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Abstract

Large Language Models (LLMs) have revolu-
tionized inference across diverse natural lan-
guage tasks, with larger models performing bet-
ter but at higher computational costs. We pro-
pose a confidence-driven strategy that dynami-
cally selects the most suitable model based on
confidence estimates. By assessing a model’s
confidence in handling the task and response
accuracy, tasks that are likely to be solved cor-
rectly are retained, while more uncertain or
complex cases are delegated to a larger model,
ensuring reliability while minimizing computa-
tion. Specifically, we evaluate a model’s like-
lihood of knowing the correct answer and the
probability that its response is accurate. Ex-
periments on the Massive Multitask Language
Understanding (MMLU) benchmark show that
our approach achieves accuracy comparable
to the largest model while reducing computa-
tional costs by 20% to 40%. When applied to
GPT-4o API calls, it reduces token usage by
approximately 60%, further improving cost effi-
ciency. These findings indicate the potential of
confidence-based model selection to enhance
real-world LLM deployment, particularly in
resource-constrained settings such as edge de-
vices and commercial API applications.

1 Introduction

As large language models (LLMs) become increas-
ingly integrated into real-world applications, their
deployment poses significant challenges in terms
of computational cost and efficiency (Bender et al.,
2021; Chen et al., 2023). While offering significant
capability, an LLM query often requires forwarding
a 10 to 100-billion-scale model. Moreover, with
prompt engineering techniques such as in-context
learning (Brown et al., 2020) or chain-of-thought
reasoning (Wang et al., 2023), reasoning tasks can
demand additional tokens, resulting in inputs span-
ning thousands of tokens. Therefore, running a
large-scale model for every query is impractical,

particularly for businesses, individual developers,
and resource-constrained edge devices. For ex-
ample, on smartphones, local models offer faster
response times due to reduced latency and smaller
parameter sizes, but they often sacrifice accuracy
and performance. Conversely, querying API with
a more capable model (i.e., GPT-4o (Hurst et al.,
2024)) ensures higher-quality responses but intro-
duces trade-offs such as network latency and in-
creased computational expenses. Given the vari-
ance in model capabilities and the differing com-
plexity of tasks, selecting the most cost-effective
model that can still deliver an adequate response
has become a critical research problem. Prior ap-
proaches have explored selective routing of queries,
but an optimal balance between efficiency and ac-
curacy remains an open challenge.

To address this, we propose a confidence-based
model selection framework that optimizes effi-
ciency while maintaining accuracy. Our approach
begins by querying the smallest LLM and esca-
lates to larger models if the initial model lacks
confidence in its prediction. Inspired by Kada-
vath et al. (2022), we measure two facets of con-
fidence: (1) P (T ) (Probability of Truth), which
quantifies a model’s confidence in the truthfulness
of a given statement, and (2) P (IK) (Probabil-
ity of “I Know”), which measures the likelihood
that a model can correctly answer a given query,
as shown in Figure 1. By strategically orches-
trating models of varying sizes, we achieve better
cost-effectiveness while maintaining performance
benchmarks on the Massive Multitask Language
Understanding (MMLU) dataset (Hendrycks et al.,
2021). We also analyze performance on an out-of-
distribution (OOD) dataset to verify robustness.

In sum, our contributions are as follows. (1) A
confidence-driven model selection strategy is pro-
posed to reduce computational cost while main-
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Figure 1: An illustration of our strategy.

taining accuracy.1 (2) When applied to commer-
cial APIs such as GPT-4o, the method reduces to-
ken costs with minimal performance degradation.
(3) We demonstrate the generalizability of our ap-
proach to OOD datasets, showing its applicability
beyond the training distribution.

2 Methodology

The core challenge in effectively selecting LLMs
to balance cost and capability lies in measuring the
confidence of smaller LLMs and using it as the
basis for escalation decisions. Researchers (Kada-
vath et al., 2022; Lin et al., 2022; Kuhn et al., 2023;
Chen and Mueller, 2024) have investigated whether
a model can express precise confidence levels in
their responses and assess their ability. Previous
work (Chen et al., 2023) uses LLM cascading with
a trained scoring function based on model outputs,
but neglects internal model information, such as
token probabilities and hidden states, which could
improve confidence estimation and decision mak-
ing. (Kadavath et al., 2022) show that language
models produce well-calibrated probabilities when
selecting among multiple explicit choices, with
strong empirical results across benchmarks. These
results suggest that the confidence estimates of the
model can serve as a reliable uncertainty signal.
Inspired by their work, we measure LLM confi-
dences with P (T ) and P (IK) of LLMs, where the
former can be estimated without auxiliary models
or additional training.2

