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Abstract
Despite the remarkable success of Large Language Models
(LLMs), evaluating their outputs’ quality regarding preference
remains a critical challenge. While existing works usually
leverage a strong LLM as the judge for comparing LLMs’
response pairwisely, such a single-evaluator approach is vul-
nerable to cyclic preference , i.e., output A is better than B,
B than C, but C is better than A, causing contradictory eval-
uation results. To address this, we introduce PGED (Prefer-
ence Graph Ensemble and Denoising), a novel approach that
leverages multiple model-based evaluators to construct pref-
erence graphs, and then ensembles and denoises these graphs
for acyclic, non-contradictory evaluation results. We provide
theoretical guarantees for our framework, demonstrating its ef-
ficacy in recovering the ground truth preference structure. Ex-
tensive experiments on ten benchmarks demonstrate PGED’s
superiority in three applications: 1) model ranking for evalu-
ation, 2) response selection for test-time scaling, and 3) data
selection for model fine-tuning. Notably, PGED combines
small LLM evaluators (e.g., Llama3-8B, Mistral-7B, Qwen2-
7B) to outperform strong ones (e.g., Qwen2-72B), showcasing
its effectiveness in enhancing evaluation reliability and im-
proving model performance.

1 Introduction
Large Language Models (LLMs) have rapidly advanced var-
ious areas of artificial intelligence, particularly natural lan-
guage processing and decision-making (Wu et al. 2023; Li
et al. 2023a). As LLMs become increasingly capable, effec-
tive evaluation becomes critical (Siska et al. 2024; Boyeau
et al. 2024; Chatzi et al. 2024). Among evaluation methods,
preference evaluation plays a critical role in both evaluating
and aligning LLMs (Rafailov et al. 2024; Yuan et al. 2024;
Dubois et al. 2024b). A common practice is to rely on a
strong LLM (e.g., GPT-4 (Achiam et al. 2023)) as the judge
to conduct pairwise comparisons (Li et al. 2023b; Chen et al.
2023).

However, such model-based evaluator setups often lead to
cyclic preferences, where inconsistent rankings emerge, for
instance, preferring A over B, B over C, yet C over A (Naresh,
Tulabandhula et al. 2024; Zhang, Yin, and Wan 2024). These
cyclic patterns violate the transitivity assumption of prefer-
ences established in prior work (Ouyang et al. 2022; Song
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et al. 2024; Hou et al. 2024; Liu et al. 2024), thereby under-
mining the reliability of evaluation results. We model this
conflicting preference using a preference graph, where nodes
represent responses and directed edges indicate pairwise pref-
erences. Cycles in such graphs (e.g., A ≻ B ≻ C ≻ A) reflect
evaluation noise, as shown in Figure 1(a). Ideally, a pref-
erence graph should be a directed acyclic graph (DAG) to
maintain consistency. Empirically, we evaluated 10 Llama3-
70B (AI@Meta 2024) responses on HumanEval (Chen et al.
2021) and MATH (Hendrycks et al. 2021), using GPT-4-
o, GPT-4-o-mini, GPT-3.5 (Achiam et al. 2023), Qwen2-
72B (Yang et al. 2024), and Llama3-8B as judges. Even with
GPT-4-o, 64% of preference graphs in HumanEval and 38%
in MATH contained cycles, (Figure 1(b)), demonstrating the
persistent noise in LLM-based preference evaluations and
motivating the need for a more robust approach.

