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Abstract

Fine-tuning large language models (LLMs)
is an effective approach to enhancing their
performance on specialized downstream tasks.
Among the various techniques, low-rank adap-
tation has garnered significant attention due
to its ability to maintain the full performance
of fine-tuning while enhancing computational
efficiency. However, existing approaches of-
ten rely on manually specified and fixed hy-
perparameters to identify the trainable com-
ponents within weight matrices, resulting in
suboptimal performance and low parameter ef-
ficiency. This paper presents a novel Learnable
Low-Rank Adaptation (LeLoRA) framework
that utilizes dynamically learned fine-tuning
strategies to facilitate the effective adaptation
of LLMs. Our framework integrates an LLM
with a policy network that automatically and
adaptively generates matrix-specific adaptation
strategies to identify the trainable components
of each weight matrix, taking into account their
unique characteristics, such as singular values
and matrix norms. A reinforcement learning-
based optimization algorithm is then employed
to iteratively update the LLM and the policy
network, ensuring that the generated strategies
adapt in real time to the evolving states of the
LLM. Extensive experiments have been con-
ducted across various natural language pro-
cessing tasks. The results across ten differ-
ent LLMs, ranging from 125M to 70B parame-
ters, provide compelling evidence that LeLoRA
consistently outperforms existing baselines in
adapting LLMs.

1 Introduction

Recent advances in natural language processing
(NLP) have positioned fine-tuning pre-trained large
language models (LLMs) for specific tasks as one
of the most promising techniques (Xiang et al.,
2025; Yang et al., 2026; Xu et al., 2025; Ma et al.,
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2026; Li et al., 2026a; Zheng et al., 2025b; Chu
et al., 2025). However, fully fine-tuning all pa-
rameters in LLMs demands significant computa-
tional resources and time, rendering it impractical
in resource-constrained environments (Pan et al.,
2024; Jiang et al., 2025a; Zhang et al., 2026; Zhou
et al., 2024; Jiang et al., 2025b). To address this
challenge, various parameter-efficient fine-tuning
(PEFT) methods have been proposed to reduce the
number of parameters that require tuning (Weyssow
et al., 2025; Albert et al., 2025; Tian et al., 2025;
Zhang et al., 2025a). Among these techniques,
low-rank adaptation (LoRA) (Hu et al., 2022) has
gained significant attention as an effective PEFT
method, as it preserves the performance of full fine-
tuning while mitigating the increase in inference
latency (Zhou et al., 2025a; Liu et al., 2024).

A variety of enhancements to the LoRA frame-
work have been proposed, leading to notable
advancements in the adaptation performance of
LLMs (Mu et al., 2025; Hu et al., 2025; Zhou
et al., 2025d,c; Ren et al., 2024). For example,
LoRA+ (Hayou et al., 2024) enhances training ef-
ficiency by applying distinct learning rates to the
two low-rank matrices. Meanwhile, DoRA (Liu
et al., 2024) decomposes the weights into two in-
dependent components, direction and magnitude,
thereby enabling more refined fine-tuning. To mit-
igate slow convergence resulting from improper
initialization and further reduce parameter budget,
several studies have employed singular value de-
composition (SVD) to parameterize incremental
updates or weight matrices (Meng et al., 2024;
Wang et al., 2024; Zhang et al., 2023b). However,
identifying the specific components of the matrices
that need to be tuned remains a substantial chal-
lenge. For example, PiSSA (Meng et al., 2024)
and Laser (Sharma et al., 2024) focus on updating
the principal components, while MiLoRA (Wang
et al., 2024) constrains the optimization to the mi-
nor singular parts. Actually, adaptation strategies
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for selecting trainable components should be cus-
tomized for each matrix, given the distinct roles of
the various parameters (Zhang et al., 2023b; Zhou
et al., 2025a; Xie et al., 2026). Although some stud-
ies have allocated varying budgets across weight
matrices, they rely on hand-crafted heuristics, such
as gradient- or Hessian-based rules, and control
only the rank, without explicitly specifying which
positions to update. Consequently, a more flexible
strategy is required, one that operates at the ma-
trix level and jointly determines both the allocation
budget and the precise locations of the parameters
to be updated.

To address the aforementioned challenges, this
study introduces a novel Learnable Low-Rank
Adaptation framework, termed LeLoRA, which
utilizes automatically learned, matrix-specific fine-
tuning strategies for the effective adaptation of
LLMs. Our framework integrates an LLM with
a policy network, where the LLM is fine-tuned
according to the strategies generated by the pol-
icy network. Unlike previous approaches that rely
on manually defined indicators or fixed hyperpa-
rameters (e.g., rank) to allocate parameter bud-
gets across different weight matrices, our frame-
work leverages a policy network that dynamically
and adaptively generates matrix-specific adaptation
strategies. These strategies determine the trainable
components of each weight matrix, tailored to its
unique characteristics, such as singular values and
matrix norm. The LLM and policy network are
updated alternately using a reinforcement learning-
based optimization algorithm. Since the updates to
the policy network are driven by the performance of
the LLM, the resulting strategies are continuously
refined to more effectively align with the evolving
learning dynamics of the LLM.

Extensive experiments have been conducted
across various tasks, including natural language
understanding (NLU), commonsense reasoning,
math reasoning, code generation, and instruction
following. The results demonstrate that LeLoRA
consistently achieves state-of-the-art performance
across diverse tasks by dynamically selecting the
most beneficial components for task-specific up-
dating. Moreover, the learned adaptation strategies
are carefully analyzed, offering valuable insights
to guide future research in PEFT.

Overall, our main contributions are as follows:

• We introduce LeLoRA, a novel learnable low-
rank adaptation framework, in which a pol-

icy network dynamically generates adaptation
strategies tailored to the unique characteristics
of each weight matrix.

• We present a reinforcement learning-based
algorithm that alternately updates the LLM
and the policy network within our framework.
The training of the policy network is guided
by the performance of the LLM, ensuring that
the generated strategies adaptively adjust to
the evolving training dynamics in real time.

• We conduct extensive comparative and ana-
lytical experiments that provide conclusive
evidence for the effectiveness of LeLoRA in
adapting LLMs. Additionally, several insight-
ful findings are obtained, offering valuable
directions for future PEFT research.