2.1 Model Selection Process
Suppose the user has access to k LLMs, denoted
as M1,M2, . . . ,Mk, sorted in ascending order by

1https://github.com/NYCU-NLP-Lab/
ConfDrivenInference

2Further discussions on confidence measurement methods,
routing, and hybrid inference are provided in Appendix A.

the number of parameters, where the largest model
is Mk. Instead of always using Mk’s output, our
method first assesses P (IK) for smaller models
to determine whether they can confidently solve
the query. Next, to verify the correctness of the
response, we evaluate the model’s P (T ) score to
determine its confidence in the candidate answer.
Specifically, if P (IK) or P (T ) for Mi fall below a
predefined threshold, the query is passed to the next
larger model, Mi+1. Otherwise, Mi is used to an-
swer the query, thereby reducing the computational
cost associated with larger models. This process
continues until the query reaches the largest model
(Mk), at which point the response from Mk is used
as the final answer. Figure 1 shows our strategy
of escalating uncertain queries to larger models to
improve efficiency.

2.2 Confidence Measurement
To determine P (T ), we measure the probability of
the first token after prompting the model with a
question and answer choices. Given a formatted
prompt x, P (T ) is the probability that the predicted
token belongs to the answer set. The final answer
is determined based on the highest P (T ):

P (T ) = p(c | x), c ∈ {A,B,C,D}. (1)

The value of P (T ) is directly obtained from
the model’s probability distribution over answer
choices, corresponding to the predicted probability
of the most confident option. For generation tasks,
we use a different prompt that asks the model to
answer the query in a predefined format “Answer:

”, and measure the probability of the first token being
“Answer”. To establish a threshold for P (T ), we
conducted sensitivity analysis to identify suitable
values. Based on the observations from the analy-
sis, we set the threshold to 0.9 for all experiments
in this work.
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To compute P (IK), we trained a multi-layer
perceptron using hidden states from the 24th trans-
former layer of an LLM as input (Mahaut et al.,
2024), with supervision indicating whether the
model correctly answered each query. The model
is trained on 80% of the dataset, with 10% used for
validation and 10% for testing across all datasets
in this work, unless otherwise specified.

3 Experiments

3.1 Experimental Setup
We evaluate our strategy on MMLU, a multiple-
choice benchmark assessing general knowledge,
reasoning, and problem-solving across 57 subjects
in humanities, sciences, and other domains.

For reproducibility, we conduct experiments us-
ing the open-source LLaMA instruction-tuned mod-
els (Dubey et al., 2024), and Qwen 3 series (Yang
et al., 2025), which are available in sizes of (3B, 8B,
70B) and (4B, 8B, 32B) respectively. The specific
open-source models used in our experiments are as
follows: Llama-3.2-3B-Instruct, Meta-Llama-3.1-
8B-Instruct, Llama-3.3-70B-Instruct, Qwen3-4B,
Qwen3-8B, Qwen3-32B.3 Additionally, we incor-
porate GPT-4o to explore its applicability in com-
mercial API scenarios.4

Accuracy is measured as the proportion of ques-
tions for which the predicted answer matches the
ground truth. In addition to accuracy, we assess
the cost-effectiveness of different model combina-
tions by measuring the end-to-end execution time,
and calculating the computational cost of evalu-
ating the models. To estimate the computational
cost of the forward pass in LLMs, we adopt (Ka-
plan et al., 2020)’s approach. The number of add-
multiply operations required for a forward pass in
a Transformer-based model is given by:

Cforward ≈ 2N + 2nlayer × nctx × dmodel , (2)

where N is the number of model parameters, nctx
is the number of context tokens, and dmodel denotes
the dimension of the residual stream. For simplifi-
cation, we approximate N using:

N ≈ 12× nlayer × d2model , (3)

Substituting into the original equation gives:

Cforward ≈ 2N + 2nctx ×
√

Nnlayer

12
, (4)

3Model details are presented in Appendix B.
4Prompts used in this work are provided in Appendix C.

LLM(s) Acc. PD (↓) Reduced CC (↑) Time (↓)
3B 63.78% – – –
8B 70.21% – – –
70B 83.57% – – –
3B → 8B 69.44% -0.77% 20.34% -18.90%
3B → 70B 81.89% -1.68% 32.47% -26.51%
8B → 70B 83.22% -0.35% 36.46% -33.03%
3B → 8B → 70B 81.54% -2.03% 44.48% –

Table 1: Experimental results with LLaMA models
on MMLU. Acc., Reduced CC, Time, and PD de-
note accuracy, reduced computational cost (measured
in GFLOPs), end-to-end time, and performance drop.
Each metric is calculated relative to those of Mk.