To address this, we propose a novel framework, PGED
(Preference Graph Ensemble and Denoising). Our method
involves two key steps: (1) ensembling multiple preference
evaluators to mitigate noise introduced by individual evalu-
ators and (2) applying a denoising process to the resulting
preference graph. By aggregating evaluations from multi-
ple individual evaluators, we "average out" the noise and
biases, resulting in a more robust approximation of the true
preference structure. The denoising step further refines this
aggregated graph by removing inconsistencies, ensuring the
final preference graph is more reliable for downstream tasks.
The overall process of PGED is illustrated in Figure 1 (c). We
provide a theoretical analysis demonstrating the soundness of
PGED, showing that by treating each individual preference
graph as a random perturbation of a ground truth DAG, our
ensemble and denoising framework can recover the ground
truth DAG with high probability. To validate the practical ef-
ficacy of PGED, we conduct ten tasks ranging from response
selection, model ranking to model alignment tasks, utilizing
ten widely recognized benchmark datasets. In these experi-
ments, PGED consistently outperformed baseline methods.
Additionally, PGED demonstrated substantial gains in scenar-
ios where combining preference graphs from small evaluators
surpassed the performance of even stronger individual evalu-
ators. Specifically, when using using Llama3-8B, Mistral-7B,
and Qwen2-7B as evaluators, PGED exceeded the perfor-
mance of using the Qwen2-72B in response selection task.
These results highlight PGED’s ability to mitigate preference
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Figure 1: (a) A preference graph exhibiting cyclic inconsistencies (e.g., A ≻ B ≻ C ≻ A), which violate transitivity. (b)
Empirical results showing that even advanced LLMs (e.g., GPT-4-o) exhibit significant noise in preference judgments, leading to
inconsistent evaluations. (c) Overview of our proposed framework, PGED, which ensembles multiple preference evaluators and
applies denoising to recover a directed acyclic graph.

noise, improve consistency, and enhance model performance
across diverse evaluation settings. Our contributions are sum-
marized as follows:

• We propose PGED, a novel framework that ensembles
multiple preference evaluators and denoises the resulting
preference graphs to produce acyclic and reliable evalua-
tion outputs.

• We provide theoretical guarantees that PGED can recover
the ground-truth preference DAG under a reasonable noise
model, thereby offering provable consistency.

• We conduct extensive experiments on ten benchmark
datasets and three key tasks, model ranking, response se-
lection, and data selection for fine-tuning, demonstrating
that PGED significantly improves evaluation robustness.
Notably, PGED using small models outperforms even
strong single evaluators like Qwen2-72B.

2 Related Work
Preference evaluation. Classical preference aggregation
includes Elo, which iteratively updates item ratings from pair-
wise outcomes (Jiang, Ren, and Lin 2023); Bradley–Terry
(BT/BTL) models, which assign latent utilities to explain
win probabilities (Bradley and Terry 1952; Lu and Boutilier
2011); and MergeSort-style procedures, which sort items
via pairwise comparisons with O(n log n) queries (Shya-
masundar 1996). LLM-based preference evaluation increas-
ingly relies on a strong model (e.g., GPT-4) as a zero-shot,
reference-free judge of weaker models’ outputs (Shen et al.
2023; Dubois et al. 2024b). PRD combines peer ranking over
pairwise preferences with peer discussion between LLMs to
reach consensus (Li, Patel, and Du 2023). ChatEval forms
a multi-agent referee team that debates and evaluates re-
sponses for more reliable assessments (Chan et al. 2023).
However, LLM judges can induce contradictory preferences
and cycles when aggregating across outputs, yielding noisy
and inconsistent preference graphs (Naresh, Tulabandhula

et al. 2024; Zhang, Yin, and Wan 2024). SPA (Kadekodi,
McTavish, and Ustun 2025) produces partial-order rankings
that abstain on disputed pairs to balance comparability and
disagreement, while ContraSolver (Zhang, Yin, and Wan
2024) builds a preference graph with self-annotations and
flags edges likely responsible for contradictions. In contrast,
our approach ensembles multiple evaluator-induced graphs
and denoises them via a weighted feedback-arc-set objective
to recover an acyclic structure suitable for robust ranking.

Weak supervision. The concept of weak supervision orig-
inates from the need to leverage noisy or partial labels in
machine learning tasks, enabling the development of more
robust models from imperfect data (Zhang, Song, and Ratner
2023). In LLMs, weak-to-strong supervision aids AI align-
ment by allowing weaker models to improve strong ones,
enhancing performance without extensive data and support-
ing scalable oversight (Zheng et al. 2024; Guo and Yang
2024; Tong et al. 2024). Similarly, in task-oriented LLMs,
weak-to-strong learning improves LLM’s ability by enabling
strong models to refine their data autonomously, boosting
perfoArmance without extensive high-quality input (Yang,
Ma, and Liu 2024). Through weak-to-strong supervision,
LLM performance can be significantly improved by iter-
atively transforming low-quality labels into more reliable
ones, leading to more effective model training and robust
outputs (Zakershahrak and Ghodratnama 2024; Lang, Sontag,
and Vijayaraghavan 2024). Recent work also shows weak
LLMs can rival human feedback quality, enabling scalable
and cost-efficient alignment (Tao and Li 2024; Li et al. 2025).

