
Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 47162–47181
October 24-29, 2026 ©2026 Association for Computational Linguistics

Generation-Gated Cascaded Routing for Large Language Models

Yanqiu Xu* Han Luo* Lei Feng†

Southeast University, Nanjing, China
{xyqiu,hanluo,fenglei}@seu.edu.cn

Abstract

Cost-effective deployment of large language
models (LLMs) often relies on routing each
query to either a low-cost local model or a
stronger expert model. Existing routers typ-
ically decide either before generation, which
is cheap but cannot observe the local model’s
answer, or after generation, which provides
a stronger correctness signal but incurs addi-
tional generation cost. We argue that this di-
chotomy overlooks a third option: treating lo-
cal generation itself as an optional information-
acquisition action. To this end, we pro-
pose Generation-Gated Cascaded Routing
for Large Language Models (GenGate), a
lightweight fine-tuning method that trains a lo-
cal LLM to internalize cascaded routing deci-
sions while preserving its generation capability.
A Bellman-motivated prior gate first decides
whether to generate a local attempt. If an at-
tempt is produced, a correctness-supervised
posterior gate then decides whether to sub-
mit it or defer to the expert model. Both
decisions are expressed through action-token
probabilities in the same model, requiring no
external router or auxiliary classifier at infer-
ence time. Compared with routers that decide
strictly before or after local generation, Gen-
Gate reduces joint deployment cost while main-
taining competitive routing accuracy across
task domains, preserving the benefits of pos-
terior routing without requiring local gener-
ation for every query. Code is available at
https://github.com/xsyhh/GenGate.

1 Introduction

Deploying large language model (LLM) systems
under a budget (Chen et al., 2024a; Ong et al., 2025;
Ding et al., 2024) often requires routing each query
either to a lower-cost local model or to a stronger
expert. Existing routers typically decide either
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Figure 1: Ratio-wise linear probes for predicting final
local-attempt correctness on Code and MMLU. Ratio
0.0 (s0) is the prompt-only state, and ratio 1.0 (s1) is
the completed-attempt state. Code uses the held-out
split built from the LeetCodeDataset test branch and
HumanEvalPlus. MMLU uses the official test split.

before or after local generation. Pre-generation
routers use only the query, avoiding generation cost
for deferred queries but lacking answer-dependent
evidence. (Ong et al., 2025; Chen et al., 2024b).
Post-generation routers can judge a realized answer,
but pay generation cost even for queries ultimately
deferred to the expert. (Chuang et al., 2025; Ka-
davath et al., 2022; Manakul et al., 2023). This
creates a fundamental tradeoff between acquiring
stronger routing evidence and avoiding unneces-
sary generation.

Figure 1 examines how correctness-predictive
evidence evolves as local generation progresses.
Before any local tokens are produced, the input-
only representation (s0) already provides above-
chance signal for predicting whether the local
model will answer correctly. This signal becomes
more informative after a completed local attempt
is observed: probes at the completed-attempt point
(s1) achieve higher correctness-prediction AUROC
on both Code and MMLU, but reaching this point
requires generating the entire local response. Par-
tial generations are not a dependable compromise,
as their probe performance fluctuates across gener-
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ation ratios and does not consistently approach the
completed-attempt signal. Appendix B extends this
probe analysis to all domains and both local-model
families. These results suggest that routing should
not be framed as a fixed choice between deciding
from the prompt for every query and generating
before every decision. A router should therefore
decide when input-level evidence is sufficient and
when the additional evidence from a realized local
attempt is worth acquiring.

In this paper, we propose Generation-Gated
Cascaded Routing (GenGate), a lightweight
method that fine-tunes a single local LLM to inter-
nalize cascaded routing decisions through action-
token supervision, preserving generation capabil-
ity without an external router or auxiliary classi-
fier. GenGate consists of three steps. (i) Rollout-
based supervision construction. For each train-
ing query, we sample multiple bounded local at-
tempts and evaluate their correctness. These roll-
outs provide two supervision signals: a Bellman-
motivated empirical local-success target for the ini-
tial ⟨attempt⟩/⟨defer⟩ decision, and realized cor-
rectness labels for the posterior ⟨self⟩/⟨defer⟩ deci-
sion. (ii) Cascaded action-token fine-tuning. The
local LLM is fine-tuned to emit routing actions
at both decision points: ⟨attempt⟩/⟨defer⟩ before
generation and ⟨self⟩/⟨defer⟩ after a bounded at-
tempt. (iii) Generation-gated inference. At test
time, the model attempts only when local genera-
tion is worth its cost, attempted queries then either
self-submit or defer to the expert.

Experiments across code generation, mathemat-
ical reasoning, and knowledge-intensive question
answering show that GenGate reduces joint de-
ployment cost while maintaining competitive rout-
ing accuracy. Compared with routers that decide
strictly before or after local generation, GenGate
preserves much of the benefit of posterior routing
while avoiding local generation on queries where
the prior signal already supports deferral.

2 Related Work

LLM routing and cascades. LLM routing re-
duces serving cost by directing each query to an
appropriate model (Chen et al., 2024a; Ding et al.,
2024; Ong et al., 2025; Hu et al., 2024). A cen-
tral design axis is when the routing decision is
made (Varangot-Reille et al., 2026). Pre-generation
routers commit before any local answer is pro-
duced, relying on query difficulty or preference sig-

nals (Lu et al., 2024; Chen et al., 2024b). Related
methods instead use response-level aggregation,
hybrid select-then-cascade routing, or adaptive test-
time sampling (Jiang et al., 2023; Wang et al., 2023;
Shah and Shridhar, 2025; Ding et al., 2025). Post-
generation cascades first produce local responses
and then use response-level consistency to decide
whether to escalate (Yue et al., 2024). AutoMix
(Aggarwal et al., 2024) combines self-verification
with a POMDP router, but every query still pays
the full local generation cost. GenGate instead
treats local generation as a conditional information-
acquisition action: it can defer from the prompt
when prior evidence is sufficient, and acquire pos-
terior evidence only when a local attempt is worth
its cost.

Confidence estimation and self-assessment.
Post-generation routing estimates local-answer cor-
rectness using signals such as token probabilities
(Kadavath et al., 2022), verbalized confidence (Tian
et al., 2023; Xiong et al., 2024; Geng et al., 2024),
sampling-based consistency (Manakul et al., 2023;
Tan et al., 2025; Farquhar et al., 2024), and hidden-
state probes (Azaria and Mitchell, 2023; Khanmo-
hammadi et al., 2025; Zhang et al., 2025b,a). These
methods judge whether a completed answer should
be trusted, so even queries ultimately deferred to
the expert incur local generation cost. Self-REF
(Chuang et al., 2025) fine-tunes an LLM to emit
post-generation confidence tokens and routes by
their score. GenGate uses a similar action-token
interface for posterior self-assessment, but adds a
prior ⟨attempt⟩/⟨defer⟩ decision that determines
whether the completed answer should be generated
in the first place. Thus, the posterior gate is invoked
only when answer-dependent evidence is expected
to be useful.

