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Abstract

Large Language Models (LLMs) demonstrate
impressive capabilities but exhibit inconsis-
tent performance across diverse domains. We
propose DFPE (Diverse Fingerprint Ensem-
ble), a novel training-free method that sys-
tematically constructs subject-adaptive ensem-
bles by balancing model diversity and com-
petence. DFPE introduces three key innova-
tions: (1) semantic fingerprinting using aver-
aged response embeddings to capture distinct
problem-solving patterns, (2) DBSCAN-based
clustering with quantile-based competence fil-
tering to ensure diverse yet capable model se-
lection, and (3) exponentially-weighted aggre-
gation adapted to subject-specific performance.
Our method’s effectiveness is highlighted on
the challenging MMLU-pro benchmark, where
DFPE achieves a striking 17.1 percentage point
gain over the best single model, reaching 71.4%
accuracy. This strong performance is consistent
across other standard benchmarks, with signif-
icant accuracy improvements of 4.4 points on
AGIEval and 2.7 points on MMLU. Our re-
sults underscore that a systematic approach to
ensemble construction - one that balances di-
versity, subject-specific competence, and adap-
tive weighting, can substantially enhance the
generalization and robustness of LLMs on mul-
tifaceted language understanding tasks.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across a wide range
of natural language processing tasks (Chang et al.,
2024; Matarazzo and Torlone, 2025). However,
even state-of-the-art models exhibit heterogeneous
performance, excelling in some domains while un-
derperforming in others. This performance incon-
sistency becomes particularly apparent on complex,
multi-domain benchmarks like MMLU (Hendrycks
et al., 2020), MMLU-pro (Wang et al., 2024), and
AGIEval (Zhong et al., 2023), which span diverse

subjects requiring specialized knowledge and rea-
soning capabilities. On these challenging testbeds,
no single LLM can consistently deliver top-tier per-
formance across the board, revealing critical gaps
in their generalization abilities.

Ensembling multiple LLMs offers a powerful
strategy to mitigate these weaknesses and enhance
robustness (Lu et al., 2024a; Jiang et al., 2023a). By
combining the complementary strengths of differ-
ent models, an ensemble can theoretically achieve
superior accuracy and reliability. However, naive
approaches like simple majority voting often fail
to outperform the best single model, as they can
be diluted by the inclusion of weaker or redundant
models. The central challenge, therefore, is not sim-
ply to combine models, but to do so intelligently:
by preserving strategic diversity, ensuring a base-
line of competence for each task, and adapting the
ensemble composition to the specific demands of a
subject, all without resorting to costly retraining or
fine-tuning.

In this paper, we introduce the Diverse Fin-
gerprint Ensemble (DFPE), a novel, training-free
method designed to systematically construct high-
performing LLM ensembles. DFPE addresses the
core challenges of ensembling by integrating three
key ideas: diversity-preserving clustering, adap-
tive competence filtering, and performance-based
weighting. Our method first creates a "fingerprint"
for each model based on its response patterns for
a given subject, then clusters these fingerprints to
identify groups of models with similar problem-
solving approaches. It then filters out underper-
forming models using a dynamic, subject-specific
quantile threshold and selects the best representa-
tive from each remaining cluster. Finally, it aggre-
gates their predictions using an exponential weight-
ing scheme that gives more influence to models
with higher validation accuracy.

We demonstrate the effectiveness of DFPE
across three demanding benchmarks. The results
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are particularly striking on the highly challenging
MMLU-pro dataset, where DFPE achieves an accu-
racy of 71.4%, a remarkable 17.1 percentage point
improvement over the best individual model. This
success is mirrored on AGIEval, where it secures a
4.4 point gain, and on the standard MMLU bench-
mark, where it improves accuracy by 2.7 points
over the strongest single model.
Our primary contributions are:

* Diversity-Preserving Clustering: We introduce
a "fingerprinting" technique that captures each
model’s unique response patterns. By clustering
these fingerprints, our method systematically con-
structs an ensemble with diverse problem-solving
strategies, preventing it from collapsing into a sin-
gle solution path and enhancing its robustness to
varied question types.