2 Related Work

Parameter-Efficient Fine-Tuning With the
widespread application of LLMs, PEFT has be-
come increasingly popular (Chen et al., 2025; Ye
et al., 2026; Zheng et al., 2025a,c; Jiang and Fer-
raro, 2026a,b). PEFT techniques reduce the over-
head of fully fine-tuning LLMs by updating only a
small subset of model parameters, thereby enabling
efficient task adaptation (Zhou et al., 2025b,a; Wei
et al., 2024; Tian et al., 2025; Li et al., 2026b; Xiao
et al., 2026; Zhao et al., 2025). Existing methods
fall into three main categories. Adapter-based ap-
proaches insert trainable modules into frozen back-
bones (He et al., 2022; Wu et al., 2024; Zhang et al.,
2024, 2025b), either sequentially (Karimi Ma-
habadi et al., 2021) or in parallel (He et al., 2022).
Prompt-based methods prepend learnable prompts
or small parameter sets to the inputs (Masoud et al.,
2024; Soylu et al., 2024), but are sensitive to initial-
ization and prone to overfitting (Liu et al., 2022b;
Meng et al., 2024). Both categories, however, of-
ten incur additional inference latency compared to
baseline models (Chen et al., 2023; Zhang et al.,
2025b; Wang et al., 2024; Xie, 2026).

Low-Rank Adaptation The third category of
PEFT, exemplified by LoRA (Hu et al., 2022), rep-
resents low-rank adaptations of weight updates, sig-
nificantly reducing tunable parameters without in-
troducing additional inference overhead (Hayou
et al., 2024; Mu et al., 2025; Hu et al., 2025;
Zhou et al., 2025a). Several improvements have
been proposed: DoRA (Liu et al., 2024) decom-
poses weights into direction and magnitude for
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more granular updates; AdaLoRA (Zhang et al.,
2023b) and LoRA-drop (Zhou et al., 2025a) al-
locate parameter budgets using predefined impor-
tance scores; PiSSA (Meng et al., 2024) focuses
on essential components while keeping residuals
fixed; and MiLoRA (Wang et al., 2024) emphasizes
minor singular components to preserve pre-trained
knowledge. Despite their effectiveness, identifying
which components to fine-tune remains challeng-
ing (Meng et al., 2024; Mu et al., 2025; Zhou et al.,
2022; Wang et al., 2024). Although some studies al-
locate varying budgets across weight matrices, they
rely on hand-crafted heuristics and control only the
rank, without explicitly specifying which parame-
ter positions to update. In contrast, our approach
learns a data-driven policy that jointly determines
both the budget and locations of parameter updates,
providing greater flexibility and adaptivity through
reinforcement learning guided by feedback from
LLM performance.

Singular Value Decomposition Given a weight
matrix W ∈ Rm×n, its SVD (Eckart and Young,
1936) is expressed as W = UΣV ⊤, where
U = [u1,u2, · · · ,um] ∈ Rm×m, with each col-
umn representing a left singular vector; and V =
[v1,v2, · · · ,vn]∈Rn×n, with each column repre-
senting a right singular vector. The matrix Σ ∈
Rm×n is a diagonal matrix containing the singu-
lar values σi of W , arranged in descending or-
der (Bhatnagar et al., 2013; Liu et al., 2022a). For
simplicity, we assume without loss of generality
that m≤ n. Thus, the SVD of W can be formu-
lated as W =UΣV ⊤=

∑m
i=1 σiuiv

⊤
i .

3 Methodology

This study introduces a novel LeLoRA framework
building upon the concept of "learnable adaptation
strategy." We first introduce our new formulation of
adaptive parameter allocation, where the trainable
components of each weight matrix are determined
based on its unique characteristics. Subsequently,
we present the entire LeLoRA framework, which
integrates an LLM with a policy network. Finally,
we introduce a reinforcement learning-based op-
timization algorithm that alternately updates the
LLM and the policy network.

3.1 Adaptive Parameter Allocation

Given that incremental decomposition methods are
susceptible to noise and that reliance on zero initial-
ization can impede early convergence (Meng et al.,

2024; Wang et al., 2024), we directly parameterize
the pre-trained weight matrices W in LLMs using
SVD, such that W = UΣV ⊤, where U and V
represent the left and right singular vectors, respec-
tively, and Σ is a diagonal matrix containing the
singular values of W . Similar to PiSSA (Meng
et al., 2024), SVD is performed only once prior
to the training process to initialize the indices of
components to be updated.

Unlike previous approaches that either apply a
uniform fine-tuning strategy across all matrices or
rely on manually defined functions to allocate bud-
gets, our method selectively prioritizes the fine-
tuning of the most impactful components based
on learned strategies, enabling more targeted and
parameter-efficient optimization. Specifically, the
volume and position of the trainable components
within each matrix are determined by a policy net-
work, which takes into account the matrix’s unique
characteristics, such as singular values and matrix
norms, as input. The details of this process are
provided in the following subsection. In this con-
text, each weight matrix is decomposed into two
segments: the trainable component W T, and the
frozen component W F, as follows:

W = W T +W F

= UTΣTV
⊤
T +UFΣFV

⊤
F

=
∑r

i=1
σT
i u

T
i (v

T
i )

⊤ +
∑m−r

j=1
σF
ju

F
j (v

F
j )

⊤,

(1)
where UT = [uT

1 , . . . ,u
T
r ] and UF =

[uF
1, . . . ,u

F
m−r]. This formulation is similarly ap-

plied to the trainable and frozen components of
V and Σ. To determine the volume and po-
sition of the trainable components within each
matrix, the policy network generates two matrix-
specific outputs: the effective dimension r, which
defines the size of the trainable components, and
the location index s, which specifies their posi-
tion. For instance, if r = 8 and s = 2048, then
the trainable components of U are represented as
UT = [u2048, · · · ,u2055], while the frozen com-
ponents are UF=[u1, · · · ,u2047,u2056, · · · ,um].
The matrices V and Σ can be similarly restructured
in a comparable fashion.

3.2 Learnable Low-Rank Adaptation

Fig. 1 illustrates the proposed LeLoRA framework,
which integrates an LLM with a policy network.
The policy network, implemented as a multi-layer
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Figure 1: Diagram of the LeLoRA framework. The adaptation strategies for each weight matrix are dynamically
generated by a policy network based on its unique characteristics: singular values, norm, layer index, and type. A
reinforcement learning algorithm is then utilized to iteratively optimize both the LLM and the policy network.

perceptron (MLP)1, processes a series of character-
istics of the weight matrices to generate matrix-
wise adaptation strategies. The extracted char-
acteristics for each matrix include its layer in-
dex, type (e.g., query, key, value, etc.), Frobenius
norm (Böttcher and Wenzel, 2008), and singular
values, which collectively provide insights into the
matrix’s role and position within the model. More-
over, the policy network outputs two elements: the
effective dimension r and the location index s. The
structure of the policy network, implemented as an
MLP, is detailed in Appendix B2.