Selective prediction, deferral, and abstention.
Selective prediction and learning-to-defer meth-
ods let a model abstain or pass an input to an ex-
pert when prediction risk is high (Geifman and
El-Yaniv, 2017; Madras et al., 2018; Mozannar and
Sontag, 2020; Verma et al., 2023; Cao et al., 2023;
Liu et al., 2024; Alves et al., 2024; Wen et al.,
2025; Jitkrittum et al., 2023). These frameworks
typically assume a fixed information state, ignoring
the option value of acquiring additional evidence
before committing. Recent LLM cascade work
relaxes this assumption: Zellinger et al. (2025) al-
low early models to abstain before expensive later
stages, and Fanconi and van der Schaar (2025)
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Figure 2: GenGate decision flow. At stage s0 (input only), the model scores π(⟨attempt⟩ | x): if π(⟨attempt⟩ |
x) < 1− τ0, the query is pre-deferred without generation. Otherwise, the LLM generates a reasoning attempt z. At
stage s1 (input + attempt), the model scores π(⟨self⟩ | x, z): high confidence leads to local submission (output z).
Otherwise the query is post-deferred. Both defer paths produce defer candidates scored by the same expert-routing
budget. A global cutoff γ over merged defer scores determines which candidates are routed to the expert.

learn cascaded deferral policies with human fall-
back. These methods decide whether to continue or
exit a cascade stage. GenGate focuses on a differ-
ent query-level decision: whether local generation
itself is worth paying for as evidence for a later sub-
mit/defer choice. Speculative decoding (Leviathan
et al., 2023; Chen et al., 2023) also avoids unnec-
essary computation, but does so at the token level
within a single generation, whereas GenGate gates
the generation attempt at the query level.

3 Generation-Gated Cascaded Routing

We propose a novel routing method called Gen-
Gate (Generation-Gated Cascaded Routing), which
fine-tunes a local LLM as a routing policy whose
decisions condition on either prior evidence (the
input alone) or posterior evidence (the input to-
gether with a bounded local attempt). The model
learns whether a bounded local attempt is worth its
cost, using a Bellman-motivated initial target and
correctness-supervised posterior decisions. The
inefficiency we target is local generation on ex-
amples that are ultimately deferred to the expert.
GenGate addresses this by making the attempt it-
self a learned action rather than an unconditional
preprocessing step. The same local model therefore
acts as both generator and router, avoiding an exter-
nal routing module while preserving the option to
use posterior evidence when it is worth acquiring.
Figure 2 illustrates the decision flow.

3.1 Generation-Gated Decision Formulation
Let x denote an input query and let z denote a
bounded local attempt. GenGate makes routing
decisions at two decision points. The first decision
point observes only the input, denoted by s0 = x,

and chooses between pre-generation deferral scor-
ing and generating a local attempt. The second
decision point observes both the input and the real-
ized attempt, denoted by s1 = (x, z), and chooses
between submitting the local answer and deferring
to the expert.

We express these decisions with verbalized ac-
tion markers: ⟨defer⟩ for deferral, ⟨attempt⟩ for
attempting, and ⟨self⟩ for submission. All mark-
ers have equal token length (three tokens), avoid-
ing length-induced bias when comparing their se-
quence log-probabilities. The three possible action
sequences are

⟨defer⟩,
⟨attempt⟩ z ⟨self⟩,
⟨attempt⟩ z ⟨defer⟩.

(1)

3.2 Training Objective
GenGate is trained from rollout-based supervision.
For each training query x, we sample N bounded
attempts zi ∼ πref(· |x) and evaluate each attempt
with the task evaluator, obtaining binary correct-
ness labels ri = r(x, zi) ∈ {0, 1}. These rollouts
provide supervision for the two decision points de-
fined in Section 3.1. At the posterior decision point
s1 = (x, zi), the target is direct: correct attempts
should be self-submitted, while incorrect attempts
should be deferred. At the initial decision point
s0 = x, however, the model must decide whether
generating a local attempt is worth its cost before
observing any attempt.

To construct the initial target, we use a one-
step Bellman backup over the two decision points.
The value of attempting at s0 equals the expected
value of the optimal posterior action at s1, minus
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the generation cost cA. Under the utility ordering
Uself-correct > Udefer > Uself-wrong, the optimal pos-
terior action is to self-submit when r = 1 and defer
when r = 0. Therefore, the advantage of attempt-
ing over immediate deferral is (full derivation in
Appendix A)

QA(s0)−QD(s0) = Pr[r = 1] ·∆U − cA, (2)

where ∆U = Uself-correct −Udefer. Attempting is fa-
vorable when Pr[r = 1] > cA/∆U . Thus, the
initial gate can compare the relative preference
between attempting and deferring by estimating
Pr[r = 1], rather than by directly estimating the
harder-to-observe values QA(s0) and QD(s0). We
approximate this probability using the empirical
rollout success rate

t̂0(x) =
1

N

∑N

i=1
ri ≈ Pr

z∼πref

[r(x, z) = 1]. (3)

Thus, t̂0(x) serves as a soft target for the prior
⟨attempt⟩/⟨defer⟩ decision, while the realized cor-
rectness label ri provides a hard target for the poste-
rior ⟨self⟩/⟨defer⟩ decision. We optimize these tar-
gets with standard binary cross-entropy on action-
token log-odds rather than reinforcement learning.

We parameterize both decisions through action-
phrase log-probabilities, scoring phrase a by

log πθ(a | s) =
|a|∑

t=1

log πθ(at | s, a<t). (4)

We compare ⟨attempt⟩ against ⟨defer⟩ at s0 and
⟨self⟩ against ⟨defer⟩ at s1 using πθ(a+ | s) =
σ(∆θ(s)), where ∆θ(s) denotes log πθ(a+ | s) −
log πθ(a− | s).

The initial loss matches the s0 action log-odds
to the soft initial target t̂0(x):

Ls0(x) = −t̂0(x) log σ(∆
(0)
θ (x))

− (1− t̂0(x)) log σ(−∆
(0)
θ (x)),

(5)

where ∆
(0)
θ (x) denotes the prior log-odds

log πθ(⟨attempt⟩ |x) − log πθ(⟨defer⟩ |x). The
posterior loss uses the realized correctness label ri:

Ls1(x, zi) = −ri log σ(∆
(1)
θ (x, zi))

− (1− ri) log σ(−∆
(1)
θ (x, zi)),

(6)

where ∆
(1)
θ (x, zi) denotes the posterior log-odds

log πθ(⟨self⟩ |x, zi)−log πθ(⟨defer⟩ |x, zi). Com-
bining both components, the complete training

objective is:

L(θ) = Ex,zi

[
Ls0(x) + Ls1(x, zi)

]

+ λKLLKL(θ),
(7)

The KL term is computed only over generation
tokens in posterior samples:

LKL(θ) = Eh∈H
[
KL

(
πθ(· |h) ∥ πref(· |h)

)]
,
(8)

where H denotes intermediate prefixes within the
generated attempt zi. This keeps πθ close to πref on
attempt generation while leaving action logits train-
able. Empirically, this preserves local answer qual-
ity: at 0% expert budget, GenGate nearly matches
the reference local model across all six evaluation
settings (Table 3).