* Adaptive Competence Filtering: To ensure
only capable models contribute, we employ a
subject-level quantile filter. This dynamic thresh-
old automatically adapts to the difficulty of each
topic, pruning underperformers while retaining
valuable, specialized models that might other-
wise be discarded by a fixed performance cut-off.

e Training-Free Adaptive Weighting: DFPE
combines the selected models using an expo-
nential weighting scheme based on their subject-
specific validation accuracy. The entire frame-
work is training-free, operating only on model
outputs, which makes it a lightweight yet pow-
erful method for significantly enhancing LLM
performance without any fine-tuning.

These results demonstrate that a principled, data-
driven approach to ensemble construction can un-
lock substantial performance gains, paving the way
for more reliable and accurate LLM applications.

2 Related Work

Research on ensembling LL.Ms can be organised
along three factors: (i) access to model inter-
nals, (ii) additional training cost, and (iii) how the
method balances diversity against individual-model
quality. We review prior work accordingly.

High-overhead or parameter-access methods.
Token- or span-level fusion approaches such
as LLM-TOPLA (Tekin et al., 2024), Pack-
LLM (Mavromatis et al., 2024), and SpanLL.M
(“SweetSpan”) (Xu et al., 2024a) coordinate gener-
ations by inspecting hidden states, while LoRA-
based merging tunes shared adapters across ex-

perts (Wang et al., 2023). Query routers like Se-
lectLLM (Maurya et al., 2024) and the reward-
guided ZOOTER (Lu et al., 2024b) learn a dispatch
function that chooses a single expert per query. Al-
though these methods deliver strong accuracy, their
dependence on gradient updates or hidden repre-
sentations limits rapid, large-scale deployment.

Training-free output-level ensembles. Prompt-
ensemble techniques improve calibration without
touching model weights: CAPE (Calibration via
Augmented Prompt Ensembles) augments tem-
plates or answer options to obtain diverse views
of the same input (Jiang et al., 2023b); Boosted-
Prompts achieve a similar effect through paraphras-
ing (Pitis et al., 2023); BayesPE learns Bayesian
weights over prompt variants for uncertainty quan-
tification (Tonolini et al., 2024). To fuse to-
ken probabilities across heterogeneous vocabular-
ies, DeePEn maps logits into a universal relative
space (Huang et al., 2024), whereas EVA learns
explicit vocabulary-alignment matrices and aver-
ages projected logits during decoding (Xu et al.,
2024b). At the other extreme, Self-MoA shows
that repeatedly sampling a single strong model can
outperform mixtures when one model dominates
the quality spectrum (Li et al., 2025).

Granularity & combination strategies. Token-
level fusion (EVA, DeePEn) offers fine-grained
control but hinges on accurate alignment; sample-
level self-consistency voting is robust yet ignores
internal structure; span-level ensemble (SpanL.LM)
strikes a middle ground. DFPE introduces subject-
level adaptivity: fingerprint clustering groups mod-
els by behavioural similarity, and quantile-based
filtering prunes under-performers before weighted
voting, thereby retaining beneficial diversity while
safeguarding quality.

Routing versus fusion. Routing methods
(ZOOTER, SelectLLM) pick one expert to
minimise cost, whereas fusion methods (EVA,
DeePEn, SpanLLLM) combine multiple outputs.
DFPE is a hybrid: its filter routes out weak
models and its vote fuses the survivors, achieving
competitive accuracy without internal access or
additional training.

Table 1 summarises how DFPE differs from prior
art: it is the first training-free ensemble that (i)
adapts at the subject level, (ii) explicitly optimises
the diversity—quality trade-off, and (iii) requires
only a small labelled validation shard.
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Figure 1: DFPE pipeline: LLMs are fingerprinted, clustered for diversity, filtered by quantile threshold, and weighted

by performance for final aggregation.

Method Few-  Subject
Shot Adapt. Opt.
LLM-TOPLA X v v
SelectLLM X v X
PackLLM X v v
SweetSpan v X v
DeePEn X v v
EVA v X v
Boosted v X v
Prompts
CAPE v v X
ZOOTER X v v
LoRA Ensem- x X v
bles
DFPE (Ours) v v v

Table 1: Comparison of related methods. “Zero/Few-
Shot” indicates methods that do not require additional
training or fine-tuning. DFPE requires no additional
training, uses few-shot validation for subject adaptivity,
and ensures diversity via clustering and quantile-based
filtering.

