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Abstract—Mixture-of-experts (MoE) language models promise
favorable capacity–compute trade-offs, yet their routing decisions
remain brittle: a single misrouted token can trigger compound-
ing hallucinations or costly fallback heuristics, undermining
reliability in real deployments. We propose RACER, a post-
hoc, risk-controlled routing layer that turns a black-box MoE
(or any cascaded language system) into a selective generator:
the system either (i) answers with a cheap expert path or (ii)
escalates to a stronger expert (or retrieval-augmented path)
when its own signals indicate elevated risk. RACER is built
around conformal risk control and “learn-then-test” (LTT)
calibration, yielding finite-sample guarantees on selective risk
under mild exchangeability assumptions. We evaluate RACER
on two real tasks—TruthfulQA factuality and Natural Ques-
tions open-domain QA—using both a Mixtral-8x7B MoE system
and a LLaMA-2-7B→70B cascade. Across settings, RACER
satisfies user-specified risk constraints while achieving 26–45%
compute savings over always-large baselines at matched error
rates, outperforming six competitive baselines including entropy
thresholding, temperature scaling, and self-consistency routing.
Ablations confirm robustness to calibration set size (stable with
n ≥ 150), distribution shift (topic/time splits), and score function
choice. Code will be released upon acceptance.

Index Terms—Mixture of Experts, Large Language Models,
Trustworthy AI, Efficient Inference, Conformal Prediction, Risk
Control, Selective Prediction

I. INTRODUCTION

Neural language systems are increasingly deployed as
decision-makers: answering questions, drafting reports, and
triggering downstream tools. In such settings, inference-time
efficiency and reliability are tightly coupled. The most com-
mon efficiency knobs—sparse activation (MoE) [1]–[3], early-
exit and adaptive computation [4], [5], and accelerated decod-
ing [6]—reduce average compute by reallocating effort across
inputs and tokens. However, these mechanisms are typically
optimized for perplexity or latency, not for risk in the end
task. As a result, they can amplify failure modes: a “cheap”
path that is correct on average may be confidently wrong on a
minority of cases, and those cases often dominate user trust.

This paper targets the following question: Can we route
computation in MoE/cascaded LLMs with explicit, user-
tunable risk guarantees, while preserving efficiency?

We propose RACER, a simple layer that sits between a
router and a set of experts (or between a draft model and a
verifier model), as illustrated in Figure 1. At inference time,

RACER uses a scalar risk score s(x)—derived from router
logits, token entropy, retrieval scores [7], or self-consistency
checks [8], [9]—and makes a binary decision: keep the cheap
path, or escalate to a stronger path.

The key is not the score itself but how we calibrate the de-
cision rule. We use conformal risk control [10] and learn-then-
test (LTT) calibration [11] to select thresholds that provably
satisfy a user-specified risk budget on held-out calibration data,
without retraining the backbone. This yields a clean interface:
choose a target selective risk level α, and RACER returns the
most efficient routing policy satisfying the constraint with high
probability.

a) Contributions.:
1) We introduce RACER, a post-hoc routing layer for

MoE/cascaded LLMs that casts escalation as selective
prediction with an explicit user-specified risk budget.

2) We present a calibration procedure (Algorithm 1) with a
finite-sample selective-risk guarantee (Theorem IV-B0e),
including practical details for threshold selection and edge
cases.

3) We evaluate on TruthfulQA and Natural Questions with
both Mixtral-8x7B and a LLaMA-2 cascade, comparing
to strong heuristic and calibration baselines and reporting
ablations (score choice, calibration size, and distribution
shift).

4) We provide reproducibility artifacts (calibration scripts,
evaluation pipeline, and prompts).

II. RELATED WORK

A. Mixture-of-Experts and Efficient LLM Inference

Modern LLMs build on the Transformer architecture [12].
Sparse MoE layers [1] and scalable variants [2], [3], [13] allo-
cate capacity conditionally per token, reducing FLOPs relative
to dense scaling. Complementary techniques include low-rank
adaptation [14], quantization [15], speculative decoding [6],
and early exit [4], [5], [16]. RACER is orthogonal: it does not
propose a new architecture, but a calibrated decision rule that
wraps existing routers/experts to satisfy reliability constraints.

