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Abstract

Large language models (LLMs) have been
widely adopted due to their remarkable per-
formance across various applications, driving
the accelerated development of a large number
of diverse models. However, these individual
LLMs show limitations in generalization and
performance on complex tasks due to inherent
training biases, model size constraints, and the
quality or diversity of pre-training datasets. A
promising direction is to efficiently harness the
diverse capabilities of LLMs to overcome these
individual limitations. To address these limita-
tions, we introduce a novel LLM selection al-
gorithm called SELECTLLM, which efficiently
directs input queries to the most suitable subset
of LLMs from a large pool, ensuring that the
selected models collectively provide accurate
responses. SELECTLLM employs a multi-label
classifier and policy based on the classifier’s
predictions and confidence scores in selecting
an optimal, query-aware, and lightweight sub-
set of LLMs. Our findings indicate that the pro-
posed model outperforms existing ensemble-
based baselines and achieves competitive per-
formance with similarly sized top-performing
LLMs while maintaining efficiency. Specifi-
cally, it achieves a huge reduction in inference
latency on two challenging reasoning bench-
marks: 13% on GSM8K and 70% on MMLU, com-
pared to the top-performing baseline. Also,
we establish a theoretical upper bound by an
Oracle with LLMs and perform an in-depth lin-
guistic analysis to understand the performance
gap between the Oracle and SELECTLLM.

© github.com/kaushal@494/SelectLLM

1 Introduction

In recent years, large language models (LLMs)
have demonstrated remarkable capabilities in solv-
ing a wide range of core NLP tasks (Bommasani
et al., 2021; Chang et al., 2023). Despite these
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Figure 1: Accuracy (using majority voting) versus the
number of LLMs plot for the GSM8K and MMLU test sets.
Models are added in descending order of their perfor-
mance on their corresponding training sets.

advances, existing LLMs still struggle with com-
plex tasks such as factually-grounded reasoning
and planning (Wei et al., 2022; Kojima et al., 2022;
Minaee et al., 2024). Moreover, the wide range of
LLM:s available seem to exhibit diverse capabili-
ties (Jiang et al., 2023), resulting in no single (espe-
cially open-source) LLM being effective across all
benchmarks and datasets. Aligning with recent re-
search trends (DeepSeek-Al et al., 2025; Mirzadeh
et al., 2024), we focus on natural language under-
standing tasks grounded in reasoning, specifically
those with discrete output values, and do not con-
sider general natural language generation tasks.
Although newer and more powerful models
are constantly introduced, an alternative and cost-
effective approach involves harnessing the diverse
capabilities of existing models to improve the over-
all response quality using ensembling (Wang et al.,
2022,2023; Li et al., 2024) and collaborative frame-
works (Wu et al., 2023; Li et al., 2023). However,
these approaches often require access to the re-
sponses from all models in the pool to choose the
optimal response(s), which greatly increases the
overall computational cost for such ensembles.

The individual LLMs exhibit diverse capabili-
ties, i.e., not all models may be suited for all kinds
of tasks. Fig. 1 reports the accuracy of a LLM
model pool (spanning up to 7 diverse LLMs) on
two challenging reasoning benchmarks — GSM8K
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(Cobbe et al., 2021) and MMLU (Hendrycks et al.,
2021). As the plot demonstrates, utilizing more
LLMs initially improves performance, which is
supported by previous research towards employ-
ing more LLMs and more responses per model (Li
et al., 2024). However, note that using more (or
even all) models in the pool does not necessarily
result in the best scores overall. Thus, selectively
abstaining from querying unsuitable LLMs for a
given task may help improve the overall response
quality of such ensembles. Additionally, such an
approach would implicitly save computational
resources by accessing fewer models per query.

In this paper, we propose the novel SE-
LECTLLM algorithm to explore this idea. Our
approach first employs a multi-label classifier to
learn the LLM-specific capabilities using a dataset
of diverse queries. When running inference for a
unseen query, this knowledge is utilized to predict
confidence scores for each LLM in the model pool,
reflecting their likelihood of successfully solving
the task. Next, we develop various selection poli-
cies to determine the optimal subset of LLMs for
each query based on these confidence scores and
predictions. Additionally, we establish a theoretical
Oracle model’s upper bound that can be achieved
collectively by all LLMs and perform a gualitative
and quantitative linguistic analysis of the inputs to
understand the performance gap between the Or-
acle and SELECTLLM. The contributions of our
work are as follows:

* We introduce the novel SELECTLLM algo-
rithm, which is based on a multi-label clas-
sifier and an optimal confidence-based pol-
icy. This approach efficiently navigates input
queries to the ideal subset of LLMs from a
larger pool to improve response quality and
simultaneously reduce computational costs.

* The efficacy of the proposed SELECTLLM
algorithm is evaluated on two challenging rea-
soning benchmarks. We report an improve-
ment of 1.90 points on GSM8K and 4.89 points
in terms of accuracy on MMLU compared to the
existing strong ensemble-based baselines and
competitive performance with a model, which
consists of similarly sized top-performing
LLM subsets. Additionally, we observe sig-
nificantly lower inference latencies, with re-
ductions of 13% for GSM8K and 70% for MMLU,
compared to the top-performing baseline.

* We present a theoretical upper bound es-

tablished by an Oracle model, representing
the maximum performance achievable collec-
tively by all LLMs in our pool. Furthermore,
we conduct a linguistic feature-based analysis
of the inputs to understand the gains achieved
by SELECTLLM and the performance gap
relative to the Oracle model.

2 Related Work

LLM Diversity and Capabilities: LLMs exhibit
emergent capabilities, enabling them to perform
beyond their explicit training objectives, with diver-
sity in training data fostering broad domain exper-
tise (Bommasani et al., 2021; Minaee et al., 2024).
This diversity extends to architectural variations,
multilingual proficiency, and adaptability across
domains, making them highly effective for a wide
range of tasks. Additionally, LLMs demonstrate
strong generalization and reasoning abilities, en-
abling them to tackle complex challenges such as
question answering, summarization, and classifica-
tion (Hendrycks et al., 2021; Cobbe et al., 2021;
Joshi et al., 2017; Tam et al., 2023; Zhang et al.,
2023). Despite their strengths, no single open-
source LLM consistently outperforms others across
benchmarks (Jiang et al., 2023), highlighting the
necessity of ensemble methods to leverage diverse
model strengths. This work focuses on leveraging
the diverse capabilities of LLMs in SELECTLLM
to address individual LLM limitations.