3.3 Inference
At inference time, GenGate applies the two learned
action-token decisions sequentially. Given a query
x, the model first evaluates the initial defer score

d0(x) = πθ(⟨defer⟩ |x). (9)

If d0(x) > τ0, GenGate skips local generation
and treats the query as a pre-generation candidate.
Otherwise, the model generates a bounded local
attempt z ∼ πθ(· |x) and evaluates the posterior
defer score

d1(x, z) = πθ(⟨defer⟩ |x, z). (10)

The final defer score is d0(x) for pre-generation
candidates and d1(x, z) for attempted queries. Al-
though produced at different stages, both scores are
normalized action-token defer probabilities. Ap-
pendix F.4 reports the calibration of their merged
scores, which is comparable to that of several rout-
ing baselines across settings. GenGate therefore
applies a shared cutoff γ to the merged scores.
Queries above γ are routed to the expert, while
the rest are answered locally. For a pre-generation
candidate below γ, no local attempt exists yet, so
GenGate generates the local answer at submission
time. For an attempted query below γ, GenGate
directly submits the existing attempt z.

For cost accounting, ExpertRate denotes the
fraction of queries routed to the expert, and At-
temptRate denotes the fraction with a generated
local answer, including posterior-scoring attempts
and submission-time generations. We define

Costα = ExpertRate+α ·AttemptRate, (11)
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where α is the cost of one local attempt relative
to one expert call. This metric separately charges
expert calls and local attempts, enabling a com-
mon comparison with pre-generation and post-
generation routers.

4 Experiments

4.1 Experimental Setup

Datasets and models. We evaluate on Code,
Math, and MMLU. Code uses LeetCodeDataset,
HumanEvalPlus, and MBPPPlus (Xia et al., 2025;
Chen et al., 2021; Austin et al., 2021; Liu et al.,
2023). Math uses Hendrycks MATH (Hendrycks
et al., 2021b). MMLU uses the auxiliary-train su-
pervision and official test split (Hendrycks et al.,
2021a). We use Qwen2.5-Coder and Qwen2.5-
Instruct as Qwen-family local models (Hui et al.,
2024; Yang et al., 2024), and Meta-Llama-3-
8B-Instruct as the second local-model family
(Grattafiori et al., 2024). Fine-tuning uses LoRA
adapters (Hu et al., 2022). All local models route
to the same expert: OpenAI’s publicly available
GPT-5.4 API model, accessed through the OpenAI
API without any fine-tuning or task-specific adap-
tation. Exact sizes, evaluators, and training details
are in Appendix E.

Baselines. We compare GenGate against six fam-
ilies of routing and confidence baselines, all shar-
ing the same expert outputs. Reference poli-
cies (Always Self, Always Expert, Random Rout-
ing) bound the trivial regimes. Linear routers
(Pre-Linear and Post-Linear) fit logistic-regression
probes on the prompt-only (Cencerrado et al., 2026)
or completed-attempt hidden state (Azaria and
Mitchell, 2023). Confidence scores include An-
swer Probability (mean token log-probability) (Ma-
haut et al., 2024) and Self-REF, which fine-tunes
the local model to emit verbalized confidence to-
kens after answering (Chuang et al., 2025). Self-
REF is tuned over confidence-token class ratios
on validation data. MC Two-Stage Probe mirrors
GenGate’s sequential structure but realizes both de-
cisions as logistic-regression probes trained on the
same Monte Carlo targets, isolating the contribu-
tion of action-token fine-tuning over a probe-based
realization of the same target. External routers in-
clude a separately fine-tuned RoBERTa Router on
the prompt text (Ong et al., 2025) and a Prompt
Router that elicits a verbalized yes/no confidence
response from the local model (Tian et al., 2023;

Chuang et al., 2025). Implementation details for
every baseline are in Appendix E.

4.2 Training and Evaluation

Training setup. For each training query x, we
sample K = 10 attempts from the reference model
πref and score each with the domain evaluator to
obtain binary correctness labels ri ∈ {0, 1}. The
posterior target for each attempt is its correctness
label ri, used to supervise πθ(⟨self⟩ | x, zi). The
initial target is the empirical success rate t̂0(x) =
1
K

∑K
i=1 ri, which estimates the value of attempt-

ing under the oracle posterior policy (Section 3).
This soft target supervises πθ(⟨attempt⟩ | x). We
fine-tune with LoRA, with full hyperparameters in
Appendix E.

Evaluation. We construct cost–accuracy fron-
tiers by sweeping each method’s final routing
threshold. For pre- and post-generation routers,
we use the convention that larger scores indicate
stronger preference for expert deferral. For Gen-
Gate and MC Two-Stage Probe, we fix the initial
threshold τ0 = 0.7 as a conservative default, so
that the prior gate skips generation only under high
defer confidence. We then sweep the deployment
cutoff γ over the merged defer scores to trace the
corresponding cost–accuracy frontier.

In addition to the full cost–accuracy frontiers,
we report Route@95% as an operating-point sum-
mary. Route@95% is defined as the minimum Ex-
pertRate required for the routed system to reach
95% of expert-only accuracy on held-out evalu-
ation data. At this operating point, we compute
the joint deployment cost Costα (Eq. 11) using the
corresponding ExpertRate and AttemptRate. We re-
port Costα for α ∈ {0.05, 0.1, 0.2} as a sensitivity
analysis over different relative costs of local gener-
ation. Additional metrics, including frontier AUC
and defer-score ECE, are reported in Appendix F.

4.3 Main Results

GenGate achieves the lowest joint deployment cost
across all six settings (two local models × three do-
mains) at α = 0.1, and remains best or second-best
in all 18 comparisons across α ∈ {0.05, 0.1, 0.2}.
Table 1 reports Costα at the Route@95% operating
point. The gains are largest for Qwen-Math and
Qwen-MMLU, where GenGate reduces Cost0.1
from the strongest baseline’s 55.54 to 48.23 and
from 68.18 to 58.85, respectively. For LLaMA,
GenGate is strongest on Code and Math, reducing
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Table 1: Joint deployment cost at Route@95%. Costα = ExpertRate + α · AttemptRate is the joint cost at three
attempt-cost ratios. ExpertRate is the minimum expert-call rate (%) to reach 95% of expert-only accuracy. For
GenGate and MC Two-Stage Probe, τ0 = 0.7. Bold/underline mark the best/second-best value per column within
each model block.

