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Abstract

Fine-tuning large language models (LLMs)
for downstream tasks remains expensive, even
with parameter-efficient methods like Low-
Rank Adaptation (LoRA). In this regard, meta-
learning approaches such as Model-Agnostic
Meta-Learning for LLMs (MAML-en-LLM)
and Amortized Bayesian Meta-Learning for
LoRA (ABMLL) have emerged as promising
solutions for rapid downstream LLM adap-
tation. However, these methods fundamen-
tally couple two distinct objectives: learning
generalizable initializations and enabling ef-
ficient task adaptation. We argue that this
coupling limits both the quality of learned
representations and adaptation efficiency. In
this paper, we introduce DeGAML-LLM
(Decoupled Generalization and Adaptation
Meta-Learning for Large Language Models),
a novel framework that explicitly separates
these two objectives through dedicated pa-
rameter spaces. Specifically, we maintain a
generalization module that learns task-agnostic
representations across the task distribution, and
an adaptation module that specializes in rapid
task-specific adjustment. Extensive experi-
ments on common-sense reasoning, mathemat-
ics, logic, social, medical and coding bench-
marks across model scales demonstrate that
DeGAML-LLM outperforms existing meta-
learning and standard multi-task baselines.

1 Introduction

Large Language Models (LLMs) such as GPT-4
(Achiam et al., 2023), LLaMA (Grattafiori et al.,
2024), and Qwen (Yang et al., 2024) have demon-
strated remarkable capabilities across a wide range
of natural language processing tasks. However,
adapting these models to specific downstream tasks
typically requires multi-step fine-tuning with sub-
stantial training data, incurring significant compu-
tational overhead. Although Parameter-Efficient
Fine-Tuning (PEFT) methods (Hu et al., 2021;

Figure 1: Visual comparison of parameter explo-
ration and update dynamics across meta-learning
paradigms - The figure illustrates a single update step
from parameters at iteration i : θi to iteration i+1 : θi+1.
Dotted arrows denote task-specific adaptation steps,
while solid arrows indicate the final parameter update.
MAML-en-LLM / ABMLL explicitly adapt parameters
for multiple tasks, exploring a broader shared parameter
region and aggregating these adapted parameters via a
coupled meta-update. DeGAML-LLM (ours) decouples
generalization and adaptation: task-conditioned param-
eter generation explores diverse and disjoint regions
of the parameter space, while task-specific adaptation
proceeds independently before contributing to the final
update. This separation enables richer exploration and
avoids constraining adaptation to a single shared opti-
mization trajectory (See Appendix A).

Houlsby et al., 2019) reduce the number of train-
able parameters, fine-tuned LLMs often remain
tightly coupled to the training domain, with perfor-
mance failing to generalize or even degrading in
new domains. Consequently, domain transfer fre-
quently necessitates repeating the entire fine-tuning
process (Kotha et al., 2024; Luo et al., 2025).

To address these limitations, meta-learning of-
fers a promising solution: training models across
diverse tasks to learn generalizable parameters
that enable rapid adaptation to new tasks with
only a few examples (Schmidhuber, 1987; Finn
et al., 2017). Recently, meta-learning has been
applied to LLM fine-tuning along two main di-
rections. The first adapts the Model-Agnostic
Meta-Learning (MAML) framework for efficient
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and rapid fine-tuning of LLMs, as exemplified by
MAML-en-LLM (Sinha et al., 2024). The sec-
ond explores Bayesian parameter-generative ap-
proaches, where task-adaptive parameters are gen-
erated from a shared prior to facilitate fine-tuning,
such as ABMLL (Zhang et al., 2025a).

Although these meta-learning methods1 (Sinha
et al., 2024; Zhang et al., 2025a; Min et al., 2022)
have achieved promising results, their reliance
on coupled optimization of general initialization
and task-specific parameters introduces two key
concerns. First, learning both parameter types is
tightly intertwined despite misaligned objectives:
one seeks cross-task generalization, while the other
prioritizes rapid task-specific adaptation, leading
to optimization conflicts and inevitable trade-offs.
Second, both parameter types require explicit gra-
dient updates, restricting adaptation to gradient-
based procedures. This proves overly restrictive
in settings with large task discrepancies, diverse
metrics, or non-differentiable feedback, limiting
flexibility across heterogeneous tasks.