LLM Ensembling Previous attempts at ensem-
bling and routing LLMs typically fall into three
categories: (1) Selecting the best response from
multiple LLM generations, as seen in Liu and Liu
(2021), Ravaut et al. (2022), and Jiang et al. (2023).
However, this approach requires querying all LLMs
in the model pool for each query during inference,
which can be computationally expensive with a
large number of LLMs. (2) Minimizing the num-
ber of queries to larger LLMs to reduce latency and
computational costs, as demonstrated by Shnitzer
et al. (2023) and Ding et al. (2024), who redirect
simpler queries to the smallest model capable of
handling the task. This minimizes querying costs
with minimal performance drop. Routing to the
single-best LLM while balancing both accuracy
and efficiency has proven to be challenging (Sri-
vatsa et al., 2024). (3) Using multiple LLMs in a
multi-agent collaboration setting (Tran et al., 2025),
where specialized LLMs work together to solve
complex problems. However, it remains unclear
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how collaboration functions when non-specialized
models are involved. The proposed model lays
the foundation for addressing this gap. Moreover,
we aim to develop an algorithm that improves re-
sponse accuracy beyond individual LLMs and their
combinations by querying only a subset of LLMs
expected to be capable of solving the given query.
This, in turn, reduces computational costs and la-
tency by avoiding unnecessary queries to unsuit-
able LLMs.

3 Problem Setting

We propose an ensembling-based LLM inference
algorithm — SELECTLLM - to efficiently select the
most suitable query-aware few LLMs from a large
pool of available LLMs. The algorithm harnesses
the diverse capabilities of different LLMs and se-
lects a subset of models for the input query, jointly
leading to the correct response, and this selection
of a small subset leads to the reduction in latency.

Formally, for a given set of input queries
Q ={q1,92,-..,q9,} and a pool of LLMs L =
{l1,12,...,lx}, the objective is to learn a selection
model M that selects a subset of LLMs L, C L,
which jointly produce the correct answer for a given
input query ¢; € Q, such that the cumulative la-
tency satisfies latency(L;) < latency(£). In the
best-case scenario, a query g; is processed by a
single LLM, while in the worst-case scenario, g; is
processed by all LLMs in L.

4 Methodology

4.1 LLM Sampling
4.1.1 Selection of Benchmarks and LLMs

As discussed in Section 1, LLMs often struggle
with reasoning tasks. To advance modeling and
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Figure 2: Overview of the proposed workflow.

SLData

LLM GSMSK MMLU
Train | Test | Train | Test
1lama2-7b-1m 22.21 | 24.01 | 46.85 | 48.10

gemma-7b-1m 73.49 | 71.27 | 66.10 | 63.73
mistral-7b-1m 59.33 | 60.50 | 61.69 | 61.57
metamath-7b-1Im | 92.35 | 67.25 | 42.16 | 41.46
*gemma-7b-it 41.62 | 42.23 | 50.61 | 50.72
1lama2-13b-chat | 50.37 | 49.20 | 54.40 | 52.94
*mistral-7b-it 5592 | 56.71 | 53.39 | 53.92

Table 1: Accuracy with majority voting (MAJ @ M)
for considered LLMs on GSM8K and MMLU datasets
with train and test splits. All scores were calculated
over M response generations for each LLM. Here
we use M=10 inspired by Li et al. (2024).

performance in this domain, we have selected two
challenging benchmarks. The GSM8K dataset, in-
troduced by Cobbe et al. (2021), contains 8,792
grade-school level math word problems (MWPs) in
English, focusing on mathematical reasoning. The
second benchmark, MMLU, proposed by Hendrycks
et al. (2021), includes 14,572 multiple-choice ques-
tions across 57 subjects, assessing multi-domain
natural language understanding and reasoning. See
Appendix Table 5 for detailed dataset statistics.
We have selected a diverse and sparse set of
LLMs based on explicit and implicit criteria. The
explicit criteria includes performance on bench-
marks, training methodologies, model specializa-
tion, and modes of operation (chat vs. non-chat),
among others. Some of these diverse attributes are
presented in the Appendix Table 6. The implicit
criteria include factors such as diverse inference la-
tencies (refer to Table 7) and prompting types (i.e.,
zero-shot vs. few-shot), among others. Further,
we consider relatively small open-source LLMs
(yet representative of exiting open-source LLM
space) because: (i) Experiments with these LLMs
are suitable for an academic lab setup, and (ii) This
aligns with the research trend towards developing
LLMs suitable for small mobile devices (Abdin
et al., 2024). Furthermore, since these selection
criteria ensure wide representativeness of the LLM
pool, we hypothesize that if the proposed approach
works for this pool of LLMs, it should be LLM
pool-agnostic, although we leave the proof of this
to future work. See Appendix A for more details.

4.1.2 Data Preparation for the SELECTLLM
Model: SLDATA

In this study, we evaluate the performance of each
LLM by generating M responses from it for each
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input query to ensure reliable and replicable be-
havior of the proposed model. We employ Ma-
Jjority Voting (Li et al., 2024) to assess whether a
query is correctly answered by the LLM or not.
Specifically, Majority Voting(MAI@M € {0,1})
determines whether the most frequent answer from
an LLM matches (using exact string match) the
gold answer or not. The accuracy with MAT@M
across all input prompts is reported in Table 1.
In the rest of this paper, we consider only those
LLMs for which the viable extracted answers are
above 90% (see more details in Appendix Sec-
tion A) to ensure response reliability, resulting
in 6 acceptable LLMs for the GSM8K dataset and
7 for the MMLU dataset. We prepare the training
dataset for the multi-label classification module of
SELECTLLM (detailed in the next section) by as-
sociating each input query with the LLM(s) whose
majority vote answer (across M samples) matches
the gold answer, i.e., MAJ@M = 1. Formally, the
target label for a query prompt ¢; € Q is given by
label (¢;) = {l|l € L,majQM (g;,1) =1}. We
denote this dataset as SLDATA which is separately
prepared for both GSM8K and MMLU.

4.2 The Proposed SELECTLLM Algorithm

Building on the discussion in Section 1, prior
research (Ding et al., 2024) indicates that easy
queries are correctly solved by smaller or general-
purpose LLMs, whereas complex queries necessi-
tate the use of specialized or larger LLMs. Con-
versely, there are rare queries that are incorrectly
responded to by large LLMs but correctly answered
by smaller LLMs (Nezhurina et al., 2024). Due to
a lack of widely established query-to-LLM map-
pings, brute-force approaches are typically em-
ployed, querying every available LLM to obtain
correct answers. As LLMs continue to advance
rapidly in large numbers, such approaches become
computationally inefficient and sometimes infeasi-
ble. One promising approach involves identifying
and directing input queries to the most suitable
subset of LLMs from a large pool, which jointly
respond correctly. This ensures that the query is ac-
curately addressed while maintaining lower latency
compared to running inference on all LLMs in the
pool.

