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Abstract

Recently, numerous new benchmarks have been established
to evaluate the performance of large language models (LLMs)
via either computing a holistic score or employing another
LLM as a judge. However, these approaches suffer from data
leakage due to the open access of the benchmark and inflex-
ible evaluation process. To address this issue, we introduce
TreeEval, a benchmark-free evaluation method for LLMs
that let a high-performance LLM host an irreproducible eval-
uation session and essentially avoids the data leakage. More-
over, this LLM performs as an examiner to raise up a se-
ries of questions under a topic with a tree planing strategy,
which considers the current evaluation status to decide the
next question generation and ensures the completeness and
efficiency of the evaluation process. We evaluate 6 models of
different parameter sizes, including 7B, 13B, and 33B, and
ultimately achieved the highest correlation coefficient with
AlpacaEval2.0 using only around 45 questions. We also con-
duct more analysis to show the robustness and reliability of
TreeEval.

Code — https://github.com/Ashura5/TreeEval

Introduction
The recent surge in Large Language Models (LLMs) has
been significant, transitioning from closed-source (OpenAI
2023; Team 2023a) to open-source (Touvron et al. 2023;
et al. 2023a; Jiang et al. 2023) models. Various Supervised
Fine-Tuning (SFT) and Reinforcement Learning from Hu-
man Feedback (RLHF) techniques have been proposed to
further enhance the performance of LLMs (Taori et al. 2023;
Chiang et al. 2023; Bai et al. 2022; Ouyang et al. 2022; Tun-
stall et al. 2023a). These LLMs demonstrate capabilities to
address diverse tasks and are widely utilized in both aca-
demic and industrial fields. While human evaluation is in-
tuitive for assessing the performance of LLMs, it is time-
consuming and susceptible to unexpected bias (Zheng et al.
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2023b; Wang et al. 2024). Thus, investigating automatic
evaluation approaches for LLMs becomes crucial.

To date, numerous automatic evaluation methods have
been proposed. One approach involves annotating bench-
mark datasets, such as MMLU and BBH (Hendrycks et al.
2021; Suzgun et al. 2022), to test various capabilities of an
LLM. The performance is assessed by checking the overlap
between annotated answers and generated answers, produc-
ing a holistic score to indicate the LLM’s performance. We
refer to this category of evaluation methods as the bench-
mark paradigm. However, the holistic score can be inflex-
ible for measuring the quality of LLM outputs since token
mismatches do not necessarily indicate incorrect answers.

With the advent of high-performance LLMs, another
approach leverages them to simulate human evaluation.
This involves providing the evaluated LLM with predefined
benchmark questions and using another LLM, such as GPT-
4, to judge its responses (Zheng et al. 2023a; Li et al. 2023b;
Bai et al. 2023; Wang et al. 2023a; Zhang et al. 2023b;
Wang et al. 2023c; Li et al. 2023a; Zhu, Wang, and Wang
2023). We refer to this category of evaluation methods as
the LLM-as-judge paradigm. However, this evaluation ap-
proach can also introduce additional biases, including posi-
tional bias (Wang et al. 2023a), verbosity bias (Saito et al.
2023), and style bias (Wu and Aji 2023). Positional bias
refers to the tendency to assign higher scores to answers
based on their specific positions. Verbosity bias indicates
that large language models often prefer more verbose an-
swers, even if these longer responses are not necessarily of
higher quality than shorter ones. Style bias manifests in the
inclination of large language models to favor answers that
match their own generated style, such as giving lower scores
to correct responses with spelling errors, since LLMs rarely
produce content with spelling mistakes.