Motivated by these concerns, we present a decou-
pled meta-learning paradigm that separates stable
initialization from task adaptation, freeing the lat-
ter to employ more flexible, task-specific strategies.
Specifically, in the initialization stage, we learn
a task-conditioned parameter generator that cap-
tures shared structure across the task distribution
and outputs an initial set of adapter parameters,
without committing to any particular adaptation
rule. Task adaptation is then handled by an inde-
pendent, closed-loop mechanism that refines these
parameters using task-level feedback, rather than
gradients tied to the meta-training objective. This
separation eliminates the need to meta-learn a fixed
adaptation trajectory, allowing adaptation strategies
to vary across tasks, metrics, and domains while
preserving strong generalization.

Our main contributions are as follows:

1. We analyze existing meta-learning methods
for LLMs and highlight the limitations aris-
ing from coupling cross-task generalization
and task-specific adaptation within a single
optimization process.

2. We propose DeGAML-LLM, a decoupled
meta-learning framework that separates gen-
eralization and adaptation into distinct param-
eter modules, enabling more flexible task-
specific adaptation.

1Refer Appendix B for related works

3. We empirically demonstrate that DeGAML-
LLM outperforms prior meta-learning and
multi-task baselines on a diverse set of in-
domain and out-of-domain benchmarks.

2 Methodology

We now present our decoupled meta-learning
framework for LLMs by using parameter genera-
tion and task adaptation. Our formulation separates
the process of learning cross-task structural knowl-
edge from per-task adaptation, enabling flexible
adaptation via closed-loop reinforcement learning.

2.1 Preliminaries and Notation
Let T = {T1, T2, . . . , TN} denote a distribution
over N tasks, where each task Ti provides a dataset
Di = (Dtr

i , D
val
i ) composed of training and vali-

dation splits. Each task is drawn from an unseen
test distribution T∗ at meta-test time. We consider a
pretrained LLM parameterized by θ0 (frozen) and a
set of low-rank adapter parameters θa ∈ Rd (train-
able). Our goal2 is to learn - 1. A generalization
module Gϕ, with parameters ϕ, that maps task data
to a distribution over LoRA adapter parameters and
2. an adaptation policy, πψ with parameters ψ, that
refines parameters for a novel task via closed-loop
reinforcement learning.

2.2 Decoupled Objective
Classical meta-learning uses a coupled bi-level ob-
jective:

min
ϕ

N∑

i=1

LTi(θai (ϕ), Dval
i ),

s.t. θai (ϕ) = Adapt(ϕ,Dtr
i ),

(1)

where Adapt(·) denotes gradient steps or Bayesian
inference. In our case, we instead decouple gener-
alization and adaptation into separate objectives:

Generalization: We learn a generator Gϕ that
produces a distribution over adapter parameters
conditional on a task support set:

Gϕ : Dtr
i 7→ qϕ(θ

a
i | Dtr

i ), (2)

such that the parameters drawn from qϕ(·) maxi-
mize expected validation performance:

min
ϕ

N∑

i=1

Eθai ∼qϕ(·|Dtr
i )

[
LTi(θai , Dval

i )
]
. (3)

2Refer Appendices C, E and F for details about training
procedure as well generalization and adaptation modules
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In-Domain Tasks
Dataset ARC-c ARC-e HellaSwag BoolQ PIQA WinoGrande Avg

Qwen2.5-1.5B-Instruct
No Meta-Train LoRA 74.5 84.4 55.8 55.6 65.6 48.2 64.0
Union Train LoRA 63.2 73.9 48.9 55.1 47.8 61.3 58.3
ABMLL 69.9 83.2 51.1 63.2 54.3 52.9 62.4
MAML-en-LLM 66.0 84.3 59.3 58.7 68.1 56.8 65.5
DeGAML-LLM 73.7 88.4 57.2 58.8 70.7 57.3 67.7
∆ (vs MAML-en-LLM) +7.7 +4.1 -2.1 +0.1 +2.6 +0.5 +2.2
∆ (vs ABMLL) +3.8 +5.2 +6.1 -4.4 +16.4 +4.4 +5.3
∆ (vs No Meta-Train) -0.8 +4.0 +1.4 +3.2 +5.1 +9.1 +3.7
∆ (vs Union Train) +10.5 +14.5 +8.3 +3.7 +22.9 -4.5 +9.4