Towards this objective, we introduce the query-
aware SELECTLLM algorithm, designed to select
a tailored subset of LLMs, taking into account the
nature of the query and enabling them to collabo-
ratively provide correct responses efficiently. The

SELECTLLM algorithm comprises two primary
components: (i) A multi-label classifier (MLC)
which is fine-tuned with SLDATA dataset, and (ii)
A selection policy, which utilizes MLC’s predic-
tion and confidence scores (i.e., the likelihood of
an LLM responding correctly to the query) to de-
termine the suitable subset of LLMs.

Multi-label Classifier (MLC) As indicated by
prior studies (Hu et al., 2024), lightweight language
models such as BERT, RoBERTa, and T5 exhibit
negligible lower query inference latency compared
to LLMs. So, we developed a multi-label classifier
(MLC) based on these models. The models were
fine-tuned using SLDATA with a multi-label clas-
sification objective, incorporating label imbalance
techniques (Zhang et al., 2020) for both the GSM8K
and MMLU datasets. The results are provided in
Table 8. Among the tested models, the ROBERTa-
based MLC outperformed the others, achieving
weighted F1 scores of 0.71 and 0.68 for the GSM8K
and MMLU test datasets, respectively. The fine-tuned
model predicts a subset of LL.Ms (i.e., LLM iden-
tities) best suited to address the input query and
confidence scores C' for each model in the pool.

Confidence-Based Policies In this section, we
discuss how the confidence scores C' are utilized
to select a suitable subset of LLMs L, for each
input query. C is defined as {c1,¢a,...,¢i, ... Cn}
where ¢; is the confidence scores for the i in-
put query. Each ¢; is further represented as
{ch 2, .7 .. %} where ¢ is the confidence
score of the 5" LLM for the i*" query.

The performance of SELECTLLM is determined
by the selection policy used. For example, a greedy
policy that always selects the LLM (or set of LLMs)
with the highest confidence may be suboptimal.
This is because another LLM (or set of LLMs) in
the pool might have higher accuracy but may not
be chosen due to slightly lower confidence. Addi-
tionally, when there are two subsets with similar
confidence and accuracy, it is more efficient to se-
lect the subset with lower cumulative latency. Con-
sidering these aspects, we propose the following
three optimal policies:

1. LABELLEDMAXCONF: This policy selects
the top-s LLMs (L) for an input query g;
based on two constraints: (i) the LLMs should
be present in the MLC predictions, and (ii)
Only those LLMs that have confidence scores
within the top-s from ¢; are considered.
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Algorithm 1 SELECTLLM Inference Algorithm with WEIGHTEDMAXCONF Policy

Require: Queries Q, LLMs £, SLDATA (X, )) € D, pre-trained model My with parameters ¢

I: Fine-tune the model: My = argmin >, )y yy Loss(Mo(z:),y:)
0

2:
3
4:
5:
6.
7
8

9:

10:
11:
12:
13:

()i

> Fine-tuning My with D

> Using fine-tuned model M,
> o is the sigmoid activation function

> Generate M responses with LLM [

| for a¥ in unique(af)}

for each query g; in Qdo
Perform inference: g/°?"**, ¢! = M;(q;)
Calculate confidence scores: ¢; = o'(¢°?""*)
Select top-s confidence scores: cgs> = max(c;, s) and associated LLMs: L, = L(cz(-s))
Initialize an empty set for answer set A; < ¢
for each /; in L do
Generate M responses: a! = [;(g;)
Find answer frequency a = {a¥ : countof(al)/
Ai — Al U a{
end for
Return most frequent answer in A;
end for

2. MAXCONF: This is a more flexible policy

than LABELLEDMAXCONF as it only takes
into account the second constraint, i.e., it se-
lects the top-s LLMs corresponding to the
top-s confidence scores from c;.

. WEIGHTEDMAXCONF: This policy begins

by selecting the top-s LLMs based on their
high confidence scores, i.e., for a given query
qi, we denote the selected LLMs as L. Sub-
sequently, we modify the frequency of answer
values extracted from the responses of each
selected LLM, which involves dividing the
frequency of each value by the square root of
the confidence score associated with the re-
spective LLM. Finally, we collect all response
values and their modified frequencies across
the selected LLMs (frequencies are added for
the same value). The value with the highest
frequency after the modification is selected as
the final response. The formal steps are pre-
sented in Algorithm 1. Intuitively, dividing by
the square root of the confidence score aims
to mitigate biased selection of LLM by the
policy similar to (Wu et al., 2024). This ad-
justment ensures fairer opportunities for each
selected LLM to contribute to the majority
voting.

Across all three policies, in case of a conflict

where two LLMs have similar confidence, the light-
weight LLM (i.e., the lower latency) is preferred.

5

Experimental Setup

5.1 Baseline Models

Based on recent literature, the following baseline
models are included for comparison:

1. Oracle: The maximum performance is as-

sumed under the premise that an Oracle al-
ways selects the lowest latency subset of
LLMs that generates the correct majority vote
answer for each question (if possible; other-
wise, the question attempt is marked as incor-
rect). Empirically, this is obtained by evaluat-
ing all subsets of LLMs, i.e., (2k — 1), where
k is the total number of LLMs.

Random: This represents the mean perfor-
mance of uniformly randomly selecting an
LLM subset from all possible (2F — 1) subsets
for each query. We report mean scores across
1,000 independent runs to avoid biases.

. All LLMs: This baseline reports the mean ac-

curacy of MAJ@ (M x|L|) based on the com-
bined pool of M generations from each LLM
and is similar to Li et al. (2024).

LLM-Blender (Jiang et al., 2023): An en-
sembling framework was developed to utilize
the diverse strengths of multiple open-source
LLMs. Specifically, it employs PATRRANKER,
which utilizes a cross-attention-based method
for pairwise comparison of different LLM re-
sponses to determine the superior one. We
use the officially released model checkpoint
in our setting.

. Top-s LLMs: For this baseline, we consider

the responses of the top-s scoring LLMs using
a majority-vote strategy. The top-performing
models are determined by comparing the over-
all accuracies of the LLMs.

