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Abstract

Large language models face a trade-off be-
tween factual consistency and reasoning di-
versity: deterministic decoding prioritizes re-
liability but may miss alternative solution
paths, while high-temperature sampling in-
creases exploration at the cost of accuracy. We
present FROST (Factual Reasoning via Opti-
mized Stochastic Trajectories), an inference-
time framework that balances exploration and
exploitation without additional training or con-
text augmentation. FROST combines deter-
ministic inference from a large model with
targeted stochastic sampling from a smaller
model, selecting outputs via multi-criteria vali-
dation over coherence, factual grounding, and
semantic novelty. Across HotpotQA, Com-
monsenseQA, and MMLU, FROST achieves
2–5 percentage point improvements over stan-
dard chain-of-thought prompting and reduces
unsupported outputs by 40% relative to Stan-
dard CoT. Compared to Self-Consistency en-
sembles, FROST delivers comparable accuracy
at 28% lower inference cost through strategic
delegation to smaller models. On an adversar-
ial subset with unanswerable queries, FROST
abstains on 34% of cases versus 8% for stan-
dard chain-of-thought, reducing false positives
by 45%. Task-stratified evaluation shows that
exploration benefits scale with problem ambi-
guity. Generalization to mathematical reason-
ing, code generation, and multimodal domains
remains future work.

1 Introduction

Large language models (LLMs) demonstrate strong
capabilities in reasoning and knowledge-intensive
tasks (Li et al., 2025a; Gao et al., 2026), yet face
critical reliability and efficiency challenges in pro-
duction deployments such as enterprise question-
answering and multi-hop information retrieval (Sid-
diqui et al., 2025). Existing mitigation strategies
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operate through context-side augmentation, such
as retrieval-augmented generation (RAG) (Siddiqui
et al., 2025), or generation-side control, such as
verification modules (Song et al., 2025) or low-
temperature decoding. FROST operates exclu-
sively through generation-side control at inference
time. While effective for straightforward tasks,
generation-side suppression may overly constrain
the hypothesis space on multi-hop or ambiguous
problems. We take a complementary perspec-
tive: controlled stochasticity improves robustness
when paired with rigorous validation, as higher-
temperature sampling captures valid reasoning tra-
jectories missed by deterministic decoding.

We propose FROST (Factual Reasoning via
Optimized Stochastic Trajectories), validated on
the Llama-2 13B and 7B pairing. FROST com-
bines deterministic reasoning from large models
(pθ(h | Q,Tlow=0.3)) with targeted stochastic sam-
pling from smaller models (pϕ(h | Q,Thigh=1.0),
|θ|>|ϕ|), selecting candidates via a weighted scor-
ing function S(h) =

∑
iwifi(h) based on coher-

ence, factual consistency, and evidence overlap.
The framework requires no training, fine-tuning, or
context modification.

Across HotpotQA, CommonsenseQA, and
MMLU, FROST improves accuracy by 2−5% over
Standard CoT and reduces inference cost by 28%
relative to Self-Consistency (N=5), with efficiency
measured by η = Acc/Ctotal. On an adversarial
subset with unanswerable queries, FROST abstains
on 34% of queries versus 8% for CoT, reducing
false positives by 45% at 1.4-second wall-clock
latency. Gains are most pronounced on multi-step
and ambiguous tasks, where deterministic decoding
fails to explore alternative valid reasoning paths.

2 Related Work

Factual consistency in LLMs (Huang et al.,
2025) is addressed through two distinct mecha-



nisms. Context-side augmentation such as retrieval-
augmented generation (Dimitrova, 2025) enriches
the input with external evidence. Generation-side
control such as verification (Shao and Zhang, 2025;
Chen et al., 2025) and constrained decoding (Li
et al., 2025b; Liu et al., 2025) restricts the decoding
process. FROST belongs to the second category;
it does not augment input context. Multi-path ap-
proaches scale at inference: Self-consistency (Wan
et al., 2025) aggregates samples via majority voting,
Tree-of-Thought (Kim et al., 2025) explores struc-
tured branches, and ensembles (Piwko et al., 2025;
Cai et al., 2025) combine diverse model outputs.
A complementary line of work learns a trained ag-
gregator over candidate drafts, replacing heuristic
voting with an optimized selection policy; such
approaches suit settings where a training phase is
feasible but are not directly comparable to FROST,
which is designed to require zero additional train-
ing (Borisyuk et al., 2024). FROST differs from
all these in its asymmetric delegation design: one
grounded path from a large model combined with
K stochastic paths from a smaller model, scored
by a lightweight multi-criteria validator.