For large values of N (as model sizes are typ-
ically in the billions of parameters), the context-
dependent term becomes significant only when nctx
is comparable to N . Thus, the complexity of a for-
ward pass is approximately:

Cforward ≈ 2N (5)

To clarify the differences in computational cost
(CC) across model configurations, we provide the
specific number of queries handled by each model
stage during evaluation. The compute cost is de-
fined as:

CC = 2×N × k (6)

where N is the number of model parameters and k
is the number of queries evaluated by that model.
The factor of 2 accounts for the two operations
(multiply and accumulate) in the matrix multiplica-
tions. Appendix D presents the number of queries
across different stages.

3.2 Results with Multi-Scale Open-Source
Models

Table 1 presents the experimental results using
LLaMA models. To provide a more comprehensive
assessment beyond accuracy, we also report Macro-
Precision, Macro-Recall, and Macro-F1 scores for
all model configurations. These metrics offer a
class-agnostic view of performance by treating
each class equally, regardless of its frequency. The
results are presented in Table 2.5

Several key observations can be made. First, as
expected, utilizing the largest 70B model yields
the best performance. However, this comes at a
significantly higher computational cost compared
to smaller models, highlighting the inherent trade-
off between performance and efficiency. Second,

5The end-to-end time for the 3B → 8B → 70B chain is
omitted due to computation resource constraints.
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LLM(s) P R F1
3B 0.6444 0.6372 0.6368
8B 0.7055 0.7021 0.7017
70B 0.8386 0.8354 0.8357
3B → 8B 0.6974 0.6941 0.6940
3B → 70B 0.8198 0.8160 0.8166
8B → 70B 0.8350 0.8317 0.8322
3B → 8B → 70B 0.8162 0.8124 0.8130

Table 2: Macro-Precision (P), Macro-Recall (R), and
Macro-F1 (F1) scores of LLaMA models on MMLU.

LLM(s) Acc. PD (↓) Reduced CC (↑) Time (↓)
4B 66.73% – – –
8B 72.43% – – –
32B 79.51% – – –
4B → 8B 70.21% -3.07% 17.80% 2.55%
4B → 32B 75.03% -5.63% 52.70% -40.21%
8B → 32B 80.00% 0.62% 33.18% -23.76%
4B → 8B → 32B 74.69% -6.06% 55.06% –

Table 3: Experimental results with Qwen 3 models on
MMLU.

by employing the proposed confidence-driven strat-
egy, computational complexity is notably reduced
with only a minor drop in performance. A sim-
ilar reduction is also observed in the end-to-end
execution time. This demonstrates the potential of
leveraging LLM confidence for multi-scale model
selection. Third, comparing the results of (8B, 3B
→ 8B) and (8B, 8B → 70B), we observe that ap-
plying the proposed strategy with a model one size
smaller results in minimal performance degrada-
tion while achieving an approximate 20-36% re-
duction in computational cost. Notably, 8B → 70B
achieves comparable accuracy to 70B (83.22% vs.
83.57%) with a 36% reduction in cost. We calculate
McNemar’s statistical significance test and observe
no significant difference (p = 0.4048), supporting
the efficiency of our approach.6 However, extend-
ing the transfer chain (8B → 70B and 3B → 8B
→ 70B) leads to a more pronounced performance
drop, but with increased cost savings. This is ex-
pected, as errors may accumulate and propagate
under such a design. Additionally, in the 3B →
8B → 70B process, the smaller model (e.g., 3B)
may overestimate its confidence, leading to pre-
mature task retention and suboptimal delegation,
ultimately affecting the final reasoning outcome.

As shown in the Table 3, our proposed
confidence-based model selection method also
demonstrates promising results on the Qwen 3 se-
ries.7 Specifically, the 8B → 32B cascade achieves

6Appendix E presents detailed significance test results.
7The end-to-end time for the 4B → 8B → 32B chain is

LLM(s) Acc. Tokens PD Reduced Tokens
GPT-4o 86.43% 36,225 – –
3B → GPT-4o 84.48% 30,671 -1.95% 15.33%
8B → GPT-4o 85.66% 28,941 -0.77% 20.11%
70B → GPT-4o 86.85% 14,505 0.42% 59.96%

Table 4: Experimental results with GPT-4o.

an accuracy of 0.800, which is slightly higher than
the full 32B model (0.795), while saving approxi-
mately 33.18% of the compute. This confirms the
generalizability of our method beyond the LLaMA
series and its effectiveness across different model
families. We further extend our method to open-
ended question answering, demonstrating promis-
ing results on PopQA with a 7% reduction in cost
and less than a 2% drop in performance. The
detailed results are provided in Appendix F. To
sum up, these findings support the effectiveness of
the confidence-driven strategy in balancing perfor-
mance and computational cost.

