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ABSTRACT

Tree ensembles based on bagging and boosting remain highly effective for tab-
ular data, yet their construction typically relies on uniform or heuristic feature
sampling strategies that overlook task-specific prior knowledge. We introduce
MAPLE, a framework for Multi-Agent Prior Learning that integrates learned fea-
ture priors directly into the process of constructing tree ensembles. By leveraging
multiple sources of inductive bias, MAPLE enables the ensemble to incorporate
informative priors while preserving diversity. Experiments on multiple tabular
benchmarks demonstrate that MAPLE consistently improves predictive perfor-
mance and robustness over standard tree ensembles and prior-agnostic baselines,
while remaining scalable and computationally efficient.

Code is available at https://github.com/HaiAu2501/MAPLE.

1 INTRODUCTION

Tabular data is a central modality in many real-world machine learning applications, including fi-
nance, healthcare, and scientific decision-making (Borisov et al.| 2024). Although deep learning
models dominate a wide range of other domains such as computer vision and natural language pro-
cessing, decision tree-based methods remain highly effective for tabular learning (Grinsztajn et al.,
2022 Shwartz-Ziv & Armon, 2022)). Their simplicity, strong empirical performance, and inherent
interpretability make them particularly well-suited for structured data.

More recently, the success of large language models (LLMs) has stimulated new research directions
in tabular learning. With capabilities such as semantic reasoning, in-context learning, and broad
domain knowledge, LLMs offer significant potential for integration into tabular pipelines, com-
plementing classical machine learning models rather than replacing them. Below, we summarize
several representative research themes and works along this direction.

Tabular Prediction. Several studies explore the use of LLMs as direct predictors for tabular data
by serializing structured inputs into natural language prompts. TabLLM (Hegselmann et al., 2023)
applies in-context learning to perform tabular prediction tasks using LLMs, demonstrating the fea-
sibility of prompt-based tabular inference.

Automated Feature Generation and Selection. Recent work primarily uses LLMs for automated
feature engineering. Several approaches focus on feature generation, synthesizing feature transfor-
mations from dataset or task context, including CAAFE (Hollmann et al} 2023)), FeatLLM (Han
et al.,2024), OCTree (Nam et al.,[2024), LFG (Zhang et al., 2024), and LLM-FE (Abhyankar et al.,
2025])), while LLM-Select (Jeong et al., 2024)) studies LLM-based feature selection.

Tree Induction and Rule Refinement. LL.Ms have also been incorporated into the learning and re-
finement of decision trees. Prior work explores LL.M-assisted decision logic and rule induction (Liu
et al.| [2025; |Knauer et al.,[2025)), and DeLTa (Ye et al.,[2025)) refines decision tree rules using LLM-
generated corrections, enabling post-hoc improvement of tree-based predictions.

Tabular Data Preprocessing. Another line of research applies LL.Ms to tabular data preprocessing.
Curated LLM (Seedat et al., 2024)) employs LLMs for data curation and noise filtering, while LLM-
Forest (He et al.| 2025)) integrates LLM reasoning into forest models for data imputation in the
presence of missing values.
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Taken together, these studies substantially enhance the capabilities of tree-based models by integrat-
ing LLM-derived knowledge at different stages of the learning pipeline. However, several important
aspects remain underexplored. First, scalability is a key concern, as many existing techniques focus
on improving a single decision tree, while tree ensembles are widely known to achieve significantly
stronger performance in practice. Second, the role of multi-agent settings has received limited atten-
tion, particularly regarding how diverse perspectives from multiple LLMs can be coordinated and
exploited effectively. Finally, when extending from individual trees to ensembles, a new problem
emerges: how to integrate LLMs into ensemble construction, selection, and coordination.