Despite enabling automatic evaluation with standard
pipelines, both the benchmark and LLM-as-judge paradigms
face significant data leakage issues. The extensive training
data used in LLM development, considered a valuable as-
set by many closed and even open-source models, can eas-
ily lead to benchmark data leakage, severely biasing eval-
uation results (Zhou et al. 2023b). To solve this issue, we
propose a novel evaluation paradigm, which takes an LLM
as an examiner to raise questions. The examiner should pro-
duce different evaluation session for each time which makes
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Figure 1: Comparison of TreeEval with existing evaluation
paradigms.

it hard to duplicate the evaluation questions and protect the
evaluation benchmark from disclosure for fine-tuning and
pre-training an LLM deliberately. However, simply adopt-
ing an LLM as examiner would lead to arbitrary evalua-
tion question generation without a goal. Designing such a
benchmark-free evaluation method need take the following
aspects into consideration: (1) Similar as the question in
a benchmark (Taori et al. 2023; Zheng et al. 2023a), the
generated questions should be derived from certain topics,
which ensures the scope of the evaluation. (2) Drawing in-
spiration from the interview, within a topic, the examiner
should generate a line of questions that are diverse to cover
different knowledge rather than producing a single question.
(3) The generation procedure should be flexible enough to
generate mutually connected questions and control the diffi-
culty level of these questions. When the current line of ques-
tion cannot distinguish two LLMs, more difficult questions
should be raised up. Otherwise, the evaluation could be ter-
minated immediately.

To this end, we propose TreeEval, which is a benchmark-
free evaluation of the knowledge implication and question-
answering capabilities of LLM through tree planning. The
line of questions within a topic for evaluation are organized
in a tree, where each node contains a question. In the pro-
cess of constructing a tree, we repeatedly revisit the status
of the current tree and generate the next node until the tree
is enough to differentiate two LLMs. The difference between
our evaluation method and previous paradigms can be found
in Figure 1. To verify the effect of our method, we evalu-
ate multiple LLMs. The results demonstrate that our method

shows similar ranking as AlpacaEval2.0 in LLM-as-judge
paradigm with only 45 questions in average for each round
of evaluation. Further analysis shows our advantages in mea-
suring fine-grained capabilities and conducting robust com-
parison for LLMs.

Our contributions are summarized as follows:

• We introduce a novel evaluation paradigm, TreeEval,
which allows for efficient and comprehensive evaluation
of LLMs, inherently preventing data leakage issues.

• TreeEval has advantage in distinguishing two LLMs with
similar performance by constructing a deeper tree, which
extends the evaluation process to obtain more stable and
accurate assessment results.

• We compare with a set of automatic evaluation baselines,
and find that our TreeEval achieves the highest correla-
tion coefficient with AlpacaEval2.0.

Related Work
Methods of LLM Evaluation
Due to the explosive growth and rapid update of LLMs, a
significant challenge is to conduct accurate and comprehen-
sive evaluation for them (Chang et al. 2023). Early stud-
ies leverage open-ended question answering datasets and
math word problems as the evaluation benchmarks (Tou-
vron et al. 2023; et al. 2023b; Chen et al. 2024) to eval-
uate the commonsense knowledge and reasoning capabili-
ties of LLMs. Subsequently, more benchmark datasets like
MMLU (Hendrycks et al. 2021), AGIEval (Zhong et al.
2023), IFEval (Zhou et al. 2023a) have been elaborately
designed to gauge diverse abilities of LLMs. Some stud-
ies (Wang et al. 2023a,a; Saha et al. 2023) go beyond stan-
dard evaluation metrics. They evaluate the quality and accu-
racy of predicted results through human annotation, which
is able to provide a more comprehensive feedback. With the
emergence of high-performance LLMs like GPT-4 (OpenAI
2023), Gemini Pro (Team 2023a), more recent studies start
to utilize them to simulate the human evaluation process.
In this realm, PandaLM (Wang et al. 2023c) strives to pro-
vide reproducible and automated comparison between vari-
ous LLMs by training a LLM as the judge. GPTScore (Fu
et al. 2023) and G-Eval (Liu et al. 2023) utilize GPT-3 and
GPT-4 as the judge to evaluate the LLMs with incorpora-
tion of in-context learning and chain-of-thought strategies.
The above methods rely heavily on a well-organized bench-
mark dataset. However, there have been some recent works
focusing on data leakage of LLM reviews. (Zhu et al. 2024)
proposed a method based on DAG to dynamically gener-
ate samples to evaluate LLM reasoning capabilities during
the evaluation process. And our method is benchmark-free
and has LLMs performing as the examiner to evaluate other
models’ knowledge entailment and question answering ca-
pabilities.