3.3 Results with Commercial API
To evaluate our strategy in a more realistic scenario,
we tested it using a commercial API. Since OpenAI
does not disclose the total parameter count for GPT-
4o, we use the number of output tokens as a proxy
for the compute cost metric. This metric aligns
with mainstream API cost calculation methods.

Table 4 compares the results of using GPT-4o
as the final model in our method versus directly
prompting GPT-4o. While other approaches result
in a slight performance drop for a 15–20% cost
reduction, the 70B → GPT-4o approach slightly
improves performance and achieves approximately
60% cost savings. Our strategy effectively balances
performance and cost, particularly by leveraging
an intermediate 70B model before GPT-4o, achiev-
ing significant token cost reduction while main-
taining comparable performance. Even alternative
approaches with minor performance loss provide
meaningful savings, demonstrating the practicality
of our method for optimizing API usage.8

4 Discussion

4.1 Ablation Analysis
In this section, we present an ablation study on
P (IK), focusing on performance drop since the
transfer chain cost remains similar with or with-
out P (IK).9 Table 5 presents the experimental

omitted due to computation resource constraints.
8Appendix G provides an evaluation of cost across settings.
9Results of P (IK) are reported in Appendix H.
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Setting LLM(s) PD Reduced CC

w/ P (IK)
8B → 70B -0.35% 36.46%
3B → 8B → 70B -2.03% 44.48%

w/o P (IK)
8B → 70B -1.26% 36.83%
3B → 8B → 70B -4.27% 47.17%

Table 5: Ablation studies of P (IK).

results. First, the results indicate the usefulness
of training a classifier to assess P (IK). Specifi-
cally, the performance drop is significantly greater
when using the transfer chain with the 70B model
as the largest model without P (IK). Second, even
without P (IK), which requires training data for
assessment, the performance drop remains smaller
than the computational cost saved. These results
validate the effectiveness of the confidence-driven
multi-scale model selection, even without training
data. This finding also highlights the method’s
practicality in closed-source or API-based settings,
where internal hidden states are not accessible and
P (IK) cannot be computed. In such cases, P (T )
can still be derived from log probabilities provided
by the model. As shown in Table 5, relying solely
on P (T ) still achieves competitive performance.10

4.2 Generalization to OOD Dataset

A key question when evaluating a P (IK) classifier
trained on MMLU is whether it can generalize to
other datasets. Hence, we investigate if a classifier
that assesses a model’s NLU across different ques-
tion types can be directly applied to new datasets
without modification. Such a finding would sug-
gest that a well-trained P (IK) classifier captures
a model’s intrinsic ability for diverse NLU tasks,
independent of the specific dataset characteristics.

To explore this hypothesis, we employ GPQA:
A Graduate-Level Google-Proof Q&A Bench-
mark (Rein et al., 2023). GPQA represents an out-
of-distribution (OOD) setting relative to MMLU,
as it comprises highly challenging, graduate-level
questions. By applying the same P (IK) classifica-
tion approach to GPQA, we aim to assess whether
the classifier retains its effectiveness in measuring
model performance in an OOD context.

Table 6 presents the experimental results. First,
GPQA proves to be significantly more challenging
than MMLU for all model scales. Second, the pro-
posed framework results in a modest decrease in
computational costs while maintaining competitive
performance. However, the substantial difference

10Results for different P (T ) thresholds are in Appendix I.

LLM(s) Acc. PD Reduced CC
3B 31.47% – –
8B 31.92% – –
70B 52.23% – –
8B → 70B 51.79% -0.44% 3.93%
3B → 8B → 70B 51.56% -0.67% 5.11%

Table 6: Experimental results of LLaMA models in
OOD scenario.

in computational cost savings between MMLU and
GPQA highlights the difficulty of extending the
method to OOD applications. This may be due to
the fact that GPQA’s questions are too challenging
for smaller models, such as 3B and 8B, making it
difficult for them to effectively handle queries. We
looked into the amount of queries that the P (IK)
classifier predicts positive in the 8B → 70B case.
Out of 448 samples in the test set, only 21 sam-
ples were routed to 8B by the classifier, showing
that the classifier is conservative while facing OOD
queries rather than aggressively routing to the 8B
model. However, among these 21 samples, 67% of
them (14 samples) are “correct”, meaning that the
8B model can indeed handle these queries, show-
ing that the P (IK) classifier remains useful in the
OOD scenario. This preliminary exploration identi-
fies this challenge for future research in advancing
confidence-driven multi-scale model selection.