Contributions. Motivated by these observations, we take an initial step toward this problem by
proposing MAPLE. While this work is preliminary in nature, it aims to highlight a promising direc-
tion and establish a foundation for future investigation. In particular, this paper makes the following
contributions: (i) We propose a scalable framework for constructing tree ensembles that naturally
extends from individual decision trees to forests. (ii) We introduce a novel way of leveraging LLMs
through multi-agent priors, enabling the integration of diverse perspectives into the ensemble learn-
ing process. (iii)) We present empirical results on tabular benchmarks that suggest the potential
effectiveness of the proposed approach compared to strong tree-based baselines.

2 METHODOLOGY

2.1 PRELIMINARIES

Problem Setup. We consider supervised learning on tabular data. Let D = {(z;,y;)}, denote
a dataset with feature vectors z; € R% and targets y; € ), where ) is either a finite label set (classi-
fication) or R (regression). Our goal is to construct an ensemble of decision trees & = {Tk}f:1 that
achieves strong generalization performance by combining multiple weak learners while explicitly
controlling exploration, feature usage, and diversity.

Bagging and Out-of-Bag Evaluation. Each tree is trained on a bootstrap sample of D. Samples
not selected in the bootstrap form the corresponding out-of-bag (OOB) set, which provides an un-
biased estimator of generalization error. MAPLE adopts a pure bagging regime, where all available
data are used for training and model selection relies exclusively on OOB evaluation.

2.2 ENSEMBLE CONSTRUCTION

MAPLE constructs the ensemble sequentially. At iteration ¢ € {1,..., K}, a decision tree T} is
trained via CART on a bootstrap sample using a restricted feature subset F; C {1,...,d}. Unlike
standard Random Forests, which sample features uniformly at random, MAPLE draws F} from an
adaptive prior p;(-) that is initialized by an LLM and updated online based on past performance.

For a tree trained at iteration ¢, predictive quality is assessed on OOB samples via a task-specific
loss ¢;. In classification, ¢; is log-loss; in regression, ¢; is a normalized R? so that scores are
comparable across OOB subsets. These OOB estimates yield a scalar reward r; that both drives
adaptive exploration and later determines the relative importance of trees in the ensemble.

2.3 MULTI-AGENT PRIOR LEARNING

MAPLE frames feature selection as a multi-agent decision process. A set of A agents is maintained,
where each agent a is associated with a feature-selection prior 7, € A?~! encoding a belief over
informative features. Each 7, is obtained by prompting a LLM with dataset metadata (e.g., feature
names, semantic descriptions, and task specification). At iteration ¢, a bandit policy selects an agent
a; € {1,..., A}, and the corresponding prior is used to sample a feature subset.

Feature sampling is performed using tempering and uniform regularization:
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where 7; controls exploration through temperature annealing, A € [0, 1] prevents premature concen-
tration of probability mass, and € > 0 is a small smoothing constant ensuring numerical stability. A
decision tree 7} is trained using only the sampled feature subset.

The tree is evaluated on OOB samples to obtain a reward r, € [0, 1]. To emphasize robustness on
difficult examples, MAPLE introduces a hardness-aware reward

7 =1 (14 he), (2)
where h; denotes the mean normalized prediction error on OOB samples. The bandit updates its
action values using 7, while feature priors are updated by attributing this reward to features actively

used by the tree. Let U; C F; denote the set of features with nonzero importance in 7;. The prior
update rule for agent a, is

ni () = =)D (f) + llf € U, 3)
followed by normalization, where 7 is a learning rate and I]-] denotes the indicator function.