Data Leakage of LLM Evaluation
As the number of benchmarks for language model evalua-
tion increases, data leakage emerges as an inevitable con-
cern. However, there appear to be a limited number of
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studies addressing this issue. Sainz et al.(2023) propose
a method to detect data breaches in closed-source LLMs,
based on the premise that LLMs can recall training data and
tend to reproduce similar content. Zhou et al.(2023b) con-
duct qualitative analysis of the impact of data leakage, which
suggests that a data breach in one benchmark significantly
enhances the LLM’s performance on that specific bench-
mark while diminishing its capabilities on other uncompro-
mised benchmarks. Yang et al.(2023) propose a more accu-
rate approach which employs an LLM detector with top-k
closest training data to determine if they match the test data.
In contrast to these methods, which develop additional mod-
els for detecting data leakage during LLM evaluation with
given benchmark datasets, our proposed method introduces
a novel paradigm for LLM evaluation. It not only ensures
the high quality of test questions but also inherently avoids
data leakage.

Methodology
Overall Architecture
Figure 2 shows the overall structure of TreeEval. TreeEval
organizes evaluations in a tree format, using components
such as an Examiner, a Judge, and an Eval Controller. Af-
ter the tree is built, an Aggregator compiles the scores. This
framework allows for benchmark-free evaluation of LLMs
through tree planning. Here’s how it works:

1. Session Setup: For each evaluation session, we choose
two LLMs and start with an initial topic.

2. Question Generation: The Examiner generates ques-
tions within this topic.

3. Response Collection: These questions are sent to the
LLMs, and their responses are collected.

4. Response Evaluation: The Judge compares the re-
sponses and decides the winner for each question.

5. Evaluation Control: If the responses are closely
matched, the Eval Controller deepens the question. If a
clear winner is found, the process moves to a new ques-
tion. This follows a breadth-first search strategy, ensuring
diverse and reliable questions.

6. Score Aggregation: Finally, the Aggregator compiles
the scores from all nodes in the tree to produce a com-
prehensive evaluation score.

TreeEval uses a tree structure to evaluate LLMs, minimizing
the number of questions needed. Questions are generated au-
tomatically, preventing benchmark leakage. The root node
starts with the session’s topic, and each node represents a
question within that topic. Connections between nodes show
how questions evolve. Deeper nodes indicate more similar
abilities between the LLMs. Sibling nodes, derived from
the same parent, cover different subtopics of the same main
topic.

TreeEval Modules
In this section, we provide more details of the components of
the TreeEval and illustrate how to construct a tree for evalu-
ation via these components.

Examiner. The examiner is a LLM-based module, which
takes charge of generating exam questions that are able to
cover diverse topics. Following (Bai et al. 2023), we pre-
define a set of topics as the scope of evaluation.

As the initialization of an evaluation session, we ran-
domly sample a topic from the pre-defined topic set, which
is denoted as FCpre-define. Given a topic, the examiner is re-
quested to craft a question that related to it via a prompt
with the consideration of the coherence to the topic and the
required format of the question. The detailed instruction is
displayed in (Appendix Prompt for Examiner).

Once the session begins, we organize the follow-up ques-
tions in a tree structure. For simplify, we generally denote
the follow-up topic at the t-th time step as Ct. And the above
procedure can be presented as:

Qt = Examiner(Ct).