Code Math MMLU

Method Cost.05 Cost.10 Cost.20 Cost.05 Cost.10 Cost.20 Cost.05 Cost.10 Cost.20

Qwen local model
Self-REF 72.86 77.86 87.86 52.40 57.40 67.40 68.54 73.54 83.54
Answer Prob 73.11 78.11 88.11 86.70 91.70 101.70 87.43 92.43 102.43
Post Linear 83.67 88.67 98.67 51.87 56.87 66.87 63.64 68.64 78.64
Prompt Router 81.28 86.28 96.28 84.58 89.58 99.58 94.30 99.30 109.30
MC Two-Stage Probe 81.03 83.49 88.40 51.25 55.54 64.12 63.36 68.18 77.82
Pre Linear 80.22 81.26 83.34 54.16 56.58 61.40 72.39 73.85 76.75
RoBERTa Router 90.79 91.28 92.24 69.14 70.77 74.02 79.77 80.84 82.97
GenGate 70.20 72.04 75.71 44.43 48.23 55.85 55.38 58.85 65.78

LLaMA local model
Self-REF 84.85 89.85 99.85 90.18 95.18 105.18 56.82 61.82 71.82
Answer Prob 79.23 84.23 94.23 99.32 104.32 114.32 86.90 91.90 101.90
Post Linear 85.51 90.51 100.51 87.56 92.56 102.56 58.92 63.92 73.92
Prompt Router 97.86 102.86 112.86 98.74 103.74 113.74 84.77 89.77 99.77
MC Two-Stage Probe 83.15 84.77 88.02 84.85 87.20 91.91 58.84 63.64 73.25
Pre Linear 87.13 87.81 89.16 86.07 86.80 88.27 70.34 71.90 75.02
RoBERTa Router 90.31 90.82 91.84 89.47 90.03 91.14 78.92 80.03 82.25
GenGate 77.72 79.41 82.81 82.01 84.84 90.51 56.76 61.65 71.43

Cost0.1 to 79.41 and 84.84, respectively, showing
that GenGate consistently reaches the target accu-
racy with lower joint deployment cost than both
pre-generation and post-generation routers.

Figure 3 further compares the cost–accuracy
tradeoff across operating points. GenGate consis-
tently lies among the strongest methods, with its
largest gains appearing at moderate-to-high joint-
cost budgets. This pattern reflects the limitation of
pre-generation and post-generation routing meth-
ods: post-generation routers such as Self-REF and
Answer Prob generate a local attempt for every
query, while pre-generation routers such as Pre
Linear avoid some local generation but require
more expert calls to reach the same accuracy. Gen-
Gate avoids both failure modes by pre-deferring
queries that the prior already determines, paying
local generation cost only when the posterior sig-
nal is needed. Despite reducing local generation,
GenGate maintains competitive routing accuracy,
achieving best or second-best Route@95% in five
of six settings and coming within 0.6 points of the
best in the remaining one (Table 4, Appendix F.2).

The cost decomposition in Figure 4 provides
a high-level explanation of these gains: GenGate
shifts a substantial portion of deferrals to the pre-
generation stage, reducing local-generation cost
while still retaining posterior scoring for queries
that receive a local attempt. The corresponding

LLaMA decomposition is provided in Figure 12,
and full branch-level routing statistics are visu-
alized in Figure 13 of Appendix F.3. The full
routing breakdown at τ0 = 0.7 further shows
that GenGate’s savings come from meaningful pre-
generation deferrals rather than indiscriminate at-
tempt reduction: early deferral covers 23.9–66.1%
of queries in five of six settings (with 2.2% on
LLaMA-MMLU), early-deferred examples have
57.1–93.3% defer precision, and locally submitted
examples retain 62.5–86.5% accuracy.

5 Analysis and Ablations

5.1 Contribution of Each Decision Stage

The initial threshold τ0 controls how often GenGate
pays for posterior evidence from a local attempt.
We sweep τ0 to isolate two gains: avoiding unneces-
sary local generation at the prior gate and retaining
answer-dependent evidence at the posterior gate.
For each τ0, we sweep the expert-call budget and
record accuracy and attempt-rate curves. Figure 5
shows a representative Qwen-Math sweep, and Ap-
pendix C reports the full grid (Figure 8).

The endpoints correspond to the two standard
routing regimes. With τ0 = 1, every query gen-
erates a local attempt before routing, yielding a
posterior-only router that always pays generation
cost. With τ0 = 0, every query is scored before
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Figure 3: Accuracy under cost budget across all settings, with the accuracy axis zoomed to highlight differences
among routing methods. Each curve sweeps the expert-call budget for one method. The x-axis is the cost budget
Cost0.1 = ExpertRate+0.1 ·AttemptRate. GenGate (blue, solid) achieves higher accuracy across broad mid-to-high
cost-budget regions, where avoiding unnecessary local attempts compounds with reduced expert calls.
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Figure 4: Cost decomposition at Route@95% for Qwen local models. Each bar decomposes Cost0.1 into ExpertRate
and α·AttemptRate with α = 0.1. Methods are sorted by total cost within each domain, and GenGate is highlighted.
GenGate lowers joint deployment cost by reducing expert calls while avoiding unnecessary local attempts.

generation, yielding a prior-only router. Across set-
tings, the posterior-only endpoint achieves higher
raw accuracy because it conditions on the realized
attempt, but the gap is usually modest. Intermediate
thresholds therefore retain most posterior accuracy
while reducing the attempt rate.

Under Costα, both endpoints are inefficient in
different ways. The τ0 = 1 endpoint attempts every
query, including cases already resolved by the prior
signal, whereas τ0 = 0 discards posterior evidence
when the prior is uncertain. Intermediate τ0 avoids
both extremes: the prior gate filters easy deferrals,
and the posterior gate refines the rest. This ordering

is consistent across all six settings (Appendix C,
Figure 8).

5.2 KL and Transfer

We ablate the KL regularization in the policy objec-
tive (Section 3), with full results in Appendix C.1,
Figure 9. Removing KL (λKL=0) has a task-
dependent effect. On Code, the routing curve shifts
slightly downward with comparable accuracy at the
0% endpoint. On Math, the effect is severe: the no-
KL curve rises roughly linearly from 0% at B=0,
the signature of a model whose self-answers con-
tribute nothing and whose accuracy scales with the
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Figure 5: Effect of the initial defer threshold τ0 on
Qwen-Math (expert-budget sweep, one curve per fixed
τ0). Top: system accuracy vs. expert budget. The
shaded band marks the accuracy gap between posterior-
only routing (τ0=1) and prior-only routing (τ0=0). Bot-
tom: local attempt rate vs. expert budget. The dark-blue
curve is GenGate (τ0=0.7). The blue shaded area de-
notes its attempt-rate reduction relative to posterior-only
(τ0=1) at matched expert budgets. The dotted vertical
line marks the Route@95% operating point, where Gen-
Gate reaches 88.9% accuracy while attempting 76% of
queries.

deferral fraction. This asymmetry likely reflects
longer, less constrained Math generations and a
larger Math training set, giving fine-tuning more
steps to drift. The KL term is essential whenever
generation is long or training is extended.

A Math-to-MMLU transfer experiment (Ap-
pendix D, Figure 10, Table 2) tests whether the
learned routing behavior can be reused without
re-collecting domain-specific rollout supervision.
The transferred router achieves comparable AUC
to in-domain training (Qwen: 82.793 vs. 83.300,
LLaMA: 82.740 vs. 83.219), but requires more ex-
pert calls to reach Route@95% (Qwen: 54.95% vs.
51.91%, LLaMA: 56.43% vs. 51.87%). This sug-
gests that GenGate learns partially reusable rout-
ing behavior, while domain-specific supervision
remains beneficial under distribution shift.