3 Method

Our method, Diverse Fingerprint Ensemble
(DFPE), is a training-free framework designed to
construct a high-performing, subject-adaptive en-
semble from a pool of existing LLMs. The core
idea is to systematically select and weight mod-
els by balancing two critical factors: their per-
formance on a specific subject and the unique-
ness of their problem-solving approach. This is
achieved through a four-step pipeline that inte-
grates model fingerprinting, diversity-preserving
clustering, adaptive competence filtering, and
performance-based weighting.

Diversity 3.1 Overview

As illustrated in Figure 1, for each subject within a
benchmark, our method proceeds as follows:

1. Model Fingerprinting and Clustering: We
first generate a "fingerprint" for each model by
embedding its responses on a small, subject-
specific validation set. These fingerprints cap-
ture the model’s characteristic response patterns.
We then use DBSCAN clustering to group mod-
els with similar fingerprints, identifying distinct
problem-solving strategies present in the model
pool.

2. Adaptive Competence Filtering: To ensure
only proficient models contribute, we apply a dy-
namic, quantile-based accuracy filter. For each
subject, we calculate a performance threshold
based on the distribution of model accuracies
on the validation set and discard any model that
falls below this threshold.

3. Representative Model Selection: From each
surviving cluster, we select only the single
highest-performing model as the representative
for that group. This step is crucial as it pre-
serves strategic diversity (one model per ap-
proach) while simultaneously ensuring that each
selected approach is represented by its most
competent advocate.

4. Adaptive Weighting and Prediction: Finally,
we assign weights to the selected representative
models using an exponential scaling of their val-
idation accuracy. This gives more influence to
stronger models while still allowing for contribu-
tions from more specialized ones. The final en-
semble prediction is determined by a weighted
vote of these models.

This process ensures accurate, robust ensembles
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with diverse yet competent strategies per subject.

3.2 Formal Description

Notation Let M = {M,..., My} be the pool
of N available LLMs. Let S = {Si,..., Sk} be
the set of K subjects in a benchmark. For each sub-
ject Sk, we have a validation set of questions Qj, =

{qgk) .
question q](-k) € Q, let ¢; 1, j be the prediction of

model M;, and let a; , = mik Z;n:k1 Ik, = cg-k)]
be the validation accuracy of model M; on subject
(k)

Sk, where c;

7617(7]2} with my samples. For a given

is the ground truth label.

3.3 Unsupervised Subject Induction (Optional
Extension)

DFPE, as described above, assumes a partition of
the validation set into subjects in order to com-
pute per-group fingerprints and accuracies. When a
benchmark does not provide a clean subject taxon-
omy, we can extend DFPE by inducing such groups
directly from the question texts. This yields a
training-free, unsupervised “pseudo-subject” layer
that preserves DFPE’s pipeline while removing re-
liance on human-defined disciplines.

Question fingerprinting Let Q¥?! be the valida-
tion questions. We embed each question text using
the same sentence-embedding mechanism used for
model fingerprints, but applied to the question in-
stead of a model response. Concretely, for each
question ¢ € Q"¥, compute

g(q) = E(q) € R,
where E/(+) is the encoder used.

Unsupervised grouping via DBSCAN. We clus-
ter the question embeddings {g(q)},cgval using
DBSCAN with cosine distance, producing clus-
ter identifiers (q) € {1,..., K} U {1}, where
—1 denotes outliers. Each cluster ¢ € {1,..., K}
is treated as a pseudo-subject S.. The outlier set
7(q) = —1 naturally forms an “Other” pseudo-
subject when present.

Plug-in to DFPE Given 7(-), we define per-
cluster validation shards anl = {q € Qval .
7(q) = ¢}, and compute per-model accuracies «; .
on each shard exactly as in Section 3. We then
run the standard DFPE steps per pseudo-subject:
(i) compute model fingerprints from responses re-
stricted to Q‘c’al, (ii) cluster model fingerprints for

diversity, (iii) apply quantile-based competence fil-
tering within ¢, and (iv) weight the selected rep-
resentatives using exponential accuracy weights.
Thus, once pseudo-subjects are induced, Algo-
rithm 1 applies without modification.

