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Abstract

LLM-as-a-Judge has emerged as a popular al-
ternative to traditional lexical and embedding-
based evaluation metrics, offering improved
correlation with human judgments. However,
methods relying on heuristic prompts often
suffer from misalignment. While recent ap-
proaches have incorporated optimization strate-
gies (e.g., prompt iteration), they often lack
a mechanism to dynamically evolve evalua-
tion perspectives driven by prediction misalign-
ment. To address this limitation, we propose
a misalignment-driven evolutionary evaluator
(MAD-Eval) that treats evaluation alignment
as an optimization process. MAD-Eval con-
sists of three components: error-driven perspec-
tive evolution to refine evaluation perspectives,
instance-aware expert routing to select perspec-
tives tailored to each instruction, and adaptive
aggregation to fuse perspective-level scores to
align human judgments. In MAD-Eval, mis-
alignment serves as a unified feedback signal
driving evolution across all stages: perspective
evolution, expert routing, and aggregation. Ex-
periments demonstrate that MAD-Eval consis-
tently outperforms state-of-the-art baselines in
consistency with human judgments and trans-
ferability across different datasets.

1 Introduction

Recently, advanced large language models (LLMs),
which possess emergent reasoning capabilities, can
serve as high-fidelity surrogates for human evalua-
tors (Kamalloo et al., 2023) and reffered to LLLM-as-
a-Judge. Within this domain, while training-based
methods (Zhu et al.; Wang et al., 2024b; Peng et al.,
2025; Liu et al., 2025) offer optimization, they
incur high computational costs and are restricted
to white-box architectures. Consequently, prompt-
based approaches have emerged as a prevalent alter-
native, which can leverage existing closed-source
strong LLMs via API calls without finetuning.
However, existing prompt-based approaches of-
ten face challenges in aligning with human judg-
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Figure 1: Evaluation perspective generation: (a) De-
signed by humans; (b) LLM-driven prompt iteration;
(c) Ours: LLM-driven prompt iteration guided by mis-
alignment feedback. Aggregation of evaluation results:
(i) Result determination via voting; (ii) Result aggrega-
tion via LLM; (iii) Result prediction using regression
models; (iv) Ours: Addition of an expert routing layer
to select regression models based on the type of instruc-
tion to be evaluated, where each regression model has a
distinct attention distribution over perspectives.

(iv)

Prompt Pool

ments. Single-prompt frameworks (Zhu et al.;
Wang et al., 2024b; Jain et al., 2023a,b; Liu et al.,
2024a; Dubois et al., 2024) exhibit significant insta-
bility, where minor semantic variations can drasti-
cally alter outcomes, and often yield narrow assess-
ments of model performance (Mizrahi et al., 2024).
Although multi-prompt methods offer broader eval-
uation perspectives (Zhang et al., 2023; Yang et al.,
2024; Kocmi and Federmann, 2023; Chan et al.;
Wang et al., 2020), they primarily rely on manual
heuristics without systematic optimization. Fur-
thermore, the aggregation strategies in previous
multi-prompt methods, such as weighted voting
(Zhang et al., 2023; Shankar et al., 2024) or LLM-
based synthesis (Yang et al., 2024; Kocmi and Fed-
ermann, 2023; Chan et al.; Wang et al., 2020), still
lack an optimization process to align with human
judgments. Liu et al. (2024c) has explored prompt
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iteration and regression-based aggregation to miti-
gate these issues, yet the prompt iteration process
in such methods is typically not driven by the mis-
alignment. Additionally, the aggregation models
generally apply a static perspective distribution,
which may not fully adapt to varying instruction
types.

In this paper, we propose a misalignment-driven
evolutionary evaluator (MAD-Eval) for LLM-as-a-
Judge, where two key innovations are shown in Fig-
ure 1. The first is misalignment-driven perspective
evolution, which iteratively constructs an evalua-
tion pool to capture nuanced human alignment cri-
teria. The second is instance-aware expert routing,
which moves beyond "one-size-fits-all" approaches
by selecting specialized evaluators for distinct in-
struction types. To synthesize the final output, each
expert aggregates results with its own regression
model, focusing on distinct perspective combina-
tions. Figure 3 illustrates an example of how expert
routing influences the evaluation process.

Misalignment between predicted results and hu-
man judgments provides feedback for all stages, in-
cluding perspective evolution, expert routing, and
predictive model training. Therefore, MAD-Eval
is applicable to any LLM evaluation benchmarks,
given a small training set to enable automatic learn-
ing of human preferences. Additionally, users
can freely add new perspectives to enhance perfor-
mance or address known issues under the human-
in-the-loop framework.

Experiments indicate that MAD-Eval exhibits a
higher degree of alignment with human compared
to baselines. Additionally, we analyzed the impor-
tance of perspectives to provide guidance for the
perspective construction methods.

Our contributions can be summarized as follows:

* We propose MAD-Eval, a scalable and trans-
ferable evaluation framework achieving close
alignment with human judgment preferences.

* We applied MAD-Eval in multiple meta-
evaluation benchmarks, generating a large per-
spective pool to provide interpretable guid-
ance for model evaluation.

* We investigate the impact of perspectives
constructed using different methods, offering
guidance for perspective design and optimiza-
tion.

2 Related Work

With advancing LLM technology, model capabili-
ties have improved significantly, making LLM-as-a-
judge the mainstream for generated text evaluation.
In this section, we mainly introduce the prompt-
based LLM-as-a-judge.