3 Preference Graph Ensemble and Denoising
In this section, we first introduce key definitions and assump-
tions underlying our approach, including the formal definition
of a preference graph and the assumption of preference tran-
sitivity (Section 3.1). Building on these preliminaries, we
then present our proposed framework, PGED, which con-
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sists of three main steps: (1) Graph Ensemble (Section 3.2),
aggregating multiple evaluators’ preference graphs into a
single unified structure; (2) Graph Denoising (Section 3.3),
removing cycles to ensure an acyclic, consistent preference
structure; and (3) Graph-to-Ranking (Section 3.4), convert-
ing the denoised graph into a reliable candidate ranking. The
overall process of PGED is illustrated in Figure 1(c).

3.1 Preliminarily
Transitivity of Preferences. In preference evaluation, we
assume that the ground-truth preference relation is transitive.
That is, for any distinct u, v, w ∈ V , if u ≻ v and v ≻ w,
then it must hold that u ≻ w:

(u ≻ v) ∧ (v ≻ w) =⇒ (u ≻ w). (1)

This transitivity assumption ensures that pairwise compar-
isons can be consistently embedded into a global ranking.

Preference Graph. A preference graph is a directed graph
GP = (V,A,w), where V = {v1, v2, . . . , vn} represents n
candidates, A ⊆ V × V is a set of directed arcs indicating
pairwise preferences, and w : A → R+ assigns weights to
arcs, representing preference strength. For distinct u, v ∈ V ,
an arc (u, v) ∈ A exists if w(u, v) > 0.

3.2 Graph Ensemble
Given k weighted preference graphs Gi = (V,Ai, wi) on a
common vertex set V , define

AE ≜
{
(u, v) ∈ V × V :

k∑
i=1

wi(u, v) > 0
}
,

wE(u, v) ≜
k∑

i=1

wi(u, v), (u, v) ∈ AE ,

(2)
where k is the total number of preference sources and
wi(u, v) is the preference result from the i-th source and
wi(u, v) = 0 if (u, v) /∈ Ai. The ensemble graph is
GE = (V,AE , wE).

3.3 Graph Denoising
To ensure consistency in the aggregated preference graph, we
apply a denoising step that transforms a potentially cyclic
weighted digraph G = (V,A,w) into a directed acyclic graph
(DAG). We cast this as the classical weighted feedback arc set
(WFAS) problem (Gabow 1995), which seeks a minimum-
total-weight set of arcs whose removal renders the graph
acyclic. Formally,

R∗(G) = arg min
R⊆A

∑
(u,v)∈R

w(u, v) (3)

s.t. (V,A \R) is acyclic.

A convenient formulation uses vertex sequencing. Given
an ordering s = {v1, . . . , vn}, the induced feedback arc set
R(s) comprises all arcs that violate the order, i.e., (vj → vi)
with j > i. The denoising problem then reduces to find-
ing s∗ that minimizes the total weight of backward edges.

Algorithm 1: Preference Graph Denoising for PGED

1: Input: Weighted digraph G = (V,A,w)
2: Output: Denoised graph G′ = (V,A′, w)
3: Let A0 ← A; initialize s1 ← [ ], s2 ← [ ]
4: while V ̸= ∅ do
5: while ∃ sink u in G do
6: Prepend u to s2
7: Remove u and its incident arcs from G
8: end while
9: while ∃ source u in G do

10: Append u to s1
11: Remove u and its incident arcs from G
12: end while
13: if V = ∅ then break
14: end if
15: Select u = argmaxv∈V

(
d+(v)− d−(v)