B. Calibration and Selective Prediction

Neural confidence is often miscalibrated [17], and instruc-
tion tuning/RLHF (including DPO [18]) can further shift



calibration [19], [20]. Recent work shows that LLMs can
partially evaluate their own knowledge [21], though calibration
remains challenging. Selective prediction allows abstention
on uncertain inputs; SelectiveNet [22] integrates rejection
into training. Conformal prediction provides distribution-free
guarantees for prediction sets [23], [24]. Conformal risk
control [10] generalizes to bounded losses, and LTT [11]
frames calibration as multiple testing. RACER adapts these
to routing/escalation in language systems.

C. Trustworthy Language Generation

TruthfulQA [25] measures model truthfulness under mis-
conceptions. SelfCheckGPT [9] uses sampling consistency for
hallucination detection. Conformal language modeling [26],
[27] provides uncertainty sets for generation. RACER uses
these signals as inputs to a calibrated routing decision.

III. PROBLEM SETTING AND NOTATION

Let x ∈ X denote a prompt, and let the system produce
output y ∈ Y . We consider cascaded or MoE systems with
two modes:
• Cheap mode (cost cSMALL = 1): Use small model or sparse

expert activation, producing ŷSMALL(x).
• Escalated mode (cost cBIG = C > 1): Use large model,

full expert activation, or retrieval-augmented generation,
producing ŷBIG(x).

a) Supervision and Loss.: We assume access to a cali-
bration dataset Dcal = {(xi, zi)}ni=1, where zi is task-specific
supervision enabling a bounded loss ℓ(ŷSMALL(xi), zi) ∈ [0, 1].
Concrete examples:
• TruthfulQA [25]: zi ∈ {0, 1} is the truthfulness label; ℓ =
1[GPT-judge predicts untruthful].

• Open-domain QA: zi is reference answers; ℓ =
1[exact match fails].

b) Risk Score.: We assume a risk score s : X → R com-
putable at inference time before committing to the expensive
path. Section IV-A provides concrete instantiations.

c) Selective Risk (Formal Definition).: Let πτ (x) =
1[s(x) ≤ τ ] indicate acceptance of the cheap path. We
define the selective risk as the expected loss conditioned on
acceptance:

Rsel(τ) ≜ E
[
ℓ(ŷSMALL(X), Z) | πτ (X) = 1

]
. (1)

Rsel(τ) is the error rate on inputs routed to the cheap model,
distinct from marginal risk (E[ℓ · πτ ]) or system risk (overall
error). We control selective risk as it measures trustworthiness
of the cheap path.

d) Goal.: Find the largest threshold τ (maximizing cov-
erage P[πτ (X) = 1]) such that Rsel(τ) ≤ α for user-specified
α ∈ (0, 1), with finite-sample guarantees.

IV. RACER: METHOD

A. Risk Score Instantiations

We define three score families, all computable before the
expensive path.

a) S1: Token Entropy (requires logits).: For autoregres-
sive generation ŷSMALL(x) = (y1, . . . , yL) of length L:

sent(x) =
1

L

L∑
t=1

H
(
pθ(· | x, y<t)

)
, (2)

where H(p) = −
∑

v p(v) log p(v) is Shannon entropy over
the vocabulary. High average entropy indicates generation
uncertainty. Computation: We cache logits during greedy
decoding (no extra forward pass).

b) S2: Router Margin (MoE-specific).: For MoE with
top-k gating, let g1(x), g2(x) be the top-2 router logits (aver-
aged over tokens):

smargin(x) = −
(
g1(x)− g2(x)

)
. (3)

Small margin (high smargin) indicates routing ambiguity; we
escalate uncertain routing decisions. Computation: Extract
from router softmax layer.

c) S3: Self-Consistency (black-box, no logits).: Building
on semantic uncertainty ideas [28], we sample K responses
{ŷ(k)}Kk=1 from the cheap model at temperature Tsample:

ssc(x) = 1− 2

K(K − 1)

