or a learned router tied to a fixed pool.
Cluster-level routing selects a budget-feasible op-
erating point from task-correctness labels, while
selective QE escalation recovers much of the accu-
racy lost on clusters assigned to efficient models.
In this setting, that combination keeps the system
within 0.7 pp of the strongest model on AIME 2024
at 18% lower TPOT, and within 2.1 pp on TeleQnA,
while preserving a simple path for adding or remov-
ing models through Pareto analysis.

The current framework generalises to any model
pool size; hence, scaling to larger model pools is
a natural next step. In a multi-model cascade the
A table provides a natural escalation order, since
decreasing A corresponds to increasing model capa-
bility. Future work also includes extending the QE
cascade to multi-class decisions (accept, escalate,
or request additional reasoning), online adaptation
of \ to query distribution shift, and incorporating
additional efficiency metrics.
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Limitations

Cluster centroids and routing tables are computed
offline and do not adapt to query distribution shift
at inference time; updating them requires collect-
ing new task-correctness labels and re-running the
pipeline.

We use TPOT as the primary serving-efficiency
metric and as the cost term in routing. TPOT cap-
tures decoding speed but does not include queueing,
prefill, TTFT, network overhead, batching effects,
or end-to-end latency under load. In the future, we
would like to incorporate other metrics into our
framework. The framework assigns a single rea-
soning mode per dataset. In domains where only a
subset of queries require extended chain-of-thought
reasoning, output lengths vary considerably within
the same cluster. In such cases, TPOT alone may
be an incomplete latency proxy, and additional
metrics such as request throughput (requests per
second) should be considered alongside error rate
and latency. Moreover, TPOT measurements are
specific to the 2xA100 SXM 80 GB setup used
here. When loading FP8 models on A100, vLLM
operates in W8A16 mode (FP8 weights, BF16
activations); on H100 with full W8AS8 FP8 sup-
port, large-model throughput can improve by up to
~1.6x, which would shift the Pareto frontier and
potentially change the optimal X selection. The
efficiency metric 7 does not account for hardware-
specific batching dynamics.

The framework requires all candidate models
to be simultaneously resident in GPU memory; in
VRAM-constrained deployments the addressable
model pool must be restricted to fewer or smaller
models, reducing routing flexibility.

Ethical Considerations

This work evaluates publicly available models on
publicly available benchmarks. No personally iden-
tifiable information is used. Routing frameworks
that reduce inference cost may lower the barrier
to deploying capable models, with both positive
(accessibility and energy savings) and negative (in-
creased deployment at scale) implications.
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A Inference Setup

Server configuration. All experiments use
vLLM Server (Kwon et al., 2023) on 2x A100
SXM 80GB GPUs. The maximum generation
length is 40,960 tokens for AIME (extended
chain-of-thought output) and 1,024 tokens for
TeleQnA. Following vLLM recommendations,
—max-model-1len is configured to account for both
input and output lengths. Requests are served with
—max-concurrency 32 and -seed @ for repro-
ducibility. We averaged accuracy and TPOT over 5
runs on each dataset.

Sampling parameters. For AIME models op-
erating in thinking mode (VibeThinker-1.5B and
Qwen3-30B-A3B), we follow the Qwen team’s rec-
ommended settings: temperature 0.6, top-p 0.95,
top-k 20, and min-p 0. For TeleQnA models
(Qwen3-4B-Instruct and Gemma4-26B-it), which
operate without explicit reasoning, we use the rec-
ommended non-thinking settings: temperature 0.7,
top-p 0.8, top-k 20, and min-p 0. To account for
the nondeterministic feature of LLMs, inference is
run over datasets 5 times, and then accuracy and
TPOT scores are averaged over the 5 runs.

Model reasoning modes. Sophisticated chain-of-
thought reasoning primarily improves performance
on complex maths and logic tasks, with limited
gains for other tasks (Wei et al., 2022; Sprague
et al., 2025). For the AIME dataset, VibeThinker-
1.5B and Qwen3-30B-A3B generate explicit chain-
of-thought reasoning wrapped in <think> tags. For
the TeleQnA dataset, Qwen3-4B-Instruct produces
direct answers without think tags, and Gemma4-
26B-it has thinking disabled. For both models, we
encourage generation of an “explanation” before
generating the numerical answer. When we tried
to enable the reasoning mode for Gemma4-26B-it
for the TeleQnA dataset, the accuracy gain was
minimal (=3 pp) compared to just asking for the
brief explanation; however, the output was much
longer with explicit reasoning, which resulted in
several times slower request throughput. Hence,
we concluded that explicitly enabling reasoning is
both unbeneficial and inefficient for the TeleQnA
dataset.

Model Prompts

All models receive the dataset question as their
user prompt, with a dataset-specific instruction ap-
pended to standardise the output format.

AIME prompt suffix. The following suffix is
appended after each AIME question:

\n\nThink briefly about the approach, then provide
your final answer as a number.