For All LLMs, LLM-Blender and Top-s LLMs,

the latency remains constant since they need infer-
ence with all LLMs to determine the performance.
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5.2 Evaluation Metrics

We evaluate the performance of all models with the
accuracy (Acc) metric using majority voting (see
Section 4.1.2). Additionally, we report the latency
per query (Lat) to estimate efficiency. The exact
costs of model execution, including factors like la-
tency, FLOPs, and energy consumption, may vary
and are influenced by factors such as prompt tem-
plates, hardware capabilities, and network connec-
tivity, especially in LLM inference scenarios. To
ensure a fair comparison, we record the inference
latency of each LLM under uniform conditions us-
ing single A100 GPUs. The individual latencies
for each LLM are detailed in Appendix Table 7.

6 Results and Discussion

Table 2 presents the performance results for the
Oracle, baselines, and the proposed SELECTLLM
models across both GSM8K and MMLU datasets. We
have also reported respective inference latencies
to analyze the efficiency of different models. We
make the following major observations:

Performance of baselines: We evaluated four
baseline models — Random, All LLMs, LLM-
Blender, and Top-s LLMs — to assess the impact
of ensembling LLMs. The performance of the Ran-
dom baseline model surpasses that of several in-
dividual LLMs reported in Fig. 1, demonstrating
the potential of utilizing multiple LLMs. Li et al.
(2024) reports that increasing the number of LLMs
in the model pool generally increases ensemble per-
formance. Interestingly, however, selecting only
the top few LLMs in our experiments performs bet-
ter than including all LLMs (in all LLMs). Thus,
the optimal number of LLMs may depend on the
diversity of the model pool (i.e., individual capabil-
ities and overall performance on benchmarks). The
Top-s LLMs model proves to be the most effective
baseline, outperforming even robust approaches
such as LLM-Blender, indicating the benefit of pri-
oritizing the best-performing LLMs. However, the
latency of most baseline models is high (as they
must utilize the entire model pool at inference),
limiting their real-world practicality.

The effect of different policies with the SE-
LECTLLM algorithm: It can be observed that
the LABELLEDMAXCONF policy yields the lowest
performance on the GSM8K dataset. This subop-
timal performance may be attributed to the pol-
icy’s dependence on both the MLC predictions and

confidence scores, wherein the classifier predom-
inantly assigns the label metamath-7b-1m. Given
that metamath-7b-1m is a specialized model for
mathematics and 88% of the SLDATA training data
18 associated with this label, this reliance skews
the predictions. However, this effect is minimal
for the MMLU dataset, where the label distribution
across LLMs is more balanced. This limitation
is addressed by the MAXCONF and WEIGHTED-
MAXCONF, which relax the constraint on MLC
label prediction and only operate on confidence
scores. This allows models to incorporate other
LLMs and push the performance, particularly for
the GSM8K data. Mathematical tuning in WEIGHT-
EDMAXCONTF allows policies to select LLMs more
effectively and improve the scores. Overall, the
WEIGHTEDMAXCONF policy emerged as the best
performing, with a slight edge over its closest com-
petitor, the MAXCONF policy.

SELECTLLM vs. baseline models: The pro-
posed SELECTLLM model, utilizing the WEIGHT-
EDMAXCONF policy, demonstrates superior per-
formance compared to the Random, All LLMs,
and LLM-Blender baselines. Additionally, SE-
LECTLLM maintains competitive accuracy relative
to the Top-s LLMs baseline while achieving signifi-
cantly lower latency. Specifically, it reduces latency
by 13% for the GSM8K dataset and by 70% for the
MMLU dataset compared to all baselines (except Ran-
dom). This substantial efficiency gain underscores
the effectiveness of SELECTLLM in balancing per-
formance and operational efficiency.

Query awareness analysis of SELECTLLM:
With this analysis, we aim to understand how the
distribution of selected LLMs changes as more
LLMs are selected (with increasing values of s) in
SELECTLLM algorithm. Figure 6 in the Appendix
presents such distribution. For both datasets, in
the top-1 and top-2 subsets, most of the queries
are directed to the best-performing LL.Ms. How-
ever, as the subset size increases, the dominance
of the top-performing models diminishes, leading
to a more uniform distribution where queries are
routed towards more LL.Ms to boost the perfor-
mance. This indicates the input query awareness of
the SELECTLLM model, which is adept at assign-
ing a suitable set of LLMs for the input query.

Prediction distribution analysis: Appendix Fig-
ure 7 presents the distribution of the number of
input queries with correct answer predictions us-
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GSMSK MMLU
Models / Setups Acc(D) Lat() | Acc M Lat (D)
Oracle 90.52 3.24 90.46 1.75
Random 69.49 9.65 58.20 8.27
Baseline LLM-Blender (Jiang et al., 2023) 75.28 19.00 60.27 16.40
All LLMs (Li et al., 2024) 76.04 19.00 60.92 16.40
Top-s LLMs 77.48 19.00 65.75 16.40
MLC + LABELLEDMAXCONF 75.66 14.69 65.68 4.78
SELECTLLM MLC + MAXCONF 77.48 16.50 65.68 4.78
MLC + WEIGHTEDMAXCONF 77.94 16.50 65.81 4.78
SELECTLLM MLC + WEIGHTEDMAXCONF (s = 1) | 67.24 4.70 63.52 2.97

Table 2: Performance of different models on the GSM8K (Cobbe et al., 2021) and MMLU (Hendrycks et al., 2021) test
sets. By default, s = 4 is used for GSM8K and s = 2 for MMLU. The value of s is selected based on experiments on the
validation set (see Appendix Section 6). Acc: with MAT@(M x L) scores reported in percentage (%); Lat: runtime
of M generations for a single query (in seconds); MLC: multi-label classifier; s: the number of LLMs considered.

ing the top-3 individual LLMs and models with
the SELECTLLM algorithm across both datasets.
It can be observed (count from the right column)
that the proposed model is able to correctly pro-
vide answers to input queries compared to other
individual LLMs, which supports the performance
gain reported in Table 2. The distribution also
indicates (count from the bottom) that the pro-
posed model utilizes the capabilities of multiple
individual LLMs to extract the correct answers.
Additionally, Figure 9 illustrates the subject-wise
performance differences between SELECTLLM
and the best performing individual LLM (.e.,
gemma-7b-1m) for MMLU. It can be observed that the
proposed model shows substantial gains in the ma-
jority of subjects, while performing slightly worse
for a few of them, showing scope for improvement.