Subsequently, Qt is utilized as the question to test the LLMs
under review.
Judge. Previous studies (Wang et al. 2023a) conduct pair-
wise comparison and identify the superior responses among
two evaluated LLMs, which has advantage in providing
more nuanced assessment. Following these studies, we con-
sult a pair of LLMs with the same question. The detailed
instruction is displayed in (Appendix Prompt for Judge). Af-
ter the responses have been produced via the LLMs, another
LLM performs as the judge to the responses.

To ensure the reliability of the judge, we further conduct
exchange evaluation, that is to switch the order of the re-
sponses. This procedure can be denoted as:

S1
t = Judge(Qt, A

1
t , A

2
t );

S2
t = Judge(Qt, A

2
t , A

1
t ),

where A1
t , A2

t denote the responses from the pair of LLMs
for Qt. Each output judges the winner is A1

t or A2
t or a tie

exits. If there is an agreement for S1
t and S2

t , We assign 2
score to the winner and 0 score to the loser to form St. Oth-
erwise, we assign 1 to each model as St.

As the evaluation proceeds, we maintain a memory to
record the history of the session, including the initial topic,
historical questions as well as responses from the two eval-
uated LLMs. After Qt has been responded, the history at
the t-th time step in the evaluation session can be denoted
as Mt = {C0, Q0, A

1
0, A

2
0, ..., Ct, Qt, A

1
t , A

2
t}. To involve

the coherence of the flowing conversation and raise up ratio-
nal follow-up questions, we prompt the examiner with the
consideration of the history.
Eval Controller. The evaluation controller takes charge of
the process of tree planning. Arbitrary generation of ques-
tions result in unorganized evaluation of LLMs with re-
peated questions and limited topics. To ensure the relevance
and diversity of the generated questions, we have the follow-
ing consideration: (1) To simulate the real-world interview
of a certain subject, where the questions in an examination
are mutually connected, we assume the generated follow-
up question should be closely linked to its previous ques-
tion via topics. For example, in Figure 2, inheriting from the
root topic “technology and communication”, we can raise a
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Figure 2: TreeEval system with an illustrative tree for evaluation. The left section contains the components and their workflow
in TreeEval. The right section displays a constructed tree within topic Technology and Communication for evaluation (the leaf
nodes are shown in red boxes), where each node denotes a question annotated with its topic and evaluation score. We further
display the generated questions of the tree in the (Appendix Eval Controller Example).

Algorithm 1: Procedure of TreeEval
1: Input FCpre-define;
2: Initial t← 0;Mt ← ∅
3: while Termination strategy is not satisfied do
4: for Ct ∈ FCparent or C0 ∈ FCpre-define do
5: Q̃t ← Examiner(Ct) ▷ Sample questions via Examiner.
6: Qt ← argmaxQi

t∈Q̃t
(Sim(Qi

t, Ct)−maxQk∈Mt Sim(Qi
t, Qk)) ▷ Rank candidate questions in Step Two.

7: A1
t , A

2
t ← LLMs(Qt)

8: St = Judge(Qt, A
1
t , A

2
t ) ▷ Output scores of LLMs via Judge.

9: Mt ←Mt ∪ {Ct, Qt, A
1
t , A

2
t}

10: F̃Ct ← NER(A1
t ) ∪ NER(A2

t ) ▷ Generate candidate topic in Step Two.
11: FCt ← ∅
12: while |FCt| < k do ▷ Iteratively Filter candidate topics in Step One.
13: Ci

t ← argmaxC̃i
t∈F̃Ct

(Sim(C̃i
t , Ct))

14: FCt ← FCt ∪ {Ci
t}

15: F̃Ct ← F̃Ct \ Ci
t

16: for C̃j
t ∈ F̃Ct do

17: Sim(C̃j
t , Ct)← Sim(C̃j

t , Ct)− Sim(C̃j
t , C

i
t)

18: t← t+ 1

question on “5G” that is relevant to the root topic and goes
deeper. (2) The generated questions should not be repeated
in the existing questions and we should ensure the diverse
knowledge covered by the tree. For example, in Figure 2,
under the topic “AI”, we can come up with distinct but re-
lated sub-topics as siblings such as “AI Ethics”, “Accessibil-
ity Tools” and “Human Machine Interaction”.