Assigning test questions to pseudo-subjects. At
inference time, a test question ¢'*** is assigned
to a pseudo-subject by embedding g(q'**') and
mapping it to the nearest dense region discovered
by DBSCAN. otherwise it falls back to the out-
lier/“Other” group. In settings where using unla-
beled test questions for partitioning is acceptable,
an even simpler alternative is to run DBSCAN on
all question texts and use validation labels only for
estimating «; . inside each cluster.

Practical notes and fallbacks. Very small clus-
ters can yield noisy accuracy estimates; a practical
safeguard is to merge clusters below a minimum
size into “Other” or to revert to a coarser partition.
In the extreme, setting K = 1 (one group contain-
ing all questions) recovers a non-subject-adaptive
DFPE variant that still performs diversity-aware
selection and weighting globally.

Model Fingerprinting and Clustering For each
model M; and subject S, we generate a fingerprint
vector f; ;. € R that captures its response behavior
patterns. Specifically, let £(-) : String — R% be a
pre-trained sentence embedding function (we use
‘all-MiniLM-L6-v2* (Hugging Face, 2023)). For
each question q](-k) € Q. let r; ;. ; be the textual
response of model M;. The fingerprint is computed
as:

This averaging captures the centroid of the model’s
response patterns in semantic space. Theoreti-
cal Justification: By the Johnson-Lindenstrauss
lemma (Achlioptas, 2003), high-dimensional em-
beddings preserve pairwise distances, making co-
sine similarity in this space a valid measure of se-
mantic similarity. Models with similar problem-
solving approaches will generate semantically sim-
ilar responses, resulting in closer fingerprints. We
apply DBSCAN clustering (Ester et al., 1996) with

£ e fir
[EEA IR NI
to partition models into clusters, where each clus-
ter contains models with similar semantic response

patterns.

cosine distance deos (£, fir ;) = 1 —
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Adaptive Competence Filtering and Selection
To prune underperforming models, we define a
quantile parameter g (e.g., ¢ = 0.1). For each
subject S, we compute the g-quantile accuracy
threshold, « x, from the set of validation accura-
cies {aijk}iNzl. Only models with ; j, > oy, are
retained. Theoretical Rationale: This adaptive
threshold automatically adjusts to subject difficulty,
ensuring consistent relative performance require-
ments while preserving subject-specific expertise
that fixed thresholds might eliminate.

From this filtered set of competent models, we
select one representative model M ,:‘ j from each
cluster C'; by choosing the one with the highest
validation accuracy:

My ; = arg max QG k-

MjGC]‘ and ai,kZaqyk

This yields the final set of representative models
for subject Sy, denoted as Mj,.

Adaptive Weighting and Ensemble Prediction
For each selected model M; € M7, we assign a
weight based on its validation accuracy, scaled by a
factor  to control the sharpness of the distribution:

Wik = exp(’y ! ai,k)'

Theoretical Justification: The exponential weight-
ing follows from the principles of maximum en-
tropy: maximize the diversity of the ensemble
while respecting performance constraints. The
parameter y controls the bias-variance tradeoff:
higher v emphasizes top performers (lower vari-
ance) while lower v includes more diverse opin-
ions (higher variance but potential for better gen-
eralization). Weights are normalized: w;; =
wijk/ ZM]EM;; Wy k-

For any test question, the final ensemble predic-
tion is obtained by aggregating the predictions of
the models in M, via a weighted vote. The choice
c receiving the highest total weight is selected as
the final answer:

Cfinal = arg max E Wi g, - I[é; 1, = ]
M;eMj,

The complete process is summarized in Algo-
rithm 1.

3.4 Rationale

Our method strikes a balance between several key
principles:

Algorithm 1 DFPE (Diverse Fingerprint Ensem-
ble)

1: Input: Model pool M, Subjects S, Validation
sets {QuHY
2: for each subject S € S do
3: Compute validation accuracies {c; x} Y,
on Q.
4: Generate fingerprints {f; 5} | from model
responses.
5: Cluster fingerprints using DBSCAN to get
clusters {C}}.
6: Determine quantile accuracy threshold
Qg k-
Initialize empty set of representatives M.
for each cluster C'; do
Select representative
argmMaxn, eCy o, k>0 ) X k-
10: Add My, ; to M.
11: end for
12: Compute normalized weights {w; 1} for
all M; € Mj.
13: end for
14: Output: For any test question in subject Sy,
predict using the weighted vote of models in

* —
My, =

* Diversity Preservation: Clustering models by
their response patterns ensures a variety of solu-
tion strategies are represented, reducing redun-
dancy.