Let a = {r, s} ∈ A denote an adaptation strat-
egy, where A represents the set of all possible adap-
tation strategies. Each parameter has a set of pos-
sible choices, which are represented using one-hot
encoding. For example, r ∈ {r1, r2, . . . , rKr} has
Kr possible values, and s ∈ {s1, s2, . . . , sKs} has
Ks possible choices. In our framework, the pos-
sible values for the effective dimension are drawn
from a series of integers, such as {0, 2, 4, 8}, while
the location index consists of three distinct options:
0, m/2, or m, corresponding to the beginning, mid-
dle, and end of the matrix, respectively3. A spe-
cific adaptation strategy is defined by a particular
combination of the selected values of these two pa-
rameters. Accordingly, the policy network models
the conditional distribution of the adaptation strat-
egy a given the characteristics of the weight matrix
ξ, formulated as p(a|ξ;Ω), where Ω denotes the

1Further discussions on alternative architectures for the
policy network are provided in Appendix J.

2The introduced policy network is lightweight, constituting
less than 0.1% of the parameters in the LLM.

3When 0, m/2, or m is selected, it indicates that the train-
able component is located within the primary, medium, or
minor components of the matrix, respectively.

parameters of the policy network.
To guide the learning of the policy network, we

introduce two metrics to assess both the LLM per-
formance and the effectiveness of the adaptation
strategy. The first metric is the evaluated loss L of
the LLM (F), denoted as

L1 = L(F(x;θ),y), (2)

where θ denotes the parameters of the LLM. The
second metric quantifies the performance variation
of the LLM due to adaptation and is defined as

L2 = L(F(x;θ),y)− L(F(x; θ̂),y), (3)

where θ̂ denotes the parameters of the LLM prior
to updating in a given iteration. The incorporation
of the relative performance changes helps stabilize
and smooth the gradient signal, thereby reducing
variance. These two metrics are computed using a
small validation set.

Let R=L1+αL2, where α is the modulation
factor that controls the relative strengths of the two
loss terms. The objective function of the entire
framework is as follows:

min
θ

E{(x,y)}

[
min
Ω

Ea∼p(a|ξ;Ω) [L(θ)+R(Ω)]

]
,

(4)
where {(x,y)} denotes the training dataset, and
L(θ) represents the training loss of the LLM.

3.3 Optimization via Reinforcement Learning
This section elaborates on the optimization process
of the LeLoRA framework. Given the parameters
of the policy network, Ω, the optimization problem
for the LLM can be expressed as follows:

min
θ

E{(x,y)}Ea∼p(a|ξ;Ω) [L(θ)] . (5)

35258



Method Rank MRPC RTE CoLA STS-B SST-2 QQP QNLI MNLI Avg.

Full FT† - 88.2 84.1 64.6 90.6 94.3 92.0 92.7 87.5 86.7
LoRA† 8 89.9 85.9 62.4 91.4 94.4 90.8 92.6 86.9 86.8
PiSSA 8 90.9 86.4 63.0 92.1 95.3 91.7 93.5 87.9 87.6
MiLoRA 8 90.5 86.1 62.5 91.6 95.2 91.5 93.1 87.6 87.3
AdaLoRA† 8 90.2 85.2 61.6 91.2 94.5 90.1 93.1 87.3 86.7
MELoRA† 8 90.9 86.6 64.1 91.9 95.4 90.8 93.2 87.2 87.5
LoRA-XS 8 90.9 86.0 63.8 92.5 95.4 91.1 93.3 87.5 87.6
DoRA 8 91.5 87.2 64.8 91.9 95.6 92.2 93.5 88.3 88.1
NNI-TPE 8 90.4 86.3 63.0 91.1 94.9 92.0 93.2 87.6 87.3
NOMAD 8 90.2 86.3 63.8 91.7 95.1 91.2 93.1 87.2 87.3

LeLoRA 8 92.5 88.7 65.9 93.2 96.0 92.9 94.2 89.4 89.1
LeLoRA 16 93.1 89.5 66.7 93.6 96.3 93.4 94.5 90.0 89.6

Table 1: Evaluation results on the GLUE benchmark using RoBERTa-base. The rank values for LeLoRA (NNI-TPE
and NOMAD) correspond to the largest effective dimension (rank). When LeLoRA’s maximum effective dimension
is set to match the baseline ranks, all methods share the same latent capacity upper bound. In practice, however,
LeLoRA updates far fewer parameters by often selecting smaller dimensions (Table 4). Results marked with † are
taken from MELoRA (Ren et al., 2024). The highest and second-highest scores are in bold and underlined.

Accordingly, at each iteration, the policy network
generates a distribution of adaptation strategies
based on the extracted matrix-wise characteris-
tics, p(a | ξ;Ω). An adaptation strategy for each
weight matrix is then sampled from this distribu-
tion. Subsequently, the parameters of the LLM are
updated using gradient descent as follows:

θt+1 = θt − η1
1

n
[
∑n

i=1
∇θL (Fθ (xi) ,yi)],

(6)
where n denotes the batch size, and η1 represents
the learning rate. Notably, based on the sampled
strategies, only the trainable components of the
matrices W within θ are updated in each iteration.

Moreover, given θ, the optimization subprob-
lem for the policy network parameters Ω can be
formulated as follows:

min
Ω

E{(x,y)}Ea∼p(a|ξ;Ω)[R(Ω)]. (7)

Due to the presence of non-differentiable oper-
ations, specifically the selection of the effective
dimension and location index from discrete sets,
which impede gradient backpropagation to the pol-
icy network, we utilize the simple and straightfor-
ward algorithm, REINFORCE (Williams, 1992)
for its optimization. A value baseline is used, with
the running mean of recent rewards subtracted to
reduce gradient variance.