Upper-bound and performance gap with SE-
LECTLLM: We measure the maximum per-
formance achievable by SELECTLLM with the
WEIGHTEDMAXCONTF policy by establishing an
upper-bound performance. Specifically, we com-
pute potential subsets based on the labels predicted
by the MLC for each query ¢;. A query is consid-
ered solved if at least one subset yields a correct
answer. The upper bound scores for GSM8K and
MMLU are 78.77 and 76.20, respectively. This re-
veals the following insights: (1) the classifier’s per-
formance is constrained, with weighted F1 scores
of 0.71 for GSM8K and 0.68 for MMLU, due to limited
training data (approximately 7K for GSM8K and 14K
for MMLU), likely contributing to the performance
gap between SELECTLLM and Oracle. Therefore,
augmenting the training data or improving the clas-
sifier model could enhance scores. (2) A perfor-
mance disparity between the best policy and the
upper bound suggests the potential for develop-

ing better policies (specifically for MMLU). However,
since policies rely on the classifier’s confidence
scores, enhancing the classifier could also bridge
this gap. We will investigate this performance gap
from a linguistic perspective in Section 6.1.

Ablation studies: Is the proposed algorithm ef-
fective with different LLMs pool sizes (i.e., value
of k)? To investigate this question, we conduct ab-
lation studies considering various LLLM pool sizes,
ie, k = 1,...,6, for the GSM8K dataset. We ex-
amine two extreme settings: pools with top-k and
bottom-k LLMs based on individual LLM perfor-
mance. This encompasses many configurations as
LLMs with similar or different performances may
be present in the LLM pool. We also compare this
with closet strong Top-s LLM baseline. The results
are shown in the Appendix Figure 8. We observe
that even with different & values across both top-k
and bottom-k setups, the proposed SELECTLLM
outperforms (in terms of accuracy) the Top-s LLM
baseline. This indicates that the proposed approach
is LLM pool-agnostic. Moreover, as the number of
k values increases, latency becomes a factor: for
larger pool sizes, the latency for SELECTLLM is
much lower than for Top-s LLM. Similar results are
observed with the MMLU dataset.

Latency vs. Accuracy vs. s-Value: Figure 4
shows the relationship between latency, accuracy,
and s-values for different SELECTLLM policies
across both datasets along with the corresponding
development sets. WEIGHTEDMAXCONF consis-
tently outperforms both MAXCONF and RANDOM
in terms of accuracy and latency for most s-values
(except for 5 and 6 on GSM8K). This highlights the
superiority of WEIGHTEDMAXCONF, maintain-
ing its effectiveness even with a small number of
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GSMB8K: Normalized Feature Value Plot Across Different Sets

GSMB8K: Heatmap of Normalized Feature Value Differences Across Sets
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Figure 3: Quantitative Analysis (GSM8K): Distribution of normalized linguistic feature values (left) and the pairwise
absolute difference in normalized feature values between different sets (right).

LLMs. A larger number of LL.Ms and higher la-
tency are required for GSM8K, whereas a lower s-
value and latency suffice for MMLU to achieve high
accuracy. Selecting 4 LLMs for GSM8K and 2 for
MMLU yields optimal performance, demonstrating
the effectiveness and efficiency of SELECTLLM
with WEIGHTEDMAXCONF. Using this optimal
value of s results on the test set are reported in
Table 2.

Additionally, we also report the performance of
SELECTLLM with WEIGHTEDMAXCONF for s =
1 in Table 2 to understand the impact of selecting
the best query-aware LLM. The results indicate that
there is a large performance gap when selecting
multiple LL.Ms, underscoring that ensembling is a
promising direction.

6.1 Interpretation of Performance Gaps

We investigate the underlying factors contributing
to the performance gap between SELECTLLM and
the Oracle. To gain insights, we perform both lin-
guistic feature-based quantitative analysis and a
SHAP values-based qualitative analysis, examining
four subsets (i.e., group) of the test data (numbers
are specific to the GSM8K dataset): G1: The set of
questions correctly solved by all individual LLMs
(949 questions), G2: The set of additional ques-
tions solved only by SELECTLLM and the Oracle
(46 questions), G3: The set of additional questions
only solved by the Oracle (168 questions) and G4:
The set of questions that could not be solved by
any LLM (125 questions).

Quantitative Analysis: We extracted 16 linguis-
tic features specific to input questions, as proposed
by Srivatsa and Kochmar (2024) for the GSM8K
dataset. In Figure 3, we present the feature value

distribution (bar plot) and pair-wise value differ-
ences (heatmap) across all four subsets. Major
insights are: (1) The feature value distributions
for G3 and G4 are notably similar, suggesting
that questions only solvable by the Oracle exhibit
comparable complexity to those not solved by any
LLMs. (2) Features such as length, tree depth, NP
count, and argument count emerge as influential
across the different subsets, which aligns with the
findings of Rabinovich et al. (2023) and Srivatsa
and Kochmar (2024). A similar observation holds
for the MMLU dataset. Future models should in-
corporate these features to address the performance
gap between SELECTLLM and the Oracle.

Qualitative Analysis: We extracted word-level
SHAP values' from the SELECTLLM classifier for
GSM8K. After mapping key content words to Word-
Net (Miller, 1994) synsets, we identified synset
groups most detrimental to the solvability of each
LLM. Table 3 shows the corresponding SHAP
values for GSM8K. See Appendix K for more de-
tails. We find that: (1) Not all synset groups af-
fect LLMs uniformly; some are detrimental to
one model but beneficial to another (e.g., small
numbers & quantifiers). Frequency terms (e.g.,
“twice”, “thrice") consistently reduce solvabil-
ity for most LLMs, but MetaMath remains resilient.
(2) Gain using SELECTLLM: SELECTLLM solves
questions with more challenging fractional values
and rates and ratios than individual LLMs. (3) Gap
between SELECTLLM and Oracle: quantifiers,
age units, other units, and questions about groups
like "family” or "team” relatively increase diffi-
culty in G3 compared to G2. (4) Solved by None:

'Some samples of interactive SHAP plots are hosted at
https://anonymous.4open.science/r/SelectLLM-3621.
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Table 3: Normalized SHAP values for the SelectLLM classifier (GSM8K) over questions from the four subsets of the
Test split (see Section 6.1). Each column represents a related group of Synsets. A negative SHAP value (in red) is
detrimental to the predicted solvability of corresponding questions, and a positive value (in green) is beneficial.
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Figure 4: Latency vs. accuracy vs. s-values plots for different SELECTLLM policies on GSM8K (left) and MMLU
(right) development sets. s-value: total number of LLMs selected with SELECTLLM model.

G3/G4 rows show that unsolvable questions con-
tain challenging age units, ordinals (e.g., "first”,
"third"), and named entities.