)
16: Append u to s1
17: Remove u and its incident arcs from G
18: end while
19: Concatenate s = s1∥s2
20: Compute R(s) = {(vj → vi) ∈ A0 : j > i in s}
21: Set A′ = A0 \R(s)
22: return G′ = (V,A′, w)

Computing the optimal ordering is NP-hard (Karp 2010), so
we adopt an efficient greedy procedure tailored to weighted
graphs. Our algorithm iteratively builds a total order by re-
moving structurally informative vertices. At each step, we
first peel all sinks (zero out-degree) and place them at the
end of the order, then peel all sources (zero in-degree) and
place them at the beginning. When neither exists, we choose
a vertex u maximizing the weighted degree difference

δ(u) = d+(u)− d−(u), (4)

where d+(u) =
∑

(u,v)∈A w(u, v) and d−(u) =∑
(v,u)∈A w(v, u). Repeating until all vertices are removed

yields a total order; the backward arcs under this order form
an approximate feedback arc set R(s). We then construct and
return only the denoised graph G′ = (V,A\R(s), w), which
is a subgraph of the input and is typically sparse rather than
fully connected. The full procedure is summarized in Algo-
rithm 1. Its theoretical guarantee can be seen in Appendix M
of (Hu et al. 2024b).

3.4 Graph to Ranking
Given a DAG G = (V,A,w), we derive a ranking by comput-
ing the descendant count desc(v) for each vertex v, defined
as the number of vertices reachable from v:

desc(v) = |{u ∈ V : v → u}| , (5)

where v → u denotes a directed path. Vertices are ranked
based on desc(v), with ties broken lexicographically:

v1 ≻ v2 ≻ · · · ≻ vn. (6)

This ranking reflects both individual preferences and their
relative strengths in the graph.
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4 Downstream Tasks
We apply PGED to three tasks: Response Selection (selecting
the best response from LLM-generated candidates), Model
Ranking (ranking models based on task performance), and
Model Alignment (identifying the best instruction-response
pairs for training). Details on how preference graphs are
constructed for each of the three settings can be found in
Appendix H of (Hu et al. 2024b).

4.1 Response Selection
For each question q ∈ Q, a model M generates n candi-
date answers Cq = {ans1, . . . , ansn}. A set of evaluators
A = {a1, . . . , ak} provides pairwise preferences over Cq.
For each evaluator a, we construct a weighted preference
graph Gq

a = (Vq, Aa, wa), where Vq = {v1, . . . , vn} indexes
candidates and wa(u, v) accumulates the number of wins of
u over v (ties are ignored). We then apply PGED: (i) Graph
Ensemble aggregates {Gq

a}a∈A into a single graph Gq
E (Sec-

tion 3.2); (ii) Graph Denoising removes a minimum-weight
set of feedback arcs to produce a DAG G′

q (Section 3.3);
and (iii) Graph-to-Ranking converts G′

q into a total order
Rq = {v1 ≻ · · · ≻ vn} (Section 3.4). The top-ranked candi-
date is selected as ans∗q . Repeating this for all q ∈ Q yields
ans∗ = {ans∗1, . . . , ans∗t }.

4.2 Model Ranking
Given a set of models M = {M1, . . . ,Mn} and questions
Q = {q1, . . . , qt}, our goal is to produce a global ranking
of M . For each question q ∈ Q and evaluator a ∈ A, we
construct a weighted preference graph Gq

a = (Vq, Aa, wa),
where Vq = {m1, . . . ,mn} indexes model outputs Mi(q)
and wa(u, v) accumulates wins of u over v (ties are ignored).
We then apply PGED per question: (i) Graph Ensemble aggre-
gates {Gq

a}a∈A into Gq
E (Section 3.2); (ii) Graph Denoising

yields a DAG G′
q (Section 3.3); and (iii) Graph-to-Ranking

returns a total order Rq over Vq (Section 3.4). Finally, we
aggregate {Rq : q ∈ Q} into an overall model ranking R∗

using a ranking-ensemble procedure (Appendix Q of (Hu
et al. 2024b)).