3 Methodology

We propose FROST (Factual Reasoning via Op-
timized Stochastic Trajectories), an inference-
time reasoning framework that frames multi-path
exploration as trajectory optimization in hypoth-
esis space. Rather than relying on a single de-
terministic reasoning path, FROST systematically
explores multiple stochastic trajectories and selects
outputs based on factual grounding, logical co-
herence, and semantic diversity. The framework
separates reasoning into two parallel generation
streams: deterministic inference for reliability and
targeted stochastic sampling for coverage, followed
by multi-criteria validation.

Formally, reasoning is modeled as an optimiza-
tion problem over candidate hypotheses:

h∗ = argmax
h∈H

U(h), (1)

where U(h) measures the overall utility of a rea-
soning path, incorporating correctness, coherence,
and factual grounding.

Standard chain-of-thought (CoT) (Wei et al.,
2022) samples a single trajectory:

hCoT ∼ pθ(h | Q, T = 0.3), (2)

Algorithm 1 FROST Inference Protocol
Require: Question Q; large model Mθ; small model Mϕ;

sample count K; context D (optional; D=∅ if unavail-
able); factuality threshold τfact = 0.2; coherence threshold
τcoh = 0.5

Ensure: Validated hypothesis h∗, or ABSTAIN
1: // Phase 1: Parallel Trajectory Generation
2: hg ∼ pθ(h | Q, Tlow = 0.3)
3: for i = 1 to K do
4: hs,i ∼ pϕ(h | Q, Thigh = 1.0)
5: end for
6: H ← {hg} ∪ {hs,i}Ki=1

7: // Phase 2: Multi-Criteria Scoring
8: for h ∈ H do
9: Nov(h)← 1− cos

(
emb(h), emb(hg)

)
10: Coh(h)← pjudge(coherent | h,Q, Tjudge = 0.0)
11: Fact(h)← |tokens(h) ∩ tokens(D)| / |tokens(h)|
12: S(h)← αNov(h) + β Coh(h) + γ Fact(h)
13: end for
14: // Phase 3: Abstention Check and Hypothesis Selection

15: Hvalid ← {h ∈ H | Fact(h) ≥ τfact ∧ Coh(h) ≥ τcoh}
16: if Hvalid = ∅ then
17: return ABSTAIN
18: end if
19: h∗ ← argmaxh∈Hvalid S(h)
20: return h∗

concentrating probability mass on high-likelihood
outputs. While effective for straightforward tasks,
this approach may fail when the optimal reason-
ing path lies outside the high-probability region,
particularly for multi-hop or ambiguous queries.

FROST instead performs structured trajectory
optimization under bounded compute:

Ctotal = Cθ +K · Cϕ + |H|Cjudge + Cemb, (3)

where Cθ is the cost of one large-model generation,
Cϕ is the cost of one small-model generation, K
is the number of stochastic samples, |H| = 1 +
K is the total candidate count, Cjudge is the per-
hypothesis coherence scoring cost, and Cemb is the
embedding cost for novelty computation.

3.1 Grounded Generation (Deterministic
Reasoning)

A deterministic baseline hypothesis is generated
using the large model Mθ:

hg ∼ pθ(h | Q, Tlow), Tlow = 0.3. (4)

Temperature scaling modifies the softmax distri-
bution as follows:

p(yt | y<t, Q, T ) =
exp(zyt/T )∑
y′ exp(zy′/T )

, (5)

where zyt denotes the pre-softmax logit for token
yt. Low temperature reduces entropy:

H(p) = −
∑
h

p(h) log p(h), (6)



concentrating probability mass on high-likelihood
reasoning paths, where H(p) denotes the entropy
of the answer distribution over candidate hypothe-
ses (approximated via sampling for open-ended
generation and computed from logits for multiple-
choice tasks). The grounded hypothesis hg serves
as the factual anchor for subsequent novelty scoring
and as the reliability baseline for validation.