Inspired by the Tree-of-Thought (Long 2023), where a
controller produces the next thought step, we let Eval Con-
troller arrange the follow-up evaluation according to Mt.
On the one hand, it prepares the follow-up topics FCt based
on {Ct, A

1
t , A

2
t} ∈ Mt for any of its child nodes in advance.

On the other hand, it determines Qt+1 based on the FCt and
{Q1, Q2, ..., Qt} ∈ Mt if the t-th node is the parent node
at t + 1 time step. We next describe the above two steps in
detail:

• Step One: Sample topics from the responses of the pre-

vious question: FCt ∼ NER(At)
1. This works better

when the Named Entity Recognition (NER) tool is built
upon a LLM as some relevant entities could be revised
via the model instead of solely being extracted (Wang
et al. 2023b).
We sample candidate topics from both A1

t and A2
t then

merge them together, which results in a set of candidate
topics F̃Ct as the follow-up topics of t-th node. How-
ever, this may produce some candidates that are repeated.
To avoid this, we first measure the similarity between
Ci

t ∈ F̃Ct and Ct by computing the Cosine Similarity of
their encoded vector representation (Zhang et al. 2023a),
which is denoted as Sim(Ci

t , Ct). Then, we iteratively
push out Ci

t with the largest score. Next, we update the
similarity scores of the rest topic Cj

t by subtracting the

1The detailed instruction could be found in (Appendix Prompt
for NER)
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similarity score of Cj
t ∈ F̃Ct \ Ci

t and Ci
t , which is to

decrease the possibility of retrieving similar topics. This
procedure continues until we have pushed out k topics as
FCt for the follow-up question generation.

• Step Two: If the question at (t + 1)-th time step is
the child node of the node at t-th time step, we gener-
ate questions based on the sampled topic via Qi

t+1 ∼
Examiner(Ct+1), where Ct+1 ∈ FCt. This could form
a candidate question set Q̃t+1. Still, to avoid repetition
of the generated questions and ensure a broad spectrum
of inquiry questions, we conduct ranking for the candi-
date questions. Specifically, we measure the similarity
between Qi

t+1 ∈ Q̃t+1 and Ct+1 via Cosine Similar-
ity. Then we push out Qi

t+1 with the largest similarity
score of Sim(Qi

t+1, Ct+1) and the least similarity score
of argminQk∈Mt Sim(Qi

t+1, Qk).
Termination Strategy. We use the following criteria to stop
generating questions for a topic:

• Distinctive Question: If a question distinguishes the ca-
pabilities of the two LLMs or if there is no tie, we termi-
nate further exploration of the current node.

• Dominant Sibling: After generating sibling nodes for a
parent, if most of the sibling nodes yield the same result,
we stop searching further for these siblings.

• Maximum Depth: A maximum depth T is set for the
tree search. Once reached, we terminate the search for
the current topic.

The search stops when all nodes meet these conditions. The
full process is outlined in Algorithm 1.

Score Aggregator
After we have constructed the multiple trees across
FCpre-define, where the nodes in each tree implies the win-rate
between two LLMs under review towards a specific topic.
To yield a final win-rate result, we aggregate the scores of
these constructed trees. However, it is irrational to consider
all the nodes in a tree equally due to their different features
and result scores. Specifically, we take the following aspects
of t-th node in a tree into account when we aggregate their
scores:

• Distance to the root node. Based on the principle of an
evaluation session, a longer distance to the root node in-
dicates a more intensive competition between the eval-
uated LLMs and the more important the node is. This
suggests that the winner only has a marginal advantage
over the other one. Therefore, we define one aspect of
an important node as wroot

t = 1
d , where d is the distance

from the t-th node to the root node in a tree.
• Origin of the topic. As the topic is derived from the re-

sponses in its parent node, a node inherited the topic gen-
erated from responses of the losing LLM is more impor-
tant considering it is more likely to balance the situation.
Hence, we define one aspect of an important node as:

wtopic
t =

{
1 Topic originated from the loser
0.5 Otherwise

• Variance of the sibling nodes. The disagreement of the
evaluation of the sibling node may implicit a potential
randomness derived from the topic. So we define the sib-
ling consensus as:

wtopic
t =

1

σ2 + 1
,

where σ is the variance of the score of its sibling nodes.

Considering the above aspects, we compute the final im-
portance weights of t-th node as:

wt = wroot
t

α · wtopic
t

β
· wsibling

t

γ
,

where α, β, and γ are hyper-parameters indicating the rela-
tive importance of these aspects. As a result, we sum up the
wt multiplying with the win-rate of an LLM and devide the
total evaluation questions to obtain its final scores:

S =
1

N

∑
i-th Tree from FCpre-define;

∑
t-th node in i-th Tree

wt · St,

where N is the sum of node weights in the evaluation session
and S is normalized.

Experiments
Experimental Setup
Evaluated LLMs. We evaluated the following open-source
LLMs, including two 7B models, two 13B models, and
two 33B models. These models are either derived from
LLaMA (Touvron et al. 2023; et al. 2023a) or trained from
scratch using the LLaMA architecture, and some show sim-
ilar performance according to the open-source LLM leader-
board2.

• Yi-34B-Chat (AI 2024) is a product from 01.AI, built
on a large-scale multilingual dataset.

• Xwin-LM-13B-V0.1 (Team 2023b) is based on
LLaMA2-13B and tuned through SFT and RLHF.

• Mistral-7B-Instruct-v0.2 (Jiang et al. 2023) is
tuned on the Mistral-7B model, built with the LLaMA
architecture.

• Vicuna-33B-v1.3 (Zheng et al. 2023a) originates
from LLaMA-33B and is fine-tuned using dialogues
from ShareGPT.

• WizardLM-13B-V1.2 (Xu et al. 2023) is based on
LLaMA2-13B and fine-tuned with enhanced instruction
data using Evol-Instruct.

• Zephyr-7B-beta (Tunstall et al. 2023b) is derived
from Mistral-7B and aligned using SFT and DPO meth-
ods.

Comparable Evaluation Methods. We compare TreeEval
with several existing methods, including:

• Benchmark Paradigm:
– MMLU (Hendrycks et al. 2021)
– Big-Bench Hard (BBH) (Suzgun et al. 2022)
2https://tatsu-lab.github.io/alpaca eval/
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LLMs MMLU⋆ BBH⋆ AlpacaEval† MT-bench† AlpacaEval2.0† TreeEval(Ours)

Acc Acc Win-Rate score Win-Rate #Q Score(var)

Mistral-7B-Instruct-v0.2 70.6 46.4 92.78 8.30 14.72 − 2.50(0.000)

Yi-34B-Chat 73.46 71.74 94.08 8.65 27.19 31.67 3.48(0.011)

xwinlm-13b-v0.1 56.6 37.58 91.76 7.34 17.43 62.33 2.67(0.000)

WizardLM-13B-V1.2 52.7 40.12 89.17 7.2 12.03 44.67 1.10(0.070)

zephyr-7b-beta 61.4 42.72 90.60 7.34 10.99 45.67 2.19(0.003)

Vicuna-33b-v1.3 59.2 52.0 88.99 7.12 12.71 41.33 1.61(0.044)

Average #Q ↓ 14, 079 6, 511 804 80 804 45.1 −
ρ ↑ 0.43 0.37 0.71 0.61 1.0 − 0.83

τ ↑ 0.33 0.33 0.47 0.41 1.0 − 0.73

Table 1: Comparison of LLMs across various evaluation methods. “⋆” denotes we re-implement MMLU and BBH bench-
marks (Chia et al. 2023), calculating results in both 5-shot and 3-shot contexts. “†” denotes we directly take results from the
respective leader-boards from MT-bench, AlpacaEval, and AlpacaEval2.0. “#Q” denotes the number of questions used for eval-
uation. We report the correlation of rankings obtained through different methods with those from AlpacaEval2.0, using τ for
the Kendall correlation coefficient (KENDALL 1938) and ρ for the Spearman correlation coefficient (Spearman 1904).