4.3 Model Alignment
For each instruction x ∈ X , let the candidate set be Yx =
{y1, . . . , yn}. Evaluators A provide pairwise preferences
over Yx. For each a ∈ A, we build a weighted preference
graph Gx

a = (Vx, Aa, wa), where Vx = {v1, . . . , vn} in-
dexes responses and wa(u, v) aggregates wins of u over v
(ties ignored ). Applying PGED, ensemble, denoising, and
graph-to-ranking, produces a total orderRx; we select the top
response y∗x for instruction x. Repeating this for all x ∈ X
yields the aligned training set {(x, y∗x) : x ∈ X}.

5 Theoretical Analysis
In this section, we provide a theoretical foundation for our
method, showing that by modeling preference graphs as ran-
dom perturbations of a ground truth DAG, PGED can reliably
recover the true structure through graph ensemble and de-
noising with high probability, demonstrating its robustness in

handling noisy evaluations. Theoretically, we treat each of our
preference graph as a random perturbation of some ground
truth DAG G = (V,A). Specifically, we consider a random
graph generator G(G, δ1, δ2) with parameters δ1, δ2 ∈ [0, 1]
such that Gi = (Vi, Ai) ∼ G(G, δ1, δ2) satisfies Vi = V .

Furthermore, for each u, v ∈ V with u ̸= v,

1) If (u→ v) ∈ A, then

P((u→ v) ∈ Ai) = 1− δ1,

P((v → u) ∈ Ai) = δ1.

2) If (u→ v), (v → u) /∈ A, then

P((u→ v), (v → u) /∈ Ai) = 1− δ2,

P((u→ v) ∈ Ai) =
δ2
2
,

P((v → u) ∈ Ai) =
δ2
2
.

That is, each edge in E has probability δ1 of being flipped
and each pair of unconnected nodes has probability δ2 of
being connected with a random direction.

Now, given that G1, . . . , GN
i.i.d.∼ G(G, δ1, δ2), we will

show that to some extent our combination of graph ensemble
and graph denoising can indeed provably recover the ground
truth DAG G. For simplicity, all edges in G1, . . . , GN and G
are considered equal weighted. Meanwhile, we use MAS(·)
to denote the graph obtained by denoising, which stands for
the maximum acyclic subgraph (MAS). Then, we have the
following theorem.

Theorem 1 Suppose G1, . . . , GN
i.i.d.∼ G(G, δ1, δ2) for some

ground truth G = (V,A). Let Ĝ be the graph ensembled
from G1, . . . , GN by operations defined in Section 3. Then,
as long as δ1 = 0.5− ϵ for some ϵ > 0, we have

P
(
G ⊆ MAS(Ĝ)

)
≥ 1− 2|A| exp

(
−Nϵ2

2

)
− 2U exp

(
− Nϵ2

6U2δ2 + 2Uϵ

)
,

where G ⊆ MAS(Ĝ) represents that G is a subgraph of
MAS(Ĝ) and U = |V |(|V |−1)

2 − |A| is the number of pairs of
unconnected nodes in G.

The full proof is given in Appendix ??. From the theorem,
we can see that the probability of failure decreases exponen-
tially as the number of samples N increases. Meanwhile,
this guarantee only requires δ1 < 0.5 and does not place
restrictions on δ2, which are very mild conditions.

6 Response Selection for Test-time Scaling
Experiment Setup. In this section, we evaluate the per-
formance of PGED on five benchmarks: HumanEval (Chen
et al. 2021), AlpacaEval (Li et al. 2023b), MATH (Hendrycks
et al. 2021), GSM8k (Chen et al. 2021), and GAIA (Mialon
et al. 2023). The Qwen2-72B (Yang et al. 2024) model (M)
generates ten candidate responses per question, and we as-
sess the effectiveness of different methods in selecting the
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Method HumanEval AlpacaEval MATH GSM8k GAIA Avg
Llama3-8B 43.90 27.29 22.08 56.67 6.78 31.34