5.3 Action-Token Fine-Tuning vs. Probing

MC Two-Stage Probe shares GenGate’s sequential
structure and Monte Carlo targets but realizes both
decisions as logistic-regression probes on frozen
hidden states. The consistent gap (Table 1) isolates
the contribution of action-token fine-tuning. These

results suggest that LoRA reshapes hidden states at
decision boundaries to encode stronger routing sig-
nals (representation adaptation), joint training of
s0 and s1 (Eq. 7) lets gradients from the initial gate
benefit the posterior decision (joint optimization),
and the fine-tuned model retains more correctness-
indicative signal during generation because it antic-
ipates the posterior routing step (generation-aware
encoding). This advantage is consistent across all
six settings, where GenGate reduces Cost0.1 rela-
tive to MC Two-Stage Probe by 2.0–11.5 points at
Route@95% for Qwen and LLaMA across Code,
Math, and MMLU.

Taken together, these analyses clarify why
generation-gated routing is useful. The threshold
sweep shows that neither endpoint is ideal: always
generating wastes local computation, while prompt-
only routing discards answer-dependent evidence.
The KL and probe ablations suggest that preserving
the generator is important when applying routing
supervision, and that the gains depend on action-
token fine-tuning rather than simply using two de-
cision points. These results support GenGate’s
central design choice of training the local LLM to
internalize cascaded routing decisions while pre-
serving its generation capability when posterior
evidence is needed.

6 Conclusion

We framed LLM routing as generation-gated cas-
caded routing, where local generation is an optional
cost-bearing action rather than a mandatory step
before deferral. GenGate instantiates this view by
fine-tuning a single local LLM to internalize cas-
caded routing decisions while preserving its gen-
eration capability. The same model makes two
action-token decisions: a prior gate before genera-
tion and a posterior gate after a bounded local at-
tempt. These action probabilities decide when gen-
eration is worth paying for and when an expert call
is needed. Across Code, Math, and MMLU with
Qwen2.5 and LLaMA-3 local models, GenGate
lowers joint deployment cost at the target accuracy
by moving a substantial portion of deferrals before
local generation. The ablations show why both de-
cisions matter: prior deferral removes avoidable
local attempts, posterior routing preserves answer-
dependent evidence when generation is useful, and
KL regularization keeps routing supervision from
degrading the generator. Overall, GenGate uses
local generation as optional routing evidence.
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Limitations

Our evaluation focuses on automatically gradable
single-turn tasks. Open-ended or multi-turn set-
tings may require different correctness signals.
GenGate also depends on rollout supervision from
task evaluators or trusted labels. Its benefits are
most pronounced when local generation has non-
negligible cost and posterior evidence improves
routing. When generation is cheap or answer-
dependent evidence is weak, simpler routers may
be sufficient. In deployment, GenGate may still
submit incorrect local outputs, especially under
distribution shift or imperfect rollout supervision.
It should therefore not be relied upon as a safety
mechanism in high-stakes applications without
task-specific validation, monitoring, and an appro-
priate fallback. We leave serving effects, token
pricing, and adaptive stopping to future work.
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A Preference-Based Sequential Decision
Formulation

This section derives the Bellman advantage used
in Section 3. The derivation uses utilities only to
identify the supervision target for the initial gate.
GenGate is trained with supervised action-token
losses rather than reinforcement learning.

Preference formulation. We assume the utility
ordering

Uself-correct > Udefer > Uself-wrong. (12)

This states that a correct local submission is pre-
ferred to expert deferral, while expert deferral is
preferred to submitting an incorrect local answer.
Let cA denote the cost of generating a bounded lo-
cal attempt. The concrete value of cA controls the
deployment tradeoff, but the training target only
needs to estimate whether the local attempt is likely
to be correct.

Generic Bellman backup. For a one-step tran-
sition from state s under action a, the Bellman
backup is

Q(s, a) = R(s, a) + Es′∼P (·|s,a)[V (s′)], (13)

where
V (s′) = max

a′
Q(s′, a′). (14)

Terminal actions have value equal to their terminal
utility. GenGate has two decision states. At s0 =
x, the model chooses between immediate deferral
D and attempting local generation A. Immediate
deferral is terminal:

QD(s0) = Udefer. (15)

Attempting pays the local generation cost and tran-
sitions to the posterior state s1 = (x, z) with
z ∼ πref(· | x):

QA(s0) = −cA + Ez∼πref(·|x)[V1(x, z)]. (16)

At s1, the posterior value is the better of self-
submission and deferral:

V1(x, z) = max{Qself(s1), Qdefer(s1)}. (17)

Posterior value. Let r = r(x, z) ∈ {0, 1} in-
dicate whether the local attempt is correct. The
posterior action values are

Qself(s1) =

{
Uself-correct if r = 1,

Uself-wrong if r = 0,
(18)

and
Qdefer(s1) = Udefer. (19)

By the utility ordering, the optimal posterior action
is self-submit when r = 1 and defer when r = 0.
Thus

V1(x, z) =

{
Uself-correct if r = 1,

Udefer if r = 0.
(20)

Taking expectation over local attempts gives

E[V1] = Pr[r = 1] · Uself-correct

+ Pr[r = 0] · Udefer

= Pr[r = 1] · Uself-correct

+ (1− Pr[r = 1]) · Udefer.

(21)

Initial advantage. Substituting this posterior
value into the Bellman backup, the advantage of
attempting over immediate deferral is

QA(s0)−QD(s0) = Pr[r = 1] · Uself-correct

+ (1− Pr[r = 1]) · Udefer

− cA − Udefer

= Pr[r = 1] · Uself-correct

− Pr[r = 1] · Udefer − cA

= Pr[r = 1] ·∆U − cA,
(22)

where ∆U = Uself-correct − Udefer. Attempting is
favorable when

Pr[r = 1] >
cA
∆U

. (23)

Therefore, the initial decision should estimate the
probability that sampling a bounded local attempt
from πref(· | x) yields a correct answer. We ap-
proximate this probability with the empirical roll-
out success rate

t̂0(x) =
1

N

N∑

i=1

ri ≈ Pr
z∼πref(·|x)

[r(x, z) = 1].

(24)

Training targets. The Bellman backup yields the
supervised targets used in Section 3.2:

• Initial decision: t̂0(x) ∈ [0, 1], the empirical
probability that the local model can generate
a correct answer. Queries with higher t̂0(x)
should be attempted.

• Posterior decision: ri ∈ {0, 1}, the realized
correctness of attempt zi. Correct attempts
should be self-submitted. Incorrect attempts
should be deferred.
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The utilities motivate the target but are not opti-
mized directly. Training uses binary cross-entropy
on action-token log-odds, and inference controls
the attempt/defer tradeoff through the initial thresh-
old τ0 and deployment cutoff γ.

B Motivation Probe Analysis

This section expands the motivation study in Fig-
ure 1.

Per-ratio probes. The motivation experiment
asks whether partial generations provide a reliable
intermediate routing state between the prompt-only
state s0 and the completed-attempt state s1. Fig-
ure 6 extends the main-text probe study to all do-
mains and both local-model families. The result
is not that intermediate states contain no correct-
ness signal; rather, their usefulness is inconsistent
across tasks, models, and generation ratios. Some
partial-generation points expose answer-dependent
information, but they do not form a stable operating
point that consistently improves over the boundary
states. This supports using s0 and s1 as the two
routing states instead of introducing a fixed mid-
generation gate.

