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Abstract

Model customization necessitates high-quality and diverse datasets, but acquiring
such data remains time-consuming and labor-intensive. Despite the great potential
of large language models (LLMs) for data synthesis, current approaches are con-
strained by limited seed data, model biases, and low-variation prompts, resulting in
limited diversity and biased distributions with the increase of data scales. To tackle
this challenge, we introduce TREESYNTH, a tree-guided subspace-based data syn-
thesis approach inspired by decision trees. It constructs a spatial partitioning tree
to recursively divide a task-specific full data space (i.e., root node) into numer-
ous atomic subspaces (i.e., leaf nodes) with mutually exclusive and exhaustive
attributes to ensure both distinctiveness and comprehensiveness before synthesizing
samples within each atomic subspace. This globally dividing-and-synthesizing
method finally collects subspace samples into a comprehensive dataset, effectively
circumventing repetition and space collapse to ensure the diversity of large-scale
data synthesis. Furthermore, the spatial partitioning tree enables sample allocation
into atomic subspaces, allowing the rebalancing of existing datasets for more bal-
anced and comprehensive distributions. Empirically, extensive experiments across
diverse benchmarks consistently demonstrate the superior data diversity, model
performance, and robust scalability of TREESYNTH compared to both human-
crafted datasets and peer data synthesis methods, with an average performance gain
reaching 10%. Besides, the consistent improvements of TREES YNTH-balanced
datasets highlight its efficacious application to redistribute existing datasets for
more comprehensive coverage and the induced performance enhancement. The
code is available at https://github. com/cpa2001/TreeSynth,

1 Introduction

With the superior performance, large language models (LLMs), such as OpenAl ol [1], LLaMA-
3 [2], and DeepSeek R1 [3], have been deployed for various downstream applications, including
code copilot [4]], mathematical reasoning [3]], psychology [6], etc. The success of these models
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(a) Temperature Sampling (b) Evol-Instruct (C) TREESYNTH

Figure 1: Intuitive comparison of Temperature Sampling, Evol-Instruct, TaREESYNTH. Tem-

perature Sampling typically generates a speci ¢ data distribution induced by model biases, while
Evol-Instruct evolves seed data along speci ed directions. In conffatESYNTH starts from

a global perspective by dividing the entire data space into mutually exclusive and complementary
subspaces before sampling from each subspace, resulting in a more balanced and diverse dataset with
comprehensive coverage.

largely depends on the availability of large-scale diverse training datasets. However, open-access
data are typically drying uf/] 8], and manual data curation is both time-consuming and labor-
intensive [, [10], hindering its availability. This necessitates a novel approach to continuously
generate data that supports the ongoing advancement of LLMs across different domains.

To customize LLMs and further enhance their speci ¢ capabilities, synthesizing domain-speci ¢ data
using their remarkable abilities emerges as a promising soll@fiiLP]. Pioneering approaches
typically paraphrase current datas@g13], or prompt existing LLMs to reproduce their training
datafL4,15]. However, due to the inherent model biases and minimal-variation prompts, the generated
data often suffers repetition and homogeneity. To remedy this, increasing sampling tempégiture [
increases data diversity yet reduces quality. In contrast, attribute-driven approaché®efsona

Hub [17]) utilize the in-context learning capabilities of LLMs to offer increased diversity and
improved quality simultanously. Alternatively, evolving new data from existing datasets, represented
by Evol-Instruct[lL8]), augment existing data along different directions to induce diverse generation.
More details about the related works are provided in Appendlix. 5. However, as shown in[Figure 1,
from the perspective of data space, these methods typically start from the local distribationddel
biases, seed data, or low-variation prompts) without the global view, hindering their comprehensive
coverage. This raises the following question:

“Is there an automatic solution that starts from a global perspective to fully cover the domain-speci c
data space for higher diversity?”

To achieve this objective, we introduG&®EESYNTH, a tree-guided subspace-based data synthesis
approach inspired by decision tred$][ It consists of two key stages: data space partitioning

and subspace data synthesis. During the former phase, as illustrated in[[figlREESYNTH

employs a spatial partitioning tree to recursively divide a task-speci ¢ whole data Space6t