Single-Prompt Evaluation. The simplest ap-
proach uses a single prompt for evaluation (Zhu
et al.; Wang et al., 2024b; Jain et al., 2023a,b; Liu
et al., 2024a; Dubois et al., 2024), with possible hu-
man feedback for prompt optimization (Liu et al.,
2024b). For more comprehensive evaluation, some
works expand the evaluator network breadth—e.g.,
using multiple prompts to assess from diverse di-
mensions (Mehri and Eskenazi, 2020; Kocmi and
Federmann, 2023; Jain et al., 2023b; Zhang et al.,
2023; Chan et al.; Wang et al., 2020). Others
deepen the network via multi-round conversational
evaluations (Bai et al., 2024; Yang et al., 2024;
Chan et al.; Yue et al., 2023), such as the aca-
demic peer-review-inspired approach in Yang et al.
(2024).
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Figure 3: An illustration of how MAD-Eval selects different expert evaluators based on the type of instruction. The
dark-colored proportion in the evaluation perspective represents the experts’ attention to that perspective (importance
as discussed in Section 3.3.4). While most evaluation perspectives yield similar results (only some shown here),
the expert evaluating the mathematical problem prioritizes the perspective of conciseness, deeming Response A
superior to B. Conversely, the story creation expert values the perspective of detail, favoring a different result.

Multi-Perspective with Multi-Prompt. The
evaluator network yields multiple evaluation out-
comes. Some studies report dimension-wise model
performance without aggregation (Mehri and Es-
kenazi, 2020; Yue et al., 2023); others aggregate
them into a single comprehensive score for overall
response quality assessment, via LLMs (Yang et al.,
2024; Kocmi and Federmann, 2023; Chan et al.;
Wang et al., 2020), simple/weighted voting (Zhang
et al., 2023; Shankar et al., 2024), or regression-
based models (Mehri and Eskenazi, 2020; Liu et al.,
2024c).

Optimization for LL.M-as-a-Judge. Rein-
forcement learning with human feedback (RLHF)
(Ouyang et al., 2022) enables LLMs to better align
with human preferences. Some works fine-tune
LLMs for stronger evaluation performance or adap-
tation to specific domain evaluation needs (Zhu
et al.; Wang et al., 2024b; Brief et al., 2024; Li
et al., 2024a; Wang et al., 2024a; Saha et al.), but
this approach applies only to white-box models,
which ignores the usage of state-of-the-art (SOTA)
closed-source LLMs.

3 Method

3.1 Problem Formulation

LLM-as-a-Judge is to align LLM-based evalua-
tors (F) with human judgments on text evaluation
tasks. Formally, given an instruction I and model-
generated responses, F is required to output a pre-
diction g that approximates the human preference
label y. This formulation encompasses two task

types:

* Pairwise Comparison: Given an instruction

I and two candidate responses { R4, Rp}, the
evaluator determines their relative quality, out-
putting § € {A, B, Tie}.

* Individual Scoring: Given an instruction
and a single response R, the evaluator assigns
a scalar score §j (e.g., on a scale of 1 to 5).

The core optimization goal is to minimize the
"misalignment" between the evaluator’s prediction
9 and the ground-truth human label y.

3.2 Overview of MAD-Eval

MAD-Eval moves beyond traditional pipelines by
establishing an iterative, closed-loop framework
designed to align LLM evaluations with human
judgments. The key idea is to utilize the misalign-
ment, which is defined as the discrepancy between
model predictions and human judgments, as the
primary signal for optimization.

The overall framework is illustrated in Figure 2.
MAD-Eval drives a cyclical optimization process
which includes three sub-processes:

* Perspective Evolution: Evaluation perspec-
tives are generated and refined via semantic
back-propagation derived from error analysis.

* Expert Routing: Instructions are dynami-
cally matched to the most suitable single ex-
pert evaluator via an instance-aware routing
mechanism.

» Adaptive Aggregation: The activated expert
utilizes a predictive model (e.g., Random For-
est) to synthesize judgments from multiple
perspectives into a final prediction.



At the dataset level, prediction errors are gathered
to form a feedback signal that back-propagates to
all three stages, driving an optimization loop.

3.3 Misalignment-Driven Perspective
Evolution

Previous work mainly design evaluation perspec-
tives via human definition or static heuristics. To
avoid local optima of perspectives, we iteratively
updates the perspective pool P with an evolution-
ary mechanism comprising initialization, semantic
optimization, and exploration phases.

3.3.1 Initialization

The evolution process begins with a seed perspec-
tive pool Py. To ensure high-quality cold starts,
we employ a hybrid strategy (see Figure 6 in Ap-
pendix B for the examples): (1) Rule Decom-
position, which breaks down benchmark annota-
tion guidelines into fine-grained criteria; (2) Type-
Specific Presets, manually crafting high-frequency
focus points for distinct instruction types; and (3)
Prompt Transfer, incorporating prompts from exist-
ing methods (e.g., PandalLM (Wang et al., 2024b),
JudgelLM (Zhu et al.)).

3.3.2 Semantic Back-Propagation

We formalize the perspective update as a semantic
pseudo-gradient descent process (Figure 4(3)). Let
M pt denote the optimizer LLM (e.g., DeepSeek-
v3). At step ¢, the perspective pool is updated by
generating a set of new perspectives AP guided by
a semantic pseudo-gradient g:

P PO UM (PY |g) (1)
~—_——
AP

where g represents a natural language instruc-
tion derived from the optimization objective. We
define three distinct forms of g, corresponding to
exploitation and exploration strategies.

The primary driver for alignment is the error-
derived gradient. We define the failure set Dyq; =
{(Z;;Ri,yi) | Ui # y:i} where the evaluator’s pre-
diction diverges from human labels. The semantic
gradient g, is computed by analyzing the reason-
ing behind these misalignments:

Sopt = E(I7R7y)NDfail [Analyze(la R,y, y)} 2

Here, Analyze(-) denotes the process where
M, interprets the error and generates a corrective

guideline. This effectively “back-propagates” the
error signal £ into the perspective space, ensuring
new perspectives explicitly address previous blind
spots.