Mixed-ratio probe. Figure 7 tests a complemen-
tary question: whether the per-ratio pattern is
caused by training separate probes at each ratio. We
train a single linear probe on pooled hidden states
from all ratios and evaluate it separately at each
ratio. Pooling gives the classifier access to more
training examples and a shared decision bound-
ary across generation positions. Even under this
setting, intermediate ratios do not become a consis-
tently strong decision point. The mixed probe still
performs reasonably across ratios, indicating that
correctness-related information is present through-
out generation, but the boundary states remain the
most reliable choices for a simple cascaded routing
design. Thus the probe analysis motivates Gen-
Gate’s two-stage design: decide from the prompt
when prior evidence is sufficient, and acquire the
full local attempt only when posterior evidence is
worth its cost.

C Ablation Studies

This section provides the full ablation results sup-
porting Section 5. Figure 8 extends the τ0 sweep
from the representative Qwen-Math case to all six
model-domain settings.

C.1 KL Regularization Ablation

Training collects rollouts from the reference policy
πref , but inference generates from the fine-tuned
πθ. Without an anchor, fine-tuning the action-token
logits can pull generation-token logits along, de-
grading the local model’s self-answer quality and
shifting the realized z away from the distribution
under which the posterior decision πθ(⟨self⟩ | s1)
was supervised. The KL term in Eq. 8 restricts
this drift on generation tokens while leaving action-
token logits unconstrained. We assess its contri-
bution by re-training GenGate with λKL = 0 and
comparing routing curves to the full objective.

The effect is task-dependent. On Code, remov-
ing KL produces a small consistent downward shift
with comparable accuracy at the 0% endpoint. On
Math, the effect is severe: the wo-KL curve rises
roughly linearly from 0% at B = 0 to the always-
defer accuracy at B = 100%, the signature of
a system whose self-answers contribute nothing
and whose accuracy scales with the deferral frac-
tion. Fine-tuning has destroyed the local model’s
ability to self-answer Math queries. The asymme-
try between Code and Math likely reflects both
longer, less constrained Math generations and a
larger Math training set, which gives fine-tuning
more steps to drift. We expect Code to exhibit
similar collapse under comparable training scale.
The KL term is essential whenever generation is
long or training is extended. Figure 9 shows the
corresponding routing curves.

D Cross-Domain Transfer

A practical concern for routing methods is whether
a trained router can be reused across tasks with-
out re-collecting domain-specific rollout supervi-
sion. We test this by training GenGate on Math
and applying it to MMLU without using MMLU
rollout supervision for router training or calibra-
tion. MMLU labels are used only for offline evalu-
ation of the resulting frontier of accuracy against
budget. Transfer results are mixed: on Qwen, the
Math-trained router requires more expert calls to
reach the 95% target (54.95% vs. 51.91% for in-
domain) but its AUC is comparable (82.793 vs.
83.300). On LLaMA, the transferred router shows
comparable AUC (82.740 vs. 83.219) and uses
more expert calls (56.43% vs. 51.87%). The resid-
ual gap is consistent with domain shift: Math and
MMLU differ in difficulty distribution and answer
format, so a router trained on Math does not fully
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Figure 6: Per-ratio linear probes across Code, Math, and MMLU for Qwen and LLaMA local models. Each point
trains and evaluates a linear probe at the same generation ratio. Intermediate partial-generation states contain
correctness signal but do not provide a stable advantage over the boundary states (s0 and s1).
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Figure 7: Mixed-ratio linear probes across Code, Math, and MMLU for Qwen and LLaMA local models. A
single linear probe is trained on pooled hidden states from all ratios and then evaluated separately at each ratio.
Intermediate states still do not form a consistently stronger routing point than the boundary states.

match in-domain training. The routing behavior
partially transfers, although in-domain training re-
mains stronger. Figure 10 shows the transfer fron-
tiers, and Table 2 summarizes the Route@95% op-
erating points.

Table 2: Cross-domain route rate required to reach 95%
of expert-only accuracy on MMLU. Lower Route and
ECE are better. Higher AUC is better.

Method Route ACC AUC ECE

Qwen local model
MMLU → MMLU 51.91 87.30 83.300 0.2097
Math → MMLU 54.95 87.30 82.793 0.1732

LLaMA local model
MMLU → MMLU 51.87 87.30 83.219 0.1952
Math → MMLU 56.43 87.30 82.740 0.2253

E Dataset, Training, and Baseline Details

Code availability. A reference implementa-
tion is available at https://github.com/xsyhh/
GenGate. The repository includes prompt tem-
plates, data preprocessing, rollout annotation,
routing-pair construction, and LoRA training
scripts for the proposed method.

Computation infrastructure. Experiments are
conducted on a GPU server with eight NVIDIA
A100 GPUs, each with 80GB memory.

Dataset construction. For Code, the routing-
supervision split is built from the LeetCodeDataset
training branch together with MBPPPlus, and the
held-out evaluation split is built from the LeetCode-
Dataset test branch together with HumanEvalPlus
(Xia et al., 2025; Chen et al., 2021; Austin et al.,
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Figure 8: Full ablation of the initial defer threshold. Rows are Qwen and LLaMA. Columns are Code, Math, and
MMLU. Each curve fixes τ0 and sweeps the total expert budget.
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Figure 9: Effect of KL regularization on Qwen routing
curves for Code (top) and Math (bottom). Green is the
full GenGate objective. Brown removes the KL term.

2021; Liu et al., 2023). After preprocessing,
this gives 2,376 LeetCode training problems, 341
MBPPPlus training problems, 228 held-out Leet-
Code problems, and 164 HumanEvalPlus problems.
For Math, we use the official Hendrycks MATH
train/test split with 7,500 training problems and
5,000 test problems. For MMLU, we use the pro-
cessed MMLU auxiliary-train split for supervision,
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Figure 10: Cross-domain generalization from Math
training to MMLU evaluation. The top panel uses Qwen
and the bottom panel uses LLaMA.

the validation split for development checks, and the
official test split for reported evaluation (Hendrycks
et al., 2021b,a). These contain 99,842, 1,531, and
14,042 questions, respectively. All rollout labels
used to fine-tune GenGate are produced only from
the corresponding training split. Held-out score
metadata is used only to compute the threshold
sweeps and reported routing curves.
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Model checkpoints. The Qwen local model
is Qwen2.5-Coder-3B-Instruct for Code and
Qwen2.5-3B-Instruct for Math and MMLU. The
LLaMA local model is Meta-Llama-3-8B-Instruct
in all three domains. These model families are de-
scribed by Hui et al. (2024); Yang et al. (2024);
Grattafiori et al. (2024). The expert model is Ope-
nAI’s publicly available GPT-5.4 API model, ac-
cessed through the OpenAI API with no fine-tuning
or task-specific adaptation. We query the expert
once per held-out example and reuse the same re-
sponse for every method in the same domain/model
setting.