TeleQnA prompt suffix. The following suffix is
appended after each TeleQnA question:

\nProvide the answer in the following format:
Explanation: <one_sentence_explanation>
Answer: <choice_number_only>

@. F1 interface

E2 interface

CPRI interface

01 interface

A1 interface

A wN =

The answer choices shown are illustrative; the
actual choices are substituted per question from the
dataset.

B Framework Extensibility: AIME Pool
Expansion

The framework is designed to handle a changing
model pool without manual reconfiguration. When
a new model is introduced, Pareto analysis reruns
on the existing training corpus and either discards
the new model as dominated or promotes it into the
routing pool, updating routing tables automatically.
We demonstrate both cases by extending the two-
model AIME pool (V, Q3-30B) with Qwen3-4B-
Thinking-2507-FP8 and Qwen3.5-35B-A3B-FP8.

Table 9 shows per-model statistics for the exten-
sibility experiment on AIME 2024.

Dominated model (Qwen3-4B). Qwen3-
4B-Thinking-2507-FP8 (avg. TPOT 24.99 ms,
Costnorm=1.019) has strictly higher error rates
than Q3-30B in all clusters. It is Pareto-dominated
and never selected for any .

Pareto-superior model (Qwen3.5-35B-
A3B-FP8). Q3.5 (avg. TPOT 17.24 ms,
Costnorm=0.52) achieves lower error rates than
both V and Q3-30B in all clusters; at A=0.06 it
wins all three. Table 10 shows a Pareto improve-
ment over the two-model configuration: 89.3%
accuracy at 11.0 ms vs. 86.4% at 9.5 ms, and a
small improvement over always using Q3-30B
(89.1% at 11.8 ms).

C QE Cascade Classifiers

We fine-tune ModernBERT-base (Warner et al.,
2025) as a binary sequence classifier with labels
Accept (the efficient model’s answer is correct) and
Route (escalate to the strong model).

Input format. For AIME, the classifier
receives the concatenation [query]  [SEP]
[model_output] [SEP] [num_output_tokens],
where the model output is truncated to the last



Model Costnorm COErr C1Err C2Err
V-1.5B 0.000 0.130 0.083 0.182
Q3.5-35B 0.520 0.046 0.042 0.077
Q3-30B 1.000 0.063 0.031 0.083
Q3-4B™ 1.019 0.090 0.054 0.147

*Pareto-dominated: never selected for any A.

Table 9: Per-model statistics for the AIME extensibility experi-
ment (training data). Costyorm normalises TPOT over the two-
model base pool (V and Q3-30B). Q3-4B has CoStnorm>1
and higher per-cluster error than Q3-30B in all clusters, mak-
ing it Pareto-dominated.

Train Acc  Train TPOT  Test Acc  Test TPOT

Always Q3-30B 94.4% 24.8 ms 89.1%
2-model A=0.06 (Q3-30B/V/Q3-30B) 92.1% 18.4 ms 86.4%
3-model A=0.06 (Q3.5x3) 94.5% 17.3 ms 89.3%
87.3% 9.2 ms 76.7%

Configuration

Always V

Table 10: Extensibility: two-model vs. three-model routing
on AIME 2024. Adding Qwen3.5-35B-A3B-FP8§ (Q3.5) pro-
duces a Pareto improvement over the two-model configuration
on both train and test.

1,000 words. Including the output-length token
makes the chain-of-thought length (a proxy
for model confidence) directly available to the
classifier. TeleQnA model outputs are considerably
shorter (average 29 words / 40 tokens on the test
set, median 28 words / 38 tokens); no truncation is
applied.

Label construction. Labels are derived from the
efficient model’s exact-match accuracy on each
training query: a correct answer is labelled Accept
(1) and an incorrect answer is labelled Route (0).
Class imbalance is addressed with class-weighted
CrossEntropylLoss.

Training data. For AIME, training examples
are drawn from AIME 1983-2023 (921 queries),
with model outputs from both VibeThinker-1.5B
and Qwen3-4B-Instruct (1 run each), yielding
921 x 2 = 1,842 examples. For TeleQnA, train-
ing examples are drawn from 9,000 queries with
outputs from Qwen3-4B-Instruct across 5 runs
(9,000 x 5 = 45,000 examples).

Hyperparameters. Both classifiers are trained
with AdamW (fused implementation), batch
size 64, and up to 10 epochs with early stopping
(patience 4, best model selected by macro-F1).
Learning rates are 5e-5 (AIME) and 2e-5 (Tele-
QnA, chosen by experimentation).

D QE Classifier Ablation (AIME)

As an ablation, we isolate the QE classifier’s contri-
bution independently of Stage 1 routing decisions.
All 30 AIME 2024 test queries are first handled
by an efficient model; the classifier then decides

10

which outputs to escalate to Q3-30B, without any
cluster-level pre-routing. This separates the classi-
fier’s quality signal from the routing benefit already
obtained in Stage 1.

Table 11 shows results for two efficient models.
The VibeThinker cascade achieves classifier accu-
racy 0.97 and raises system accuracy from 0.80 to
0.93 with 7 escalations. The Qwen3-4B cascade es-
calates more (14/30, reflecting its lower baseline),
achieving system accuracy 0.90 with classifier ac-
curacy 0.87.

