RouteNLP: Closed-Loop LLM Routing with Conformal Cascading
and Distillation Co-Optimization

Dongxin Guo', Jikun Wu?, Siu Ming Yiu'

'The University of Hong Kong

2Stellaris Al Limited

bettyguo@connect.hku.hk, hk950014@connect.hku.hk,
smyiu@cs.hku.hk

Abstract

Serving diverse NLP workloads with large lan-
guage models is costly: at one enterprise part-
ner, inference costs exceeded $200K/month de-
spite over 70% of queries being routine tasks
well within the capability of smaller models.
We present ROUTENLP, a closed-loop frame-
work that routes queries across a tiered model
portfolio to minimize cost while satisfying per-
task quality constraints. The framework in-
tegrates three components: a difficulty-aware
router with shared task-conditioned represen-
tations trained on preference data and qual-
ity signals; confidence-calibrated cascading
that uses conformal prediction for distribution-
free threshold initialization; and a distillation-
routing co-optimization loop that clusters es-
calation failures, applies targeted knowledge
distillation to cheaper models, and automati-
cally retrains the router, yielding over twice the
cost improvement of untargeted distillation. In
an 8-week pilot deployment processing ~5K
queries/day at an enterprise customer-service
division, ROUTENLP reduced inference costs
by 58% while maintaining 91% response accep-
tance and reducing p99 latency from 1,847 ms
to 387 ms. On a six-task benchmark spanning
finance, customer service, and legal domains,
the framework achieves 40-85% cost reduc-
tion while retaining 96-100% quality on struc-
tured tasks and 96-98% on generation tasks,
with human evaluation confirming that 74.5%
of routed generation outputs match or exceed
frontier-model quality.

1 Introduction

LLMs have proliferated quickly, and enterprise
teams now face a sharp tradeoff: models span-
ning orders of magnitude in cost and capability
are available, from lightweight distilled models
costing fractions of a cent to frontier models cost-
ing dollars per thousand tokens (Chen et al., 2024).
Financial institutions (Wu et al., 2023), travel plat-
forms (Zhang et al., 2025), and customer service

operations all face the same tension: how fo deliver
consistent quality while minimizing inference costs
under strict latency constraints.

This paper arose from a concrete production
need. Working with an enterprise partner in fi-
nancial services, we observed NLP serving costs
exceeding $200K/month, yet over 70% of queries
were routine tasks that did not require frontier
model capabilities. Across enterprise domains (fi-
nance, customer service, legal), only 25-35% of
queries require frontier models, reflecting a heavy-
tailed difficulty distribution that ROUTENLP ex-
ploits (see Appendix A for detailed deployment
scenarios). For example, extracting standard enti-
ties from templated SEC filings is straightforward
for small models, while summarizing novel regula-
tory guidance demands frontier capabilities; simi-
larly, in customer service, over 70% of queries are
routine (order status, FAQ matching) where small
models suffice.

Existing routing approaches have critical limita-
tions for enterprise deployment: they are typically
evaluated on single benchmarks (Ong et al., 2024;
Ding et al., 2024), ignore production constraints
such as latency SLAs (Chen et al., 2024), and most
importantly decouple the router from the model
portfolio, treating the set of available models as a
fixed input rather than a learnable artifact. The re-
cent unified framework of Dekoninck et al. (2025)
provides theoretical foundations, but a gap remains
between academic frameworks and production sys-
tems. ROUTENLP’s central contribution is to break
the fixed-portfolio assumption by closing the loop
between routing failures and the portfolio itself:
escalation logs are clustered, used to generate tar-
geted distillation data, folded back into cheaper-
tier models, after which the router and conformal
thresholds are recalibrated. This change yields over
twice the cost reduction of untargeted distillation
at equal data volume (21.7% vs. 9.4%, §5) and is,
to our knowledge, the first such loop validated in a



multi-week production deployment.
Our specific contributions are:

* A closed-loop distillation-routing co-
optimization loop (§3.3) that clusters escalation
failures, applies targeted knowledge distillation
to cheaper tiers, and automatically retrains the
router. At equal data volume, this yields over 2x
the cost gain of untargeted distillation.

¢ A multi-task difficulty-aware router (§3.1)
with shared task-conditioned representations,
trained jointly on preference data and per-task
quality signals so that a single encoder can learn
task-dependent difficulty patterns.

¢ Confidence-calibrated cascading (§3.2) that
uses conformal risk control to initialize thresh-
olds in a distribution-free manner. We are explicit
about its caveats: the guarantee is marginal rather
than per-query, and distribution shift can violate
it.

¢ A six-task multi-domain benchmark (finance,
customer service, legal) and an 8-week pilot de-
ployment (~5K queries/day) that validates the
simulation predictions to within a 4-point gap
on cost reduction (62% benchmark, 58% pilot;

§4-86).
2 Related Work

LLM Routing and Cascading. Model routing
was pioneered by Chen et al. (2020) and ex-
tended to LLMs by Chen et al. (2024). Subse-
quent work trained routers on human preference
data (Ong et al., 2024), introduced tunable qual-
ity thresholds (Ding et al., 2024), formulated rout-
ing as a POMDP (Aggarwal et al., 2024), and
used meta-modeling for per-query performance
prediction (Sakota et al., 2024; Shnitzer et al.,
2023; Nguyen et al., 2024). RouterBench (Hu
et al., 2024) established systematic evaluation.
Dekoninck et al. (2025) showed that optimal serv-
ing lies on a continuum between pure routing
and cascading; ROUTENLP’s design is consistent
with this analysis. Industry systems such as Mi-
crosoft’s Copilot routing (Varangot-Reille et al.,
2025) demonstrate production adoption. For cas-
cading, Varshney and Baral (2022) demonstrated
up to 88.9% savings, Gupta et al. (2024) proposed
token-level uncertainty for deferral, and Yue et al.
(2023) combined cascading with diverse reasoning.
Our work extends this literature to multi-task enter-
prise settings with SLA awareness and distillation
co-optimization. A detailed feature comparison

with prior systems is in Appendix B.