3.2 Stochastic Trajectory Sampling and
Validation

To expand coverage of the hypothesis space, K
stochastic trajectories are sampled from the smaller
model Mϕ:

hs,i ∼ pϕ(h | Q, Thigh), Thigh = 1.0. (7)

Higher temperature increases entropy, enabling ex-
ploration of lower-probability reasoning trajecto-
ries. Since |ϕ| ≪ |θ|, stochastic samples remain
computationally efficient relative to repeated large-
model inference. All candidates are pooled:

H = {hg} ∪ {hs,i}Ki=1. (8)

Each hypothesis is scored via a weighted linear
combination:

S(h) = αNov(h) + β Coh(h) + γ Fact(h),

α+ β + γ = 1.
(9)

Novelty (Nov). Semantic divergence from
the grounded baseline, measured via cosine
distance in sentence embedding space (us-
ing all-MiniLM-L6-v2 (Reimers and Gurevych,
2019)):

Nov(h) = 1− cos
(
emb(h), emb(hg)

)
. (10)

By construction, Nov(hg) = 0; the grounded hy-
pothesis thus contributes to the pool via coherence
and factuality alone, without novelty credit.
Coherence (Coh). Internal logical consistency as-
sessed via LLM-as-judge (Panjari, 2025):

Coh(h) = pjudge(coherent | h,Q, Tjudge). (11)

Coherence is evaluated by Mϕ at Tjudge = 0.0 to en-
sure deterministic and reproducible scoring across
all hypotheses.
Factuality (Fact). Token-level evidence overlap
between a hypothesis and the available context D
(Parvez, 2025):

Fact(h) =
|tokens(h) ∩ tokens(D)|

|tokens(h)|
. (12)

For HotpotQA, D is the set of supporting docu-
ments provided with each question; no external
retrieval is performed. For CommonsenseQA and
MMLU, which provide no supporting documents,
the question text itself serves as D, enabling self-
consistency checking. This grounding mechanism
is distinct from retrieval-augmented generation:
FROST never augments the input context.

The final prediction is:

h∗ = arg max
h∈Hvalid

S(h),

Hvalid = {h ∈ H | Fact(h) ≥ τfact ∧ Coh(h) ≥ τcoh }.
(13)

3.3 Computational Cost
The total inference cost of FROST is:

CFROST = Cθ +K Cϕ+ |H|Cjudge +Cemb, (14)

where |H| = 1 +K. Since transformer inference
cost is dominated by auto-regressive token genera-
tion, coherence judging (which produces a single
scalar token) incurs substantially lower cost than
full hypothesis generation (Lgen ≈ 200 tokens);
we conservatively estimate this overhead at 10% of
generation cost.

Approximating Cϕ ≈ 0.54Cθ (7B vs. 13B pa-
rameters) yields:

CFROST ≈ 1.0 + 3(0.54) + 4(0.1) + ϵ ≈ 3.02Cθ.
(15)

Accounting for batching overhead and memory
bandwidth constraints, the empirically observed
relative cost is Crel ≈ 3.6Cθ. Compared to Self-
Consistency (N = 5), which incurs 5.0Cθ, FROST
achieves a ∼28% reduction in total compute while
maintaining comparable robustness.

Because stochastic samples are conditionally in-
dependent, they may be generated in parallel:

Cparallel = max
(
Cθ, maxi Cϕ,i

)
+|H|Cjudge+Cemb.

(16)
Under efficient batching, wall-clock latency is dom-
inated by the large-model generation step rather
than the ensemble of small-model calls.

4 Experimental Setup

This section describes the datasets, models, base-
lines, and evaluation protocols used to assess the
effectiveness and efficiency of FROST. All exper-
iments are conducted at inference time only; no
additional training or fine-tuning is performed.



4.1 Datasets
We evaluate FROST on three widely used reasoning
benchmarks that cover complementary reasoning
regimes: multi-hop reasoning, commonsense filter-
ing, and knowledge-intensive question answering.
Table 1 summarizes the statistics.

Dataset Task Type Format Eval Size

HotpotQA Multi-hop QA Free-form 1,000
CommonsenseQA Commonsense MCQ 5-way MC 1,221
MMLU Knowledge MCQ 4-way MC 1,000

Table 1: Datasets used for evaluation. MCQ denotes
multiple-choice questions.