3.3.3 Evolutionary Exploration

To prevent convergence to local optima and ensure
coverage, we employ exploration-based gradients
targeting robustness (In-Depth Evolving) and diver-
sity (In-Breadth Evolving):

8decp = {Perturbation(p) | p € P(t)} 3)
Sbroad = {Orthogonal(p) ‘ pE ’P(t)} 4)

* In-Depth Evolving (Figure 4(1)): The gradi-
ent geep instructs the optimizer to perform se-
mantic perturbations (e.g., reformatting, para-
phrasing) on existing perspectives, enhancing
evaluator robustness.

 In-Breadth Evolving (Figure 4(2)): The gra-
dient gyp,.oqq directs the optimizer to generate
perspectives semantically orthogonal to the
current pool, thereby expanding the evalua-
tion manifold.

3.3.4 Perspective Refinement and Selection

To maximize the downstream utility of the evolved
perspectives, we apply structural transformations
followed by a rigorous selection process.

We first adapt evolved perspectives to enhance
their discriminatory power and support the routing
mechanism via two key modifications: (1) Output
granularity refinement, converting discrete classifi-
cation prompts into continuous scoring scales (e.g.,
—x to +x) to boost evaluator sensitivity and quan-
tify performance gaps ignored by coarse-grained la-
bels; (2) Routing perspective derivation, extracting
response-independent perspectives (e.g., “Is data
support necessary?”’) from response-dependent
perspectives to refine instance-aware routing logic.

An overly large pool raises high inference costs.
To balance performance and efficiency, we adopt
an importance-based pruning strategy: We fit a
surrogate decision tree on the training set using
perspectives from the pool, then calculate each per-
spective’s Gini importance and retain a fixed-size
subset of top perspectives, denoted by P.

3.4 Instance-Aware Expert Routing

Unlike traditional “one-size-fits-all” evaluators,
MAD-Eval introduces a mixture-of-experts (MoE)
approach. To facilitate this, we first partition
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the evolved perspective pool P into response-
independent (P;,,4) and response-dependent (Pye),)
subsets.

We employ P;,q = {pi"?, ..., pi?} to project
the raw instruction [ into a structured semantic
space. We construct a weighted feature vector to
reflect the varying significance of different perspec-
tives.

Let w; € [0, 1] denote the importance weight of
perspective pé"d, derived from the surrogate deci-
sion tree metioned in Sec. 3.3.4. We map [ to a
continuous feature vector v,,czq € [0, 1]M:

M
Vimeta = |Wj * qb(lap;'nd) 1

&)

where ¢(I, pé-”d) is a binary indicator function
(1 if the instruction aligns with perspective pé"d,
else 0). By scaling features with their importance
wj, we ensure that critical semantic dimensions
dominate the subsequent clustering and routing
process.

We maintain a set of N specialized expert mod-
els M = {M;,...,My,}. During training, in-
structions are clustered into Ng groups based on
Vimeta» With centroids C = {cy,. .., cy, }. During
inference, the routing function R(-) selects the op-
timal expert index ¢* by minimizing the distance to
centroids:

i* =R(I) = arg

) min vaeta_CiHQ (6)
ZE{l,,NE}

This mechanism ensures that, for instance, a math-
heavy instruction is routed to an expert optimized
for logical rigorousness.

3.5 Adaptive Aggregation

Once the expert M;- is selected, we perform
the comprehensive evaluation using the response-

dependent subset Py, = {pfe” e p;l?p 1.
The judge LLM M ,q4 evaluates the

instruction-response pair (I,R) against each
perspective in Py, yielding a high-dimensional
score vector s € RX:

dep K
s = [Myue LR )]

~

7)

Each element s represents the model’s perfor-
mance on a specific evolutionary dimension (e.g.,
logical coherence or creativity).

The final prediction g is derived by applying the
selected expert model M;+ to adaptively aggregate
s. Unlike simple voting, the expert model learns
a non-linear weight distribution tailored to the in-
struction type:

g = M;«(s; 0;~

~—
~

8)

where 0;+ represents the learned parameters (e.g.,
random forest structure) of expert ¢. This step com-
pletes the optimization loop, directly minimizing
the prediction error defined in the problem formu-
lation.

3.6 Training and Implementation

The one-round training procedure of MAD-Eval
is detailed as follows: (1) We first derive v,etq
for each sample in the training set for perspective
evolution (Sy) via P;pq, and employ the K-Means
(MacQueen, 1967) to realize the mapping from
Vmeta t0 (M, c); (2) We then optimize the aggre-
gation parameters 6 of each M on the training set
for aggregation (S,), where the weight assigned to
each sample is negatively correlated with the dis-
tance between the sample’s v, and the centroid
c of the corresponding M ; (3) The trained MAD-
Eval is employed to generate predictions on Sy,



yielding the Dyq;1; (4) We sequentially perform
semantic back-propagation (leveraging D), in-
depth/in-breadth evolving, refinement, and selec-
tion to update the P.

We will iteratively repeat this process until the
predefined number of rounds is reached, and in
each round, all components of MAD-Eval will
undergo the misalignment-driven evolution as de-
scribed above.

4 Experiment

4.1 Experimental Setup

4.1.1 Meta-Evaluation Benchmark

We employed two types of meta-benchmarks: (1)
Pairwise comparison: MT-Bench (Zheng et al.,
2023) !, PandaLM Benchmark (Wang et al.,
2024b) and Chatbot Arena (Chiang et al., 2024)
2 (2) Individual scoring: Topical-Chat (Gopalakr-
ishnan et al., 2019) and Summeval (Fabbri et al.,
2021) 3.