Uncertainty, Distillation, and Efficient Serving.
Principled deferral requires reliable confidence es-
timates; conformal prediction (Blot et al., 2025;
Quach et al., 2024) and semantic entropy (Kuhn
et al., 2023) provide calibrated or distribution-
free approaches. Knowledge distillation (Hin-
ton et al., 2015; Sanh et al., 2019) creates ca-
pable small models as routing targets; our co-
optimization loop is conceptually related to Self-
Refine (Madaan et al., 2023) and active learning,
but operates at the system level across multiple
models. Production routing depends on efficient
infrastructure: vLLM (Kwon et al., 2023), continu-
ous batching (Yu et al., 2022), speculative decod-
ing (Leviathan et al., 2023; Cai et al., 2024), S-
LoRA (Sheng et al., 2023), and quantization (Fran-
tar et al., 2022; Lin et al., 2024). MoE architec-
tures (Shazeer et al., 2017; Jiang et al., 2024) pro-
vide an intra-model analogue to inter-model rout-
ing.

Position of ROUTENLP. The literature above es-
tablishes routing, cascading, conformal calibration,
and distillation as well-studied building blocks.
The gap that motivates our work is that no prior
system combines all four into a single pipeline that
treats the model portfolio itself as a learned artifact
rather than a fixed input. Table 8 (Appendix B)
makes this gap concrete along four axes (multi-task
evaluation, formal calibration, co-optimization,
and SLA awareness) that jointly characterize what
an industrial routing system must offer. The next
section presents the framework that fills this gap.

3 The RouteNLP Framework

The system operates over a model portfolio M =
{mi,...,mg} ordered by cost ¢; < -+ < ck.
Given a query x with task type ¢, let £*(x) denote
the final tier handling x (accounting for cascading).
The system minimizes expected cost subject to a
quality constraint:

my%n E. {Zz:(f) Ck’t} sit. Eglq(mps ), )] > 7

ey
where 7y is the learned routing policy, g(m, ) is
quality, and 7; is the task-specific threshold. The
cost sums over all tiers attempted for cascaded
queries. In practice, we approximate this via the
composite loss in Eq. 2. Figure 1 provides an
overview.
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Figure 1: ROUTENLP architecture. The router assigns queries to model tiers; the cascade escalates uncertain
responses (dashed red) with conformally calibrated thresholds; the co-optimization loop (dashed purple) improves

cheaper models via targeted distillation on failure clusters.

3.1 Difficulty-Aware Router

The router rg(x,t) € {1,..., K} predicts the
cheapest model producing acceptable quality for
query x of task type t. We train a lightweight
DistilBERT-based classifier with a multi-task head
that jointly predicts difficulty level and minimum
model tier. DistilBERT serves here as a router
(a difficulty classifier over the input query), not
as a generator: T2-T4 are decoder-style language
models that handle generation. For the structured
tasks (NER, intent classification, clause extraction),
the same DistilBERT additionally serves as the
T1 generation model after task-specific fine-tuning,
reusing the encoder’s representations end-to-end;
for generation tasks (Financial Summarization, CS
Response), the router learns that cheaper tiers are
insufficient and predominantly routes to T2-T4
(Table 11, Appendix I).

Training labels are obtained by evaluating all
queries on all models, labeling each (x, my) pair
with a binary quality indicator based on task-
specific metrics (F1, ROUGE-L, or BERTScore
> 1 thresholds set per enterprise SLAs, with
details in Appendix C). The router learns to pre-
dict the cheapest model exceeding 7;. For genera-
tion tasks, BERTScore serves as a training proxy;
while it overstates absolute quality differences, the
ranking of model capabilities is preserved, mak-
ing the router’s binary sufficient/insufficient labels
reliable (§5.3 confirms 84—87% agreement with
human judgment). Following Ong et al. (2024),
we augment with preference data from pairwise

model comparisons; separately, following Shnitzer
et al. (2023), we leverage benchmark performance
to improve generalization.

Unlike prior routers that train separately per task,
we use a shared encoder with task-specific projec-
tion heads. A learned task embedding e; € R% is
concatenated with the [CLS] representation, en-
abling task-dependent difficulty patterns. Training
uses a composite loss that is the differentiable sur-
rogate of the constrained objective in Eq. 1:

L= Eroute + )\c : Ecost + >\q : Equality (2)

Concretely, Lioue replaces the combinatorial
choice of ry with a tier-classification cross-entropy
against tier labels derived from the all-pairs evalua-
tion; L5t encodes the cost objective (normalized
by the maximum tier cost); and Lgyaity encodes
the quality constraint as a hinge penalty on tiers
predicted to fall below 7;. We set A\, =0.3, A;=0.5
(sensitivity analysis in Appendix H).

3.2 Confidence-Calibrated Cascading

When the router assigns a query to tier k, the sys-
tem generates a response and evaluates a calibrated
confidence score. If confidence is insufficient, the
query cascades to tier £+ 1. Following Gupta et al.
(2024), we compute token-level uncertainty:

1 L
w(mp, 2) = = > (1= pm, (i | y<i-z)) )
1=1

High uncertainty w(my,x) > 0y triggers esca-
lation, where Jy,; is task- and tier-specific. For



self-hosted tiers (T1-T3), pr,,. (Vi | y<i, z) is read
directly from the decoder’s softmax. For the API-
served frontier tier (T4 = GPT-4-Turbo), Eq. 3
is computed from the top-token log-probabilities
exposed by the OpenAl logprobs parameter,
which is sufficient to estimate the expected token-
level uncertainty in our setting; comparable func-
tionality is available in other major commercial
LLM APIs.