5 Conclusions

We propose a confidence-driven multi-scale model
selection strategy to optimize cost-effective infer-
ence. By combining confidence estimates of P (T )
(token probabilities) and P (IK) (trained classi-
fiers), our approach dynamically routes queries to
the most appropriate model, significantly reduc-
ing computational costs while maintaining high
accuracy. Our experiments evaluating LLaMA
3 and Qwen 3 models on MMLU show that the
proposed strategy matches the performance of the
largest model while reducing compute cost. When
applied to GPT-4o, it significantly cuts token us-
age and improves cost efficiency. Moreover, we
demonstrate that our approach remains effective in
both in-distribution and out-of-distribution settings
by leveraging classifiers trained with MMLU on
GPQA, a significantly more challenging dataset.
Future work should focus on refining confidence
estimation for better generalization across diverse
tasks, particularly generative tasks.
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Limitations

First, our approach relies on a classifier trained
on a specific dataset to estimate P (IK). While
we observe some level of generalization to out-of-
distribution datasets such as GPQA, performance
may degrade in significantly different domains or
tasks. Future work should explore methods to
improve generalization, such as domain adapta-
tion techniques or unsupervised confidence estima-
tion. Second, our experiments primarily focus on
NLU tasks within the MMLU and GPQA bench-
marks. Our experiments with PopQA served as
a preliminary attempt to generalize confidence-
based routing beyond NLU tasks. The applica-
bility of our method to other NLP tasks, such as
generative language modeling, open-domain QA,
or real-time conversational AI, remains an open
challenge. Future work should investigate extend-
ing confidence-based model selection to broader
NLP applications. Third, while our method reduces
overall compute usage, it may introduce additional
latency for queries that are escalated through multi-
ple models before reaching the final response. Al-
though we use compute cost as a proxy for effi-
ciency, actual end-to-end latency can be affected
by system implementation, hardware, and network
conditions, especially in API-based settings. Fu-
ture work could incorporate latency-aware routing
or empirically evaluate real-world latency across
deployment scenarios. Despite these limitations,
our findings indicate that confidence-driven model
selection is a promising direction for optimizing
LLM deployment, particularly in scenarios where
computational efficiency is a critical concern. Ad-
dressing these challenges will be key to further
improving the reliability and applicability of the
approach across diverse settings.
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A Related Work

A.1 Confidence Measurement Methods

Kadavath et al. (2022) study the calibration of pre-
diction made by LLMs, and proposed two facets
of model confidence: P (T ) and P (IK). P (T ),
originally named as P(True), represents the degree
to which a model thinks the input statement is true.
For example, given a claim or statement, the value
of P (T ) can be evaluated by prompting the model:

“Is <statement> true? (A) True (B) False Answer:
<answer>”, and then measure the probability of
the token “(A)” predicted by the model at position
<answer>.

On the other hand, P (IK) (stands for “I Know”)
describes how likely a model can give correct re-
sponse to a query. The purpose of P (IK) is to
identify the problems that the model can or can-
not answer, for the further goal of increasing the
trustworthiness and reducing hallucination. The
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evaluation of P (IK) can be done in multiple ways:
Kadavath et al. (2022) trains a binary classification
head on top of the language model by manually
collecting training samples from various datasets.
Mahaut et al. (2024) estimates P (IK) with a simi-
lar setting to P (T ): prompting the model “Do you
know the answer to the following question: <ques-
tion> (Yes/No/Maybe)? Answer: <answer>” and
measure the token probability of “Yes” predicted
by the model at position <answer>.

When internal information of LLMs is not avail-
able, measuring the confidence of model responses
becomes challenging. One straightforward way
is to use verbalized confidence (Lin et al., 2022),
which directly prompts the model to output confi-
dence values for their response. However, empir-
ical results (Xiong et al., 2024) have shown that
LLMs tend to be overconfident while verbalizing
their confidence level, leading to poor prediction
performance. Some black-box methods focus on
prompt design, e.g., ask the model to provide mul-
tiple answers and their confidence at the same time,
also known as top-k prompting (Tian et al., 2023).
Other methods investigate the distribution or se-
mantic characteristics between multiple responses,
such as self-consistency (Wang et al., 2023) and
semantic entropy (Kuhn et al., 2023). In sum, cur-
rent black-box methods relies heavily on multiple
sampling to learn the nuanced relationship between
responses. This would require significantly more
computation at inference time compared to white-
box methods, therefore they might not be the most
efficient approach to estimate model confidence.