Expert API setup. Expert responses are obtained
from the gpt-5.4 API. Each held-out example is
sent as a single user message with no conversation
history shared across examples. We use determin-
istic decoding. The task-specific prompt templates
used for local and expert generation are listed be-
low. Expert outputs are cached per query. Each
example is queried exactly once, and the same ex-
pert response is reused across all routing methods
within the same domain/model setting to ensure
that any performance difference is attributable to
the routing decision rather than to expert sampling
variance.

Rollout annotation. For each training problem,
we sample K = 10 bounded local attempts from
the unfine-tuned local model. Sampling uses tem-
perature 0.7 and top-p = 0.95. Each rollout is
evaluated with the domain evaluator: executable
unit tests for Code, final-answer matching for Math,
and option-letter matching for MMLU. The pos-
terior ⟨self⟩/⟨defer⟩ label is the binary correct-
ness label of the sampled attempt. The initial
⟨attempt⟩/⟨defer⟩ target is the empirical success
rate of the sampled attempts for the same problem.

Fine-tuning. GenGate fine-tunes the local model
with LoRA adapters. We use LoRA rank 8, LoRA
α = 16, dropout 0.05, bfloat16 training, gradient
checkpointing, and a cosine learning-rate schedule
with peak learning rate 2×10−4. All runs use an ef-
fective batch size of 32 examples. For LLaMA, this
effective batch size is implemented with a smaller
per-device batch size for the 8B model. Training
runs for 2–3 epochs across settings. For the KL
regularizer, the reference model is the correspond-
ing local base model. We set λKL = 0.08 for Code
and Math and λKL = 0.32 for MMLU.

Inference decoding. At inference time, local at-
tempts are decoded greedily with temperature 0
and top-p = 0.95. All causal-LLM prompts are
wrapped as a single user message with the corre-
sponding Qwen or LLaMA chat template. GenGate
uses a sequential action format: at each bound-
ary, we score the candidate action markers, ap-
pend the selected marker, and continue only when
⟨attempt⟩ is selected. After ⟨attempt⟩, the model
generates a bounded solution and the posterior
boundary scores ⟨self⟩ against ⟨defer⟩. Routing
probabilities are computed from the normalized
probabilities of the relevant action-token pair at
each decision state.

Prompt and context formats. We do not rely on
task-specific prompt engineering beyond enforcing
output formats that the evaluators can parse. All
causal-LLM prompts are wrapped as a single user
message with the corresponding Qwen or LLaMA
chat template. The code repository contains the ex-
act prompt strings; here we summarize the prompt
structure used to create rollouts, training pairs, and
inference scores.
Rollout sampling. Rollouts used for GenGate su-
pervision are sampled from answer-only prompts,
without any routing or confidence tokens. The
Code prompt gives the problem and starter code
and asks the model to output only a Python fenced
solution, with no explanations, tests, usage exam-
ples, or __main__ block. The Math prompt asks for
step-by-step reasoning and requires the answer to
end with Final answer: followed immediately by
the bare expression or value. The MMLU prompt
similarly asks for step-by-step reasoning and re-
quires Final answer: followed by a single option
letter. These sampled attempts are then evaluated
by the task evaluator and are not generated from
the action-token prompt.
GenGate action contexts. For action-token train-
ing and inference, GenGate uses a sequential
prompt that explicitly exposes two decision points.
At the initial state s0, the user prompt contains the
task instance and asks the model to choose either
⟨attempt⟩ or ⟨defer⟩ before producing any answer.
If ⟨attempt⟩ is chosen, the same prompt specifies
the bounded attempt format: Code must place the
draft inside a Python fenced block, Math must end
the reasoning with Final answer: and a bare
value, and MMLU must end with Final answer:
and one option letter. After the completed attempt,
the prompt asks the model to choose ⟨self⟩ or
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⟨defer⟩. Thus the Code posterior context is the s0
prompt followed by ⟨attempt⟩, the opening code
fence, the sampled code, and the closing fence;
for Math and MMLU it is the s0 prompt followed
by ⟨attempt⟩ and the sampled reasoning/answer
text. Qwen-MMLU uses the rendered action
strings <|Attempt|>, <|self|>, and <|defer|>;
the other GenGate runs use <Attempt>, <self>,
and <defer>.
Training pairs and inference scoring. The train-
ing data reuses exactly the same s0 and s1 con-
texts described above. For each query, the s0 pair
compares ⟨attempt⟩ against ⟨defer⟩ and uses the
empirical rollout success rate t̂0(x) as its soft tar-
get. For each realized rollout, the s1 pair compares
⟨self⟩ against ⟨defer⟩ and uses the binary correct-
ness label ri. At inference time, no labels are at-
tached: the model scores the same action pairs on
the same contexts and follows the routing proce-
dure in Section 3.3.
Baseline prompt formats. Answer-only local gen-
eration, cached expert calls, and Answer Probabil-
ity use the same answer-only formats as rollout
sampling: Python fenced code for Code, Final
answer: plus a bare value for Math, and Final
answer: plus one option letter for MMLU. Self-
REF uses the same answer format but appends one
learned confidence token, written in the paper as
<CN> or <UN>. For Code and Math, the token fol-
lows the generated answer; for MMLU, the im-
plementation uses a compact multiple-choice an-
swer format followed by the same confidence token.
Prompt Router replaces the learned confidence to-
ken with a verbalized yes/no decision after the
answer, and routes by rescoring that final decision
boundary. Pre-Linear, Post-Linear, and MC Two-
Stage Probe do not introduce additional natural-
language prompts; they use hidden states extracted
at the prompt-only state, completed-attempt state,
or both. RoBERTa Router does not use a causal-
LLM generation prompt and is trained on the raw
problem text used by the baseline loader.

Baseline implementation details. For Self-REF,
we follow the confidence-token annotation and
training procedure of Chuang et al. (2025), using
the two newly added confidence tokens <CN> and
<UN>. To stabilize training, gradient updates on
the input and output embeddings are restricted to
the two decision-token rows via a row-wise mask
that zeros gradients on all other vocabulary entries.
Correct local outputs are annotated with the posi-

tive token and incorrect outputs with the negative
token. We add these two tokens to the vocabulary
and fine-tune with LoRA (rank 8, α = 16) ap-
plied to all Q-K-V layers, using batch size 32 and
learning rate 1 × 10−4. To preserve base model
quality, we freeze all token embedding parameters
except the two confidence-token rows, and simi-
larly freeze the output projection except for these
two tokens. We construct the augmented training
set by balancing the two confidence-token classes.
Following Chuang et al. (2025), we sweep the
<CN>:<UN> ratio over {1:1, 1:2, 1:3, 1:4} and select
per-setting on validation accuracy. The selected ra-
tio is 1:1 in five of six settings and 1:3 for LLaMA-
MMLU. Differences across ratios are small, within
∼1 expert-call-equivalent unit per setting at the
Route@95% operating point. Training runs for up
to 8 epochs with early stopping based on valida-
tion perplexity. For Pre-Linear and Post-Linear, we
use scikit-learn’s LogisticRegressionCV with L2
regularization, selecting the regularization strength
via 5-fold cross-validation on the training rollouts.
For RoBERTa Router, we fine-tune roberta-base
on the prompt text with a linear classification head,
using learning rate 2× 10−5, batch size 16, and 3
epochs. Prompt Router uses the domain-specific
verbalized-confidence prompts listed above and
routes by rescoring the final yes/no decision bound-
ary.