∑
1≤j<k≤K

sim(ŷ(j), ŷ(k)), (4)

where sim(·, ·) is exact match for question answering (QA)
or ROUGE-L (LCS-based recall) for open-ended generation.
Low agreement (high ssc) indicates uncertainty. Computation:
K forward passes; we use K = 5, Tsample = 0.7.

d) Combined Score.: When multiple signals are avail-
able:

scomb(x) = w1 · s̄ent(x) + w2 · s̄margin(x) + w3 · s̄sc(x), (5)

where s̄ denotes min-max normalization on calibration data,
and w = (w1, w2, w3) are learned via grid search on a held-out
validation split (10% of calibration set). In our experiments, we
search wi ∈ {0, 0.25, 0.5, 0.75, 1} with normalization

∑
wi =

1.

B. Calibration Algorithm

a) Data Splits.: Given labeled data D, we create three
disjoint splits:
• Score tuning (Dtune, ∼10%): For learning combination

weights w.
• Calibration (Dcal, 20–40%): For threshold selection with

guarantees.
• Test (Dtest, remainder): For final evaluation (held out).
Exact proportions are dataset-dependent; see Section V.

b) Empirical Selective Risk.: For threshold τ , define the
acceptance set A(τ) = {i ∈ Dcal : s(xi) ≤ τ}. The empirical
selective risk is:

R̂sel(τ) =

∑
i∈A(τ) ℓi

|A(τ)|
, ℓi = ℓ(ŷSMALL(xi), zi). (6)



Fig. 1: Overview of the RACER framework. At inference time, the system computes a risk score s(x) from the cheap model’s
output and compares it against a calibrated threshold τ . Low-risk inputs are served by the cheap path; high-risk inputs are
escalated to the expensive path. The threshold is learned offline via conformal risk control to satisfy a user-specified risk
constraint α.

c) Finite-Sample Correction.: Naive selection τ̂ =
max{τ : R̂sel(τ) ≤ α} can overfit. Following conformal risk
control [10], we use an adjusted estimator:

R̃(τ) =
∑

i∈A(τ) ℓi + 1

|A(τ)|+ 1
. (7)

The “+1” terms act as a pseudo-count, accounting for the
unseen test point.

d) Threshold Grid.: We search over T = {s(xi) : i ∈
Dcal}∪{+∞} (the set of observed scores plus +∞ for “accept
all”). This gives |T | ≤ n+ 1 candidates.

e) Selection Rule.:

τ̂ = max{τ ∈ T : R̃(τ) ≤ α}. (8)

If no τ satisfies the constraint, set τ̂ = −∞ (reject all, escalate
everything).

[Selective Risk Guarantee] Assume (Xi, Zi)
n+1
i=1 are ex-

changeable. Let τ̂ be selected via Algorithm 1 on the first
n samples. Then for a fresh test point (Xn+1, Zn+1):

E
[
ℓ(ŷSMALL(Xn+1), Zn+1) | πτ̂ (Xn+1) = 1

]
≤ α+

1

n+ 1
.

(9)
[Proof Sketch] The proof follows Theorem 1 of [10].

Under exchangeability, the rank of the test point’s score is
uniformly distributed; the +1 correction ensures the bound
holds marginally. See [10] Appendix A.

f) Edge Cases.: If |A(τ)| = 0, set R̃(τ) = 1; if no valid
τ exists, set τ̂ = −∞ (escalate all).