Define Q(Ω) = E{(x,y)}Ea∼p(a|ξ;Ω)[R]. The
gradient of the objective function with respect to

Ω, termed ∇ΩQ(Ω), can be computed as follows:

∇ΩQ(Ω) = ∇ΩE{(x,y)}Ea∼p(a|ξ;Ω)[R]

= E{(x,y)}

∫

a
R∇Ωp(a | ξ;Ω)da

= E{(x,y)}

∫

a
Rp(a | ξ;Ω)∇Ω log p(a | ξ;Ω)da

= E{(x,y)}Ea∼p(a|ξ;Ω) [R∇Ω log p(a | ξ;Ω)] .
(8)

Similar to solving Eq. (5), we sample the adapta-
tion strategy from the conditional distribution to
identify the trainable components of the weight ma-
trices. The gradient concerning the parameters of
the policy network can be approximated as

∇ΩQ(Ω) ≈ 1

n

∑n

i=1
Ri · ∇Ω log p (ai | ξi;Ω) .

(9)
The policy network can then be updated using gra-
dient descent, as follows:

Ωt+1 = Ωt − η2∇ΩQ
(
Ωt

)
, (10)

where η2 denotes the learning rate. Consequently,
the LLM and the policy network are updated alter-
nately using Eqs. (6) and(10), respectively.

4 Experiments

We conduct extensive experiments across various
tasks, including NLU, commonsense reasoning,
math reasoning, code generation, and instruction
following. Ten LLMs ranging from 125M to 70B
parameters are involved. Due to space constraints,
experiments on code generation are provided in
Appendix F.
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Method Rank BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.

LoRA∔ 32 70.8 85.2 79.9 91.7 84.3 84.2 71.2 79.0 80.8
PiSSA 32 73.0 86.9 78.3 89.8 84.6 83.9 74.3 80.6 81.4
MiLoRA∔ 32 68.8 86.7 77.2 92.9 85.6 86.8 75.5 81.8 81.9
AdaLoRA 32 74.8 86.8 80.0 84.0 81.8 87.7 74.9 81.5 81.4
MELoRA 32 75.0 87.7 79.9 84.1 82.9 87.6 75.7 81.8 81.8
LoRA-XS∗ 32 66.6 85.8 79.4 90.1 85.2 87.0 76.5 81.8 81.6
DoRA∗ 32 74.6 89.3 79.9 95.5 85.6 90.5 80.4 85.8 85.2
NNI-TPE 32 71.1 85.8 80.2 92.2 84.6 84.9 72.0 80.3 81.4
NOMAD 32 71.5 86.0 80.2 92.1 84.9 85.0 72.3 81.4 81.7

LeLoRA 32 75.7 90.1 81.0 96.0 86.9 91.5 81.3 86.1 86.1
LeLoRA 64 75.9 90.4 81.7 96.2 87.3 91.7 82.2 86.8 86.5

Table 2: Evaluation results for commonsense reasoning tasks using the LLaMA3-8B model. The symbol ∔ denotes
MiLoRA results (Wang et al., 2024), and ∗ indicates values reported in the original paper.

4.1 Main Comparative Experiments

4.1.1 Natural Language Understanding Tasks

We begin by conducting experiments on the GLUE
benchmark, which offers a set of NLU tasks, includ-
ing MNLI (Williams et al., 2018), SST-2 (Socher
et al., 2013), MRPC (Dolan and Brockett, 2005),
CoLA (Warstadt et al., 2019), QNLI (Rajpurkar
et al., 2018), QQP (Wang et al., 2017), RTE (Ben-
tivogli et al., 2017), and STS-B (Cer et al., 2017).
The training configurations and evaluation met-
rics are consistent with those utilized in prior stud-
ies (Ren et al., 2024; Meng et al., 2024), and we
employ the RoBERTa-base (Liu et al., 2019) and
RoBERTa-large models as the backbones, with the
rank for the compared baselines set to 8. Matthew’s
correlation is reported for CoLA, Pearson correla-
tion for STS-B, and accuracy for the remaining
tasks. Moreover, the value of α, which controls the
relative strengths of the two loss terms, is selected
from the set {0.5, 0.8, 1}. Further details on the
hyperparameter settings and the baseline methods
are provided in Appendices B and C.

Comparative results for RoBERTa-base are
shown in Table 1, and those for RoBERTa-large are
in Appendix D. Although our comparison setup, in
which LeLoRA updates fewer parameters than the
baselines, is less favorable for downstream adapta-
tion, results show that LeLoRA still significantly
outperforms them, owing to its selective updates
of the most impactful regions of the parameter ma-
trices. Specifically, when the maximum effective
dimension in LeLoRA matches the rank of the base-
lines, it achieves an average improvement of 2.3%
over vanilla LoRA and exceeds the best-performing
baseline by 1.0%. Moreover, increasing the maxi-

(a) (b)

Figure 2: (a) Instruction tuning results. Win rate de-
notes the percentage of cases where fine-tuned LLM
outputs are preferred over text-davinci-003. (b) MATH
performance of scaled models.

mum effective dimension can further improve the
performance of LeLoRA, as it effectively broadens
the scope of policy selection.

4.1.2 Commonsense Reasoning Tasks

We fine-tune the LLaMA3-8B (Dubey et al.,
2024), LLaMA-13B (Touvron et al., 2023a), and
LLaMA2-13B (Touvron et al., 2023b) models on
the Commonsense170K dataset (Hu et al., 2023).
For evaluation, we utilize eight commonsense rea-
soning datasets, including BoolQ (Clark et al.,
2019), PIQA (Bisk et al., 2020), SIQA (Sap et al.,
2019), HellaSwag (Zellers et al., 2019), Wino-
Grande (Sakaguchi et al., 2021), ARC-e, ARC-
c (Clark et al., 2018), and OBQA (Mihaylov et al.,
2018). The tasks are formulated as multiple-choice
questions, and we report the accuracy across all
datasets. For all compared baselines, the rank is set
to 32, with additional settings provided in Table 7
of the Appendix.

Table 2 presents results for LLaMA3-8B, with
additional results for the other three models in Ap-
pendix E. LeLoRA consistently outperforms pre-
vious baselines across various datasets and LLMs.
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Figure 3: Analysis of the positions of tunable parameters across matrices in various layers (a) and across different
matrix types (b). Average dimensions of matrices in various layers (c) and of different matrix types (d) throughout
training. These analyses are conducted on commonsense reasoning tasks utilizing the LLaMA2-7B model.

Method GSM8K MATH Avg.