Efficient model Routed /30  System Accuracy
VibeThinker-1.5B (baseline) — 0.80

+ QE cascade 7 0.93
Qwen3-4B-Instruct (baseline) — 0.60

+ QE cascade 14 0.90

Table 11: Standalone QE cascade results on AIME 2024 (30
queries). Each configuration starts all queries at the efficient
model. The QE classifier decides which outputs to escalate
to Qwen3-30B-A3B-FP8 (Q3-30B). “Routed” is the number
escalated.

This ablation confirms that the QE classifier is a
valuable component on its own. The two-stage
setup is more efficient overall: Stage 1 avoids
wasted generations by routing hard queries directly
to the strong model before any efficient-model in-
ference, while Stage 2 recovers residual accuracy
losses. Neither stage alone achieves the latency—
accuracy balance of the combined system.

E QE Cascade Per-Run Results

E.1 AIME

Table 12 shows per-run statistics for the QE cas-
cade on AIME C1 (10 queries) under the com-
bined Stage 142 system. Each row corresponds to
one VibeThinker-1.5B inference run; Q3-30B ac-
curacy on escalated queries is itself averaged over
5 Q3-30B inference runs to obtain a stable esti-
mate. The outcomes are near-deterministic: runs
(0-2 each escalate exactly one query (FP=0, FN=0,
C1 Acc=10/10) and runs 3—4 escalate none (FP =0,
FN =1, C1 Acc=9/10), reflecting the small cluster
size.

E.2 TeleQnA

With 590 CO queries, the TeleQnA results yield
meaningful run-to-run variance.

Table 13 reports per-run statistics for the QE
cascade on TeleQnA CO (590 queries). CO ac-
curacy ranges from 73.4% to 74.5% across runs
(spread: 1.1 pp), confirming the stability of the
classifier. The false discovery rate (the fraction



Run Routed FP/FN Q3-30B Acc Cl1 Acc
Run 0 1 0/0 1”7 10/10
Run 1 1 0/0 1/1 10/10
Run 2 1 0/0 171 10/10
Run 3 0 0/1 — 9/10
Run 4 0 0/1 — 9/10
Avg 0.6 0/0.4 96 %

Table 12: Per-run QE cascade results on AIME C1 (10 queries,
5 runs X 5 reps). VibeThinker-1.5B outputs are classified
by ModernBERT; rejected outputs are escalated to Q3. FP:
correct VibeThinker answers unnecessarily escalated; FN:
incorrect VibeThinker answers accepted by the classifier. Q3-
30B Acc is the accuracy of Q3-30B on the escalated set (cor-
rect/total escalated); “— indicates no escalations occurred.
C1 Acc is the overall C1 cluster accuracy after the cascade.

of escalations that are correct Q3-4B answers es-
calated unnecessarily) averages 104/202.4 ~51%,
indicating that the classifier errs on the side of cau-
tion. The TPOT cost of these escalations is partly
offset by the accuracy recovered after roughly 98
true-positive detections per run (202.4 — 104). The
classifier additionally accepts on average 85 incor-
rect answers per run (false negatives, Table 13).
Approaches to improving classifier quality include
using more data or training ModernBERT-large
instead of ModernBERT-base.

Run Routed FP/FN G-26B Acc CO0 Acc
Run 0 199 100/86 0.671 74.3%
Run 1 205 112/90 0.683 73.7%
Run 2 206 106/83 0.662 74.1%
Run 3 200 96/80 0.649 74.5%
Run 4 202 104/84 0.638 73.4%
Avg 202.4 104/85 74.0 %

Table 13: Per-run QE cascade results on TeleQnA CO (590
queries, 5 runs X 5 reps). Q3-4B outputs are classified by
ModernBERT; rejected outputs are escalated to G-26B. FP:
correct Q3-4B answers unnecessarily escalated; FN: incorrect
Q3-4B answers accepted by the classifier. G-26B Acc is
measured over the escalated set (TP + FP), which is dominated
by hard TP queries, explaining the lower values relative to its
overall accuracy of 0.777.

F Routing and Cascading Overhead
Analysis

Clustering and routing overhead. Clustering
and routing decisions add negligible latency to in-
ference. At query time, each input is assigned to
the nearest centroid via a single all-MiniLM-L6-v2
embedding pass (/214,200 sentences/s on a single
GPU); the subsequent arg min over the model pool
is an in-memory lookup with negligible cost.

QE classifier overhead. Across 5 runs on Tele-
QnA CO0 (2,950 classifications total), the classifier
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processes queries at an average of 48.3 queries/s
(107.7 s wall-clock time), corresponding to approx-
imately 20.7 ms per query. This figure reflects se-
quential (batch size 1) inference in float32; batched
execution or mixed-precision (bfloat16) inference
would reduce this overhead. TeleQnA CO outputs
average 39.5 tokens per query (median 38.0), so
the classifier adds approximately 0.52 ms per out-
put token, small relative to the 15-25 ms/token
generation TPOT in this setup. For efficiently train-
ing ModernBERT, we recommend enabling flash
attention.
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