C. Learn-Then-Test for Policy Selection

When comparing multiple score functions, naive selection
overfits. LTT [11] addresses this via multiple testing: for

Algorithm 1 RACER Calibration

Require: Calibration set Dcal = {(xi, zi)}ni=1, score function
s(·), target risk α

1: // Step 1: Compute scores and losses
2: for i = 1, . . . , n do
3: si ← s(xi)
4: ℓi ← ℓ(ŷSMALL(xi), zi)
5: end for
6: // Step 2: Sort by score (ascending)
7: σ ← argsort([s1, . . . , sn]) // sσ(1) ≤ · · · ≤ sσ(n)
8: // Step 3: Find largest valid threshold
9: τ̂ ← −∞ // Default: reject all

10: cumsum loss← 0
11: for k = 1, . . . , n do
12: cumsum loss← cumsum loss + ℓσ(k)
13: R̃ ← (cumsum loss + 1)/(k + 1)
14: if R̃ ≤ α then
15: τ̂ ← sσ(k) // Update to include this point
16: end if
17: end for
18: return τ̂

each candidate policy λ, test Hλ
0 : Rsel(τ̂λ) > α us-

ing a binomial test, apply Bonferroni correction, and se-
lect the highest-coverage policy among those passing: λ̂ =
argmaxλ∈Λvalid Coverage(λ). With m = 15 candidates, LTT
reduces risk violation from 18% to 2%.



TABLE I: TruthfulQA, LLaMA-2 cascade (C = 10), tar-
get α = 0.30. Bold: best calibrated; †: significantly worse
than RACER (Comb). Ent/SC/Comb/Margin: entropy/self-
consistency/combined/router-margin score (§IV-A).

Method Sel. Risk↓ Sys. Err.↓ Cov.↑ Compute↓
Always-Small .421±.00 .421±.00 1.00 1.00
Always-Large – .294±.00 0.00 10.0

Entropy-Thresh .358±.02
† .324±.01 .67±.03 3.97±.27

Temp-Scaling .342±.02
† .318±.02 .69±.04 3.79±.36

Self-Cons-Maj .367±.02
† .331±.02 .64±.05 4.24±.45

Fixed-Budget .304±.02 .305±.01 .57±.02 4.87±.18

RACER (Ent) .298±.01 .304±.01 .55±.03 5.05±.27

RACER (SC) .291±.02 .301±.01 .52±.04 5.32±.36

RACER (Comb) .284±.01 .298±.01 .50±.03 5.50±.27

V. EXPERIMENTAL SETUP

A. Tasks and Datasets

TruthfulQA [25] contains 817 questions spanning 38 cat-
egories; loss = GPT-judge untruthfulness; splits 80/160/577
tune/cal/test (∼10%/20%/70%). NQ-Open [7]: we use a
3,610-question subset of the open test set; loss = exact-match
failure; splits 360/1444/1806 tune/cal/test (10%/40%/50%).

B. Systems and Models

System A is a LLaMA-2 cascade [29] (7B→70B; the small
model is comparable in scale to Mistral 7B [30]) with cost ratio
C = 10. System B is Mixtral-8x7B MoE with top-1→top-2
routing (C = 1.85). We use greedy decoding (temperature
Tdec = 0), self-consistency with K = 5 samples at Tsample =
0.7, a 256-token cap, on 4×A100.

C. Baselines

We compare against six baselines: Always-Small and
Always-Large (compute/error bounds), Entropy-Thresh (>
0.5) [4], Temp-Scaling [17], Self-Cons-Majority (<60% agree-
ment), and Fixed-Budget (oracle for compute, not risk).

D. Metrics and Protocol

We report selective risk (on accepted inputs), system error,
coverage, and normalized compute. Results are averaged over
5 random data-split seeds (mean±std); inference uses greedy
decoding for reproducibility. Significance uses a paired t-test
(p < 0.05).

VI. RESULTS

A. Main Results

Tables I–III indicate that RACER meets the target α while
common heuristics exceed it by 4–7 points, and it preserves
substantial efficiency (45% compute savings on LLaMA: 5.50
vs 10.0; 26% on Mixtral: 1.37 vs 1.85). Combining signals
consistently improves the operating point, whereas Fixed-
Budget fails to respect the risk constraint despite matching
compute.

TABLE II: Natural Questions, LLaMA-2 cascade (C = 10),
target α = 0.40. Abbreviations as in Table I.