HotpotQA (Yang et al., 2018) requires multi-
hop reasoning across documents with distractors
(1,000 test examples). CommonsenseQA (Tal-
mor et al., 2019) tests everyday reasoning using
5-way multiple-choice (1,221 examples). MMLU
(Hendrycks et al., 2020) covers 57 academic sub-
jects with stratified sampling for domain balance
(1,000 examples).

4.2 Models
FROST separates generation into grounded and
stochastic streams. All experiments use instruction-
tuned open-source language models.

Role Model Params Temperature

Grounded Llama-2-13B-Chat 13B 0.3
Stochastic Llama-2-7B-Chat 7B 1.0
Judge Llama-2-7B-Chat 7B 0.0
Embeddings all-MiniLM-L6-v2 22M –

Table 2: Models used in all experiments. The 7B model
serves dual roles (stochastic generation and coherence
judging) to minimize inference cost and latency.

We use K = 3 stochastic samples unless other-
wise specified.

4.3 Baselines
Standard CoT (Wei et al., 2022) generates a single
chain-of-thought at T = 0.3. High-Temperature
CoT uses T = 1.0 to test exploration without vali-
dation. Self-Consistency (Wang et al., 2022) sam-
ples N = 5 paths at T = 0.7 and selects via ma-
jority voting. Chain-of-Verification (CoVe) (Dhu-
liawala et al., 2024) appends a self-checking step
after initial generation. All baselines use identical
backbone models for fair comparison.

4.4 Configuration
All methods use Lmax = 200 tokens, nucleus sam-
pling (Holtzman et al., 2019) with top-p = 0.95,
and fixed random seeds. FROST scoring weights
are α = 0.3 (novelty), β = 0.4 (coherence),
γ = 0.3 (factuality), selected via coarse grid search
on 100 HotpotQA development-set examples ex-
cluded from the evaluation split. For HotpotQA,
the context D is constructed by applying BM25
(Robertson et al., 2009) over the provided support-
ing documents, retaining the top-k=3 most rele-
vant passages; no external retrieval is performed.
For CommonsenseQA and MMLU, D is set to the
question text, as described in Section 3.

Table 3 reports weight sensitivity on Common-
senseQA, which was excluded from the tuning
procedure. Accuracy varies by at most 0.9 points
across all tested weight combinations (see table),
indicating that the framework is not sensitive to
precise weight values.

α β γ CommonsenseQA Acc. (%)

0.2 0.5 0.3 73.8
0.3 0.4 0.3 74.0
0.4 0.3 0.3 73.2
0.3 0.3 0.4 73.5
0.2 0.4 0.4 73.1
0.4 0.4 0.2 73.6

Table 3: Scoring weight sensitivity on Common-
senseQA (excluded from tuning). The bold row is the
reported configuration. Accuracy varies by at most 0.9
percentage points across all tested combinations, con-
firming robustness to weight choice.

4.5 Metrics
We report accuracy (EM/F1 for open-ended QA;
top-1 for MCQ), diversity (mean pairwise cosine
distance in embedding space), reliability (fraction
of outputs jointly satisfying coherence and factu-
ality thresholds τ = 0.5, chosen to exclude low-
confidence outputs while retaining the majority of
candidates), the inverse of which we report as the
unsupported output rate, and efficiency (Crel: in-
ference cost normalized to CoT; η = Acc/Crel:
accuracy-efficiency ratio).

4.6 Protocols and Reproducibility
We evaluate FROST through six experiments.
E1 tests multi-hop reasoning on HotpotQA. E2
sweeps temperature T ∈ {0.0, 0.3, 0.7, 0.9, 1.2}
on CommonsenseQA. E3 analyzes cost-efficiency
on MMLU. E4 stratifies results by task ambiguity,



measured via entropy of the answer distribution.
E5 ablates framework components (K, scoring
weights, and the grounded stream). E6 assesses op-
erational characteristics, including abstention rate
and wall-clock latency, on an adversarial subset
containing unanswerable queries. All experiments
use automated metrics across 3,000+ examples,
with LLM-as-judge coherence scoring (Dhuliawala
et al., 2024). All random seeds are fixed to ensure
reproducibility.

5 Results

We evaluate FROST across three reasoning bench-
marks and compare against standard inference-time
baselines. We report task accuracy, diversity, reli-
ability, and compute efficiency. All methods use
identical backbone models (Section 4) for fairness.