We apply conformal risk control (Blot et al.,
2025; Bates et al., 2021) to set thresholds: on 500
calibration examples per task and tier, we compute
binary nonconformity scores s; = W[q(my, z;) <
7¢] and set 0y, ; as the [(1—a)(no+1)]-th quantile
of uncertainty scores among correctly-handled ex-
amples. Under exchangeability, this provides the
marginal guarantee:

Prlg(mg, X) <1y A u(mp, X) <] <a 4

with a = 0.05. Three practical caveats apply:
(1) this is a marginal guarantee over the joint distri-
bution (not per-query); (2) it requires exchangeabil-
ity, violated under distribution shift (see robustness
analysis in §5); (3) calibration set size affects tight-
ness. At 500 samples, the 95% Wilson CI on the
4.2% violation rate is [2.5%, 6.6%], indicating the
true rate may marginally exceed the 5% target. We
recommend conformal thresholds as initialization
supplemented by production monitoring (calibra-
tion details in Appendix D). A cascaded query in-

curs cumulative cost: Cost(x) = Zi:(f ) Ch t-

3.3 Distillation—Routing Co-Optimization

Unlike prior routing work treating the model portfo-
lio as fixed, we iteratively improve cheaper models
based on routing failure analysis, then retrain the
router and recalibrate thresholds. Algorithm 1 pro-
vides the full procedure.

After each iteration, escalated queries are clus-
tered using the router’s hidden representations
(PCA to 128-d, k-means with k£ = 10 selected by
silhouette score). Clusters are ranked by size x av-
erage quality gap, prioritizing large systematic fail-
ures. The distillation dataset combines the top 30%
hardest failures with 20% random in-distribution
samples to prevent catastrophic forgetting. The
loop converges in 2-3 iterations (details in Ap-
pendix G).

4 Experimental Setup

Benchmark. We construct a six-task benchmark
spanning three enterprise domains (Table 1): Finan-

Algorithm 1 Co-
Optimization
Require: Portfolio M, data D, threshold € = 0.005

1: Train initial router réo); calibrate {5,&02 }

2: for iteration: = 1,2,... do

3: Collect escalation logs F < {(z,t, k) : x escalated}

Distillation—Routing

4. Extract router representations; PCA to 128-d; k-
means (k=10) per task
5: Rank clusters by size X avg. quality gap; select top-
5/task
6: Generate distillation data from frontier model on clus-
ter exemplars
7: Fine-tune my, ..., mg—1 via SeqKD (Kim and Rush,
2016) _ '
8:  Retrain router r; recalibrate {5,(;1
9: if |CostRatio” — CostRatio" )| < & then break
10: end if
11: end for
Domain Task Train Test Source
Finance NER 8,200 1,800 EDGAR?
Summarization 5,400 1,200 EDGAR?*
Intent Classif. 12,000 2,600 BANK77+°
Cust. Sve. b
Response Gen. 6,800 1,500 BANK77+
Leoal Clause Extract. 4,600 1,000 CUAD®
g Risk Assessment 3,200 700 CUAD*
Total 40,200 8,800
Table 1: Benchmark statistics. *SEC EDGAR

with expert annotations; "BANKING77 (Casanueva
et al., 2020) augmented with enterprise intents;
‘CUAD (Hendrycks et al., 2021) with re-annotation.

cial NER and Summarization (SEC EDGAR filings
with expert annotations, inter-annotator F1: 0.93),
CS Intent Classification and Response Generation
(BANKING77 (Casanueva et al., 2020) augmented
with 3,000 enterprise-specific intents; reference re-
sponses by 3 agents, Krippendorff’s a = 0.78),
and Legal Clause Extraction and Risk Assessment
(CUAD (Hendrycks et al., 2021) re-annotated by
legal professionals, Cohen’s x =0.83). The bench-
mark adapts public datasets with enterprise anno-
tations, enabling reproducibility while capturing
domain difficulty patterns; pilot deployment vali-
dates directional consistency (§6). Full provenance
in Appendix F.

Model Portfolio. Four tiers spanning ~800x
cost range. T1: DistilBERT (Sanh et al., 2019) fine-
tuned per task ($0.01/1K). T2: Mistral-7B-Instruct
with LoRA (Sheng et al., 2023) ($0.10/1K). T3:
Mixtral-8 x 7B (Jiang et al., 2024) with AWQ quan-
tization (Lin et al., 2024) ($0.80/1K). T4: GPT-4-
Turbo via API ($8.00/1K avg). Open-source mod-
els served via vLLM (Kwon et al., 2023) with spec-



ulative decoding (Leviathan et al., 2023; Cai et al.,
2024).

Baselines. We compare against Always-
T4 (quality upper bound), Always-T2 (cost-
efficient), Random, Rule-Based (structured—T1,
generation—T3), Frugal GPT (Chen et al., 2024),
Hybrid LLM (Ding et al., 2024), RouteLLM (Ong
et al.,, 2024), and AutoMix (Aggarwal et al.,
2024). Originally 2-model baselines (Hybrid LLM,
RouteLLM) were extended to 4-tier settings by
replacing binary routing heads with 4-class heads
trained on identical data; we additionally evaluated
faithful 2-tier (Binary-T2/T4) variants and report
the better-performing Extended-4-Tier configu-
rations in the main results. The Binary variants
incurred 2.1-3.4x higher costs (Appendix E).
FrugalGPT’s cascade naturally extends to 4 tiers;
AutoMix’s POMDP was reformulated with 4
actions. All baselines received identical training
data, model portfolio access, and calibration
sets as ROUTENLP. Detailed adaptation protocol
in Appendix E.