Mistral-7B 23.17 11.80 23.25 39.83 7.03 21.01

Qwen2-7B 48.58 25.71 59.92 76.75 7.70 43.73

Qwen2-72B 57.93 29.58 72.75 84.67 11.52 51.29

ContraSolver (Qwen2-72B) 65.42 31.12 74.95 86.84 12.22 54.11

ListPreference 61.52 31.67 71.75 85.0 10.90 52.16

Single model

Self-consistency 60.98 29.33 73.58 84.91 8.86 51.53

Elo 62.21 31.34 75.01 87.21 12.36 53.63

Bradley-Terry 62.83 32.91 74.97 86.64 12.07 53.88

Merge Sort 62.81 31.88 74.83 86.90 12.13 53.71

Llama3-8B 62.19 29.31 74.27 83.16 11.31 52.04

with graph denoising 64.02 30.18 74.73 86.00 11.72 53.33

Mistral-7B 67.24 27.70 74.41 83.83 10.50 52.73

with graph denoising 68.73 29.93 74.77 83.91 10.74 53.61

Qwen2-7B 61.58 28.69 74.50 85.41 11.11 52.25

with graph denoising 65.85 29.44 74.79 86.38 11.25 53.54

Qwen2-72B 60.97 31.04 74.73 86.47 12.14 53.07

Single evaluator

with graph denoising 68.90 31.17 75.33 87.45 12.26 55.02

Majority Voting 66.18 29.57 74.77 86.42 11.72 53.73

Weight Majority Voting 66.43 30.12 74.79 86.68 11.84 53.97

PRD 66.53 30.33 74.89 86.75 11.83 54.07

ChatEval 66.51 30.26 74.79 86.85 11.92 54.07

SPA 66.32 30.05 74.82 86.57 11.81 53.91

PGED(w/o denoising) 69.25 30.98 74.29 87.17 12.68 54.87

Multiple evaluator

PGED 71.86 32.95 76.57 89.76 13.74 56.98

Table 1: Performance comparison of response selection methods across five benchmarks. PGED consistently outperforms
baseline methods, highlighting the effectiveness of graph denoising and multi-evaluator aggregation. Single model denotes
directly using the evaluator to answer the question. Single evaluator and Multi evaluator refer to selecting the best response from
ten Qwen2-72B-generated candidates using a single or multiple evaluators, respectively.

best response. We evaluate performance using three setups.
First, in the single model setting, the baselines include Contra-
Solver(Zhang, Yin, and Wan 2024), Self-consistency(Wang
et al. 2022), and direct evaluation with models (Llama3-
8B, Mistral-7B, Qwen2-7B and Qwen2-72B). Additionally,
we include a baseline called ListPreference, where instead
of pairwise comparisons, all candidate responses are input
into Qwen2-72B for selecting the most appropriate response.
Then, in the single evaluator setting, individual evaluators
(Llama3-8B, Mistral-7B, Qwen2-7B, Qwen2-72B) select the
best response from M’s outputs, with and without apply-
ing PGED’s graph denoising. We additionally report results
for three classical baselines in this setting: Elo (Jiang, Ren,
and Lin 2023), Bradley–Terry (BTL) (Bradley and Terry
1952; Lu and Boutilier 2011), and MergeSort (Shyamasundar
1996). Finally, in the multiple evaluators setup, we combine

three small evaluators (Llama3-8B, Qwen2-7B, Mistral-7B)
to select responses from Qwen2-72B with PGED. We addi-
tionally include four aggregation baselines: Majority Voting,
Weighted Majority Voting, PRD (Li, Patel, and Du 2023),
ChatEval (Chan et al. 2023), and SPA (Kadekodi, McTavish,
and Ustun 2025). We present the results of PGED and its vari-
ant (w/o denoising), which ensembles the preference graphs
without the denoising step.

Note that, among the baselines we report: (i) in the sin-
gle model setting, ContraSolver, ListPreference, and Self-
consistency use Qwen2-72B as the base model; (ii) in the
single evaluator setting, Elo, Bradley–Terry, and MergeSort
use Qwen2-72B as the base model; and (iii) in the multi-
ple evaluators setting, Majority Voting, Weighted Majority
Voting, PRD, ChatEval and SPA use Llama3-8B, Mistral-
7B, and Qwen2-7B as the base model set. For details on the
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Figure 2: Comparison of PGED with GPT-3.5, GPT-4-o-mini, and GPT-4-o on 100 randomly selected tasks. PGED consistently
outperforms GPT-3.5 across all tasks and surpasses GPT-4-o-mini on challenging tasks like HumanEval and GSM8k, showcasing
the effectiveness of weak evaluator aggregation with graph denoising.

datasets and baselines, please refer to Appendix A of (Hu
et al. 2024b).