5.1 Main Benchmark Performance
Table 4 summarizes overall performance.

FROST consistently improves accuracy and re-
duces unsupported outputs across all benchmarks.
Gains over Standard CoT are +4 points on Com-
monsenseQA and +2 points on MMLU, both on
evaluation sets excluded from tuning. The +5 point
gain on HotpotQA (p < 0.01; significance not com-
puted for other datasets due to label-distribution
differences) should be interpreted with the caveat
that scoring weights were tuned on 100 HotpotQA
development examples. FROST matches or ex-
ceeds SC on CommonsenseQA (74% vs. 73%) and
MMLU (62% vs. 62%) at Crel = 3.6 versus SC’s
Crel = 5.0, a 28% reduction in inference cost.
HotpotQA diversity increases 3× over Standard
CoT. Unsupported outputs decrease from 15% to
9%, a 40% relative reduction. High-temperature
sampling alone achieves 0.65 diversity but only
58% accuracy, confirming that multi-criteria vali-
dation is essential for translating exploration into
accuracy gains. The Exploration Value (23–34%
across tasks) demonstrates that stochastic hypothe-
ses achieve higher scoring function values than
the grounded baseline in a substantial fraction of
cases, validating structured exploration as a reliable
source of accuracy improvement.

5.2 Accuracy–Temperature Trade-off
We analyze how sampling temperature affects ac-
curacy on CommonsenseQA, classifying queries
as unambiguous (H(p) < 1.0, where the model
assigns high probability mass to a single answer)
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Figure 1: Accuracy versus temperature on Common-
senseQA, stratified by query entropy. Deterministic
decoding favors low-entropy queries; moderate temper-
ature benefits ambiguous queries, motivating FROST’s
dual-temperature design.

or ambiguous (H(p) ≥ 1.0, where multiple an-
swers carry non-negligible probability). Results
are shown in Figure 1.

Low temperatures (T → 0) excel on unambigu-
ous queries (73% at T = 0), while moderate tem-
peratures (T ≈ 0.9) improve ambiguous queries
(73% at T = 0.9). The performance crossover near
H(p) ≈ 1.2 motivates FROST’s dual-temperature
design: Tlow = 0.3 for grounded generation and
Thigh = 1.0 for stochastic exploration.

5.3 Cost–Efficiency Analysis
We evaluate accuracy relative to inference cost on
MMLU. Table 5 compares single large-model in-
ference against multi-sample ensemble methods.

Small models alone are computationally cheap
(Crel=1.6) but underperform the large model by 4
percentage points (56% vs. 60%). Self-Consistency
reaches 62% at Crel=5.0 (η=12). FROST matches
this accuracy at Crel=3.6 (η=17), a 42% improve-
ment in efficiency, achieved by delegating stochas-
tic generation and coherence judging to the 7B
model while reserving the 13B model for grounded
generation only.

5.4 Exploration Value by Task Type
To characterize when exploration is beneficial, we
measure the fraction of queries for which a stochas-
tic hypothesis achieves a higher scoring function
value than the grounded baseline. Table 6 reports
results stratified by task category.

Exploration provides negligible bene-
fit (EV=0−5%) on simple factoid queries
(H(p) < 0.5), where deterministic decoding is
sufficient. Meaningful gains emerge on constrained



Benchmark CoT (T=0.3) High-T CoT CoVe SC (N=5) FROST (ours) Gain vs. CoT

HotpotQA EM (%)1 65 58 67 68 70 +5
HotpotQA Diversity 0.20 0.65 0.30 0.55 0.60 ×3
CommonsenseQA Acc. (%) 70 65 72 73 74 +4
MMLU Acc. (%) 60 55 61 62 62 +2
Unsupported Output Rate (%) ↓ 15 25 12 11 9 −6
Exploration Value (%)2 – – – – 23−34 –
Relative Cost ↓3 1.0 1.0 1.5 5.0 3.6 −28% vs. SC

Table 4: Main results across benchmarks. Higher is better except where noted (↓). SC = Self-Consistency (N=5,
T=0.7, majority voting). Diversity is measured as mean pairwise cosine distance in embedding space. Exploration
Value (EV) measures the fraction of queries for which a stochastic hypothesis achieves a higher scoring function
value than the grounded baseline: |{Q : S(hstoch) > S(hgrounded)}|/|Q|; EV is undefined for single-path baselines
(–).