Metrics. Task-specific quality (F1, ROUGE-L,
BERTScore, accuracy); Quality Ratio and Cost
Ratio relative to Always-T4 (using cumulative cas-
cade costs); p99 latency under simulated produc-
tion load; SLA violation rate. All experiments over
5 seeds with paired bootstrap significance tests.

S Results and Analysis

5.1 Opverall Cost—Quality Tradeoff

Table 2 presents main results. ROUTENLP
achieves 40-85% cost reduction across tasks (62%
on simulated production traffic; Table 6) while re-
taining 96—-100% quality on structured tasks and
96-98% on generation tasks.

The cost reduction over RouteLLM (0.159 vs.
0.246) is statistically significant (p < 0.001, paired
bootstrap). The quality difference vs. Hybrid LLM
(0.971 vs. 0.972) is not significant (p = 0.82),
confirming comparable quality at 49% lower cost.
SLA violations drop from 17.2% (RouteLLM) to
2.3%, a 7.5x improvement.

Ablations. Removing the cascade reduces qual-
ity by 1.9 points (the cascade serves as a criti-
cal safety net for ambiguous queries; its lower
cost is illusory since the quality drop is unaccept-
able for constrained deployments). Removing co-
optimization increases cost by 28% because small

Quality Cost p99 SLA

System Ratio? Ratio| (ms)] Viol.|
Always-T4 1.000+.000 1.000+.000 1,847 38.2%
Always-T2 891+003 0134000 142 0.1%
Random 924+008 .252+012 623 12.4%
Rule-Based 943+002 .198+003 524 8.9%
Frugal GPT 967+.004 2844000 986 21.3%
Hybrid LLM 972+005 312+011 874 18.7%
RouteLLM 969+004 .246+008 841 17.2%
AutoMix 958+.006 .231+o010 1,124 24.6%
ROUTENLP 971+004 159+006 387 2.3%

w/o cascade 9524005 .134+005 298 1.8%

w/o co-opt. 961+.005 .203+008 412 3.1%

w/o task cond. .964+.004 .187+007 395 2.7%

Table 2: Main results (mean =+ std, 5 seeds) volume-
weighted across six tasks. Quality and Cost Ratios are
computed relative to Always-T4. The p99 column is
from the M/M/c queueing simulation under matched
production load (Appendix J); the pilot empirical la-
tency is reported separately in §6. Bottom: ablations.

Task Metric T4 Ours Retain Cost]
Fin. NER F1 942 93.8+3 99.6% 82%
Fin. Summ. R-L 48.7 46.9+4 963% 47%
CS Intent F1  96.1 958+2 99.7% 85%
CS Resp. BS 724 69.7+6 963% 42%
Legal CL F1  91.6 90.9+3 99.2% 78%
Legal Risk  Acc 883 86.1+5 97.5% 40%

Table 3: Per-task quality. Retain = quality retention vs.
Always-T4. BS = BERTScore, R-L. = ROUGE-L. Std
over 5 seeds.

models cannot handle as many queries without tar-
geted improvement. Removing task conditioning
increases cost by 18%, confirming task-aware diffi-
culty prediction is important for multi-task settings.
To isolate failure clustering’s contribution, we com-
pared against random distillation (same data vol-
ume, no failure analysis): targeted distillation re-
duces cost ratio from 0.203 to 0.159 (21.7% reduc-
tion), versus 0.184 for random distillation (9.4%).
Failure clustering thus provides over twice the cost
improvement.

Per-Task Analysis. Table 3 shows per-task break-
downs. Structured tasks (NER, Intent, Clause Ex-
traction) achieve 78-85% cost reduction with <1%
absolute quality loss. Generation tasks achieve 40—
47% savings with larger drops: CS Response shows
a 2.7-point BERTScore drop and Financial Summa-
rization a 1.8-point ROUGE-L drop. We address
whether these automated metric drops correspond
to perceived quality differences in §5.3.



Iter. Qualityt Cost| T1+T2 T4
0 (init.) 961+.005  .203+.008 68% 11%
1 9644004  .178+.007 T4% 8%
2 969+.004  .163+.006 79% 6%
3 (final) .971+004 .159+.006 81% 5%

Table 4: Co-optimization convergence. T1+T2 = frac-
tion handled by cheapest tiers.

Win/Tie/Loss (%) Likert Kripp.
Task w T L Ours /T4 o
CS Resp. 8+38 65+66 27462 4.1/43 0.72
Fin. Summ. 11443 65466 24459 4.0/4.2 0.68

Table 5: Human evaluation (200 samples, 3 annotators).
£ = 95% Wilson CI half-widths. 74.5% of responses
match or exceed T4 quality.

Robustness and Threshold Sensitivity. The sys-
tem degrades gracefully under distribution shift:
difficulty shift increases cost to 0.214 while main-
taining 96.3% quality; domain shift raises cover-
age violations to 8.1% (exceeding the 5% target),
indicating recalibration is needed for significant
domain changes. Cost savings are robust across
+10% threshold variation (69-89% savings); even
at +5% stricter thresholds, ROUTENLP’s cost
(0.218) remains below RouteLLM (0.308) and Hy-
brid LLM (0.381). Full robustness results and rout-
ing distributions are in Appendix 1.

5.2 Co-Optimization Convergence

Table 4 shows convergence in 3 iterations. After
iteration 1, cost ratio drops from 0.203 to 0.178
as targeted distillation improves T1/T2 on failure
clusters. After iteration 3, cost ratio reaches 0.159
with quality stable at 0.971. Each iteration progres-
sively shifts queries from expensive to cheap tiers:
approximately 6% in iteration 1, 5% in iteration 2,
and 2% in iteration 3 as remaining failures become
harder to address.