Main results. Table 1 presents the results of the response
selection task across five benchmarks. PGED consistently
outperforms all baseline methods, including single model
evaluations (single model), direct response selection by in-
dividual models (single evaluator) and Multiple evaluator.
This demonstrates the strength of aggregating preference
evaluators with PGED, particularly when coupled with graph
denoising, which enhances response quality by filtering out
noise and biases. Furthermore, by combining preference
graphs derived from smaller models (Llama3-8B, Mistral-
7B, Qwen2-7B), PGED outperforms a much larger evalua-
tor (Qwen2-72B). This underscores the value of ensemble
methods in mitigating the limitations of individual evalua-
tors. Then, the denoising process proves to be crucial for
improving consistency and overall response quality. The sub-
stantial performance gains observed when using PGED with
denoising, compared to both the single evaluator setup and
the ensemble without denoising, highlight its importance in
refining response selection. For Majority Voting, while it
improves upon individual evaluators, it still underperforms
PGED, highlighting PGED’s ability to capture nuanced evalu-
ation signals and reduce inconsistencies. Additionally, we ob-
served that the ListPreference baseline performed worse than
Qwen2-72B as single evaluator, likely due to LLM limita-
tions in handling long-text. Lastly, to further evaluate PGED,
we compared its performance with GPT-3.5, GPT-4-o-mini,
and GPT-4-o. Due to computational and API cost constraints,
we limited the evaluation to 100 data points for each task. As
shown in Figure 2, PGED consistently outperformed GPT-
3.5 across all tasks and surpassed GPT-4-o-mini on challeng-
ing benchmarks like HumanEval and GSM8k. These results
highlight the superiority of PGED, particularly in leveraging
multi-preference evaluators and graph denoising to outper-
form individual state-of-the-art models. More discussion on
cost is provided in Appendix R of (Hu et al. 2024b).

7 Model Ranking for Evaluation
Experiment Setup. In this section, we evaluate the effec-
tiveness of PGED in the model ranking task within a human
preference setting, using the AlpacaEval 2.0 (Li et al. 2023b).

We employ 30 widely used models from the AlpacaEval
dataset as our model set M, while the benchmark’s ques-
tions form the question set Q. The rankings provided by the
AlpacaEval benchmark serve as ground truth for evaluating
the accuracy of various ranking methods. This is justified by
AlpacaEval’s strong correlation with Chatbot Arena rankings,
making it a reasonable proxy for human judgments (Dubois
et al. 2024a). We adopt Ranking Correction, measured by the
Spearman rank correlation coefficient, to evaluate the similar-
ity. To generate rankings, we utilize outputs from the open-
source models Llama3-70B, Qwen2-72B, Mistral-8×7B, and
Qwen1.5-72B as our evaluators. We investigate two variants
of PGED: (w/o ensemble) denoises the preference graphs
from different evaluators for the same question, converts
each into a ranking, and then ensembles these rankings to
produce the final output, while (w/o denoising) directly en-
sembles the preference graphs to obtain the final ranking
without denoising. For details on the datasets and baselines,
please refer to Appendix A of (Hu et al. 2024b).

Main results. The results, presented in Table 2, show that
PGED outperforms all single-model baselines, highlighting
the significant improvement in ranking accuracy achieved by
leveraging preference information from multiple evaluators.
Moreover, PGED surpasses the (w/o ensemble) variant, indi-
cating that generating rankings through graph ensemble first
prevents information loss compared to converting individual
graphs into rankings. When the ensemble graph is not de-
noised (w/o denoising), residual noise can adversely affect
the final ranking quality. Additionally, our denoising method
also enhances results in single-model settings.