Method Acc. (%) Crel η = Acc/Crel

Large model only 60 1.0 60
3× Small only 56 1.6 35
Self-Consistency (N=5) 62 5.0 12
FROST (ours) 62 3.6 17

Table 5: Accuracy versus inference cost on MMLU.
Crel is normalized to single large-model CoT (Crel=1.0).
FROST achieves the same accuracy as Self-Consistency
at 28% lower cost (Crel=3.6 vs. 5.0), yielding a 42%
improvement in the efficiency ratio η.

Task Type EV (%)

Simple / Factoid (H(p) < 0.5) 0−5
Constrained Reasoning (0.5 ≤ H(p) < 1.5) 10−15
Multi-hop / Ambiguous (H(p) ≥ 1.5) 23−34

Table 6: Exploration Value (EV) by task category. EV
= |{Q : S(hstoch) > S(hgrounded)}|/|Q|. Entropy H(p)
is computed from multiple-choice logits for Common-
senseQA and MMLU, and via sampling-based estima-
tion for HotpotQA.

reasoning tasks (EV=10−15%) and are most
pronounced on multi-hop and ambiguous problems
(EV=23−34% for H(p) ≥ 1.5). A query-level
correlation of Corr(EV, H(p)) ≈ 0.67 (p < 0.01)
confirms that exploration benefit scales with task
entropy. These results suggest that entropy-based
routing, applying Standard CoT for H(p) < τ
and FROST for H(p) ≥ τ , could further improve
cost-efficiency; we leave formal validation of this
strategy to future work.

5.5 Ablation Studies
We analyze the contribution of individual FROST
components in Table 7.

Multi-criteria scoring is necessary: pooling can-
didates without scoring yields 66%, confirming
that selection adds 4 points over unscored aggre-

Variant Acc. (%) Diversity

Grounded only (Standard CoT) 65 0.20
Stochastic only (voting) 58 0.55
Grounded + Stochastic (no scoring) 66 0.52
No factuality check (γ=0) 64 0.58
No coherence check (β=0) 63 0.57
No novelty check (α=0) 67 0.35
FROST (full) 70 0.60

Table 7: Ablation results on HotpotQA, where sup-
porting documents enable factuality scoring. Diversity
is mean pairwise cosine distance in embedding space.
Removing the stochastic sampler (“Grounded only”)
reduces diversity by 67% and accuracy by 5 points,
demonstrating the contribution of stochastic exploration
to ambiguity resolution. Removing the novelty crite-
rion (α=0) suppresses diversity to 0.35, indicating that
active novelty scoring is required to select genuinely
distinct hypotheses.

gation. Neither stream alone reaches full per-
formance (stochastic-only: 58%, grounded-only:
65%), while the full system achieves 70%. Among
individual criteria, coherence contributes most (−7
points when ablated), followed by factuality (−6
points) and novelty (−3 points). Removing nov-
elty scoring reduces diversity from 0.60 to 0.35
without a commensurate accuracy gain, confirm-
ing that explicit diversity scoring is required to
select hypotheses that differ substantively from the
grounded baseline.

5.6 Operational Characteristics
To evaluate FROST under adversarial conditions,
we construct a 200-example subset of HotpotQA
comprising unanswerable queries: questions mod-
ified so that supporting documents contain insuf-
ficient evidence for a definitive answer. An ab-
stention is recorded when no candidate satisfies
both the factuality threshold (Fact(h) ≥ 0.2) and



Judge Model Acc. (%) Crel η = Acc/Crel

7B (Llama-2-7B-Chat) 74.0 3.6 20.6
13B (Llama-2-13B-Chat) 74.8 5.0 15.0

Table 8: Judge-model ablation on CommonsenseQA
(K=3). Using the 13B model as judge improves
accuracy by 0.8 points but raises Crel from 3.6 to
5.0, eliminating the 28% efficiency advantage over
Self-Consistency. Since coherence scoring requires a
bounded scalar output rather than open-ended reason-
ing, the 7B model constitutes a Pareto-optimal choice:
no alternative improves both accuracy and efficiency
simultaneously.

coherence threshold (Coh(h) ≥ τcoh = 0.5); re-
maining low-confidence responses are excluded
from the false-positive count, accounting for the
gap between the abstention rate (34%) and the com-
plement of the false-positive rate (49%). Results
on this subset should be treated as indicative rather
than definitive.