5.3 Human Evaluation

We evaluate CS Response Generation and Finan-
cial Summarization on 200 samples each, rated by
3 domain experts on factual accuracy, complete-
ness, fluency, and helpfulness (5-point Likert), plus
win/tie/loss vs. Always-T4.

Averaged across tasks, 74.5% of routed re-
sponses match or exceed frontier quality. Among
the 24-27% rated worse, 68 % were “slightly worse”
(Likert <1 point difference) and 32% “‘substantially
worse,” meaning ~8-9% of all queries received

Metric Simulation Pilot
Cost reduction vs. Always-T4 62% 58%
T1 routing share 511%  44.2%
T2 routing share 26.0%  27.8%
T3 routing share 15.6% 18.3%
T4 routing share 7.3% 9.7%
Coverage violation rate 4.2% 4.8%

Table 6: Simulated vs. pilot deployment metrics (8
weeks, ~5K queries/day). The pilot shows higher T3/T4
usage due to more complex queries in live traffic.

substantially degraded responses, a deployment
risk requiring mitigation. Router decisions agree
with human judgment in 84-87% of cases, with
disagreements predominantly conservative (esca-
lating unnecessarily rather than missing quality is-
sues). We focus human evaluation on these two
generation tasks because that is precisely where
automated metrics are most fragile; the four struc-
tured tasks (NER, intent, clause extraction, risk
assessment) are evaluated against expert annota-
tions with high inter-annotator agreement (Finan-
cial NER F1: 0.93; Legal Clause F1: 0.91; Legal
Risk Cohen’s x: 0.83; CS Intent uses public BANK-
ING77 (Casanueva et al., 2020)), making targeted
human evaluation lower-priority for those tasks and
a candidate for follow-up work rather than a gap in
the present claims.

Failure Patterns. Three dominant patterns ex-
plain quality degradation. Multi-step reasoning
accounts for 42% of failures, since the router pro-
cesses only the query text and not the surrounding
document context. Domain-specific knowledge
accounts for 31%, typically rare instruments or re-
cently issued regulations. The remaining 27% are
ambiguous-difficulty cases: syntactically simple
queries that require nuanced generation.

6 Deployment Experience

ROUTENLP has been in pilot evaluation at our
enterprise partner’s customer service division for 8
weeks (~5K queries/day).

Cost savings of 58% are within 7% of simulation
predictions, with the gap attributable to more com-
plex queries in live traffic (T4 usage: 9.7% vs. sim-
ulated 7.3%). Coverage violations remain within
the 5% target at 4.8%, with weekly recalibration
sufficient. For more dynamic environments where
weekly recalibration may not suffice, we are imple-
menting online threshold adaptation in the spirit of
adaptive conformal methods (Blot et al., 2025) as



part of an upcoming Phase 2 deployment. The pilot
identified two novel failure patterns: OCR artifacts
from scanned documents and multi-turn conversa-
tion references; both were handled conservatively
via escalation.

Quality Audit. A retrospective audit by two do-
main experts (senior agents, 5+ years experience)
on 500 random pilot responses showed 91% accept-
able, 6.4% marginal, and 2.6% unacceptable (vs.
1.8% baseline; k=0.79). The partner deemed the
0.8pp increase in unacceptable responses accept-
able given 58% cost savings. Customer complaint
rates showed no statistically significant change, and
average first-response latency (an empirical pilot
measurement, distinct from the simulated p99 re-
ported in Table 2) decreased by 23%. The pilot
was a shadow deployment with partial traffic rout-
ing (not a randomized A/B test), limiting causal
attribution; a full A/B evaluation is planned for
Phase 2.

Practical Considerations. The DistilBERT
router adds 4.2ms per query (p99: 8.1ms), negligi-
ble relative to LLM inference. The framework is
portfolio-agnostic: when frontier models change,
only thresholds and quality labels need updating.
Cost savings remain substantial across realistic cost
ratios (58% at 200x, 41% at 100x; break-even
at ~25x). During a 45-minute T4 outage in the
pilot, automatic T3 rerouting incurred only 2.1%
quality degradation. The system is most effective
for heterogeneous multi-task workloads with
heavy-tailed difficulty distributions; it provides
limited benefit for single-task deployments,
workloads dominated by hard queries, very small
volumes (< 100/day), or deployments where >3%
unacceptable rate is intolerable without per-query
human review. Full deployment discussion is in
Appendix K.

Lessons from the Pilot. Three operational
lessons came out of the 8-week deployment, and
they likely apply beyond customer service. First,
failure modes evolved in both predictable and un-
predictable ways. The three categories identified
in the benchmark (multi-step reasoning, domain-
specific knowledge, and ambiguous difficulty) all
reappeared in pilot logs. Two new modes that the
benchmark had missed also showed up: OCR ar-
tifacts from scanned documents, and multi-turn
conversation references. Both were handled by es-
calation rather than by additional distillation, since

these failure classes are not the kind that portfo-
lio improvement addresses. Second, the choice of
recalibration cadence matters. Weekly recalibra-
tion was sufficient at the drift rate we observed,
with coverage violations holding at 4.8% against
the 5% target. We do not expect weekly to suf-
fice in more dynamic environments, which is why
we are building online threshold adaptation for
the Phase 2 deployment. Third, portfolio swaps
turned out to be routine. Mid-pilot, we replaced T4
with GPT-40-mini for classification queries, which
compressed the effective cost ratio from 800 % to
about 200x. The routing distribution adjusted on
its own and no retraining was needed. This behav-
ior is consistent with the portfolio-agnostic design
and reinforces our argument that closed-loop co-
optimization is a deployment-grade contribution
rather than a research-only one.