6.2 Out-of-domain (OOD) Generalization

This section presents a preliminary experiment to
validate out-of-domain (OOD) generalization of
SELECTLLM using the MMLU dataset. As de-
scribed in Section 4.1, the MMLU dataset com-
prises 57 category-specific subsets based on grade
level (high school and college), subject, domain,
etc. We conducted two OOD experiments: one at
the grade level and another at the subject level. For
the grade-level experiment, the model was trained
on high school data and evaluated on college-level
data. For the subject-level experiment, we created
two non-overlapping splits for training and testing.
The results, presented in Table 4, indicate that OOD
performance is comparable to in-domain perfor-
mance, with subject-level generalization yielding
even higher accuracy.

7 Conclusions and Future Directions

In this work, we introduce an efficient and novel
LLM selection algorithm, SELECTLLM, to nav-

Setup Acc (1) | Lat (})
OOD (Grade-level) 58.97 4.80
OOD (Subject-level) | 79.75 4.89
In-domain 65.81 4.78

Table 4: OOD experiment results with MMLU dataset for
SELECTLLM with WEIGHTEDMAXCONF policy and s=2.

igate input queries to the most suitable subset of
LLMs from a large pool. SELECTLLM employs
a multi-label classifier and confidence-based opti-
mal policies to select a lightweight subset of LLMs.
The model is evaluated on two challenging reason-
ing datasets and compared against several strong
baseline models. SELECTLLM demonstrates supe-
rior performance compared to these baseline mod-
els, achieving competitive accuracy with a similar
subset size of top-performing LL.Ms, while main-
taining significantly lower latency. Despite the
promising results, we recognize that further ad-
vancements in modeling could bring performance
closer to the Oracle benchmark. Our findings pro-
vide a robust foundation for future research. A
potential avenue for improvement could involve
integrating LLM-related and query-related features
to enhance the model’s query and LLM awareness.
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Limitations

We believe that this study provides a useful starting
point for optimal subset selection of LLMs from a
large pool. However, we acknowledge that there
are certain limitations of this work, and addressing
these limitations in the future is an important task.

Extension to general generation tasks The
scope of the current study is limited to two challeng-
ing reasoning benchmarks: GSM8K and MMLU.
These tasks are framed as generative tasks, where
LLMs are required to produce discrete final an-
swers. The study does not focus on general gener-
ation tasks such as machine translation, question
generation, etc.

It is well known that the one model fits all ap-
proach is not universally applicable (Huang et al.,
2024). For instance, advanced LLMs such as
DeepSeek-R1 (DeepSeek-Al et al., 2025) demon-
strate superior performance in reasoning tasks but
exhibit comparatively lower effectiveness in gen-
eral generation tasks (Mercer et al., 2025). Simi-
lar observations hold for OpenAl’s and Google’s
reasoning models. Building on this observation,
we posit that SelectLLM serves as a pivotal step
toward the efficient selection of an optimal sub-
set of LLMs from a larger pool, balancing both
latency and accuracy, with a focus on reasoning
tasks. While the current study does not cover gen-
eral generation tasks, which are left for future work,
the primary challenge for such adaptation lies in
implementing robust voting mechanisms. These
can be modeled in a simpler manner, as proposed
in the All LLMs (Li et al., 2023) baseline, to ensure
feasibility. Similarly, the idea proposed by Odu-
makinde et al. (2024) could be adapted for general
generation tasks.

Collection of larger training data for multi-label
classifier Another limitation of the proposed SE-
LECTLLM algorithm is the limited availability of
training data for the multi-label classifier, with only
7K instances for GSM8K and 14K for MMLU. This lim-
itation can potentially lead to biased learning. De-
spite several measures to address this issue, such as
weighing labels to counteract label imbalance, con-
ducting extensive optimal hyperparameter searches,
experimenting with different sizes of probabilistic
and LL.M-based models (with RoBERTa perform-
ing the best), and obtaining the best checkpoint
with the validation set, the performance remains
suboptimal. The algorithm achieves a weighted F1

score of 0.71 for GSM8K and 0.68 for MMLU.

Reduction in invalid answers We are able to
extract viable answers for 92% to 95% of queries
across different LLMs, while the remaining queries
resulted in invalid/incorrect outputs from the ex-
traction algorithm. These invalid responses can be
attributed to two primary factors: (i) limitations
in the LLMs’ response generation, where outputs
are not structured in an extractable format, and (i)
limitations in the extraction algorithm, which fails
to accurately parse the generated text. Similar limi-
tations have also been reported in previous studies
(Singh et al., 2023; Chen et al., 2022), particularly
for tasks requiring discrete outputs from LLMs.
Since the extraction algorithm is the same across
all LLMs, the findings are expected to remain the
same even if a more effective extraction algorithm
is proposed. Future work should prioritize the de-
velopment of advanced prompting methodologies
and optimized LLM architectures that facilitate the
generation of discrete, extraction-friendly outputs.
Additionally, refining extraction algorithms to im-
prove robustness and adaptability can further re-
duce the rate of invalid responses.

Ethics Statement

This paper introduces the SELECTLLM algorithm,
a novel approach designed to leverage the diverse
capabilities of various LLMs. While SELECTLLM
utilizes LLMs, it is crucial to recognize that, in-
dependent of this study, LLMs inherently present
risks. These models may generate outputs that,
despite being plausible, are factually inaccurate
or nonsensical. Such hallucinations can lead to
misguided decision-making and the propagation of
biases, particularly in high-stakes contexts where
accuracy is paramount. In the absence of appro-
priate safeguards, the broad deployment of LLMs
could exacerbate these issues. Thus, it is impera-
tive to develop mechanisms that mitigate the risks
of hallucinations to ensure the responsible and ef-
fective application of these models.
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A Prompting Templates and Answer
Extraction

Considering diverse LLMs and benchmarks adds
challenges to prompting, as no single uniform
prompting approach fits all LLMs (Sclar et al.,
2023). Based on insights from recent work on the
appropriate usage of prompts (Sahoo et al., 2024)
and our own experiments, we make the following
observations about prompting trends:

1. For non-chat LLMs, few-shot chain-of-
thought (COT) prompting (Wei et al., 2022)
works better than zero-shot (Kojima et al.,
2022) across both datasets. Therefore, we use
five few-shot random examples obtained from
the development set. The few-shot prompting
results in over 95% viable answers (except
for the 11ama2-7b-1m LLM, which has a vi-
ability score of 83%). An answer is consid-
ered viable if it is represented by a single nu-
meric/alphabetic string that can be extracted
from the generated solution to compare with
the reference answer. Viability is estimated
using an automated regular expressions based-
script and verified through manual inspection.