Mistral-7B
Full FT 67.08 18.72 42.90
LoRA 67.56 19.83 43.70
PiSSA 72.79 21.62 47.21
MiLoRA 72.68 21.03 46.86

LeLoRA 74.67 23.61 49.14

Gemma-7B
Full FT 71.35 22.81 47.08
LoRA 74.93 31.06 53.00
PiSSA 77.98 31.87 54.93
MiLoRA 78.02 31.54 54.78

LeLoRA 79.75 33.50 56.63

Table 3: Math reasoning results on GSM8K and MATH,
with the value of rank set to 64.

Specifically, it achieves average improvements of
3.2% over LoRA across the four LLMs. More-
over, LeLoRA outperforms the best baselines by
1.4% on average. Notably, LeLoRA consistently
outperforms PEFT methods with optimized hyper-
parameters, such as NNI-TPE and NOMAD, due
to its fine-grained, matrix-wise adaptive strategy,
while the baselines optimize only global hyperpa-
rameters shared across matrices.

4.1.3 Instruction Following Tasks

The experimental settings follow those outlined by
Wang et al. (2024), wherein we fine-tune LLaMA2-
7B using Ultrafeedback (Cui et al., 2024). Con-
sistent with previous studies, we utilize Alpaca-
Eval v1.0 (Li et al., 2023) for evaluation, report-
ing the win rate relative to text-davinci-003, with
GPT4-0613 serving as the annotator (Achiam et al.,
2023). The comparison results among LoRA,
PiSSA, MiLoRA, and LeLoRA are presented in
Fig. 2(a), where LeLoRA significantly outperforms
previous baselines.

4.1.4 Math Reasoning Tasks
We fine-tune two LLMs (i.e., Mistral-7B (Jiang
et al., 2023), and Gemma-7B (Team et al., 2024))
on MetaMathQA (Yu et al., 2024), which con-
sists of 395K samples drawn from the train-
ing sets of GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021). For evaluation,
we utilize the test sets from GSM8K and MATH,
reporting the exact match ratio against the ground
truth for each set. The baselines include LoRA,
PiSSA, and MiLoRA, with the rank set to 64. Re-
sults for the Mistral-7B and Gemma-7B models
are presented in Table 3. LeLoRA consistently out-
performs previous PEFT methods across various
LLMs. Additionally, we evaluate the performance
of LeLoRA on larger-scale models: LLaMA3-
70B (Dubey et al., 2024) and Mixtral-8×7B (Jiang
et al., 2024a). Due to computational constraints,
we set the rank parameter for LoRA and the max-
imum dimension for LeLoRA to 4. Fig. 2(b)
demonstrates that LeLoRA significantly outper-
forms LoRA, even for larger-scale LLMs.

4.2 Analytical Experiments

Various analytical experiments are conducted to
further understand the LeLoRA framework.

4.2.1 Adaptation Strategy Analysis
The strategies generated during the training proce-
dure have been thoroughly analyzed. For clarity,
we divide the LLM layers into front, middle, and
back segments. As shown in Fig. 3(a), minor com-
ponents are predominantly fine-tuned in the front
and middle layers, while back layers primarily ad-
just primary components, reflecting that front lay-
ers encode general features and back layers capture
task-specific information. Fig. 3(b) reveals distinct
allocation patterns of primary, medium, and minor
components across different matrix types. Fig. 3(c)
demonstrates that the average adaptation dimen-
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(a) (b) (c) (d)(a) (b) (c) (d)

Figure 4: (a) Performance variation regarding different volumes of tunable parameters. (b) Performance variation
regarding the tuning of parameters across various positions (primary, minor, and medium). (c) and (d) Comparison
of loss (first 100 steps) and accuracy values among LoRA, PiSSA, and LeLoRA during the training process.

Rank 32 64

Method # Params. Acc. # Params. Acc.

LoRA 56M 77.6 112M 77.5
PiSSA 56M 73.8 112M 78.4
DoRA 57M 79.7 113M 79.4
AdaLoRA 54M 78.2 106M 78.5
LeLoRA 25M 81.0 39M 81.6

Table 4: Comparison of the number of tunable parame-
ters and performance across various approaches on the
commonsense reasoning tasks.

sion grows over time, with deeper layers generally
exceeding shallower ones. Moreover, Fig. 3(d) in-
dicates that feed-forward matrices (Up/Down) are
tuned more in early phases, whereas attention ma-
trices dominate later.

4.2.2 Varying Strategy Sets
Given the importance of candidate set selection, we
examine performance across different settings of ef-
fective dimensions and location indices. The model
is trained for one epoch using the MetaMathQA-
100K dataset (Meng et al., 2024). Results on
GSM8K are shown in Figs. 4(a) and (b), with oth-
ers provided in Appendix H. As shown in Fig. 4(a),
expanding the effective dimension set leads to en-
hanced performance. Moreover, LeLoRA consis-
tently outperforms the compared baselines across
varying amounts of tunable parameters. Addition-
ally, Fig. 4(b) shows that adaptively adjusting the
positions of the trainable parameters yields signifi-
cantly better performance compared to approaches
that rely on predefined positions.

4.2.3 Training Analysis
We analyze the adaptation process of LeLoRA
by fine-tuning LLaMA2-7B on a single NVIDIA
A800 GPU. As shown in Table 4, LeLoRA, which
dynamically selects the most beneficial compo-

(a) (b)

Figure 5: (a) Ablations of the adaptation strategies. (b)
Sensitivity tests of the modulating factor α, which con-
trols the relative strengths of the two loss terms.

nents of the weight matrices for fine-tuning, signif-
icantly reduces the number of tunable parameters
and outperforms all baselines, thereby achieving a
better balance between preserving the pre-trained
knowledge and adapting to new tasks. Moreover,
although LeLoRA incurs additional overhead from
components like REINFORCE-based policy net-
work training, it achieves a superior trade-off be-
tween effectiveness and efficiency compared to ex-
isting methods. We also compare LeLoRA with
previous baselines under roughly equal amounts
of updated parameters. As shown in Table 12,
LeLoRA achieves substantial performance gains
on this occasion. Furthermore, a comparison of
the loss and accuracy values during the training
process is provided in Figs. 4(c) and (d). LeLoRA
converges faster and continuously outperforms the
compared baselines. Since the policy network’s re-
ward is directly based on the LLM loss, the results
also reflect its training stability.