Proposition 1 (Hierarchical PAC-Bayes bound for learned feature priors) Let S = {2}V, ~
DN be i.id. data and let {(h,z) € [0,1] be a bounded loss. Fix a hypothesis class H of decision
trees (e.g., bounded depth). Let © := {1,..., A} x AL index an agent a and a feature prior .
Assume a data-independent hyperprior H over O, for instance

1
H(a,m) := p(a) Hy(r), pla) = T 4
Foreach 0 = (a,7) € ©, let Py be a data-independent prior over H that encodes the inductive bias
induced by m (e.g., split-feature propensities). Consider any (data-dependent) joint posterior of the
factorized form

where R is a hyperposterior over © and Qg is a posterior over trees. Then for any § € (0,1), with
probability at least 1 — § over the draw of S,

2VN
A(Zs(@ | £0(@) < KL(R| H) +E9~R[IJ<VL(Q9 | Po)] 4+ 257 ©)
where
Ls(Q) = En~ [ ZE h, z; } Lp(Q) :=Eo,n)~q Eznp[l(h, 2)]- )

Moreover, the hyper-complexity decomposes as
KL(R | H) = KL(Ra || p) + Eanrs [KL(Rxjo || Ho)] . ®)
and in particular KL(R 4||p) < In A when p is uniform.

Proof.  Apply a standard PAC-Bayes—kl inequality (Maurer, 2004) on the product space © x H with

prior P(8,h) := H(0)Py(h) and posterior Q(8, h) := R(6)Qq(h). The KL term then decomposes
as

R(0)Qs(h)
LQIP) = 3 [ ROGu(mos s dn ©
= KL(R|H) + Eo~r [KL(Qs || Ps)], (10)

which yields the stated bound. The final decomposition follows from the factorization H (a,7) =
p(a)Hy () and the chain rule for KL.

Discussion. Proposition [1| shows how multi-agent priors distribute complexity between agent se-
lection (diversity across inductive biases) and within-agent prior adaptation (specialization), align-
ing with MAPLE’s bandit updates. In particular, LLM-derived priors aim to reduce the complex-
ity term by making good posteriors “closer” to their corresponding priors (smaller KL(Qy|| Py)),
while MAPLE’s online prior updates trade off empirical gains against the explicit hyper-complexity
penalty KL(R|,||Ho). From this lens, the hyperparameters ), 7, and 7 can be seen as controls on
how aggressively the method adapts priors: they regulate how quickly probability mass concentrates
and thus how quickly MAPLE is willing to pay KL complexity for specialization.
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Methods adult breast credit diabetes heart liver phoneme vehicle
K=50,d=3
Random Forest 7904 £.0069 9678 £.0014 .7440+.0126 .7733+.0221 .7872+£.0184 .7472+.0097 .7919+.0021 .9564 £ .0061

+MAPLE (1 agent)  .8058 £.0021 9754 +£.0034 .7356 +.0193 .7965 4 .0158 .7778 £.0229 .7499 +.0104 .79524.0024 .9636 £ .0071

+MAPLE (3 agents) .8093 +.0030 .9743 £.0037 .7441 £.0180 .7954 £.0119 .78314+.0196 .7464 4+.0089 .7961 £ .0029 .9619 £ .0057
K =100,d =3

Random Forest .7920 £.0048  .9678 £.0014 74324+ .0160 .7814 4 .0131 .7803 £.0168 .7432+.0093 .7929 +.0039 .9593 4 .0040

+MAPLE (1 agent)  .8105£.0008 .9732 4+ .0037 .7516 +.0151 .7936 4+ .0133 .7894 £.0269 .7481 £.0078 .7965 £ .0024 .9569 + .0061

+MAPLE (3 agents) .8102 +.0024 .9746 +.0043 .7560 4+ .0146 .7973 +.0103 .7911 £.0131 .7522+.0167 .7975+.0029 .9627 4 .0048

Table 1: Test balanced accuracy scores (higher is better) for classification tasks. Values denote
mean =+ standard deviation over 5 different train/validation splits, each repeated 3 times

Methods abalone bike brazilian cars cpu house moneyball naval
K =100,d =3
Random Forest 4716 £.0019 4770 +.0010 9313 4+.0009 .8882 4 .0061 .9366 £ .0067 .6920 +.0028 .8941 +.0015 .2477 4 .0033