A.2 Routing and Hybrid Inference
Recent efforts in model routing and hybrid infer-
ence have introduced efficient strategies to balance
LLM performance and cost. Training-free methods
like Eagle (Zhao et al., 2024) and RouteLLM (Ong
et al., 2024) dynamically assign queries based on
benchmark performance or preference-based scor-
ing, while hybrid systems such as U-HLM archi-
tectures (Oh et al., 2024) combine small and large
models for faster, cost-efficient inference. Hybrid
LLM (Ding et al., 2024) also addresses this trade-
off by training a query router that predicts response
quality gaps between small and large models, en-
abling routing decisions tailored to the expected
performance of each query. Their approach esti-
mates whether the small model can match the large
model’s response using BART scores, and tunes
routing thresholds to control quality-cost trade-

offs. SYMBOLIC-MOE (Chen et al., 2025) further
explores symbolic, skill-based routing to match
inputs with appropriate experts without gradient-
based optimization, combining model profiling
with task-specific keyword extraction.

Our work complements these by proposing a
confidence-driven selection mechanism that inte-
grates both token-level certainty (P (T )) and in-
ternal knowledge estimation (P (IK)) to decide
when to escalate queries. Unlike prior routing
models that often rely on offline training (Shnitzer
et al., 2024), symbolic rules, or task-specific heuris-
tics, our approach enables dynamic, instance-level
decision-making with minimal architectural over-
head, and demonstrates robustness under both in-
distribution and OOD conditions.

B Models

The open-source models were obtained from Hug-
gingFace with the following identifiers:

• meta-llama/Llama-3.2-3B-Instruct
(used for the 3B model)

• meta-llama/Meta-Llama-3.1-8B-Instruct
(used for the 8B model)

• meta-llama/Llama-3.3-70B-Instruct
(used for the 70B model)

• Qwen/Qwen3-4B (used for the 4B model)
• Qwen/Qwen3-8B (used for the 8B model)
• Qwen/Qwen3-32B (used for the 32B model)

All of the experiments were conducted on 4
NVIDIA RTX A6000 GPUs, each with 48GBs
of VRAM. For generation tasks, we used a deter-
ministic decoding setup with do_sample=False,
and applied nucleus sampling with top_p=0.9 and
temperature=1.0. These parameters were held
consistent across all model configurations unless
otherwise noted. All results are based on a sin-
gle run per model configuration without repeated
sampling.

C Input Format

The prompts used in this work are presented in
Table 7.

D Query Distribution Across Stages

The number of queries processed at each stage is
summarized in Table 8. For example, in the 3B
→ 8B → 70B configuration, the compute cost is
2× (487× 3× 109+198× 8× 109+745× 70×
109) = 1.1× 105 GFLOPs. In contrast, in the 8B
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Prompt used for multiple choice questions.
The following are multiple choice questions about {subject}.
Please determine the correct answer in the format “Answer:
<answer>”, where <answer>is A, B, C or D.
Question: {question}
Choices: {choices}
Answer:

Prompt used for open-ended questions.
(system) The following are questions about entity relation-
ship. Please determine the correct answer in the format
“Answer: <answer>”.

(user) Question: {question}
(assistant) Answer:

Table 7: Prompt templates used in this work.

LLM(s) 3B 8B 70B

3B → 8B 487 943 –
3B → 70B 487 – 943
8B → 70B – 594 836
3B → 8B → 70B 487 198 745

Table 8: Number of queries processed by each model
stage under different configurations.

→ 70B configuration, the cost is 2 × (594 × 8 ×
109+836×70×109) = 1.27×105 GFLOPs. This
illustrates that even though 3B→8B→70B involves
more model stages, the total cost can be lower due
to early-stage filtering, which reduces the number
of queries reaching the larger models.

E Statistical Significance Analysis

To assess whether the observed differences in per-
formance are statistically significant, we conducted
McNemar’s test on key model comparisons. The
results are summarized in Table 9.

The results indicate that in the cases of 8B →
70B vs. 70B and 70B → GPT-4o vs. GPT-4o,
the p-values exceed 0.05. This suggests that there
is no statistically significant difference in perfor-
mance between these configurations. However, our
method achieves comparable performance while
significantly reducing computational costs. These
results support our claim that the proposed method
offers an effective balance between performance
and resource usage.