* Quantile-based Competence: The adaptive
quantile threshold removes weak models on a
per-subject basis, guaranteeing a baseline perfor-
mance level.

* Adaptive Weighting: Higher-accuracy models
naturally exert greater influence, but all retained
models still contribute to the final decision.

* Practical Simplicity: Operating at the level of
model outputs avoids complex token- or span-
level computations, making the method scalable
and broadly applicable.

By combining these elements, our approach ef-
fectively exploits the complementary strengths of
multiple LLMs.

4 Experimental Setup

We evaluate our DFPE method on three diverse
and challenging multitask benchmarks using a pool
of ten publicly available Large Language Models
(LLMSs). Our setup is designed to be lightweight,
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relying on few-shot validation to guide the ensem-
ble construction without any model fine-tuning.

4.1 Datasets

To demonstrate the broad applicability of our
method, we evaluate on three challenging bench-
marks:

* MMLU (Massive Multitask Language Under-
standing) (Hendrycks et al., 2020): A widely
used benchmark comprising 57 subjects across
STEM, humanities, and social sciences. It con-
tains 14,079 test samples and 1,540 validation
samples.

« MMLU-pro: A more challenging,
professionally-curated version of MMLU
that features harder questions and has been
shown to be a more reliable measure of model
reasoning capabilities.

* AGIEval: A benchmark designed to evaluate
foundation models on human-centric tasks, de-
rived from standardized exams like the Gaokao
(Chinese college entrance exams) and American
college admission tests.

For each benchmark, we use the provided valida-
tion split for model fingerprinting and selection,
and the official test set for final evaluation.

4.2 Base Models

Our model pool consists of ten open-source LLMs
with up to 9 billion parameters, chosen to represent
a variety of architectures and training methodolo-
gies. The models include GLM-4-9B, multiple
versions of Qwen2.5, Mistral-v0.3, Phi-3.5-mini,
Llama-3.1, Gemma-2, Apollo2, Starling-LM, and
Yi-1.5. The performance of these models on the
standard MMLU benchmark is detailed in Table 2.
This diversity in both architecture and baseline per-
formance (ranging from 61.5% to 70.8%) provides
a rich foundation for constructing a powerful en-
semble that can leverage complementary strengths.

4.3 Implementation and Evaluation Metrics

Implementation Details. Our implementation is
entirely training-free and operates purely on model
outputs. For clustering, we use DBSCAN with
cosine similarity and empirically tuned e values
that adapt to the embedding space characteristics.
For filtering and weighting, we set the quantile
parameter ¢ = 0.05 and the accuracy scaling fac-
tor v = 5.0, as these values consistently yielded

Model Params Accuracy
GLM-4 9B 0.7076
Qwen2.5 7B 0.6476
Qwen2.5 3B 0.6605
Mistral v0.3 7B 0.6316
Phi-3.5-mini 4B 0.7046
Llama-3.1 8B 0.6508
Gemma-2 9B 0.6804
Apollo2 7B 0.7034
Starling-LLM-alpha 7B 0.6149
Yi-1.5 6B 0.6239

Table 2: Overall accuracies of the base LLMs on the
MMLU benchmark. The diverse range of performance
provides a strong foundation for our ensemble approach.

strong performance during validation across dif-
ferent subjects. The sentence embedding model
(all-MiniLM-L6-v2) provides 384-dimensional rep-
resentations that effectively capture semantic simi-
larities in model responses. The source code and
complete experimental setup are provided for re-
producibility.

Evaluation Metrics and Baselines. We report
overall accuracy with 95% confidence intervals
computed using bootstrap sampling (n=1000 re-
samples). To evaluate our method comprehensively,
we compare DFPE against multiple baselines:

* Best Single Model (BSM): The performance of
the single best-performing model from our pool
on the test set.