+MAPLE (L agent) 47344 .0021 4910 % .0005 9350 &.0005 .8927.0043 .9448%.0041 .72264.0019 .9044 % .0013 .2648 £ .0025

+MAPLE (3 agents) 4730 +.0022 4925 = .0009 9418 £.0010 .8948 £.0046 9480 +.0019 72704 .0018 .9079 % .0015 .2659 £ .0030
K =100,d =4

Random Forest 51824 0017 5615 %.0004 9593 & .0015 .9310£.0015 9550 .0067 .7427 4 .0022 9159 % .0010 .3408 = .0045

+MAPLE (1 agent) 51964 .0021 5681 %.0004 9607 &=.0004 .9311.0008 .9591+.0034 .77044.0017 9158+ .0018 .3552 £ .0017

+MAPLE (3 agents) 5232+ .0019 5703+ .0012 9606 £.0006 9354+ .0014 9592 +.0039 7761+ .0025 .9202 4+ .0014 3586 + .0023

Table 2: Test R? scores (higher is better) for regression tasks. Values denote mean + standard
deviation over 5 different train/validation splits, each repeated 3 times.

2.4 TREE WEIGHTING AND DIVERSITY CONTROL

After constructing K trees {7 }#_,, MAPLE forms the final predictor as a weighted ensemble. Let

ES(T %) denote the empirical OOB loss of tree T}, and let dj denote a normalized diversity score
measuring its disagreement with the rest of the ensemble. We define a scalar utility

sk = —(1—a)Ls(Ty) + ady, (11)
where « € [0, 1] trades off predictive accuracy and diversity.

Tree weighting induces a discrete posterior v € AX~1 over the realized hypotheses,
exp(sk/T 1
o= (1) 2Ty L (12)
Zj:l exp(s;/T)

with temperature 7" and uniform mixing coefficient . The resulting ensemble predictor is the deter-
ministic mixture A, () = Y, v Ti ().

Discussion. Specializing Proposition |1/ to the finite ensemble & = {7}, }_, with prior "™ and
posterior v yields the tree-level PAC-Bayes control in Eq. equation [30] (Appendix [AZ3). Under
convex losses, Jensen’s inequality gives

LS(hu) < LS(V)a LD(hD) < L'D(V)' (13)
Hence the deterministic ensemble inherits the Gibbs bound through Eq. equation [33] In particular,
minimizing the empirical Gibbs risk L, v) while controlling KL (v||»"™) yields direct control of
Lp(hy,). Consequently, Eq. equation can be interpreted as selecting a posterior over £ that
balances empirical utility, complexity regularization, and ensemble diversity.

3 EXPERIMENTS

Experimental Setup. We evaluate MAPLE on a collection of tabular classification and regression
datasets from OpenML (Bischl et al., [2021)). Feature priors are generated using gpt—4o-mini,
a cost-efficient language model that provides sufficiently informative guidance at low expense.
MAPLE requires only one LLM call per agent, independent of the ensemble size, making the ap-
proach scalable and inexpensive even when multiple agents are used.

Tables and report test balanced accuracy and R?, respectively. For fair comparison, all methods
use the same number of trees K and a fixed maximum depth d for every tree. MAPLE is applied
as a drop-in enhancement on top of Random Forest, with either one or multiple agents. Across
both classification and regression tasks, MAPLE consistently outperforms the Random Forest base-
line. Using multiple agents generally yields larger gains, suggesting that multi-agent prior learning
improves feature exploration and ensemble diversity under controlled model capacity.
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4 CONCLUSION

We introduced MAPLE, a scalable framework for incorporating LLM-derived feature priors into the
construction of tree ensembles via a multi-agent prior learning mechanism. Across tabular bench-
marks, MAPLE improves predictive performance and robustness over prior-agnostic baselines while
retaining the efficiency and practicality of classical ensemble methods.