4.1.2 Setup of MAD-Eval

Backbone LLMs Qwen2.5-7B-Instruct (Team,
2024), Qwen2.5-72B-Instruct, Qwen3-0.6B (Team,
2025)%, DeepSeek-v3 (DeepSeek-Al et al., 2024),
GPT-3.5-turbo (Brown et al.,, 2020), GPT-4
(Achiam et al., 2023) .

Perspective Pool Based on empirical results, we
set Pinq’s maximum size to 32; Pyep, is set to 50 as
it incurs no extra evaluation costs.

Aggregation For each M, We conducted a grid
search across various regression models (see Ap-
pendix Table 7 for the search space). Consistent
validation-set empirical results favored random for-
est, so we adopt it (applying the classifier mode and
regressor mode for the pairwise comparison and
individual scoring tasks, respectively) as the de-
fault aggregator with hyperparameters dynamically
optimized per expert via grid search.

Training set We use a 1,000-sample subset of
Chatbot Arena and a 500-sample subset of MT-
Bench (with no overlap with the test set) as Sp

'A single-round conversation subset with a size of 1000
instances.

%A randomly sampled subset with a size of 6000 instances.

3Since Summeval involves only summarization tasks, we
did not apply the Expert Routing of MAD-Eval.

“Due to space limitations, some of the experimental results
of Qwen2.5-72B-Instruct and Qwen3-0.6b are presented in
the Appendix B.

SGPT-4 was only applied to the Topical-Chat and Sum-
meval due to cost.

Method Acc
Fine-Tuned Model

Precision  F1

- PandaLM-7B 0.5926 0.5728 0.5456
- PandalLM-70B 0.6687 0.7402 0.6923
- JudgeLM-7B 0.6507 0.6689 0.6192
- JudgeLM-13B 0.6897 0.6821 0.6512
- JudgeLM-33B 0.7518 0.693 0.6973
PandalLM Prompt

- Qwen2.5-7B-Instruct 0.6947 0.7313 0.6732
- GPT-3.5-Turbo 0.7267 0.7577 0.7356
- DeepSeck-v3 0.6777 0.7198 0.6865
JudgeLM Prompt

- Qwen2.5-7B-Instruct 0.6727 0.7287 0.6890
- GPT-3.5-Turbo 0.7057 0.6903 0.6792
- DeepSeek-v3 0.7457 0.7793 0.7564
CoT Prompt

- Qwen2.5-7B-Instruct 0.5976 0.7178 0.6267
- GPT-3.5-Turbo 0.7528 0.7517 0.7500
- DeepSeek-v3 0.7788 0.7759 0.7769
MAD-Eval (w/o Expert)

- Qwen2.5-7B-Instruct 0.8028 0.8040 0.8012
- GPT-3.5-Turbo 0.8038 0.8014 0.8021
- DeepSeck-v3 0.8008 0.7978 0.7977
MAD-Eval

- Qwen2.5-7B-Instruct (213) 0.8288 0.8298 0.8279
- GPT-3.5-Turbo (76) 0.8188 0.8173 0.8164
- DeepSeek-v3 (79) 0.8228 0.8220 0.8214

Table 1: Results on PandalLM Benchmark.

and adopt cross-validation to split Sy in our exper-
iments.

4.1.3 Baselines

First, we compared several single-prompt evalu-
ation methods®, where the PandaLM Prompt,
JudgeLLM Prompt, and CoT (Wei et al., 2022)
were evaluated on pairwise comparison bench-
marks; in contrast, the USR Prompt (Mehri and
Eskenazi, 2020) was applied to Topical-Chat. Sec-
ond, we compared our results with the bench-
mark metrics reported by several multi-prompt
evaluation methods (including G-Eval (Liu et al.,
2023), ChatEval (Chan et al.), HD-Eval (Liu
et al., 2024c) and AUTOCALIBRATE (Liu et al.,
2024b)) and fine-tuned model-based evaluation
methods (including USR, PandalLM, JudgelLM,
UniEval (Zhong et al., 2022), Prometheus-13B
(Kim et al., 2024), Auto-J-13B (Li et al., 2024b)
and Themis-8B (Hu et al., 2024)). A brief introduc-
tion to the aforementioned baselines is provided in
Appendix B.

To verify the impact of Expert Routing, we also
adopt MAD-Eval with Expert Routing removed
(MAD-Eval (w/o Expert)) for ablation studies on
the PandaLM, MT-Bench, and Chatbot Arena.

®All the prompts mentioned have been adjusted in terms
of output format. See Appendix A for details.



Method Acc F1 P T

Method Acc F1 P T

PandalLM Prompt

PandalLM Prompt

- Qwen2.5-7B-Instruct 0.5510 0.4806 0.4462 0.4205 - Qwen2.5-7B-Instruct 0.4032 0.3018 0.2019 0.1899
- GPT-3.5-Turbo 0.6360 0.6096 0.5199 0.4882 - GPT-3.5-Turbo 0.4558 0.3977 0.2451 0.2295
- DeepSeek-v3 0.6390 0.6156 0.5350 0.5008 - DeepSeek-v3 0.4147 0.3510 0.1558 0.1458
JudgeLM Prompt JudgeLLM Prompt

- Qwen2.5-7B-Instruct 0.5870 0.5480 0.4492 0.4211 - Qwen2.5-7B-Instruct 0.4557 0.4133 0.2468 0.2285
- GPT-3.5-Turbo 0.5780 0.5144 0.4458 0.4215 - GPT-3.5-Turbo 0.4562 0.3873 0.2615 0.2456
- DeepSeek-v3 0.6510 0.6265 *0.5431 *0.5111 - DeepSeek-v3 0.4208 0.3532 0.1793 0.1677
CoT Prompt CoT Prompt