2. For chat LLMs, few-shot COT distracts the
generator, leading to unexpected outputs, so
zero-shot COT works best. To ensure correct-
ness, we utilize different models’ chat tem-
plates from HuggingFace.> The viability of
answer extraction for chat models is approxi-
mately 92%. Examples of zero-shot and few-
shot prompting are presented in Appendix Fig-
ure 5.

The limitation of answer extraction from 92% to
95% (except for 11ama2-7b-1m) can be attributed

2https ://huggingface.co/docs/transformers/en/
chat_templating

to two factors: (i) limitations in the LLMSs’ re-
sponse generation, where outputs are not struc-
tured in an extractable format, and (ii) limitations in
the extraction algorithm, which fails to accurately
parse the generated text. For more details, see the
limitations section.

The adapted prompting approaches used in our
LLM queries are designed to instruct LLMs to spec-
ify that their final answers should be provided at
the very end of each of their responses. We thus
use a simple answer extraction policy of selecting
the last mentioned numerical value (for GSM8K) and
multiple-choice option (for MMLU) from the gener-
ated responses. Figure 5 in the Appendix shows a
sample generation example. Responses failing to
include any final answer are considered non-viable
or invalid (‘INVALID’) and counted as incorrect
responses. For MMLU, we evaluate the extracted
options directly against the annotated correct an-
swers (‘A’, ‘B’, ‘C’, and ‘D’) from the dataset.
For GSM8K, questions where the absolute difference
between the ground truth and predicted numerical
answers is less than e = 0.1 are evaluated as solved
correctly. This threshold was set to accommodate
instances where model-generated real-valued an-
swers differ slightly from the expected answers,
e.g., due to rounding errors.

B Data Statistics and Selected LLMs

The statistics of the dataset and the list of consid-
ered diverse LLMs are presented in Table 5 and 6,
respectively.

C LLM Latency Estimation

Runtime statistics of various LLMs are presented
in Table 7.

D Sample Prompts

Prompting examples of few-shot COT and zero-
shot COT are illustrated in Figure 5.
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LLMs

| Chat? | Spec? | #Parameters

Split | GSMSK | MMLU 1lama2-7b X % 7B
Train 6,816 | 13,757 1lama2-13b-chat X 13B
Validation 359 285 mistral-7b X X 7B
Test 1,319 | 1,530 mistral-7b-it x 7B
o gemma-7b X X B

Table 5: Dataset statistics for GSM8K and -
MMLU benchmarks. For the MMLU, the of- gemma-7b-it X B
ficially released training and test splits metamath-7b X 7B

have been swapped to align with the dis-

tribution of the GSM8K. Table 6: List of diverse LLMs selected for this study.
Spec: Specialized LLM
LLM Prompt Type GSMBSK (prompt/sec) | MMLU (prompt/sec)
1lama2-7b 4.21 2.30
gemma-7b 7.10 3.00
Few-shot COT | mistral-7b 3.70 1.10
metamath-7b 4.70 2.40
gemma-7b-it 0.70 1.00
Zero-shot COT | 1lama2-13b-chat 1.80 4.80
mistral-7b-it 3.70 1.80

Table 7: Runtime statistics on various LLMs over M generations for each input query. The timings are recorded
using a single A100 GPU. ‘sec’ denotes seconds, and COT denotes Chain-of-thought. For few-shot COT, we have
considered 5 random examples from the development set.

Zero-Shot CoT Prompt

Answer the following question step by step to the best of your ability.

Natalia sold clips to 48 of her friends in April, and then she sold half
as many clips in May. How many clips did Natalia sell altogether in
April and May?
-

Model Response

Sure, I'd be happy to help! Let's analyze the information given:
In April, Natalia sold clips to 48 of her friends.

So, Natalia sold 24 clips in May.

Now, let's add the number of clips she sold in April and May to find out how
many clips she sold altogether:

48 clips + 24 clips = 72 clips

\Therefore, Natalia sold a total of 72 clips in April and May.

L1 Few-Shot Exemplars

Few-Shot CoT Prompt

(A) Valuation and allocation ... (D) Presentation and disclosure <END_QUESTION>
| <START_ANSWER> Answer: Let's think step by step. ... The answer is (B). <END_ANSWER>

| <START_QUESTION> Question: One hundred years ago, ... what is the investment worth today?
(A) $13,000 (B) $600 (C) $15,000 (D) $28,000 <END_QUESTION> :
<START_ANSWER> Answer: Let's think step by step. ... The answer is (A). <END_ANSWER>
<START_QUESTION> Question: A company whose stock ... stock dividend? <END_QUESTION>
(A) Treasury stock is debited for $300. ... (D) Common stock is debited for $3,000.
\<START_ANSW‘ER> Answer: Let's Think step by step.

Model Response ]

The stock dividend is calculated based on the number of shares outstanding, not the
current market price. Hence the adjustment for the stock dividend is $1*$1,000*30%=300
which is in Retained earnings. The answer is (C). <END_ANSWER>

(.

Zero-Shot CoT prompt for GSM8K

Few-Shot CoT prompt for MMLU

Figure 5: Sample zero-shot COT prompt for a chat (or instruction-tuned) LLM is shown for a GSM8K sample, and
the few-shot COT prompt for non-chat LLMs is shown for an MMLU sample. Note that the type of prompting is
associated with the LLM type rather than the dataset. Specifically, non-chat LLMs use few-shot COT, while chat

models use zero-shot COT.

E Distribution of Different LLMs in
Top-s Subset Selected with
SELECTLLM

The details are shown in Figure 6.

F Query Response Distribution with
Different Models

The details are presented in Figure 7.

G Implementation Details

Querying LLMs We use the vLLM? package
to query LLMs. All models were queried with
a temperature of (0.8 and a max token length of
2000. Each question prompt was queried K times
with different initialization seeds. We used a single
NVIDIA A100 GPU for all runs. Querying each
dataset once took approximately 1-2 hours.

3https://github.com/vllm-project/vlim
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Figure 6: The distribution of different LLMs in the predicted subset of LLMs with SELECTLLM algorithm for both

GSM8K (top) and MMLU (bottom) datasets.

Figure 7: Distribution of the top-3 individual LLMs and proposed model responses to input queries for the test split
of the GSM8K (left) and MMLU (right) datasets. The count in the rightmost column of each figure indicates the number
of queries whose responses have been correctly answered by each LLM or the proposed model. The counts at the
bottom denote the number of queries that have correct answers from one or more LLMs or the proposed model.