• LLMs as Judges:

– AlpacaEval and AlpacaEval2.0 (Li et al. 2023b)
– MT-Bench (Zheng et al. 2023a)

AlpacaEval and AlpacaEval2.0 use ChatGPT as the judge
for single-turn interactions, while MT-Bench focuses on
multi-turn dialogues.
Implementation Details. We use GPT-4-0613 as the
examiner, deployed with FastChat (Zheng et al. 2023a),
with a temperature of 1 for varied question generation.
We set T and k to 3, and α, β, and γ to 1, 1, and
0.4, respectively. To ensure stability, we repeat experiments
three times, average the scores, and report the variance.
Mistral-7B-Instruct-v0.2 is used as the reference
model for pairwise comparison, given its moderate perfor-
mance on public leaderboards.

Performance of TreeEval
We present the performance of TreeEval in Table 1, with the
following key observations:

• High Correlation: Among all comparable evaluation
methods, our method achieves the highest correlation
with AlpacaEval2.0 rankings in both ρ and τ . This high
consistency demonstrates the reliability of our method,
as AlpacaEval2.0 is a recognized LLM evaluation leader-
board.

• Evaluation Efficiency: Our method completes the eval-
uation with an average of only 45 questions, while other
methods require significantly more. This shows that our
approach is efficient in evaluating LLMs.

• Reference Comparison: Using
Mistral-7B-Instruct-v0.2 as the reference, we
observe that the larger the gap between the evaluated
LLM and the reference, the fewer the test questions

generated. This indicates that tree planning effectively
aligns with our expected goal.

Further pairwise correlation analysis in the appendix con-
firms that TreeEval has high correlation with AlpacaEval2.0.

Further Analysis
We further analyze to verify TreeEval’s effect.3
More powerful models. To demonstrate the performance of
our approach in comparison with more powerful models, Ta-
ble 2 presents the results of using Yi-34B-Chat as the base-
line. We selected some of the most advanced open-source
models currently available for testing against Yi-34B-Chat.
Our TreeEval achieved performance closest to that of Al-
pacaEval2. More model results can be found in the (ap-
pendix More model results).
Pairwise Comparison for Different Model Pairs. We
vary the reference model for pairwise comparison, with
results shown in Table 3. Selecting an appropriate base-
line model is crucial for our evaluation strategy. We chose
Mistral-7B-Instruct-v0.2 as the baseline, as it of-
fers a balanced performance for fair comparisons. Interest-
ingly, even a randomly selected baseline model yields rank-
ings similar to those from a thorough pairwise evaluation.
This suggests that an initial ranking can be set with a random
baseline, then refined efficiently using bubble sort. Since the
initial order closely matches the final ranking, the refinement
process has an O(n) complexity, improving both precision
and efficiency.
Ablation Studies. As we can see in Table 4, changing BFS
search to DFS search dramatically increases the number of

3Due to the page limit, more analyses (i.e., Fine-grained Eval-
uation and robustness of TreeEval) are provided in (Appendix
Fine-grained Evaluation) and (Appendix Robustness of TreeEval),
respectively.
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LLMs MMLU⋆ BBH⋆ MT-bench† AlpacaEval2.0† TreeEval(Ours)

Acc Acc score Win-Rate #Q Score(Var)

Yi-34B-Chat 73.5 71.7 8.65 27.1 − 2.50(0.000)