4.2.4 Ablation and Sensitivity Studies
We evaluate LeLoRA’s performance by separately
examining the effects of the dimension and posi-
tion of the tunable parameters. When considering
only the dimension, adaptation is restricted to the
primary components. Moreover, when considering
only the location, all matrices are fine-tuned with a
dimension of 32. Fig. 5(a) shows the performance
on commonsense reasoning tasks using LLaMA2-
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7B. The results clearly highlight the importance
of both dynamic and adaptive adjustments to the
volume and position of trainable components in
enhancing adaptation performance. Furthermore, a
sensitivity analysis of the hyperparameter α is con-
ducted. From Fig. 5(b), the performance remains
stable for α ∈ [0.5, 1].

5 Conclusion

This study presents a novel learnable low-rank
adaptation framework, termed LeLoRA, which is
designed for the effective and parameter-efficient
adaptation of LLMs. Within this framework, a pol-
icy network dynamically and adaptively generates
matrix-specific adaptation strategies, specifying the
components to be tuned. The LLM and the policy
network are alternately updated using a reinforce-
ment learning-based optimization algorithm, allow-
ing the generated strategies to adapt to the evolving
dynamics of the training process. Extensive experi-
ments across various tasks and LLMs conclusively
demonstrate the efficacy of the LeLoRA approach.

Limitations

While LeLoRA demonstrates strong performance
in fine-tuning LLMs, it has certain limitations that
open up avenues for future research. First, although
our approach allows adaptive and dynamic adjust-
ment of fine-tuning strategies for each weight ma-
trix, the integration of REINFORCE-based adap-
tive parameter allocation inevitably introduces com-
putational overhead. Future work could investigate
more efficient optimization algorithms to further
enhance the training of our framework. Second,
our approach considers four main characteristics
of each weight matrix, such as singular values and
matrix norms, to determine its adaptation strategy.
While these indicators provide a comprehensive
understanding of the role and position of matrices
within LLMs, the set of metrics remains limited.
An avenue for future research is to incorporate addi-
tional task-specific and training-dynamics-related
indicators, thereby enabling a more comprehen-
sive characterization of each weight matrix. More-
over, our approach considers only two adaptation
strategies, the effective dimension and the location
index, which govern the trainable components of
the weight matrices. An extension of our LeLoRA
framework in future research could involve integrat-
ing other fine-tuning strategies, such as step size
and weight decay, to further refine the adaptation

process of LLMs.
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A Ethical Considerations

In our experiments, we have utilized publicly avail-
able pre-trained models, as well as publicly acces-
sible datasets. All models and datasets used in
this study have been meticulously processed and
curated by their respective publishers to mitigate
ethical issues.

B Detailed Experimental Configurations

The settings for the GLUE benchmark using the
RoBERTa-base (Liu et al., 2019) and RoBERTa-
large models are provided in Tables 5 and 6, respec-
tively. Moreover, the hyperparameter configura-
tions for commonsense reasoning, math reasoning,
code generation, and instruction following tasks
are summarized in Table 7. The learning rate for

the policy network is set to 1 × 10−3, while the
learning rates for the LLMs correspond to the val-
ues specified in Tables 5, 6, and 7. The validation
set consists of 32 samples, which are randomly
drawn from the training data. As shown in these
tables, the set of possible location indexes includes
three options: 0, m/2, and m, which correspond
to the head, middle, and tail of the matrix, respec-
tively. Alternatively, when 0, m/2, or m is selected,
the primary, medium, or minor components of the
weight matrix will be optimized. Moreover, if 0 is
selected from the set of effective dimensions, it in-
dicates that the matrix does not require fine-tuning.

To handle the two categorical variables, namely
the layer index and matrix type, they are first trans-
formed into dense vectors using two embedding
layers. These vectors are then concatenated with
the matrix norm and singular values to form a uni-
fied representation for each weight matrix. For all
tasks, the layer index and matrix type are embed-
ded into 200-dimensional dense vectors. The pol-
icy network is implemented as an MLP with three
hidden layers, which transform the input feature
dimensions into 1,024, 256, and 64, respectively.
Additionally, the network includes two output lay-
ers, each employing the Softmax function, which is
responsible for predicting the effective dimension
and the location index. The entire policy network
is initialized using Kaiming initialization with a
uniform distribution (He et al., 2015).

C Compared Baselines

A series of prevalent and advanced PEFT baselines
are involved in our experiments, as detailed below:

• LoRA (Hu et al., 2022) freezes the pre-trained
model weights while introducing trainable
low-rank decomposition matrices into each
layer of the Transformer architecture.

• PiSSA (Meng et al., 2024) fine-tunes only the
primary components of weight matrices while
keeping the minor components fixed.

• MiLoRA (Wang et al., 2024) focuses on adapt-
ing the minor singular components to retain
the pre-trained knowledge.

• AdaLoRA (Zhang et al., 2023b) allocates pa-
rameter budgets across different weight matri-
ces based on their importance scores.
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Hyperparameters MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B

Effective dimension set {0, 2, 4, 8} or {0, 2, 4, 8, 16}
Location index set {0, m/2, m}
Optimizer AdamW
Learning rate 5× 10−4 5× 10−4 4× 10−4 4× 10−4 4× 10−4 4× 10−4 4× 10−4 4× 10−4

Scheduler Linear
Batch size 128 128 128 64 128 128 128 128
Warmup ratio 0.06
Weight decay 0.1
Epochs 30 60 30 80 25 25 80 40
Learning rate for the policy network 1× 10−3

Placement query, value

Evaluation metrics Accuracy Accuracy Accuracy
Matthews
correlation

Accuracy Accuracy Accuracy
Pearson

correlation

Table 5: Hyperparameter settings for the GLUE benchmark using the RoBERTa-base model. For a fair comparison,
we adopt the configurations outlined by Ren et al. (2024), with the exception of the hyperparameters specific to our
approach. In this context, m denotes the maximum dimensionality of the singular values.

Hyperparameters MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B

Effective dimension set {0, 2, 4, 8} or {0, 2, 4, 8, 16}
Location index set {0, m/2, m}
Optimizer AdamW
Learning rate 1× 10−4 2× 10−4 6× 10−4 4× 10−4 1× 10−4 3× 10−4 3× 10−4 3× 10−4

Scheduler Linear
Batch size 32 32 16 16 6 32 16 16
Warmup ratio 0.03
Epochs 10 10 20 20 10 20 20 30
Learning rate for the policy network 1× 10−3

Placement query, value

Evaluation metrics Accuracy Accuracy Accuracy
Matthews
correlation

Accuracy Accuracy Accuracy
Pearson

correlation

Table 6: Hyperparameter settings for the GLUE benchmark using RoBERTa-large. To ensure a fair comparison,
we adhere to the configurations specified by Meng et al. (2024), with the exception of the unique hyperparameters
introduced in our approach.