node de ned by textual descriptions) into numerous atomic subspaeeddaf nodes). These
subspaces are characterized by mutually exclusive and exhaustive attribute values to ensure both
distinctiveness and diversity. In the subsequent subspace data synthesis phase, samples are generated
within each subspace separately, before collecting them as a diverse and comprehensive dataset.
By employing this globally divide-and-synthesize methodoldgyEESYNTH effectively prevents
repetition and space collapse to ensure the diversity and completeness of large-scale data synthesis,
successfully avoiding the drawbacks of previous methods. Additionally, the spatial partitioning tree
enables the allocation of samples into atomic subspaces, thereby allowing the re-balancing of existing
datasets for more balanced and comprehensive distributions. Extensive experiments with both open-
source and closed-source models across diverse benchmarks, spanning mathematical reasoning, code
generation and psychology, demonstrate TrrRgEESYNTH consistently achieves the best downstream
performance with superior data diversity compared to both human-crafted datasets and peer data
synthesis methods, with the average performance enhancement reaching 10%, underscoring its great
effectiveness and generalization. Besides, the linear (or even better) performance growth trajectories
with increased data volume highlighREESYNTH's remarkable robustness and scalability for large-



scale data synthesis. Furthermore, the improved results achieved by appEE§YNTH to the
synthetic datasets demonstrate its ef cacious application to redistribute existing datasets for more
comprehensive coverage and the induced performance enhancement.

The main contributions are summarized as follows:

» We propos€rREESYNTH, a tree-guided subspace-based data synthesis approach, which
features mutually exclusive and exhaustive subspace partitioning, effectively circumventing
repetition and space collapse to ensure the diversity of large-scale data synthesis.

» Extensive experiments consistently highliJiREESYNTH's superior data diversity, model
performance and robust scalability over human-crafted datasets and peer synthesis methods.

» The sample allocation dFREESYNTH allows re-balancing existing datasets for more com-
prehensive coverage, leading to empirically veri ed downstream performance enhancement.

Figure 2: A spatial partitioning tree visualization DBREESYNTH, exempli ed through GSM8K-style
data synthesis.



2 Preliminary Knowledge

As a canonical machine learning algorithm, decision trd&% dre widely recognized for their
simplicity, ef ciency, and strong interpretability. For any given sample, the decision tree recursively
allocates it to deeper nodes within the hierarchical structure, until it reaches one and only one leaf
node. This functionality relies on two essential characteristics: (1) All leaf nodes of any sub-tree
starting from the root node are mutually complementary, ensuring every sample can be allocated to at
least one leaf node. (2) All leaf nodes of such a sub-tree maintain mutual exclusivity, guaranteeing
each sample can be assigned to at most one leaf node.

From a spatial perspective, the root node represents the entire sample space. As the tree delves deeper
with each layer of nodes, the space is exhaustively and exclusively divided into multiple subspaces
(i.e, child nodes). Hence, for any given task, we can conceptualize its training data as the entire space
(i.e., root node), allowing to establish a mapping between the nodes of decision tree and the training
data subspaces. In detail, the decision tree partitions the entire training data space into multiple leaf
nodes, with each leaf node corresponding to a data subspace with speci c attributes.

This inspires us to leverage the subspace partitioning of decision trees for data synthesis, offering
two notable advantages: (Djversity: The exclusivity of leaf nodes ensures the variation across
different subspaces, thereby guaranteeing samples diversit@o(@jprehensive CoverageThe
complementarity and exhaustiveness of leaf hodes ensures the sampling of comprehensive data,
preventing sample collapse.

3 Method

Inspired by the mapping between a decision tree and data space, we pFIEERYNTH, a tree-

guided subspace-based data synthesis approach. It consists of two primary stages: data space
partitioning and subspace data synthesis. The rst stage generates a spatial partitioning tree
analogous to the construction of a decision tree, while the second synthesizes data within each atomic
subspaces.g., leaf node). Beyond data synthesis, we also elaboratelm®eSYNTH can re-balance

existing datasets, facilitating more comprehensive coverage and induced performance improvement.

3.1 Data Space Partitioning

Given any data spacs (i.e., any node in the tree) with its context descriptiGs, data space
partitioning aims to decompose it into multiple subspdggs “si$ 1;2;::;ne. As shown in

Figure 3a, the partitioning process mirrors the construction of decision trees, and comprises two
critical steps: Criterion Determination and Subspace Coverage. These steps ensure the mutual
exclusivity (.e, | px 0;$9sq ¢) and exhaustivenessd,, [';si S) among subspaces,
respectively. This suggests that each subspace is disjoint, and collectively, they fully encompass the
original space.

Criterion Determination. The essence of this step lies in selecting a criteritimat most effectively
differentiates data within the spaBeso that most data characteristics can be captured with minimal
criteria. Speci cally, according to the space descripti@gn(e.g, "GSM8K-style mathematical
guestions" as shown in Figure 2), an LLM is rstly deployed to genefatgaximally diverse
pivot samplesX "x;$ 1;2;::;le to approximate the whole spa& Subsequently, another
off-the-shelf LLM, instructed to pro ciently identify inter-sample distinctions, determines exactly
one core criterion (e.g, Type of Mathematical Operation). This criteriomptimally partitionsx

into mutually exclusive attribute valueg  "v; $ 1,2;::;me (e.g, addition and subtraction),
categorizing each sampke >X into exactly one attribute value to ensure mutual exclusivity across
child nodes.