- Qwen2.5-7B-Instruct 0.5800 0.5526 0.4601 0.4260 - Qwen2.5-7B-Instruct 0.4618 0.4429 0.2602 0.2371
- GPT-3.5-Turbo 0.6240 0.5644 0.5322 0.5030 - GPT-3.5-Turbo 0.4522 0.3879 0.2534 0.2373

- DeepSeek-v3 0.6380 0.5894 *0.5431 *0.5138

- DeepSeek-v3 *#0.4952 0.4294 *0.3474 *0.3251

MAD-Eval (w/o Expert)

MAD-Eval (w/o Expert)

- Qwen?2.5-7B-Instruct 0.6350 0.6275 0.5232 0.4862 - Qwen2.5-7B-Instruct 0.4787 0.4681 0.2776 0.2526
- GPT-3.5-Turbo 0.6470 0.6420 0.5412 0.5039 - GPT-3.5-Turbo 0.4512 0.4378 0.2459 0.2225
- DeepSeek-v3 0.6790 0.6737 0.5988 0.5598 - DeepSeek-v3 0.5072 0.4911 0.3592 0.3270
MAD-Eval MAD-Eval

- Qwen2.5-7B-Instruct (254)  0.6520 0.6477 0.5393 0.5032 - Qwen2.5-7B-Instruct (254) 0.4832 0.4717 0.2838 0.2586
- GPT-3.5-Turbo (69) 0.6600 0.6561 0.5607 0.5231 - GPT-3.5-Turbo (36) 0.4642 0.4444 0.2724 0.2476
- DeepSeek-v3 (80) 0.6810 0.6744 0.6116 0.5711 - DeepSeek-v3 (36) 0.5278 0.5115 0.3771 0.3457

Table 2: Results on a single-round conversation subset
of MT-Bench.

4.2 Main Results

Main results are presented in Tables 1, 2, 3, 5,
with metrics (average of five runs) calculated as
per specific needs: Accuracy (Acc), Precision, F1-
score (F1), Spearman correlation (p), Kendall-Tau
correlation (7), and Mean Squared Error (MSE).
Asterisk-marked (*) metrics denote models outper-
forming MAD-Eval under at least one model.

Due to the cost of generating perspective pools,
the pools we employ may shrink for larger mod-
els and larger test sets—explaining why smaller
models sometimes outperform in MAD-Eval ex-
periments. Pool sizes are noted in parentheses af-
ter model names. Note that pool size only affects
training cost; the number of perspectives incurring
actual evaluation costs depends on the maximum
size of Pgep (€., 32).

PandaLLM Benchmark, MT-Bench, and Chatbot
Arena Asshown in Tables 1, 2, 3, MAD-Eval sig-
nificantly outperforms all baselines with the same
model across these benchmarks.

Furthermore, MAD-Eval achieves superior per-
formance compared with MAD-Eval (w/o Expert),
demonstrating that the Expert Routing can improve
performance without increasing evaluation costs.

Topical-Chat and Summeval Table 5 shows that
in Topical-Chat, MAD-Eval with Qwen2.5-7B-
Instruct outperforms all baselines except ChatE-
val with GPT-4 and Themis-8B, but significantly
surpasses all baselines when using Qwen2.5-72B-
Instruct, GPT-3.5-turbo, or DeepSeek-v3.

Table 3: Results on a subset of Arena Chatbot.

Dataset All >025 >05 >067 >038

PandalM = 08489 09234 (09550 09783

Benchmark 03248 (36.4%) (26.1%) (204%) (13.8%)
07154 07817 08712 0.9688

MT-Bench — 0.6430 36 90y 252%) (132%) (3.2%)
05405 -

Chatbot Arena 0.4828

(23.0%) (0.0%) (0.6%) (0.6%)

Table 4: Accuracy of cases under different confidence
thresholds (case percentages in parentheses).

Furthermore, on SummEval, MAD-Eval with
Qwen2.5-7B-Instruct outperforms all baselines ex-
cept GPT-4-based methods and Themis-8B, while
MAD-Eval with Qwen2.5-72B-Instruct, GPT-3.5-
Turbo, DeepSeek-v3 and GPT-4 surpasses all base-
lines.

Themis-8B outperformed MAD-Eval (Qwen2.5-
7B-Instruct) in Topical-Chat and SummEval ex-
periments. We argue that fine-tuning methods rea-
sonably outperform prompt-based counterparts on
same-scale models, yet fine-tuning is costly for
large models and inapplicable to powerful black-
box models (e.g., GPT-4)—prompt-based methods,
by contrast, can conveniently utilize state-of-the-art
model capabilities.

4.3 Analysis

Perspective Importance Analysis We also an-
alyzed perspective importance (discussed in Sec-
tion 3.3.4) from different sources. Figure 5 shows
the top 15 response-related perspectives ranked by
importance (full ranking and distribution ratios in
Appendix B). (1) Seed perspectives and those gen-
erated via semantic back-propagation mostly ap-