• MELoRA (Ren et al., 2024) freezes the origi-
nal model weights and trains a series of mini
LoRAs during training.

• LoRA-XS (Bałazy et al., 2024) trains an ad-
ditional small matrix inserted between frozen
low-rank matrices.

• DoRA (Liu et al., 2024) decomposes the pre-
trained weights into two components, includ-
ing direction and magnitude, to facilitate more
nuanced updates.

• Tribes et al. (2023) investigated the selec-
tion of hyperparameters in previous PEFT ap-
proaches using two black-box optimization
techniques, namely NOMAD and NNI. Based
on these techniques, two corresponding PEFT
methods, referred to as NOMAD and NNI-
TPE, are derived.

Additionally, we include full fine-tuning in our
comparisons, following the protocol outlined by Zi

et al. (2023).

D More Results for GLUE Benchmark

As mentioned in the main text, we conduct ex-
periments on the GLUE benchmark to evaluate
the performance of LeLoRA on NLU tasks, us-
ing both the RoBERTa-base (Liu et al., 2019) and
RoBERTa-large models. The experimental results
for RoBERTa-large are presented in Table 8, while
those for RoBERTa-base are provided in the main
text. Our proposed LeLoRA approach consistently
outperforms previous baselines, owing to its ability
to dynamically and adaptively adjust the tunable
components of each weight matrix.

E More Results for Commonsense
Reasoning Tasks

Table 9 presents a comparative analysis of the
performance of the LLaMA-13B (Touvron et al.,
2023a), and LLaMA2-13B (Touvron et al., 2023b)
models on commonsense reasoning (Wang et al.,
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Hyperparameters Settings

Effective dimension set {0, 2, 4, 8, 16, 32} or {0, 2, 4, 8, 16, 32, 64}
Location index set {0, m/2, m}
Dropout 0.05
Optimizer AdamW
Learning rate 3× 10−4

Scheduler Linear
Batch size 64
Warmup steps 100
Epochs 3
Learning rate for the policy network 1× 10−3

Placement query, key, value, up, down

Table 7: Hyperparameter settings for commonsense reasoning, math reasoning, code generation, and instruction
following tasks. To ensure a fair comparison, we follow the configurations employed by Wang et al. (2024) and
Meng et al. (2024), with the exception of the unique hyperparameters specific to our approach.

Method Rank MRPC RTE CoLA STS-B SST-2 QQP QNLI MNLI Avg.

Full FT‡ - 90.2 96.4 90.9 68.0 94.7 92.2 86.6 91.5 88.8
LoRA‡ 8 90.6 96.2 90.9 68.2 94.9 91.6 87.4 92.6 89.1
PiSSA‡ 8 90.7 96.7 91.9 69.0 95.1 91.6 91.0 92.9 89.9

LeLoRA 8 91.8 97.6 93.1 70.2 96.2 92.7 92.4 94.1 91.0
LeLoRA 16 92.4 97.6 93.5 70.8 96.6 93.2 93.0 94.2 91.4

Table 8: More evaluation results on the GLUE benchmark for the RoBERTa-large model. Results marked with ‡ are
taken from PiSSA (Meng et al., 2024).

2026) tasks. The proposed LeLoRA approach con-
sistently outperforms all compared baselines across
various models and tasks, achieving the best overall
performance.

F Code Generation Tasks

We fine-tune three models, including LLaMA2-
7B, Mistral-7B (Jiang et al., 2023), and Gemma-
7B (Team et al., 2024) on the CodeFeedback
dataset (Zheng et al., 2024). Subsequently, the
adapted LLMs are evaluated for coding proficiency
using the HumanEval (Chen et al., 2021) and
MBPP (Austin et al., 2021) datasets. As shown
in Table 10, LeLoRA demonstrates significantly
better performance than the baselines across di-
verse code generation tasks. Specifically, LeLoRA
outperforms LoRA and PiSSA by an average of
4.7% and 2.4%, respectively.

G Comparison with Methods Mitigating
Manual Hyperparameter Tuning

To demonstrate the effectiveness of LeLoRA in
allocating parameters across matrices compared
to prior approaches, we compare it with previ-
ous methods that challenge manual parameter de-
sign, including LoRA-FA (Zhang et al., 2023a),
VeRA (Kopiczko et al., 2024), and MoRA (Jiang
et al., 2024b). The comparison results are pre-
sented in Table 11. From the results, LeLoRA
demonstrates significantly superior performance
compared to the baseline methods. This improve-
ment can be attributed to its use of a dynamically
learned function during training, which determines
the update strategy for each weight matrix based
on its unique training dynamics, jointly specifying
both the rank and the locations of the updates.

H More Experiments for Varying
Strategy Sets

We present additional experimental results that eval-
uate the performance of our proposed LeLoRA
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Method Rank BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.

LLaMA-13B
LoRA 32 72.1 83.5 80.5 90.5 83.7 82.8 68.3 82.4 80.5
DoRA∗ 32 72.4 84.9 81.5 92.4 84.2 84.2 69.6 82.8 81.5

LeLoRA 32 73.5 86.2 82.7 93.9 85.8 85.4 70.9 84.0 82.8
LeLoRA 64 74.2 86.3 82.9 94.1 86.2 85.6 71.0 84.4 83.1

LLaMA2-13B
LoRA 32 74.4 85.8 80.5 92.1 85.8 86.8 75.2 85.0 83.2
DoRA 32 74.8 84.5 81.4 93.5 86.7 87.0 74.9 84.3 83.4

LeLoRA 32 76.2 87.8 82.4 94.4 87.9 89.1 77.0 87.2 85.3
LeLoRA 64 76.7 88.8 83.4 95.3 88.5 89.9 77.9 88.1 86.1

Table 9: Evaluation results for commonsense reasoning tasks using the LLaMA2-7B, LLaMA-13B, and LLaMA2-
13B models. The symbol ∗ indicates results reported in the original paper.