¢ Majority Voting (MVoting): A standard ensem-
ble method where all models cast equal-weight
votes.

* Accuracy-Weighted Voting: Models weighted
by their overall validation accuracy.

* Random Selection: Randomly selecting 5 mod-
els from the pool (averaged over 10 runs).

All statistical comparisons use paired t-tests with
Bonferroni correction for multiple comparisons.

5 Results

Our experiments demonstrate that DFPE consis-
tently and significantly outperforms both the best
single model and a standard majority voting en-
semble across all three benchmarks. Further-
more, when compared against contemporary en-
semble methods on the standard MMLU bench-
mark, DFPE achieves state-of-the-art performance,
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Benchmark BSM Maj. Vote Acc. Weight DFPE (Ours)
MMLU-pro 54.3#1.2 55.7+1.1 58.2+1.3 71.4+0.9
AGIEval 50.2+1.8  48.4+1.6 51.1£1.7 54.6+1.4
MMLU 70.8+0.7  72.4+0.6 73.1£0.6 73.5+0.5

Table 3: Main performance comparison across three benchmarks. Accuracies reported as percentages with 95%
confidence intervals. DFPE consistently and significantly outperforms all baselines (p < 0.001 for all comparisons).

highlighting the effectiveness of our principled ap-
proach to balancing model diversity and subject-
specific competence.

As summarized in Table 3, DFPE achieves sub-
stantial accuracy gains on all evaluated datasets.
The most dramatic improvement is on the challeng-
ing MMLU-pro benchmark, where DFPE achieves
an accuracy of 71.4%, a remarkable 17.1 per-
centage point increase over the best single model
(BSM). This demonstrates our method’s ability to
unlock significant performance on tasks where in-
dividual models struggle.

The trend continues on AGIEval, where DFPE
delivers a 4.4 point gain, and on the standard
MMLU benchmark, where it provides a solid 2.7
point improvement over an already strong BSM.
Notably, DFPE also consistently surpasses the Ma-
jority Voting baseline, which itself often improves
upon the BSM. This underscores that DFPE’s intel-
ligent selection and weighting strategy is far more
effective than a naive ensemble.

5.1 Comparison with Contemporary
Ensemble Methods

To situate DFPE within the current research land-
scape, we compare its performance on the standard
MMLU benchmark against several recent ensemble
methods. As shown in Table 4, DFPE achieves the
highest accuracy among all compared techniques.
DFPE’s superior performance can be attributed
to its unique design. Unlike methods that rely on
complex routing (SelectLLLM) or internal model
mechanics (DeePEn), DFPE operates on simple
model outputs, making it lightweight and broadly
applicable. The computational overhead of DFPE
is modest: fingerprinting requires only embedding
computation (384-dimensional vectors), clustering
scales as O(N?) where N<10, and inference time
increases linearly with selected models. On aver-
age, DFPE takes x1.8 the inference time of a single
model when using 6 models (balanced mode) and
x2.7 with 9 models (optimal mode) on NVIDIA
A100 GPUs, while achieving 17.1% accuracy gains

Method Ensemble Overall
Type Acc.

Self-MoA Single-Model  0.691
Sampling

LLM-TOPLA Multi-granular  0.706
Fusion

CAPE Augmented 0.710
Prompts

DeePEn Deep Ensemble 0.712

Boosted Boosted 0.712

Prompts Prompts

PackLLM Test-Time Co- 0.715
ordination

SelectLLM Query-Aware 0.719
Routing

SpecFuse Specialized Fu- 0.722
sion

DFPE (Ours) Fingerprint 0.735

Table 4: Comparison to recent ensemble methods on
MMLU. DFPE achieves the highest overall accuracy,
demonstrating its state-of-the-art performance.

that justify this overhead. Crucially, its fingerprint-
based clustering directly addresses the diversity-
quality trade-off. This allows it to outperform meth-
ods like Self-MoA, which questions the value of
model diversity, and surpass even sophisticated fu-
sion techniques like SpecFuse. By systematically
ensuring that the ensemble is composed of a di-
verse set of competent models for each specific
task, DFPE robustly integrates their complemen-
tary strengths, leading to state-of-the-art results.