Limitations. First, MAPLE relies on the quality and calibration of LLM-generated priors; poorly
specified metadata or domain mismatch can yield uninformative or biased feature preferences. Sec-
ond, our current instantiation considers a fixed depth and a bagging-only regime, leaving open how
priors interact with other sources of randomness (e.g., split criteria, subsampling rates) and with al-
ternative ensemble paradigms. Third, the prior update mechanism attributes reward to features used
by a tree, which may over-credit correlated features and under-credit features that are useful only
through interactions. Finally, while MAPLE is designed to be inexpensive in LLM usage (one call
per agent), prompt design and agent diversity can still materially affect results.

Future Work. An immediate direction is to extend MAPLE to boosting-style settings and to study
how learned priors should be scheduled as the ensemble focuses on hard examples. Another direc-
tion is to develop stronger theoretical guarantees (e.g., regret and generalization bounds) that explic-
itly account for data-dependent prior updates and multi-agent selection. We also plan to investigate
more faithful credit assignment schemes using split-level statistics or Shapley-style attributions, as
well as mechanisms for enforcing diversity across agents and across trees. Finally, exploring richer
metadata (e.g., feature provenance, units, ontologies) and evaluating MAPLE on larger and more
heterogeneous real-world tabular tasks would clarify when LLM-derived priors are most beneficial.
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A APPENDIX

A.1 SYSTEM PROMPT

System prompts define the role and reasoning style assigned to each agent before it receives dataset-
specific content. They shape how each agent interprets feature descriptions and sets prior weights,
encouraging complementary inductive biases. We use up to five agent-specific system prompts
(balanced, domain-focused, statistical, conservative, exploratory), each with a fixed temperature.

From an optimization viewpoint, this design also aligns with the hierarchical analysis in Proposi-
tion [} different system prompts instantiate different initial inductive biases, and subsequent data-
driven adaptation refines each bias under an explicit complexity budget. Intuitively, the prompts
control where MAPLE starts in prior space, whereas bandit selection and posterior reweighting con-
trol how far it moves based on observed OOB rewards.

You are an AutoML prior designer for decision-tree models. Given dataset context and fea-
ture descriptions, propose a weight in [0, 1] for each feature. Higher weight means stronger
prior to prefer splits using that feature. Use the full scale [0, 1] when appropriate. Be bal-
anced and consider all aspects.

You are a domain expert designing feature importance priors for decision trees. Focus on
domain knowledge and causal relationships. Weight features based on their likely causal or
predictive relationship with the target. Strongly prefer features with clear domain justifica-
tion.

You are a statistician designing feature priors for decision trees. Focus on statistical proper-
ties: variance, potential for separation, information content. Prefer features that likely have
high information gain or good split potential.

You are a conservative AutoML designer. Be cautious with feature weights - only give high
weights to features with very strong evidence. Prefer simpler, more interpretable features.
Penalize high-cardinality or noisy features.

You are an exploratory AutoML designer willing to try unconventional feature combinations.
Don’t be afraid to give high weights to features that might seem less obvious. Look for
hidden patterns and non-obvious predictors.

A.2 USER PROMPT

The user prompt provides the task-specific context that every agent uses to produce feature weights.
It includes dataset identity, task and target information, and feature-level descriptions, together with
an explicit scoring rubric and output rules. Each agent receives the same user prompt and returns a
weight in [0, 1] for every feature. Missing features trigger up to nyiy retries; otherwise a uniform
prior (0.5) is used as fallback.
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DATASET: {name}

TASK: {task} with target {1abel}
Feature descriptions:

— Feature: {f_1} — Description: {desc_1}
— Feature: {£_2} — Description: {desc_2}

Your task: Assign a weight w in [0, 1] to each feature.
Weighting rubric:

¢ 0.90-1.00: direct proxy/causal driver of the target
¢ (0.70-0.80: strong predictor with solid domain rationale
¢ 0.50-0.60: moderately informative
* 0.30-0.40: weak or ambiguous relation
¢ (0.10-0.20: marginal relevance
Guidelines:
* Provide exactly one weight for every listed feature

* Weights need not sum to 1

A.3 DETAILED THEORETICAL ANALYSIS

This subsection provides a notation-consistent derivation of the tree-weight posterior and clarifies
how Jensen’s inequality transfers the PAC-Bayes control from the Gibbs predictor to the determinis-
tic ensemble predictor. Following the main text, the realized ensemble is denoted by £ = {T}, }5X_,.