Model/Setup | GSMSK | MMLU
BERT (base-uncased) 0.63 0.59
BERT (base-uncased) + Weighted-label penalty 0.64 0.62
RoBERTa (base) 0.67 0.61
BRoBERTa (base) + Weighted-label penalty 0.71 0.68
TS5 (base) 0.66 0.60
T5 (base) + Weighted-label penalty 0.69 0.65

Table 8: The F1 score for the MLC classifier is evaluated
with different pre-trained language models. Addition-
ally, a weighted-label penalty is applied to handle label
imbalance, inspired by (Zhang et al., 2020). This eval-
uation is conducted across both GSM8K and MMLU
datasets.

MLC Training We use the HuggingFace* library
for loading and tuning all pre-trained Transformer
encoders in our experiments. Each model was
trained for 10 epochs, with an initial learning rate
of 1e-6, a warmup ratio of 0.1, and class-balanced
CrossEntropy loss. The training checkpoint with
the lowest validation loss was selected for infer-
ence. In this study, we have considered M=10
inspired by Li et al. (2024).

*https://huggingface.co/

H Performance of Individual LLMs

Table 9 presents the individual LLM performance
for both the GSM8K and MMLU datasets. There is
no clear best-performing model for both datasets.
For instance, the gemma-7b-1m model performs
the best in terms of accuracy for GSM8K, but its la-
tency cost is also high. Similar trends are observed
for the MMLU dataset. The performance of individ-
ual LLMs should not be directly compared with
the SELECTLLM model. Selecting the best LLM
with high accuracy from a large pool requires run-
ning inferences across all LLMs to identify the top
performer, resulting in the cumulative latency of
all models, rather than just the selected one. On
the other hand, randomly selecting an LLM may
not necessarily choose the best performer. In this
context, comparing SELECTLLM with ensemble-
based baselines is more appropriate, which is done
in the main results (Table 2) where SELECTLLM
outperforms all baseline models, such as strange
LLM-Blender baseline, in terms of both latency
and accuracy.
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GSMS8K MMLU
Models / Setups AccT Tat] |Acct TLatl
gemma-7b-1m 7127 7.10 | 63.73 3.00
mistral-7b-1m 60.50 3.70 | 61.57 1.80
metamath-7b-1m | 67.25 4.70 | 41.76  2.40
1lama2-7b-1m - - 48.10 2.30
1lama2-13b-chat | 49.20 1.80 | 52.94 4.80
mistral-7b-it 56.71 1.00 | 5392 1.10
gemma-7b-it 4223 0.70 | 50.72 1.00

Table 9: Performance and latency scores for differ-
ent LLMs on GSM8K (Cobbe et al., 2021) and MMLU
(Hendrycks et al., 2021) fest sets. Acc: accuracy in
percentage (%); Lat: latency in seconds; ‘—’: values are
not available.

I Ablation Studies

The details are presented in Figure 8.

J Importance of Domain: A Case Study
with MMLU

The MMLU dataset comprises 57 subjects. In
this analysis, we evaluate the performance of
the proposed SELECTLLM algorithm using the
WEIGHTEDMAXCONF policy, employing the best-
performing individual LLM (gemma-7b-1m) on a
subject-wise basis. Figure 9 illustrates that while
the proposed model’s performance may be sub-
par for a few subjects, it demonstrates high per-
formance for a significant portion of the subjects,
indicating the effectiveness of the proposed model
in general.

K SHAP Analysis

In this section, we provide the details of the SHAP-
values-based qualitative analysis discussed in Sec-
tion 6.1.

Extracting Shapley Values We first extract
token-level Shapley values for the input question
text to the fine-tuned MLC classifiers for each
LLM using the PartitionExplainer module of
the SHAP library . The token-level SHAP values
are then summed according to word boundaries
to get word-level SHAP values. This is a valid
operation as SHAP values are additive in nature.

Synset Mapping In order to interpret the impact
of different semantic word categories on the pre-
dicted solvability of questions, we map all viable
words to their corresponding synsets using NLTK’s
WordNet module ©. In this process, all instances of

5https ://shap.readthedocs.io/en/latest/
https://www.nltk.org/

a word are recorded as instances of its respective
synset. Next, we merge entries for synsets that rep-
resent less than 0.3% (decided by observation) of
the total number of tokens with their hypernyms.
This helps reduce sparsity in the synsets to review.
The mean SHAP values for each synset are then
calculated across the test set of the datasets.

Synset Grouping Based on the top 15 most detri-
mental synsets for each LLM in each of the four
sets (i.e., having the lowest non-positive average
SHAP values), we manually identify groups of re-
lated and recurring synsets. The groups for GSM8K,
as presented in Table 3, are as follows:

e frequency terms:
Synset(’twice.r.01’),
Synset(’thrice.r.01’),
Synset(’times.n.01’), etc.

e time duration units:
Synset(’hours.n.01’),
Synset(’day.n.01’),
Synset(’week.n.01"),
Synset(’time_unit.n.01’),
Synset(’time_period.n.@1’), etc.

* age units: similar  to
time-units, these synsets correspond
specifically to instances where the
age of an entity is being described.
These include: Synset(’age.n.01’),
Synset(’year.n.o1’),

Synset(’time_of_life.n.@1), etc.

Though

* small numbers: Though some small inte-
gers and numbers posses their own individual
synsets, we identify and filter all instances
of small numbers (<100) (in numerical and
word form) before synset matching and group
them as small numbers.

e quantifiers:
Synset(’every.s.01’),
Synset(’many.a.01’),
Synset(’more.a.01’),
Synset(’less.a.01’), etc.

* ordinals:
Synset(’first.a.01’),
Synset(’second.s.01’),
Synset(’third.s.01’), etc.

* fractional values:
Synset (’ common_fraction.n.01’).
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GSMB8K: Ablation Study with Top-k LLMs GSMB8K: Ablation Study with Bottom-k LLMs
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Figure 8: Ablation studies with top-k and bottom-k LLMs for GSM8K dataset (left). Similar observations are made
on the MMLU dataset (right). For each LLM set, we have considered the values with an optimal s for which the top-s
value is the highest.

* rates and ratios:
Synset(’rate.n.01’),
Synset(’ratio.n.@1’),
Synset(’proportion.n.o1’),
Synset(’magnitude_relation.n.01’),
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Figure 9: Subject-wise relative accuracy gain by SE-
LECTLLM with WEIGHTEDMAXCONF policy over the
performance of the best-performing individual LLM
(gemma-7b-1m).
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