8 Data Selection for Model Fine-tuning
Experiment Setup. In this section, we explore the effects
of various data selection methods for model alignment on
Llama-2-7B (Touvron et al. 2023) and Mistral-7B (Jiang et al.
2023) through instruct tuning. Specifically, we randomly sam-
pled 5,000 data points from UltraFeedback (Cui et al. 2023)
and used Qwen1.5-14B (Yang et al. 2024) to generate eight
responses per data point as instruct data. We then applied
four different methods, Random, Longest (Zhao et al. 2024),
ContraSolver (using Qwen2-72B as the evaluator) (Zhang,
Yin, and Wan 2024), and our proposed PGED, which lever-
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Figure 3: Performance comparison of different methods (Random, Longest, ContraSolver, and PGED) across multiple benchmarks.
The results show PGED effectively filters low-quality responses, improving performance and model alignment over baselines.

Model Weight Score Kemeny Weighted
Kemeny

Pairwise
Majority

Weighted
Pairwise
Majority

Avg.

Llama3-70B 50.88 60.80 60.80 62.23 61.85 59.31
with graph denoising 52.44 62.54 62.54 63.92 62.18 60.72

Qwen2-72B 65.34 59.87 67.39 66.05 66.59 65.04
with graph denoising 66.05 70.43 70.43 72.32 72.41 70.32

Qwen1.5-72B 63.64 60.72 60.72 62.65 63.28 62.20
with graph denoising 64.81 61.77 61.77 64.36 64.76 63.49

Mistral-8×7B 64.90 68.74 68.74 73.06 72.87 69.66

Single evaluator

with graph denoising 65.47 70.06 69.92 73.39 73.21 70.41

PGED(w/o ensemble) 62.82 68.44 68.44 69.34 67.34 67.27

PGED(w/o denoising) 64.84 69.23 69.81 75.35 74.37 70.72Multiple evaluator
PGED 66.59 71.14 71.14 77.17 76.46 72.50

Table 2: Results of the model ranking task, evaluated using Ranking Correction. Higher correlation values indicate a stronger
alignment with the ground truth rankings.

ages Llama3-8B, Mistral-7B, and Qwen2-7B as evaluators, to
select a subset of these responses for model alignment train-
ing. The Origin refers to the performance of the base model
without alignment. To ensure a comprehensive assessment,
we evaluated the models, using the Llama-2-7B backbone,
on additional benchmarks, including AlpacaEval 2.0 (Li et al.
2023b), LIMA (Zhou et al. 2023), Koala (Vu et al. 2023), and
Self-Instruct (Wang et al. 2022), in accordance with recent
studies (Chen et al. 2023; Zhang et al. 2024; Hu et al. 2024a).
The corresponding results are summarized in Figure 3. For
details on the datasets and baselines, please refer to Appendix
A of (Hu et al. 2024b).

Main results. From Figure 3, we observe that PGED con-
sistently outperforms all baseline methods, demonstrating
its effectiveness in selecting high-quality responses when
multiple answers are available for a given instruction. PGED
consistently outperforms all baselines across various datasets,
demonstrating its effectiveness in selecting high-quality re-
sponses. Notably, in AlpacaEval and Self-Instruct, the Ran-
dom baseline performs worse than the Origin model, high-
lighting that when response quality varies significantly, poor
selection can degrade model performance. In contrast, PGED
leverages preference graphs and denoising techniques to filter
out low-quality responses, ensuring more robust and reliable

performance, particularly in settings with inconsistent re-
sponses, as it removes evaluation noise and leads to more
robust performance.

9 Conclusion
In this paper, we presented PGED, a framework designed to
address inconsistencies in pairwise preference evaluations
by LLMs. By employing graph ensemble techniques and
denoising, PGED reduces cyclic patterns and enhances the
reliability of evaluation outcomes. Our theoretical analysis
shows that PGED can recover the ground truth DAG under
reasonable conditions, improving consistency in preference
rankings. Extensive experiments across response selection,
model ranking, and instruct tuning demonstrate the efficacy
of our method. PGED consistently outperformed baseline
methods in both single-evaluator and multi-evaluator settings,
particularly in scenarios where combining small evaluators
led to superior results over larger individual evaluators. Fu-
ture work will explore extending PGED to broader evaluation
frameworks and applying its principles to more complex
decision-making tasks, including multi-agent systems and
human-AI interaction.
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