Benchmark Topical-Chat Summeval Dataset NA Consist. NO Consist. AvgPI AvgConf.
Method p T p T PandalL.M
Fine-Tuned Model Benchmark 0.5332 0.6102  0.1153 0.576
- USR 0.4192 0422 - - MT-Bench 0.4224 0.4103 0.0526  0.4596
- UniEval (770M) 0.533  *0.577 0474 0377 Chatbot Arena ~ 0.2697 0.1918 0.0454 0.2136
- Prometheus-13B 0434 - 0.163 0.142
- Auto-J-13B 0.425 - 0.198 = 0.172 Table 6: NA Consist. (new annotation consistency):
Jg;mi:‘SB *0.725 - *0.553 *0.499 average Cohen’s Kappa coefficient between new annota-
) Qwenzg(fgistruct 04202 03773 - . tions; NO Consist. (nej,w-original consistency): average
-Qwen25-72B-Instruct ~~ 0.6463  0.5803 - _ Cohen’s Kappa coefficient between new annotations and
- GPT-3.5-Turbo 0.6287 0.5645 - - original labels; AvgPI: average accuracy improvement
- DeepSeck-v3 0.6131 0.5505 - - of MAD-Eval over all baselines on the dataset; Avg-
AUTOCALIBRATE Conf.: average confidence of MAD-Eval on the dataset.
- GPT4 - - *0.529 *0.474
G-Eval
-GPT-3.5 0.574  *0.585 0.401 0.32 s
- GPT-4 0.575  *0.588 *0.514 *0.418
ChatEval
- GPT-3.5 (Single-Agent)  0.544  0.503 - -
- GPT-4 (Single-Agent) *0.658 *0.611 - -
- GPT-3.5 Multi-Agent)  0.552  0.51 - -
- GPT-4 (Multi-Agent) *0.684 *0.632 - -
HD-Eval
- GPT4 #0.638 - #0.535 -
MAD-Eval Ferspective Impartance

Qwen2.5-7B-Instruct

(213/67) 0.6379 0.5453  0.5007 0.4744 Figure 5: The top 15 response-related perspectives

- Qwenzéfigimmm 0.7569 0.6624 0.5546 0.5284 sorted by importance. (Experiments using Qwen2.5-7B-
- GPT-3.5-Turbo (77/48)  0.7455 0.6488 0.5608 0.5335 Instruct on PandalLM, MT-Bench and Chatbot Arena
-DeepSeek-v3 (82/41)  0.7617  0.6678 0.5728 0.5461 as the dataset) Figure 9 in the Appendix displays the
- GPT-4 (32/30) 0.7644 0.6695 0.5996 0.5729

Table 5: Results on Topical-Chat and Summeval. Empty
cells denote unreported data.

pear in top ranks, which attests to their high quality.
(2) Perspectives from single in-depth or in-breadth
evolving generally rank lower on average, while
multi-iteration (i.e., mix) ones, though varying in
quality, include a large number of top-ranked ones.
(3) The average importance of perspectives after
applying output granularity refinement increased
by 37.0%.

Confidence Analysis We also calculated confi-
dence based on the probability of each label when
MAD-Eval makes pairwise comparison predictions.
As Table 4 shows, cases with higher confidence ex-
hibit significantly higher accuracy across all bench-
marks. This means that MAD-Eval can perform
pre-judgment, with low-confidence cases then sub-
mitted to manual judgment.

Additionally, MAD-Eval’s average performance
improvement varies by dataset. Table 6 indicates
less improvement on datasets with lower average
confidence. We speculate low confidence stems
from higher dataset difficulty or poorer manual
label quality. To verify, we sampled 100 cases
from each of these datasets, with three annota-

prompts used for the top 5 perspectives.

tors per case, and observed NA Consist. and
NO Consist. The difficulty ranking derived from
NA Consist.—PandalLM < MT-Bench < Chatbot
Arena—matches the average confidence ranking.
Moreover, Chatbot Arena shows significantly lower
NO Consist. than NA Consist., suggesting poorer
original label quality may hinder MAD-Eval’s
learning of correct preferences, leading to reduced
performance improvement. This conclusion is rea-
sonable because the annotations of Chatbot Arena
were made by different real-world users rather than
a specific group of trained annotators.

5 Conclusion

We propose MAD-Eval, a scalable and transferable
evaluation framework achieving close alignment
with human judgment preferences. We then apply
this framework to multiple meta-evaluation bench-
marks, generating a large perspective pool to pro-
vide interpretable guidance for model evaluation.
Furthermore, We investigate the impact of perspec-
tives constructed using different methods, offering
guidance for perspective design and optimization.



Limitations

MAD-Eval employs multi-prompt evaluation,
which incurs relatively high costs. However, since
the evaluation of each perspective is independent
of others, we can execute evaluations across all
perspectives in parallel to reduce time costs. Ad-
ditionally, the expert routing process does not rely
on model responses, so it only needs to be per-
formed once on the benchmark and can be reused
in all subsequent evaluations. Experimental results
also demonstrate that MAD-Eval can achieve better
performance on small models (e.g., Qwen2.5-7B-
Instruct) with lower memory costs compared to
large models (e.g., GPT-3.5-turbo and DeepSeek-
v3) under single-prompt evaluation.

Furthermore, existing fine-tuning methods can
achieve or surpass the performance of MAD-Eval
on models of comparable scale. However, fine-
tuning is costly for large models and inapplicable
to powerful black-box models (e.g., GPT-4). In
contrast, MAD-Eval can conveniently leverage the
capabilities of state-of-the-art models to attain per-
formance levels that are difficult for fine-tuning
methods to reach in practical scenarios.
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A Prompts

e JudgeLM prompt with adaptability
changes made to the prompts regarding
the output format:

Please act as an impartial judge and evaluate
the quality of the responses provided by two
Al assistants to the user question displayed
below. You should choose the assistant tha
follows the user’s instructions and answers the
user’s question better. Your evaluation should
consider factors such as the helpfulness, rele-
vance, accuracy, depth, creativity, and level of
detail of their responses. Avoid any position
biases and ensure that the order in which the
responses were presented does not influence
your decision. Do not allow the length of the
responses to influence your evaluation. Do
not favor certain names of the assistants. Be
as objective as possible. **Qutput your final
verdict by strictly following this format with-
out providing any explanation®**: "[[A]]" if
assistant A is better, "[[B]]" if assistant B is
better, and "[[C]]" for a tie.