Metric CoT FROST

Abstention rate on unanswerable (%) ↑ 8 34
False-positive rate on unanswerable (%) ↓ 92 51
Wall-clock latency (seconds) ↓ 1.2 1.4

Table 9: Operational characteristics on a 200-example
adversarial subset with unanswerable queries. FROST’s
multi-criteria validation suppresses 26 percentage points
more unanswerable confabulations than CoT, reducing
the false-positive rate by 45% relative to CoT. Latency
overhead is 0.2 seconds per query.

FROST abstains on 34% of unanswerable
queries versus 8% for Standard CoT, reducing the
false-positive rate from 92% to 51% (a 45% rela-
tive reduction). Wall-clock latency increases from
1.2 to 1.4 seconds per query (17% overhead); under
batched inference, this overhead is further amor-
tized.

Table 10 reports accuracy, relative FLOPs cost,
and wall-clock latency across sample counts K ∈
{1, 2, 3, 5}.

Accuracy saturates at K=3 (70%), while cost
continues to grow; K=3 is therefore the recom-
mended operating point. These results confirm that
FROST’s validation mechanism provides meaning-
ful reliability gains under adversarial conditions.
We note, however, that the current system is val-
idated at research scale only: no A/B testing or
sustained human evaluation has been conducted,
and latency profiling is performed on a single-node
setup. Deployment at scale would require addi-

K HotpotQA EM (%) Crel Latency (s)

1 68 2.1 1.3
2 69 2.8 1.3
3 70 3.6 1.4
5 70 5.2 1.5

Table 10: Effect of sample count K on accuracy, FLOPs
cost (Crel), and wall-clock latency on HotpotQA. Ac-
curacy saturates at K=3 while cost grows approxi-
mately linearly; K=5 approaches Self-Consistency cost
(Crel=5.0) without further accuracy gain. Wall-clock
latency grows slowly because small-model calls exe-
cute in parallel, so Crel (total FLOPs) and wall-clock
time diverge with increasing K. Bold row is the default
FROST configuration.

tional optimization, such as quantization, distilla-
tion, or adaptive sampling.

Conclusion

We presented FROST, an inference-time reasoning
framework that balances accuracy and efficiency
for production-oriented deployment. By combining
low-temperature grounded generation from large
models with high-temperature stochastic sampling
from smaller models, followed by multi-criteria
validation, FROST achieves 2–5 percentage point
improvements over Standard CoT at 28% lower
cost than Self-Consistency. Controlled stochas-
ticity with rigorous scoring yields productive ex-
ploration: stochastic hypotheses outperform the
grounded baseline on 23–34% of questions, and
the validation mechanism abstains on 34% of unan-
swerable queries versus 8% for CoT, reducing false
positives by 45%. Exploration benefit correlates
with task ambiguity, suggesting principled entropy-
based routing as a direction for future work. Op-
erating entirely at inference time without training
or context augmentation, FROST is immediately
applicable to existing checkpoints in settings where
fine-tuning or retrieval infrastructure is unavailable.

Limitations

FROST is evaluated on English QA benchmarks;
generalization to math, code, and multimodal tasks
is untested. The token-overlap factuality metric
penalizes paraphrases, and LLM-as-judge scoring
may introduce bias. Weights tuned on HotpotQA
may not transfer across domains, and reliance on
model logits limits use with closed APIs.



Ethics Statement

This work introduces an inference-time reason-
ing framework and does not involve the collec-
tion, annotation, or release of new datasets. All
experiments use publicly available benchmarks
(HotpotQA, CommonsenseQA, MMLU) and open-
source models (Llama-2). No human subjects were
involved in the evaluation, and no personally iden-
tifiable information was used at any stage.

We acknowledge that LLM-as-judge scoring
may carry biases inherited from pre-training data,
which could affect hypothesis selection in ways
that are difficult to audit. We recommend monitor-
ing for such biases before operational deployment.
While FROST reduces unsupported outputs relative
to baselines, it does not eliminate confabulation en-
tirely; users in high-stakes domains should treat
outputs as assistive rather than authoritative.

The computational cost of FROST is modest rel-
ative to comparable ensemble methods, and all ex-
periments were conducted on a single-node setup.
We encourage future work to report energy con-
sumption and carbon footprint alongside accuracy
metrics.
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