7 Conclusion

We presented ROUTENLP, a cost-aware routing
and cascading framework validated through an 8-
week pilot (58% cost reduction, 91% acceptance,
~5K queries/day). The distillation-routing co-
optimization loop, which integrates failure cluster-
ing with targeted distillation and automatic router
retraining, provides over twice the cost reduction
of random distillation. On our six-task benchmark,
costs are reduced 40—85% while retaining 96—100%
quality on structured tasks and 96-98% on gener-
ation tasks. Human evaluation confirms 74.5% of
generation outputs match or exceed frontier quality,
though 8-9% show substantial degradation requir-
ing mitigation.

Reproducibility. All materials are available
at: https://github.com/bettyguo/
RouteNLP.
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Limitations

(1) Pilot deployment covers only customer ser-
vice (~5K queries/day, 8 weeks); finance and le-
gal claims rely on benchmark simulation. (2) The
benchmark adapts public datasets with enterprise
annotations rather than proprietary data. (3) The
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co-optimization loop ran on benchmark data, not
production failure logs. (4) The pilot was a shadow
deployment without A/B testing. (5) Conformal
coverage degrades under distribution shift (up to
8.1% violations vs. 5% target). (6) English-only
evaluation. (7) BERTScore proxy agreement with
humans (84—-87%) is not verified under domain
shift. (8) Cost savings depend on cost structures;
baseline adaptation may not fully preserve 2-model
inductive biases. (9) The co-optimization loop in-
curs ~$2,400 one-time cost at our scale.

Ethical Considerations

Cost-aware routing creates quality disparities:
queries routed to cheaper models receive less ca-
pable responses. Our framework mitigates this
through task-level quality constraints and confor-
mal calibration, but individual-level variance ex-
ists. We recommend organizations disclose model
tier usage, monitor routing patterns for systematic
disparities across demographic groups, and imple-
ment fairness-constrained routing that escalates
segments falling below quality thresholds. The
co-optimization loop (~120 GPU-hours) yields 40—
85% ongoing inference cost reduction, a net envi-
ronmental benefit. Our benchmark uses publicly
available data with no PII; organizations should
ensure data protection compliance when routing
sensitive queries through external APIs.
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A Production Deployment Scenarios

Table 7 summarizes representative deployment sce-
narios motivating ROUTENLP’s design, derived
from requirements analysis with enterprise stake-
holders.

Domain Org. Type Scale Constraint Frontier %

Finance Bank/Fund 50K g/day Accuracy ~25%
Cust. Sve. Platform 200K g/day p99 <500ms ~30%
Legal Law firm 10K gq/day Compliance ~35%

Table 7: Deployment scenarios motivating ROUTENLP.
“Frontier%” = estimated fraction of queries requiring
frontier model capabilities, derived from stakeholder
interviews and sampling analysis.

Financial Document Processing. A financial
services firm processes regulatory filings, earnings
reports, and customer communications. Tasks in-
clude NER for entity extraction, document classifi-
cation for compliance routing, and summarization.
Complexity varies: extracting entities from tem-
plated SEC filings is straightforward, while summa-
rizing novel regulatory guidance requires frontier
capabilities.

Customer Service Automation. A platform
handles intent classification, sentiment analysis,
and response generation. Over 70% of queries
are routine (order status, FAQ matching) where
small models suffice; the remaining 30% involve
nuanced complaints or policy interpretation. Strict
p99 latency SLAs (<500ms) preclude always using
frontier models.

Legal Contract Analysis. Legal teams perform
contract review, clause extraction, and risk assess-
ment. Standard template extraction is well-handled
by fine-tuned small models; novel risk provisions
in bespoke agreements demand stronger reasoning.

B Feature Comparison with Prior
Systems

Multi- Formal Co- SLA Output Tasks

System Task Calib. Opt. Aware HEval Eval’d
FrugalGPT X X X X X 1
Hybrid LLM X X X X X 1
RouteLLM X X X X o? 1
AutoMix X X X X X 1
ROUTENLP Vv v 4 v 4 6

Table 8: Feature comparison. o = partial. “RouteLLM
uses human preference data for router training but does
not evaluate routed outputs. Formal Calib. = conformal
threshold calibration.

C Router Architecture and Training
Details

The router uses DistilBERT-base-uncased (66M
parameters) with a 2-layer MLP routing head per
task family. The first layer projects concatenated
[CLS] + task embedding (768 + 64 = 832) to 256
dimensions with ReLU and 0.1 dropout. The sec-
ond projects to K = 4 logits. Training: AdamW,
Ir 2 x 1075, batch 64, 10 epochs, early stopping
(patience 3). Total: ~67M parameters, ~45 min
on A100.

Quality Thresholds. Per-task thresholds set per
enterprise SLAs: F1 > 0.90 (Financial NER),
ROUGE-L > 0.42 (Summarization), F1 > 0.92
(CS Intent), BERTScore > 0.65 (CS Response), F1
> 0.88 (Legal Clause), Accuracy > 0.82 (Legal
Risk).

BERTScore as Training Proxy. For generation
tasks, BERTScore overstates absolute quality dif-
ferences (§5.3), but the ranking of model capabil-
ities is preserved (queries where cheaper models



score below 7; are also those where humans prefer
the frontier model), making binary labels reliable.

D Conformal Calibration Details

Our procedure follows conformal risk control (Blot
et al., 2025; Bates et al., 2021). The nonconformity
score is binary (s; = W[q(my, z;) < 7¢]). For each
tier k£ and task ¢:
1. Compute quality labels on 500 calibration ex-
amples.
2. Partition into correctly-handled (s; = 0) and
failed sets.
3. Compute uncertainty scores u(my, x;) for all
examples.
4. Set d, ¢ as the [(1 — o) (ng + 1)]-th quantile
among correctly-handled examples.