Qwen1.5-110B-Chat 80.4 74.8 8.88 33.7 42.67 4.03(0.110)

Meta-Llama-3-70B-Instruct 82.0 81.3 8.92 34.4 36.33 3.82(0.128)

Qwen1.5-72B-Chat 75.6 65.5 8.61 36.6 31.33 3.45(0.089)

Mixtral-8x7B-Instruct-v0.1 70.6 57.3 8.30 23.7 44.67 2.02(0.027)

vicuna-33b-v1.3 59.2 52.0 7.12 12.7 21.33 0.35(0.033)

ρ ↑ 0.82 0.71 0.71 1.0 − 0.94

τ ↑ 0.73 0.60 0.60 1.0 − 0.86

Table 2: Results of More Powerful Models. Given the strong capabilities of the evaluated models, we use Yi-34B-Chat as the
baseline and exclude the AlpacaEval benchmark, which is relatively simple for these models.

Model Yi-34B
-Chat

Xwin-LM
-13B-V0.1

Mistral-7B
-Instruct-v0.2

vicuna
-33b-v1.3

WizardLM
-13B-V1.2

zephyr
-7b-beta

Yi-34B-Chat − 1.88(0.400) 1.52(0.010) 2.1(0.070) 1.21(0.076) 1.75(0.143)

Xwin-LM-13B-V0.1 3.12(0.400) − 2.33(0.000) 1.53(0.403) 1.57(0.109) 2.41(0.000)

Mistral-7B-Instruct-v0.2 3.48(0.010) 2.67(0.000) − 1.61(0.044) 1.10(0.070) 2.19(0.003)

vicuna-33b-v1.3 2.9(0.070) 3.47(0.403) 3.39(0.044) − 2.01(0.374) 3.7(0.071)

WizardLM-13B-V1.2 3.79(0.076) 3.43(0.109) 3.90(0.070) 2.99(0.374) − 3.94(0.069)

zephyr-7b-beta 3.25(0.143) 2.59(0.000) 2.81(0.003) 1.3(0.071) 1.06(0.069) −

Table 3: Our result for each model pairs. The elements in this table represent the scores obtained by comparing models using
treeEval, with the column model being compared against the row model.

Methods #Q ρ τ

TreeEval 45.1 0.83 0.73

BFS→ DFS 149.4 0.37 0.33
w/o Step One 49.3 0.31 0.2
w/o wroot 45.1 0.77 0.6
w/o wtopic 45.1 0.77 0.6
w/o wsibling 45.1 0.71 0.47

Table 4: Ablation study on TreeEval.

questions but decreases the performance. This is because
DFS search generates the child node first rather than the
sibling node such that the influence of sibling node will be
neglected in both question generation and termination iden-
tification procedures. Removing step one, which indicates
skip the topic generation step, decreases the performance.
This indicates the significant role of identifying the topic for
question generation. When we iteratively remove the scores
in aggregator, we observe general performance drop on τ .
This indicates that all the scores in the aggregator are impor-
tant in producing a comprehensive score.
Case studies are presented in (Appendix Case Studies).

Conclusions

In this paper, we introduce TreeEval, a benchmark-free eval-
uation approach for LLMs with tree planning, which au-
tomatically controls the evaluation process with tree plan-
ning. We experimentally verify that TreeEval can not only
produce reliable evaluation results without data leakage but
also enhance discrimination between similarly performing
LLMs.

Limitations

Using LLMs like GPT-4 as judges introduces potential data
leakage risks due to biases in their pre-training data. This
can be mitigated by selecting neutral evaluators independent
of the assessed models’ training data or randomly rotating
evaluators to reduce bias.

While GPT-4 is a powerful examiner, it has limitations,
particularly in areas outside its expertise. This can be ad-
dressed by providing more contextual guidance during eval-
uations. In the future, training specialized evaluators to ex-
tract questions from document repositories and assess com-
prehension could ensure more accurate, domain-specific
evaluations.
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