F Results with Open-ended QA

One critical question for our framework is: "how
can we generalize the method to generative tasks
where multiple-choice P (T ) cannot be computed?"
While some researchers have attempted to extend
confidence estimation to generative tasks by either

Comparison Chi-squared p-value

3B → 8B vs 8B 4.00 0.0455
8B → 70B vs. 70B∗ N/A 0.4048
3B → 8B → 70B vs. 70B 19.22 0.00001
3B → 70B vs. 70B 20.48 0.00001
3B → GPT-4o vs. GPT-4o 15.84 0.00007
8B → GPT-4o vs. GPT-4o 4.00 0.0455
70B → GPT-4o vs. GPT-4o 0.22 0.6395

Table 9: Significance test results. The exact p-value for
8B → 70B vs 70B is calculated using a binomial test
instead of the chi-squared approximation.

sampling multiple responses and transforming the
original query into multiple-choice format (Ren
et al., 2023), or by simply using average token
probabilities over the generated output (Chuang
et al., 2025), the performance is modest. In this pa-
per, we propose a new confidence estimation tech-
nique called first-token confidence. We prompt
the model to respond in a specific format and then
measure the probability of the first token being

“Answer”. The rationale behind this approach is
that we observed models often deviate from the
expected format when they are uncertain or unable
to answer confidently.

To test our method on generative tasks, we per-
form evaluation using PopQA, a large-scale open-
domain question answering dataset consisting of
14k entity-centric QA pairs. A main problem we en-
countered while evaluating open-ended queries was
the ineffectiveness of traditional keyword-based
matching. Previous work (Kamalloo et al., 2023)
emphasizes that exact match or simple overlap met-
rics understate LLM performance and miss halluci-
nations. To mitigate this, we leveraged the ground-
ing API to search for relevant results online and
summarize whether the model’s response can be
considered correct. Table 10 shows the evaluation
results with and without grounding. Our results are
in line with (Kamalloo et al., 2023), where simple
lexical matching fails when models responded with
a plausible answer. This is especially the case when
evaluating datasets like PopQA, whose questions
are somewhat ambiguous and can have multiple
correct answers.

For fair evaluation, we argue that a model re-
sponding "I don’t know" or asking for clarification
should not be considered as incorrect. We propose
using hallucination rate to reflect model’s faith-
fulness, which evaluates how many responses are
factually incorrect, verified by grounding API.

Table 11 presents the accuracy, hallucination rate
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Accuracy ∆
3B (w/o grounding) 0.1916 -
3B (w/ grounding) 0.2669 +0.0753
8B (w/o grounding) 0.2520 -
8B (w/ grounding) 0.3514 +0.0994
70B (w/o grounding) 0.4767 -
70B (w/ grounding) 0.6608 +0.1841

Table 10: Accuracy and delta for different model sizes
with and without grounding.

LLM(s) Acc. Hallucination
Rate

Cost
(USD) PD Reduced

Cost
3B 0.2689 0.4169 0.0030 - -
8B 0.3387 0.4679 0.0028 - -
70B 0.6585 0.3208 0.0257 - -
3B → 8B 0.3317 0.4923 0.0027 -2.07% 2.64%
3B → 70B 0.6131 0.3547 0.0226 -6.89% 12.29%
8B → 70B 0.6459 0.3422 0.0239 -1.91% 7.11%
3B → 8B → 70B 0.6075 0.3603 0.0219 -7.74% 14.78%

Table 11: Experimental results with LLaMA models on
PopQA.

and cost of different LLaMA models on the PopQA
dataset.11 As expected, larger models generally
demonstrate higher accuracy and lower hallucina-
tion rates. The 70B model achieves the best single-
model performance, with an accuracy of 0.6585
and a hallucination rate of 0.3208, outperforming
both the 3B and 8B variants by a significant margin.

When employing model cascades, we observe a
trade-off between accuracy and hallucination. For
example, the 3B → 8B → 70B cascade achieves
an accuracy of 0.6075, which is slightly lower than
using the 70B model alone. The two-stage (8B
→ 70B) strategy achieves the highest accuracy
(0.6459) and the lowest hallucination rate (0.3422)
among all dynamic settings, while saving over 7%
in cost compared to using the 70B model exclu-
sively. Notably, the performance drop (PD) is min-
imal at only 1.91%, demonstrating that dynamic
model selection can yield promising results at a
fraction of the cost.