5.2 Ablation and Sensitivity Analysis

A comprehensive ablation study, presented in Table
5, confirms that each component of DFPE - clus-
tering, quantile filtering, and adaptive weighting -
contributes positively to the final performance. The
removal of any single component results in a notice-
able drop in accuracy, with the full model achieving
the best results. Sensitivity analyses for our key
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Configuration Overall Discipline
Acc. Acc.

Full DFPE 0.735 0.740

No Clustering 0.724 0.727

No Quantile Filtering 0.728 0.731

No Adaptive Weight- 0.731 0.734

ing

Table 5: Ablation study results on MMLU. Each com-
ponent contributes to the overall performance improve-
ment.

hyperparameters (Figure 2) show that our method
is robust across a reasonable range of parameter
settings, simplifying tuning.

6 Further Analysis and Practical
Considerations

Beyond the primary results, we analyze the internal
dynamics of DFPE to provide deeper insights into
its behavior and practical application.

6.1 Model Participation and Practical
Trade-offs

In our optimal accuracy configuration, DFPE re-
tains most of the available models (an average of
9 out of 10) per subject. This suggests that for
achieving maximum performance, the diversity and
complementary strengths of nearly all models con-
tribute to the ensemble’s success, even those with
individually lower performance.

However, for applications where computational
cost is a concern, DFPE can be tuned for efficiency.
We identified a "Balanced Configuration" that of-
fers a strong compromise between performance
and cost. By using a higher quantile threshold
(g = 0.5) and a larger DBSCAN € (¢ = 0.001),
this setup achieves an impressive 72.5% accuracy
on MMLU (only 1% below optimal, and still 1.7%
above best single model) while significantly reduc-
ing the mean number of models per subject to just 6.
This demonstrates that near-optimal performance
can be maintained with substantially reduced com-
putational overhead.

6.2 Analysis of Ensemble Composition

A detailed, subject-level analysis of DFPE’s
composition is deferred to Appendix A (Sec-
tions A.2—A.3). In brief, the ensemble size adapts
to subject difficulty, ranging from 1 to 10 models,

typically 6-8 illustrating DFPE’s per-subject flexi-
bility (Fig. 3). Pairwise co-occurrence patterns fur-
ther reveal stable complementarities among model
families alongside specialist models that contribute
niche strengths (Fig. 4). These observations inform
practical pool design and support the balanced con-
figuration discussed above.

7 Discussion

The strong and consistent performance of DFPE,
especially on the difficult MMLU-pro benchmark,
provides several key insights. The 17.1 point
gain on MMLU-pro suggests that the value of
a diversity-preserving ensemble is magnified on
more challenging tasks where individual models
are more likely to fail. By systematically retaining
diverse yet competent problem-solving strategies,
DFPE constructs a more resilient system that is less
susceptible to the idiosyncratic weaknesses of any
single model.

Performance Characteristics and Model Pool.
DFPE’s strength arises from its unique combina-
tion of clustering, filtering, and weighting. While
massive ensembles like Mixtral-of-Experts (Jiang
et al., 2024) (8x7B) can achieve higher absolute
scores, they require substantially more computa-
tional resources. DFPE, in contrast, demonstrates
the power of efficient ensembling, managing to sur-
pass some much larger monolithic models with a
pool of smaller LLMs. This highlights the value of
a diversity-focused approach. The effectiveness of
DFPE is, however, predicated on a diverse model
pool; if the base models are too homogeneous, the
benefits of clustering diminish. Given the rapid pro-
liferation of new open-source LLMs, assembling a
diverse pool is increasingly feasible.

Practical Trade-offs and Configurations. Our
analysis reveals that DFPE can be flexibly tuned
to balance performance and computational cost.
For applications where accuracy is paramount, the
optimal configuration uses most of the available
models. However, for resource-constrained envi-
ronments, a "Balanced Mode" can be employed.
As shown in our analysis, by adjusting the quantile
and clustering parameters, it is possible to reduce
the average ensemble size to 6 models while main-
taining performance within 1% of the optimal score.
This flexibility, combined with insights from model
co-occurrence patterns, provides a clear path for
practitioners to optimize deployment based on their
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Figure 2: Sensitivity analysis. Left: Accuracy vs. Quantile Threshold; Middle: Accuracy vs. AccuracyFactor;
Right: Accuracy vs. € (log scale). Performance remains robust within moderate parameter ranges, easing the tuning

process.

specific needs.