(a) (b) (c) (d)(a) (b) (c) (d)

Figure 6: (a) Performance variation across different volumes of tunable parameters on the MATH dataset. (b)
Performance variation across different positions (including primary, minor, and medium) of tunable parameters on
the MATH dataset. The rank and the maximum dimension in our effective dimension set are both set to 64. (c) and
(d) Accuracy progression over iterations for LoRA and LeLoRA on the GSM8K and BoolQ datasets.

framework across various configurations of adapta-
tion strategies, including different sets of effective
dimensions and location indices. The performance
variation across different volumes of tunable pa-
rameters, as well as across different positions of
these parameters, on the MATH (Hendrycks et al.,
2021) dataset is shown in Figs. 6(a) and (b). The
results demonstrate that expanding the set of tun-
able dimensions contributes to performance gains.
Furthermore, when the maximum dimension in our
effective dimension set matches the rank of the
compared baselines, our approach consistently out-
performs the compared baselines across various
settings of tunable dimensions. Notably, in these
cases, our approach requires significantly fewer
tunable parameters compared to other methods.
Additionally, incorporating trainable parameters
at primary, minor, and medium positions leads to
substantial performance improvements compared
to methods that focus exclusively on fine-tuning
parameters at a single position.

I Additional Training Analysis

Table 4 compares the number of tunable parameters
and performance of various PEFT methods using
the LLaMA2-7B model. The results indicate that
LeLoRA, which dynamically identifies and fine-
tunes the most beneficial components of the weight
matrices, substantially reduces the number of tun-
able parameters while consistently outperforming
all baseline methods. This demonstrates its supe-
rior ability to balance the retention of pre-trained
knowledge with effective task-specific adaptation.
Notably, similar to LoRA, our method does not
introduce any additional inference latency.

Our experiments reveal that when the rank of
LoRA is set to 32, and the maximum effective di-
mension in LeLoRA is set to 128, the number of
trainable parameters for both methods is approx-
imately the same. Table 12 further compares the
performance of LeLoRA and other compared base-
lines under the condition of comparable trainable
parameters. As observed, LeLoRA significantly
outperforms previous baselines, providing addi-
tional evidence of the superiority of our proposed
LeLoRA approach.
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Method HumanEval MBPP Avg.

LLaMA2-7B
Full FT 21.45 35.61 28.53
LoRA 18.18 35.40 26.79
PiSSA 22.06 37.15 29.61

LeLoRA 25.07 40.58 32.83

Mistral-7B
Full FT 45.21 51.43 48.32
LoRA 43.87 58.28 51.08
PiSSA 46.97 62.72 54.85

LeLoRA 48.22 65.13 56.68

Gemma-7B
Full FT 46.98 55.70 51.34
LoRA 53.71 65.55 59.63
PiSSA 54.34 66.21 60.28

LeLoRA 56.16 68.05 62.11

Table 10: Evaluation results for coding proficiency using
the HumanEval and MBPP datasets, with the value of
rank setting to 64.

Moreover, from the results presented in Figs. 6(c)
and (d), the accuracy of LeLoRA is consistently
higher than that of LoRA during the training pro-
cess, further highlighting its superiority. Further-
more, as reinforcement learning is used solely to
train the policy network, while the target LLM is
optimized via standard gradient descent, the overall
training process remains stable.

J More Ablation Studies

We investigate the performance of LeLoRA when
utilizing a single loss term to guide the learning of
the policy network. The first loss term L1 reflects
the performance of the LLM, while the second
term, L2, captures the performance variation before
and after the update in a given iteration. The results,
as shown in Fig. 7, indicate that both loss terms
(i.e., L1 and L2) effectively contribute to guiding
the learning of the policy network.

We further investigate the impact of the policy
network’s architectural design on the performance
of the LeLoRA framework. Specifically, we eval-
uate three network backbones: an MLP, ResNet-
32 (He et al., 2016), and TabNet (Arik and Pfister,
2021). The comparative results, summarized in
Tables 13 and 14 indicate that MLP and TabNet
outperform the ResNet architecture. This can be
attributed to the nature of the policy network inputs,

(a) (b)(a) (b)

Figure 7: Ablation studies on the loss terms of the policy
network in our framework using the RoBERTa-base (a)
and RoBERTa-large (b) models.

numerical features including layer indices, matrix
types, Frobenius norms, and singular values, which
are inherently more compatible with MLP and Tab-
Net than with convolutional networks. Considering
the trade-off between computational efficiency and
performance, we adopt the MLP as the default pol-
icy network in our experiments.
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Method SST-2 MRPC CoLA QNLI RTE STS-B Avg.

LoRA-FA 94.7 89.9 63.7 92.7 67.8 89.8 83.1
VeRA 94.8 89.3 65.3 92.1 78.5 90.9 85.2
MoRA 95.0 90.4 64.2 92.8 80.1 91.2 85.6

LeLoRA 96.0 92.5 65.9 94.2 88.7 93.2 88.4

Table 11: Comparison results between LeLoRA and other methods that challenge the reliance on manual hyperpa-
rameter tuning, evaluated using the RoBERTa-base model.

Method Rank # Params. Avg.

LLaMA2-7B
LoRA 32 56M 77.6
PiSSA 32 56M 73.8
MiLoRA 32 56M 79.2
LeLoRA 128 58M 81.8

LLaMA3-8B
LoRA 32 57M 80.8
PiSSA 32 57M 81.4
MiLoRA 32 57M 81.9
LeLoRA 128 56M 86.9

Table 12: Performance comparison between LoRA and
LeLoRA with comparable size of tunable parameters.

Method MRPC RTE CoLA SST-2

MLP 92.5 88.7 65.9 96.0
ResNet 90.6 86.5 64.7 94.9
TabNet 92.0 86.9 64.0 95.2

Table 13: Ablation studies for the structure of the policy
network across various NLU tasks using the RoBERTa-
base model.

Method OBQA PIQA HellaSwag HumanEval

LLaMA3-8B
MLP 86.1 90.1 96.0 42.2
ResNet 85.2 88.8 95.2 41.6
TabNet 85.8 89.5 96.0 42.0

LLaMA2-13B
MLP 87.2 87.8 94.4 33.6
ResNet 86.5 87.2 93.1 32.5
TabNet 86.8 86.5 93.7 33.2

Table 14: Ablation studies for the structure of the policy
network across various commonsense reasoning and
code generation tasks.
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