G Cost Estimation

To promote transparency and enable fair compari-
son, we provide a detailed cost analysis of all model
configurations used in our experiments. While
our initial assumption was that self-hosting LLMs
would generally offer lower cost than API-based
solutions, we conducted a systematic evaluation
using publicly available token pricing information.

Specifically, we obtained pricing for input and
output tokens from SambaNova’s cloud-hosted

11Table 12 presents the token pricing of the models.

Model Input (per 1M tokens) Output (per 1M tokens)

3B $0.08 $0.16
8B $0.10 $0.20
70B $0.60 $1.20
GPT-4o $2.50 $10.00

Table 12: Token pricing for different models.

LLM(s) Total Cost Reduced Cost

3B $0.017 -
8B $0.021 -
70B $0.129 -
3B→8B $0.020 4.76%
3B→70B $0.096 25.58%
8B→70B $0.089 31.01%
3B→8B→70B $0.080 37.98%
GPT-4o $0.928 -
3B→GPT-4o $0.707 23.81%
8B→GPT-4o $0.650 29.96%
70B→GPT-4o $0.357 61.53%

Table 13: Estimated cost for each setting.

LLaMA models (3B, 8B, and 70B),12 and com-
pared them against OpenAI’s GPT-4o API pric-
ing.13 We summarize the input and output token
pricing of different models used in this work in Ta-
ble 12. All prices reported were recorded in April
2025.

For each setting, we calculated the total cost
based on the number of input and output tokens
consumed during inference. Table 13 shows the
per-token pricing as well as the estimated total cost
across different model paths. As expected, direct
use of GPT-4o incurs the highest cost ($0.928 per
run), while cascade-based configurations such as
70B→GPT-4o ($0.357) or 8B→GPT-4o ($0.650)
offer a substantial reduction. Among open-source
settings, 3B→8B→70B achieves strong perfor-
mance while keeping the cost at only $0.08, high-
lighting the method’s efficiency in balancing accu-
racy and resource usage. This analysis supports
the utility of our approach in both open-source and
API-based scenarios.

H Evaluation of P (IK)

Before evaluating the impact of our framework,
we first examine the performance of the P (IK)
classifier itself. As shown in Table 14, the trained
classifiers achieve decent performance, indicating
that the P (IK) classifiers can effectively estimate
model’s self-knowledge, providing a reliable signal

12https://cloud.sambanova.ai/plans/pricing
13https://openai.com/api/pricing/
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Model Accuracy F1 AUROC
3B 69.16% 62.76% 75.17%
8B 76.50% 69.21% 81.78%

Table 14: Performance of P (IK) classifier of LLaMA
3B and 8B models.

8B → 70B

Setting Accuracy PD Reduced CC

P (T ) ≥ 95% 0.8350 -0.08% 33.25%
P (T ) ≥ 90% 0.8322 -0.42% 36.46%
P (T ) ≥ 70% 0.8287 -0.84% 38.56%
P (T ) ≥ 50% 0.8266 -1.09% 39.33%

8B → 70B (w/o P (IK))

P (T ) ≥ 95% 0.8350 -0.08% 29.69%
P (T ) ≥ 90% 0.8231 -1.51% 38.15%
P (T ) ≥ 70% 0.7923 -5.19% 56.19%
P (T ) ≥ 50% 0.7455 -10.79% 74.24%

Table 15: Model Performance Comparison for LLaMA
8B → 70B.

for guiding model selection. With this understand-
ing, we can now analyze how incorporating P (IK)
affects the overall framework performance.

I Sensitivity Analysis of P (T ) threshold

We conducted a sensitivity analysis by varying the
threshold of P(T), as shown in Table. The thresh-
old of P (T ) controls how confidently the smaller
model must be before retaining the answer rather
than routing it to the larger model.

In the 8B → 70B setting, we observe that as the
P (T ) threshold decreases from 95% to 50%, the
routing rate to the larger model increases (i.e., re-
duced compute cost improves), but this comes at
the expense of a gradual decline in overall accuracy
and performance drop (PD). Importantly, with our
full system (i.e., with both P (T ) and P (IK)), the
accuracy remains relatively stable, dropping only
0.8% even when the threshold is lowered to 50%,
while reducing compute cost by 3̃9%. However,
when we disable P (IK) and rely on P (T ) alone,
the performance becomes more sensitive to the
threshold. For instance, at a 50% threshold, the ac-
curacy drops significantly, despite higher compute
savings. These results confirm that P (IK) comple-
ments P (T ) by stabilizing performance even when
we allow more aggressive routing to the smaller
model. It also suggests that thresholds around 90%
strike a good balance between accuracy and com-
putation reduction.
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