[User Question]

{instruction}

[The Start of Assistant A’s Answer]
{response_a}

[The End of Assistant A’s Answer]
[The Start of Assistant B’s Answer]
{response_b}

[The End of Assistant B’s Answer]

e PandalLLM prompt with adaptability
changes made to the prompts regarding
the output format:

Below are two responses for a given task. The
task is defined by the Instruction with an Input
that provides further context. Evaluate the
responses and generate a reference answer for
the task.

### Instruction:
{instruction}

### Response 1:
{response_a}

### Response 2:
{response_b}

*#*Qutput your final verdict by strictly follow-
ing this format without providing any explana-
tion**: "[[A]]" if assistant A is better, "[[B]]"
if assistant B is better, and "[[C]]" for a tie.

USR prompt with adaptability changes
made to the prompts regarding the output
format:

Please act as an impartial judge and evaluate
the quality of the response provided by an Al
assistant to the user question displayed below.
Please score the assistant’s response according
to the following rules:

- A score of 1 (very bad). A completely invalid
response. It would be difficult to recover the
conversation after this.

- A score of 2 (bad). Valid response, but other-
wise poor in quality.

- A score of 3 (neutral) means this response is
neither good nor bad. This response has no
negative qualities, but no positive ones either.

- A score of 4 (good) means this is a good re-
sponse, but falls short of being perfect because
of a key flaw.

- A score of 5 (very good) means this response
is good and does not have any strong flaws.

**Qutput your final verdict by strictly follow-
ing this format without providing any expla-
nation®*: "[[1]]" if the score is 1, "[[2]]" if
the score is 2, "[[3]]" if the score is 3, "[[4]]"
if the score is 4, "[[S]]" if the score is 5.

[User Question]

{question}

[The Start of the Assistant’s Answer]
{answer}

[The End of the Assistant’s Answer]

Our prompt used on pairwise comparison
benchmarks:

Please act as an impartial judge and evaluate
the quality of the responses provided by two
Al assistants to the user question displayed
below. You should choose an assistant that
better meets this requirement:

**{perspective}**

. Avoid any position biases and ensure that the
order in which the responses were presented



does not influence your decision. Do not allow
the length of the responses to influence your
evaluation. Be as objective as possible.

**Qutput your final verdict by strictly follow-
ing this format without providing any explana-
tion**: "[[A]]" if assistant A is better, "[[B]]"
if assistant B is better, and "[[C]]" for a tie.

[User Question]

{question}

[The Start of Assistant A’s Answer]
{answer_a}

[The End of Assistant A’s Answer]
[The Start of Assistant B’s Answer]
{answer_b}

[The End of Assistant B’s Answer]

Our prompt used for ''Changing from Clas-
sification to Scoring'':

Please act as an impartial judge and evaluate
the quality of the responses provided by two
Al assistants to the user question displayed
below.

You should choose an assistant that better
meets this requirement:

**{perspective}**

. You need to give a score ranging from -5 to
5 according to the following rules: - When the
score is positive, it means that Assistant A’s
response is more in line with the requirements
than Assistant B’s. In this case, the closer the
score is to 5, the greater the gap. - When the
score is negative, it indicates that Assistant B’s
response is more in line with the requirements
than Assistant A’s. Here, the closer the score
is to -5, the greater the gap. - The closer the
score is to 0, the smaller the gap between their
responses.

**Qutput your final verdict by strictly follow-
ing this format without providing any expla-
nation**: "[[x]]", where X is the score you as-
sign. For example, "[[3]]" represents 3 points,
and "[[-3]]" represents -3 points.

[User Question]

{question}

[The Start of the Assistant’s Answer]
{answer}

[The End of the Assistant’s Answer]

* Our prompt used on individual scoring
benchmarks:

Please act as an impartial judge and evaluate
the quality of the response provided by an
Al assistants to the user question displayed
below.

You need to determine whether the assistant’s
response meets the following requirement:

**{perspective}**

You need to give a score from 1 to 5. The
higher the score, the more the assistant meets
the requirements.

As two extreme examples, a score of 5 means
the assistant’s answer perfectly meets the re-
quirements, and a score of 1 means the as-
sistant’s answer is completely contrary to the
requirements.

**Qutput your final verdict by strictly follow-
ing this format without providing any expla-
nation**: "[[1]]" if the score is 1, "[[2]]" if
the score is 2, "[[3]]" if the score is 3, "[[4]]"
if the score is 4, "[[5]]" if the score is 5.

[User Question]

{question}

[The Start of the Assistant’s Answer]
{answer}

[The End of the Assistant’s Answer]



B Introduction to Baselines

* JudgeLLM (Zhu et al.): Fine-tuning LLMs
(Vicuna) as scalable judges to evaluate LLMs
in open-ended benchmarks.

PandalLM (Wang et al., 2024b): Fine-tuning
LLMs (LLaMA) to distinguish the superior
model.

CoT: The prompt template used in JudgeLM
also applies the Chain-of-Thought (CoT) (Wei
et al., 2022) method.

USR (Mehri and Eskenazi, 2020): An unsu-
pervised and reference-free evaluation metric
for dialog generation, trained on Topical-Chat.

UniEval (Zhong et al., 2022): A unified multi-
dimensional evaluator for NLG, trained with
google/t5-v1_1-large as the base model.

G-Eval (Liu et al., 2023): A framework of
using LLMs (GPT-3.5 / GPT-4) with CoT and
a form-filling paradigm, to assess the quality
of NLG outputs.

ChatEval (Chan et al.): A multi-agent referee
team that enables LLMs (GPT-3.5 / GPT-4) to
autonomously discuss and evaluate generated
responses for open-ended questions and NLG
tasks.

* AUTOCALIBRATE (Liu et al., 2024b): A
multi-stage, gradient-free approach to auto-
matically calibrate and align an LLM-based
(GPT-4) evaluator toward human preference.