Calibration Set Size Sensitivity. Coverage vio-
lation rates (95% Wilson Cls): 7.2% [3.4%, 14.4%]
at n=100; 5.8% [3.4%, 9.6%] at n = 250; 4.2%
[2.5%, 6.6%] at n = 500; 3.9% [2.7%, 5.5%]
at n = 1000. At n = 500, the CI upper bound
marginally exceeds 5%; we use 500 as a practical
compromise.

E Baseline Adaptation Protocol

Hybrid LLM and RouteLLLM were designed for
2-model routing. We evaluate two adaptations:

* Binary-T2/T4: Faithful to original design,
routing between T2 and T4 only.

» Extended-4-Tier: Replace binary head with
4-class head, train on ROUTENLP’s data with
original loss.

We report the better result (Extended-4-Tier for
both; Binary incurred 2.1-3.4x higher costs). Fru-
2alGPT’s cascade naturally extends to 4 tiers. Au-
toMix’s POMDP is reformulated with 4 actions.
All baselines received identical training data, port-
folio access, and calibration sets.

A hierarchical binary adaptation (T1-vs-rest —
T2-vs-rest — T3-vs-T4) was not evaluated as it
introduces sequential latency overhead conflating
adaptation effects with architectural changes.

F Benchmark Data Provenance

* Financial NER: Entity annotations on SEC
EDGAR 10-K/10-Q filings by two NLP re-
searchers with 3+ years financial text expe-
rience (inter-annotator F1: 0.93), following
Alvarado et al. (2015). Annotators have NLP
expertise but are not licensed financial ana-
lysts.

* Financial Summarization: Earnings call
transcripts from public SEC filings with
expert-written reference summaries from fi-
nancial analysts.

* CS Intent Classification: BANK-
ING77 (Casanueva et al., 2020) augmented
with 3,000 enterprise-specific intents from
anonymized partner logs.

* CS Response Generation: Queries from
augmented intent dataset with reference re-
sponses by 3 experienced agents (Krippen-
dorff’s o = 0.78).

* Legal Clause Extraction:
CUAD (Hendrycks et al.,, 2021) filtered
to 10 most common clause types, re-
annotated with span-level labels by two legal
annotators (inter-annotator F1: 0.91).

* Legal Risk Assessment: Novel annotations
on CUAD contracts by two legal professionals
(Cohen’s k = 0.83).

The benchmark adapts public academic datasets
with enterprise-specific annotations, enabling re-
producibility while capturing domain difficulty pat-
terns.

G Co-Optimization Loop Details

Failure Clustering. Figure 2 summarizes the
loop. Router penultimate-layer representations
(R7%8) are projected via PCA to 128-d (retaining
>92% variance), then k-means with £ = 10 (se-
lected by silhouette score: 0.31 vs. 0.28 at k=5,
0.24 at k=20). Clusters ranked by size x average

quality gap.

Distillation Data Selection. From top-5 clusters
per task: top 30% hardest failures (by quality gap)
+ 20% random in-distribution. Frontier model gen-
erates reference outputs as teacher signals for Se-
gKD (Kim and Rush, 2016).

Convergence. Across 5 seeds, the loop con-
verged in 3 iterations (4 seeds) or 4 iterations (1
seed). Tested € € {0.001,0.005,0.01}: at 0.01, 2
iterations with 3% higher cost; at 0.001, 5 iterations
with <0.002 additional reduction.

Random vs. Targeted Distillation. Random dis-
tillation (same data volume, no failure clustering)
reduces cost ratio from 0.203 to 0.184 (9.4%); tar-
geted reduces to 0.159 (21.7%), over twice the im-
provement, confirming failure clustering’s value.



Iter. Qualityt Cost| T1+T2 T4
0 (init.) 961+.005  .203+.008 68% 11%
1 9644004  .178+.007 T4% 8%
2 969+.004  .163+.006 79% 6%
3 (final) .971+004 .159+.006 81% 5%

Table 9: Co-optimization convergence. Each iteration
shifts more queries to cheaper tiers.
Router

J_’ Escalation Logs

Update
Models

Figure 2: The co-optimization feedback loop.
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H Hyperparameter Sensitivity

Loss Weights. Sweeping Ac €
{0.1,0.2,0.3,0.5} and X\, € {0.3,0.5,0.7}:
best tradeoff at A\, = 0.3,\;, = 0.5. Higher A,
(0.7) improves quality by 0.004 but increases cost
by 12%. Higher \. (0.5) reduces cost by 8% but
decreases quality by 0.008.

Conformal Error Rate. Figure 3 shows the cost—
quality tradeoff across « values.

1 T T T
—— Quality - -4o—  Cost | 0.3

0.98 ¢
-1 0.2
0.96 |-
» 0.1
0.94 ‘ ‘ ‘
0.01 0.03 0.05 0.1 0.15

Cost Ratio

Quality Ratio

Conformal error rate «

Figure 3: Effect of conformal error rate o on quality
and cost. «=0.05 balances both.

I Extended Results
Per-Task Quality.

Routing Distribution.

Quality Threshold Sensitivity.

Robustness to Distribution Shift. Under do-
main shift, coverage violations exceed the 5%
target, indicating recalibration is needed. The
BERTScore proxy used for generation routing may
also become less reliable under shift; while vali-
dated on in-distribution data (84—87% agreement),
this has not been verified under shifted distribu-
tions.