8 Conclusion

In this paper, we introduced DFPE, a training-
free ensemble method that leverages diversity and
adaptivity to improve LLM performance. DFPE
clusters models via "fingerprint" patterns, filters
underperformers with a quantile-based threshold,
and applies exponential weighting that emphasizes
top-performing models while preserving valuable
secondary perspectives. In AGIEval benchmark,
DFPE achieves a 4. 4% On the MMLU benchmark,
DFPE achieves a 2.7% improvement over the best
single model, and this gain grows to a remarkable
17.1% on the more challenging MMLU-pro bench-
mark. These results underscore the importance of
diverse solution strategies, selective filtering, and
dynamic weighting in ensemble construction.

Future work will focus on refining question-level
adaptivity, exploring more scalable clustering for
larger model pools, and extending the fingerprint-
ing strategy to open-ended generation tasks. By bal-
ancing diversity, adaptivity, and efficiency, DFPE
offers a practical and robust framework for building
high-performing ensembles.

Limitations

DFPE has three primary limitations. First, it relies
on a small set of labeled validation data for each
subject to guide selection and weighting. Second,
its effectiveness depends on the diversity of the ini-
tial model pool. Third, the current implementation
is designed for multiple-choice question answering.
Extending the fingerprinting concept to open-ended
generation tasks, where defining "correctness" and
"similarity" is more complex, remains a key direc-
tion for future work.
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A Appendix A

While our main results focus on the optimal ac-
curacy configuration, practitioners often need to
balance performance gains against computational
costs. Here we present a detailed analysis of an
alternative configuration that achieves near-optimal
performance while significantly reducing computa-
tional overhead.

A.1 Balanced Configuration Parameters

We identified a balanced configuration with the
following parameters:

* Quantile threshold: 0.5 (vs. 0.05 in optimal set-
ting)

* AccuracyFactor: 7 (vs. 5 in optimal setting)

* DBSCAN Epsilon: 0.001 (vs. 0.0001 in optimal
setting)

This configuration achieves an average accuracy
of 72.5% (1% below optimal) while reducing the
mean number of models per subject to 6 (compared
to 9 in the optimal setting).

A.2 Model Selection Analysis

Figure 3 shows the distribution of selected models
across subjects. Several key patterns emerge:

* Variation in model count: The number of selected
models varies from 1 to 10 across subjects

* Subject-specific adaptation: Different subjects
benefit from different ensemble sizes

* Consistent core: Most subjects maintain 6-8 mod-
els, suggesting a natural balance point

Number of Models Selected per Subject

Figure 3: Distribution of selected models per subject.
The variation in bar heights demonstrates how DFPE
adapts its ensemble size to subject-specific requirements
while maintaining efficiency.

A.3 Model Co-occurrence Analysis

To understand model relationships, we analyzed
their co-occurrence patterns within clusters (Fig-
ure 4). Our analysis reveals several interesting
patterns:

* Strong Partnerships: - Qwen family models
(Qwen2.5-3B and Qwen2.5-7B-Instruct) show
highest co-occurrence (52 instances) - Strong
affinity between Qwen models and Llama-3.1-8B
(51-52 co-occurrences) - Phi-3.5-mini frequently
pairs with Qwen models (48-49 instances)

¢ Complementary Groups: - Models cluster
into "specialists" and "generalists" - Lower
co-occurrence patterns indicate complementary
strengths

* Model Independence: - Some models show con-
sistent independence - Suggests unique capabili-
ties or specialization

Heatmap of Medel Co-occurrences in Clusters
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Figure 4: Heatmap of model co-occurrences within
clusters. Cell values indicate frequency of model pairs
being selected together. The diagonal is zero by defi-
nition. Higher values (darker colors) suggest stronger
complementarity between models.

A.4 Practical Implications

These findings have several important implications
for practitioners:

Resource Optimization: The balanced config-
uration offers a practical trade-off between perfor-
mance and computational cost

Model Selection: Strong co-occurrence patterns
can guide initial model selection when building
new ensembles

Deployment Strategy: Subject-specific ensem-
ble sizes suggest opportunities for dynamic re-
source allocation
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