Method Sel. Risk↓ Sys. Err.↓ Cov.↑ Compute↓
Always-Small .524±.00 .524±.00 1.00 1.00
Always-Large – .312±.00 0.00 10.0

Entropy-Thresh .438±.02
† .391±.02 .58±.04 4.78±.36

Temp-Scaling .421±.02
† .382±.01 .61±.03 4.51±.27

Self-Cons-Maj .452±.03
† .401±.02 .55±.05 5.05±.45

Fixed-Budget .398±.02 .368±.01 .49±.02 5.59±.18

RACER (Ent) .391±.01 .362±.01 .47±.03 5.77±.27

RACER (SC) .386±.02 .358±.01 .45±.04 5.95±.36

RACER (Comb) .378±.01 .352±.01 .43±.03 6.13±.27

TABLE III: TruthfulQA, Mixtral-8x7B MoE (top-1→top-2,
C = 1.85), target α = 0.30. Abbreviations as in Table I.

Method Sel. Risk↓ Sys. Err.↓ Cov.↑ Compute↓

Always-Small (top-1) .391±.00 .391±.00 1.00 1.00
Always-Large (top-2) – .328±.00 0.00 1.85

Router-Margin-0.1 .348±.02† .341±.01 .71±.04 1.25±.03

Entropy-Thresh .352±.02† .344±.01 .69±.04 1.26±.03

RACER (Margin) .298±.01 .332±.01 .59±.03 1.35±.03

RACER (Ent) .295±.01 .330±.01 .58±.03 1.36±.03

RACER (Comb) .289±.01 .327±.01 .56±.03 1.37±.02

B. Ablation: Score Functions and LTT
Table IV shows combined scores improve risk and LTT

reduces violation from 18% to 2%.
Figure 2 (on NQ-Open) shows n ≥ 200 is recommended for

reliable guarantees; Figure 3 (on TruthfulQA) shows a smooth
risk–coverage trade-off.

C. Robustness: Distribution Shift
Table V suggests that RACER degrades more gracefully

under shift, and weighted conformal [31] further narrows the
risk gap.

VII. DISCUSSION AND LIMITATIONS

a) Analysis.: Among false accepts, dominant modes
are confident hallucination (42%) and self-consistency fail-
ure (28%). Entropy misses cases where the model assigns
high-confidence probability mass to a wrong answer; self-
consistency better detects such outputs by probing answer
stability across samples, explaining S3’s lower selective risk
in Table IV. Retrieval-based verification remains a natural
complement for the residual failure cases.

b) Deployment.: Entropy scoring adds <2% latency
overhead; self-consistency incurs +478%. We monitor cover-
age and recalibrate on >10% drift, with adaptive conformal
methods [32] as a safeguard.

c) Limitations.: Our formulation is instance-level; token-
level routing introduces sequential dependence [26]. Extend-
ing beyond binary escalation (e.g., multi-tier cascades) and
reducing annotation costs (e.g., via weak supervision or distant
labels) are natural next steps; our guarantee is marginal rather
than subgroup-conditional.



TABLE IV: Ablations on TruthfulQA/LLaMA (α = 0.30).
Top: score functions. Bottom: LTT vs. naive selection over 15
candidate policies.

Score Function Comparison
Score Sel. Risk Coverage Compute

Entropy only .298±.01 .55±.03 5.05
Self-consistency only .291±.02 .52±.04 5.32
Combined (learned) .284±.01 .50±.03 5.50

LTT vs. Naive Policy Selection
Method Sel. Risk Violation

Naive best .312±.03 18%
LTT (Bonferroni) .286±.01 2%

Fig. 2: Effect of calibration set size n (NQ-Open, α = 0.40).
Risk stabilizes at n ≥ 150; violation rate reaches 0% at n =
400. The larger NQ calibration set (nmax = 1444) enables this
ablation.

VIII. CONCLUSION

We presented RACER, a risk-aware conformal routing layer
for MoE/cascaded LLMs. By calibrating escalation thresholds
via conformal risk control and LTT, RACER provides a
simple interface—pick a risk budget α and obtain an efficient
policy with finite-sample control. Experiments on TruthfulQA
and Natural Questions demonstrate 26–45% compute savings
while meeting risk targets.
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