Task Metric T4 Ours Retain Cost]
Fin. NER F1 942 93.8+3 99.6% 82%
Fin. Summ. R-L  48.7 46.9+4 96.3% 47%
CS Intent F1  96.1 958+2 99.7% 85%
CS Resp. BS 724 69.7+6 963% 42%
Legal CI. F1  91.6 90.9+3 992% 78%
Legal Risk  Acc 883 86.1+5 97.5% 40%

Table 10: Per-task quality. R-L = ROUGE-L, BS =

BERTScore.
Task T1 T2 T3 T4
Fin. NER 68% 22% 7% 3%
Fin. Summ. 31%  34% 23% 12%
CS Intent 2% 18% 6% 4%
CS Response  28% 30% 27% 15%
Legal Clause 62% 24% 9% 5%
Legal Risk 35% 28% 22% 15%

Table 11: Query routing distribution across tiers.

Baseline Advantage Across Thresholds.
ROUTENLP maintains the lowest cost ratio
across all threshold settings: at +5% stricter
thresholds, ROUTENLP’s cost (0.218) remains
below RouteLLM (0.308) and Hybrid LLM
(0.381).

Per-Task Detailed Comparison.

J Latency Analysis Under Load

We simulate production traffic with Poisson ar-
rivals (1K-20K queries/min) using an M/M/c queu-
ing model. Server capacity: T1 has 8 workers
(ONNX Runtime, CPU), T2/T3 have 4 workers
each (VLLM on A100 GPUs), T4 is rate-limited at
60 req/s. At 10K queries/min, ROUTENLP main-
tains p99 of 387ms (vs. 1,847ms for Always-T4)
because 81% of queries are handled by T1/T2 with
sub-100ms inference. The cascade adds 15-45ms
for escalated queries. The M/M/c model assumes
exponential service times, which may not hold for
LLM generation; SLA violation estimates may be
optimistic.

K Extended Deployment Details
Pilot Per-Task Breakdown. CS traffic: in-
tent classification (~62%), response generation
(~28%), sentiment analysis (~10%). Intent clas-
sification routed 71% to T1 (comparable to 72%
benchmark); response generation routed only 22%
to T1 (vs. 28% benchmark), suggesting generation
difficulty is underestimated by the benchmark.

Quality Audit Details.



. 0 . Fin. NER Fin. Summ. CSInt. CSResp. Legal Cl. Legal Risk
7+ adj. Qualityt  Cost]  Savings T4 % System o) RIL 1 BS = yn
_ Always-T4 942 48.7 96.1 724 91.6 88.3
10% 9594005 1134005 89% 2% Always-T2 89.1 023 934 61.8 84.7 76.2
—5% 965+004  .132+.006 87% 3% FrugalGPT ~ 92.8+3 47.01+4  953+2  695+s  89.8+3  85.0+4
. Hybrid LLM ~ 93.1+4 474+5  956+2 702+6  90.1+4  857+s
Baseline  .971x004  .159.006 84% 5% RouteLLM 92943 47244 9542 69845 89943 85444
+5% 9784003  .218+.008 78% 9% AutoMix 91745 465+5  948+3 68446  88.6+4 83946
ROUTENLP 93.8+3 469+4 95.8+2 69.7+6 90.9+3 86.1+5
+10% 984 +.003 312+.010 69% 14%

Table 12: Threshold sensitivity. Savings remain >69%
even at +10%.

Shift Quality Cost Cov. Viol.
No shift 971 159 4.2%
Difficulty shift 963 214 6.8%
Domain shift (20%) 958 248 8.1%
Task mix shift 967 192 5.4%

Table 13: Robustness under distribution shift. Target
coverage violation: <5%.

Portfolio Evolution. The framework is portfolio-
agnostic. During the pilot, replacing T4 with GPT-
4o-mini for classification compressed the cost ratio
from 800x to ~200x; routing distributions ad-
justed automatically (T1+T2 share: 81%—74%).
Cost savings at different ratios: 84% at 800, 72%
at 400, 58% at 200x, 41% at 100, 29% at 50x.
Break-even at ~25x.

System Resilience. During a 45-minute T4 out-
age, automatic T3 rerouting incurred only 2.1%
quality degradation. Fallback: T3 serves as ceiling
with relaxed thresholds; if T2/T3 down, T1 handles
structured tasks and T4 handles generation.

Monitoring Recommendations. Monitor: per-
tier routing rates (shifts indicate distribution
change), per-task escalation rates (increases sug-
gest model degradation), quality drift via periodic
sampling, and SLA violations. Alert when escala-
tion increases >10% relative to baseline.

Co-Optimization on Production Data. The
loop ran on benchmark data; pilot failure modes
(OCR artifacts, multi-turn references) were not in
benchmark clusters, suggesting partial mismatch.
However, the three dominant benchmark failure cat-
egories were also observed in pilot logs. Running
on production data is planned (estimated $1,200/it-
eration).

Extension to Agentic Workloads. Reasoning
models and agentic workflows introduce chain-
level routing challenges. The co-optimization loop
could extend to chain-level failure patterns, but this
requires different quality estimation and is left to

Table 14: Per-task quality across all systems (std over 5
seeds).

Quality Metric RouteNLP  Previous
Acceptable rate 91.0% 93.8%
Marginal rate 6.4% 4.4%
Unacceptable rate 2.6% 1.8%
Escalation-to-human rate 4.2% 3.1%

Customer complaint rate  No sig. change Baseline

Table 15: Pilot quality audit (500 samples, 2 raters,
£=0.79).

future work.

Infrastructure Integration. T1 via ONNX Run-
time, T2/T3 via vLLM with LoRA adapters (Sheng
et al., 2023), T4 via API gateway. Continuous
batching (Yu et al., 2022) enabled for self-hosted
tiers. Router served as lightweight sidecar.

Cost Model. Fixed per-query pricing is used.
Self-hosted costs depend on GPU utilization and
infrastructure amortization; API costs change over
time. Routing decisions are driven by quality
thresholds and uncertainty, not absolute costs; pric-
ing changes affect savings magnitude but not qual-
ity retention.
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