Entropy-regularized variational objective on £. The posterior v € AX~1 in Eq. equation
is a distribution over trees in &, i.e., over indices k& € {1,..., K}. Define the uniform reference
measure on £ by

y;;ni:%, k=1,... K. (14)
Given utilities from Eq. equation [TT]
sk =—(1—a)Lg(Tk) + o dg, (15)
consider the objective
K
vt = arg max {];l/ksk TKL(I/V““i)}, (16)

with T" > 0. The expected-utility term favors accurate and diverse trees (through s;), while the
KL term controls concentration and prevents unstable over-commitment to a small subset of trees
when OOB estimates are noisy. The objective is strictly concave on the simplex, so the optimizer is
unique.

Using

K
1%
o Do -1, (17)
Yk k=1

K K
L(v, ) = Z vise — T Z v, log
k=1 k=1

stationarity gives

0 = sg —T(log 11/1];1 +1) + Ao, (18)
Vi
and therefore
Vg X V,‘C‘“i exp(%) . (19)
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Substituting vj™ = 1/K and normalizing yields
exp(si/T)
o1 exp(s; /T)

Hence the softmax/Gibbs weighting is the variational solution of Eq. equation|[T6lunder the ensemble
notation used in the main text.

(20)

vp =

Uniform smoothing and complexity attenuation. MAPLE uses
= (1 —y)v* + i, ~v € [0,1], (1)

which is equivalent to Eq. equation “ This interpolation keeps every tree active (v, > 7v/K),
1mpr0ves robustness to OOB noise, and contracts complexity relative to "™, By convexity of KL
in its first argument,

KL(V”Vuni) — KL((l _ ’Y)V* + ,yyuni H l/uni) (22)
< (1= ) KL(r*[p"™) + y KL |l (23)
= (1 =) KL ™). (24)

Thus, -y is an explicit exploration—concentration knob and also a direct complexity-control parameter
from a PAC-Bayes perspective.

Jensen step and PAC-Bayes upper-bound chain. Let T ~ v be a random tree sampled from £
(Gibbs predictor), and define the deterministic weighted predictor

h(r) =Ez_ [T Z VT (2 (25)
Assume £(-, y) is convex in its prediction argument for each y. Then for every (z,y),
(o (@), 9) = (Ez., [T(@), ) 26)
N K
<Ez  [0(T(2),y)] = vel(Ti(z),y). 27)
k=1

Averaging over S and over D gives

Ls(h,) < Ls(v),  Lp(h) < Lp(v), (28)
where
N 1 M ~
Ls(v)=Es_ [N ST, zi)} . Lp(w)=Ez_ E.plUT,2)]. (29)

i=1

Applying the same PAC-Bayes—kl argument as in Proposition[I} now on the finite class induced by
& with prior "™ and posterior v, yields (with probability at least 1 — &)

~ KL(v||pum —|—lnﬂ
kl(LS(V) H LD(V)) < Kl N) T~ e, (5). (30)
Equivalently,
Lp(v) < KT (Ls(v),£.(9)), (31)
where
ki7" (q,€) == sup{p € [q,1] : kl(q[|p) < €}. (32)
Combining with Eq. equation 28] gives the explicit chain
Lp(h,) < Lp(v) <K (Ls(v),€,(9)), (33)

which is the desired upper bound for the deterministic weighted ensemble predictor constructed
from £.
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