Subspace CoverageDespite the existing attribute valugg , the mutually exclusive subspagg ,
derived from partitioning< with these values, may not exhaustively cover the original sBaige to

a limited numbet of pivot samples. This imposes the risk of non-complementarity among the child
nodes. Hence, subspace coverage is designed to supplement potential attribute values of criterion
to comprehensively model the entire data spac8peci cally, we instruct an LLM to expand the
attribute value®/, toVg “v;$ 1;2;:;m;m  1;::;ne (e.g, additionally including square root

and modulus). The expanded attribute valganust be non-overlapping and fully cover the criterion

can be generated lsy Gs 9 v; for eachi, completely lling the data spac8 .



(a) Tree Perspective (b) Spatial Perspective

Figure 3: lllustration ofTREESYNTH. (a) Data space partitioning iterates criterion determination

and subspace coverage. The former identi es the critexig, ( , , ) and their associated attribute
values €.9, Vv, ,V,,V,,V,,V;,V,) to divide current nodese(g, entire spac®, A1, Ay, A..., By,

B>) until reaching the leaf nodes.@, atomic subspaces, G, :::), while the latter complements
potential attribute value®(g, v...) to ensure exhaustive coverage of the entire data space. (b) The
spatial visualization depicts the mapping between tree nodes and data subspaces, highlighting the
mutually exclusiveness and exhaustiveness of the subspaces.

However, not all criteria can be exhaustively enumerated. For example, if a criterion standard is
numerical values of mathematical questions, it contains in nite attribute vatugs@, 1, 2, 3 ...). In

such cases, we set a maximum number of attribute vé&lue@nce the number of attribute values
exceeddN , we refrain from setting individual sub-nodes for each attribute value, and instead establish
an in nite node encompassing potential attribute values. Whenever needed, one attribute value is
randomly sampled from all potential candidates. This effectively prevents the generation of numerous
trivial child nodes, thereby reducing the redundancy of the tree.

Spatial Partitioning Work ow. Recursively, we apply both criterion determination and subspace
coverage steps to construct a complete spatial partitioning tree. As illustrated in Figure 2 and 3,
starting from the entire data spa®e(i.e., root nodeN rot ) represented by training data description
Co, we rst perform criterion determination 0® to identify the optimal criterion that most
effectively distinguishes data within the spa@e Through subsequent subspace cover&yes
partitioned into mutually exclusive and exhaustive subspé@gegs “Ax& 1;2;::* based on .
Subsequently, the breadth- rst search (BFS) algorithm is applied to each sulfspaaeecursively
execute both steps until reaching the maximal debthAs shown in Figure 3aA is further
divided intoB; andB,, with B; subsequently partitioned into the leaf nodgsandG. Finally, a
spatial partitioning tre@ is constructed and decompo$2snto numerous mutually exclusive and
complementary atomic subspa@@§,,, each corresponding to a leaf nas¢, .. We also present the
pseudo code to formularize the whole process in Algorithmile mutual exclusivity of leaf nodes
intrinsically ensures diversity in the synthesized dataset, while their exhaustiveness guarantees
comprehensive coverage of the data spac€&he dual properties effectively prevents data collapse
observed in previous data synthesis methods.

3.2 Subspace Data Synthesis

The objective of subspace data synthesis stage is to create data within mutually exclusive and
complementary atomic subspae®§,,; de ned by spatial partitioning tre€ , ultimately producing a
diverse and balanced dataset with comprehensive space coverage. Speci cally, for each leaf node
Nk, we rst compile its description along the hierarchical path from the root Mégg, to

itself. This path can be formally expressedMigot Vv Y| v, N, where

ViV Ve denotes the individual attribute values of parent nodes along the path. Similar to the

generation of pivot samples, we combine bGthand the attribute value sequericg ;v, ; ;v *

as the description dDEeaf, and instruct an LLM to generaté, o;; Samples distributed within its
subspace. As depicted in Figure 1c, by collecting data generated within all the leaf nodes, we obtain
a nal dataset with high diversity, balanced distribution, and comprehensive coverage.

3.3 TREESYNTH-Guided Data Balance

Beyond data synthesi$REESYNTH can also be leveraged to optimize existing datasets for improved
balance and comprehensiveness. GivenTIREESYNTH synthesizes data from scratch, a spatial
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