F Supplementary Results

This section gives the full per-setting audit ta-
bles and result figures behind the main summaries.
Fixed-budget tables report counterfactual threshold
sweeps at matched expert-call budgets. Figure 11
shows the complete cost–accuracy frontiers, while
Figure 12 provides the LLaMA counterpart to the
Qwen cost decomposition in the main text.

F.1 Full Fixed-Budget Results

Table 3 presents the main fixed-budget comparison
discussed in Section 4.3.

F.2 Route@95 Comparison

Table 4 reports the Route@95% metric (minimum
expert-call rate to reach 95% of expert-only accu-
racy) for all methods. GenGate achieves best or
second-best Route@95% in five of six settings and
is within 0.6 points of the best in the remaining one,
demonstrating that aggressive pre-deferral does not
sacrifice routing accuracy.
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solid) dominates or matches the Pareto frontier in all six panels.
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Figure 12: Cost decomposition at Route@95% for LLaMA local models. Each bar decomposes Cost0.1 into
ExpertRate and α·AttemptRate with α = 0.1, matching Figure 4.
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Table 3: System accuracy (%) at fixed expert-call budgets. Each column shows the accuracy achieved when exactly
B% of queries are routed to the expert. This table evaluates routing quality at matched expert-call rates without
charging local-attempt cost; the joint deployment cost including attempt rate is reported in Table 1.

Code Math MMLU

Method 20% 40% 60% 80% 20% 40% 60% 80% 20% 40% 60% 80%

Qwen local model
Self-REF 49.74 62.24 73.72 79.34 77.60 86.40 90.80 92.88 73.13 81.11 86.58 90.04
Answer Prob 52.55 65.31 74.49 79.34 74.42 79.58 84.22 88.32 71.22 77.08 82.09 86.69
Post Linear 46.62 59.47 70.92 77.74 76.63 86.54 91.31 93.09 74.63 82.27 87.59 90.74
Prompt Router 48.47 59.44 70.15 78.06 74.72 79.88 84.36 88.78 57.07 65.16 74.29 83.09
MC Two-Stage Probe 46.30 60.08 72.03 77.74 76.20 86.54 91.31 93.09 74.50 82.31 87.61 90.75
Pre Linear 46.33 59.31 71.72 77.65 75.28 84.93 90.50 92.72 72.19 79.12 84.73 89.06
RoBERTa Router 47.70 54.85 64.54 73.72 75.62 82.40 87.22 90.60 72.84 78.68 83.27 87.56
GenGate 51.02 64.29 74.23 80.10 77.50 88.56 92.74 93.40 74.77 83.16 89.04 91.36

LLaMA local model
Self-REF 40.82 56.12 67.86 77.81 40.10 56.86 73.00 86.06 73.81 83.11 89.25 91.46
Answer Prob 43.62 57.40 71.43 79.34 42.08 56.34 69.36 81.08 70.77 76.28 81.66 86.74
Post Linear 37.88 52.09 65.54 77.09 42.73 59.47 75.04 87.42 75.21 83.35 88.61 91.33
Prompt Router 33.93 42.35 55.87 69.13 41.86 54.50 67.22 79.54 66.82 75.17 81.99 87.32
MC Two-Stage Probe 37.76 51.43 64.64 76.38 42.03 58.61 74.49 87.55 74.82 83.24 88.59 91.33
Pre Linear 35.77 50.33 63.24 74.16 41.75 58.44 73.66 86.25 72.27 79.51 85.19 89.49
RoBERTa Router 41.58 51.53 62.24 72.45 42.20 57.88 72.50 84.40 71.98 78.39 83.41 87.73
GenGate 41.33 55.61 68.62 78.57 42.20 59.46 76.00 89.12 74.31 83.54 89.33 91.55

Table 4: Route@95% (%): minimum expert-call rate
to reach 95% of expert-only accuracy. For GenGate
and MC Two-Stage Probe, the initial threshold is fixed
at τ0 = 0.7. Lower is better. Bold/underline mark
best/second-best per column.

Qwen LLaMA

Method Code Math MMLU Code Math MMLU

Self-REF 67.86 47.40 63.54 79.85 85.18 51.82
Answer Prob 68.11 81.70 82.43 74.23 94.32 81.90
Post Linear 78.67 46.87 58.64 80.51 82.56 53.92
Prompt Router 76.28 79.58 89.30 92.86 93.74 79.77
MC Two-Stage Probe 78.57 46.96 58.54 81.53 82.49 54.04
Pre Linear 79.18 51.75 70.94 86.45 85.33 68.77
RoBERTa Router 90.31 67.52 78.71 89.80 88.92 77.81
GenGate 68.37 40.62 51.91 76.02 79.18 51.87

F.3 Full Pre-Defer and Routing Breakdown
Results

Figure 13 visualizes the routing breakdown at
τ0 = 0.7. The segment widths report the frac-
tion of queries handled by pre-generation deferral,
post-generation deferral, and local self-submission;
the labels inside the defer segments report defer
precision, and the labels inside the self segments
report local accuracy.

F.4 Full AUC and Calibration Results
Table 5 reports the full defer-score AUC and ECE
metrics referenced in the evaluation protocol.
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Figure 13: Routing breakdown at pre-defer threshold τ0 = 0.7. Each bar shows the query distribution across
pre-generation deferral, post-generation deferral, and local self-submission. Numbers inside bars report precision
for defer segments and accuracy for the self segment.

Table 5: Full routing AUC and defer-score ECE results. AUC measures defer-score ranking quality, while ECE
measures defer-score calibration.

Code Math MMLU

Method AUC ECE AUC ECE AUC ECE

Qwen local model
Self-REF 65.145 0.0822 85.437 0.0640 81.807 0.2304
MC Two-Stage Probe 62.789 0.0666 84.770 0.0344 82.505 0.0737
Post Linear 62.732 0.0974 85.350 0.0476 82.882 0.0838
Pre Linear 62.595 0.0767 84.432 0.0435 80.823 0.1645
RoBERTa Router 60.325 0.1600 83.218 0.2782 80.213 0.3389
Prompt Router 63.031 0.3546 81.219 0.2186 70.009 0.3818
Answer Prob 66.464 0.5227 81.174 0.2555 79.111 0.0842
GenGate 65.903 0.1076 86.154 0.0753 83.383 0.1872

LLaMA local model
Self-REF 59.719 0.0667 63.045 0.2615 83.158 0.1555
MC Two-Stage Probe 57.302 0.0385 64.920 0.0413 82.873 0.0702
Post Linear 57.291 0.0276 65.089 0.0507 83.454 0.0729
Pre Linear 55.436 0.0424 64.115 0.0597 80.955 0.1402
RoBERTa Router 56.972 0.1584 63.487 0.2600 79.993 0.3561
Prompt Router 50.847 0.5584 60.682 0.1853 77.301 0.3190
Answer Prob 61.753 0.6233 61.750 0.5901 78.736 0.1739
GenGate 59.784 0.0947 65.095 0.1313 83.144 0.1393
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