HD-EVAL (Liu et al., 2024c¢): A white-box
framework aligning LLM evaluators with hu-
man preferences via hierarchical criteria de-
composition, attribution pruning, and iterative
alignment.

e Themis-8B (Hu et al., 2024): An 8B-
parameter LLM for reference-free NLG eval-
uation, trained via multi-perspective consis-
tency verification and rating-guided prefer-
ence alignment on the NLG-Eval corpus, en-
abling flexible, interpretable, and generaliz-
able evaluation across diverse NLG tasks.

¢ Auto-J-13B (Li et al., 2024b): A fine-tuned
LLM evaluator for assessing alignment of
NLG outputs, trained with human annotations
to judge generative model alignment.
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* Prometheus-13B (Kim et al., 2024): A fine-
tuned LLM evaluator trained via weight merg-
ing of direct assessment and pairwise ranking-
specialized models on custom datasets.

Rule Decomposition

The assistant's answer can effectively solve the problem.

Type-Specific Presets

Is this a mathematical calculation problem?

Prompt Transfer

Please act as an impartial judge and evaluate the quality of the responses
provided by two Al assistants to the user question......(Prompt of JudgeLM)

Figure 6: Example of the method adopted for the cold-
start of the perspective pool mentioned in section 3.3.1.

Model & Hyperparameters
Logistic Regression

Search Space

[’11°,°12°, "none’]
[100, 500, 1000]

- penalty
- max_iter

Decision Tree

- max_depth [3, 5, 10]

- min_samples_split [2,5, 10, 15]
- min_samples_leaf [1,2,5,10]
Random Forest

- n_estimators [50, 100]

- max_depth [3,5,10]

- min_samples_split [2,5,10, 15]
- min_samples_leaf [1,2,5,10]

Table 7: Search spaces for prediction models and hyper-
parameters. Among them, the names of hyperparame-
ters and their meanings refer to scikit-learn (Pedregosa
etal.,, 2011).
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broad search
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classification to scoring

0.000 0.005 0.010 0.015

Perspective Importance
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Figure 7: Ranking of response-dependent perspectives
importance. (Experiments using Qwen2.5-7b-Instruct
on PandalLM, MT-Bench and Chatbot Arena as the
dataset)

in-depth evolving
seed

in-breadth evolving

granularity refinement 10.0%

27.9% mix

back-propagation

Figure 8: Distribution ratio of response-dependent per-
spectives.

Seed PandalLM Prompt (Below are two responses for a given task. The task is defined
by the Instruction with an Input that provides further context. Evaluate ...)

Back Propagation The assistant's response provides additional valuable insights or
explanations that enhance the overall usefulness and depth of the answer.

Back Propagation The assistant's response indicates in - depth understanding of the
question, closely focusing on the question's context, user needs, and the topic.

Mix Your evaluation should focus solely on the completeness and adequacy of the
information provided in each response.

Back Propagation The assistant's response offers additional valuable insights,
background, or explanations, enhancing the practicality and depth of the answer.

Figure 9: The prompts used for the top five perspectives
in Figure 5.

PandalLM JudgeLM

USR

Method Prompt  Prompt CoT Prompt MAD-Eval
Arena Chatbot
Acc 0.4950 0.5113  0.4915 - 0.5235
F1 0.4944 0.5083 0.4266 - 0.5276
p 0.3472 0.3611 0.3346 - 0.3730
T 0.3138 0.3277 0.3136 - 0.3398
MT-bench
Acc 0.6450 0.6550 0.6350 - 0.6700
F1 0.6431 0.6417 0.5883 - 0.6679
p 0.5674 0.5620 0.5408 - 0.5856
T 0.5259 0.5223 0.5103 - 0.5464
PandalLM
Acc 0.6176 0.5776  0.7658 - 0.8248
F1 0.6444 0.6295 0.7702 - 0.8235
p 0.5356 0.5800 0.6573 - 0.7076
T 0.5024 0.5434  0.6309 - 0.6921
Topical-Chat
MSE - - - 1.3194  0.7556
p - - - 0.6949  0.7569
T - - - 0.6134  0.6624

Table 8: Results on Qwen2.5-72B-Instruct.

PandalLM JudgeLM

USR

Method Prompt  Prompt CoT Prompt MAD-Eval
Arena Chatbot
Acc 0.3975 0.3407 0.3492 - 0.4137
F1 0.3235 0.1980 0.2147 - 0.3884
p 0.1426 0.0359 0.0749 - 0.1558
T 0.1343 0.0339 0.0706 - 0.1422
MT-bench
Acc 0.4930 0.3970  0.4080 - 0.5530
F1 0.4243 0.2541 0.2766 - 0.5001
p 0.2900 0.1319 0.1632 - 0.3995
T 0.2734 0.1247 0.1542 - 0.3735
PandalLM
Acc 0.5746 0.4775 0.4815 - 0.6567
F1 0.5198 0.3442  0.3699 - 0.6423
p 0.2827 0.0381 0.0511 - 0.4050
T 0.2724 0.0367 0.0493 - 0.3917
Topical-Chat
MSE - - - 2.4806  1.5639
p - - - 0.1975  0.3149
T - - - 0.1723  0.2770
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Table 9: Results on Qwen3-0.6B.



	Introduction
	Related Work
	Method
	Problem Formulation
	Overview of MAD-Eval
	Misalignment-Driven Perspective Evolution
	Initialization
	Semantic Back-Propagation
	Evolutionary Exploration
	Perspective Refinement and Selection

	Instance-Aware Expert Routing
	Adaptive Aggregation
	Training and Implementation

	Experiment
	Experimental Setup
	Meta-Evaluation Benchmark
	Setup of MAD-Eval
	Baselines

	Main Results
	Analysis

	Conclusion
	Prompts
	Introduction to Baselines