Qwen2.5-0.5B-Instruct
No Meta-Train LoRA 40.7 59.4 23.4 22.1 66.2 35.7 41.2
Union Train LoRA 39.7 47.4 26.3 14.7 51.1 50.5 38.3
ABMLL 37.6 54.4 26.5 62.2 37.6 34.5 42.1
MAML-en-LLM 47.7 63.7 36.3 46.2 67.7 50.1 51.9
DeGAML-LLM 55.5 74.7 48.3 58.7 60.1 52.8 58.4
∆ (vs MAML-en-LLM) +7.8 +11.0 +12.3 +12.5 -7.6 +2.7 +6.5
∆ (vs ABMLL) +17.9 +20.3 +21.8 -3.5 +22.5 +18.3 +16.3
∆ (vs No Meta-Train) +14.8 +15.3 +24.9 +36.7 -6.1 +17.1 +17.2
∆ (vs Union Train) +15.8 +27.3 +22.0 +44.1 +9.0 +2.3 +20.1

Out-of-Domain Tasks
Dataset GSM-8K MATH DivLogicEval SocialIQA CodeMMLU JAMA Avg

Qwen2.5-1.5B-Instruct
Union Train LoRA 34.2 32.2 24.1 51.4 34.7 34.7 36.1
ABMLL 28.7 15.9 26.9 66.3 39.6 28.5 34.3
MAML-en-LLM 35.6 43.5 31.2 68.7 42.3 32.5 42.3
DeGAML-LLM 51.4 46.9 31.4 69.5 44.6 41.5 47.5
∆ (vs MAML-en-LLM) +15.8 +3.4 +0.2 +0.8 +2.3 +9.0 +5.3
∆ (vs ABMLL) +22.7 +31.0 +4.5 +3.2 +5.0 +13.0 +13.2
∆ (vs Union Train) +17.2 +14.7 +7.3 +18.1 +9.9 +6.8 +11.4

Qwen2.5-0.5B-Instruct
Union Train LoRA 15.6 6.8 20.3 39.5 29.8 29.9 29.9
ABMLL 20.4 7.1 23.7 53.1 28.2 16.8 24.9
MAML-en-LLM 29.1 26.3 25.1 54.9 34.1 26.4 32.6
DeGAML-LLM 30.3 24.5 28.7 55.1 35.6 31.2 34.2
∆ (vs MAML-en-LLM) +1.2 -1.8 +3.6 +0.2 +1.5 +4.8 +1.6
∆ (vs ABMLL) +9.9 +17.4 +5.0 +2.0 +7.4 +14.4 +9.3
∆ (vs Union Train) +14.7 +17.7 +8.4 +15.6 +5.8 +1.3 +4.3

Table 1: In-domain and Out-of-domain performance comparing DeGAML-LLM against baseline adaptation methods
across general knowledge, common-sense, mathematical, logic, medical, social and coding reasoning benchmarks.
∆ rows highlight absolute gains over MAML-en-LLM, ABMLL, No Meta-Train and Union Train LoRA baselines.

Adaptation: Given an unseen task T∗ and a small
support set Dtr

∗ , we initialize adapter parameters:

θa∗ ∼ qϕ(· | Dtr
∗ ), (4)

and refine them via an RL policy πψ that proposes
updates to θa based on feedback from validation
performance. At each adaptation step t, the policy
observes a state st representing the current per-
formance indicators (e.g. prediction metrics like
accuracy) and outputs an action at that perturbs the
adapter parameters θat+1 = θat +at, at ∼ πψ(at |
st).The agent receives a scalar reward binary re-
ward rt, based on the improvement in task perfor-

mance rt = −LT∗(θat+1, D
val
∗ ), which is then used

for ReSTEM training (Singh et al., 2024).

3 Results

We evaluate the proposed decoupled meta-learning
framework (DeGAML-LLM) against the most re-
cent LoRA-based LLM meta-learning baseline3

3In addition, we also compare with two standard multi-task
baselines namely, “No Meta Train LoRA" that simply ignores
the meta train set, and only fine-tune the LoRAs on the training
set of each meta test task and “Union Train LoRA" which is a
standard multi-task baseline that involves combining all meta
training tasks into a big single union dataset, and then training
the LoRAs on the union set. At meta test time it performs
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In-Domain Tasks
Dataset ARC-c ARC-e HellaSwag BoolQ PIQA WinoGrande Avg

Qwen2.5-1.5B-Instruct
Base Model 71.5 83.0 50.9 56.3 45.8 50.6 59.6

Generalization 73.0
(+2.1%)

83.7
(+0.8%)

56.2
(+10.4%)

55.2
(-2.0%)

56.4
(+23.1%)

50.2
(-0.8%)

62.5
(+4.9%)

Adaptation 73.7
(+1.0%)

88.4
(+5.6%)

57.2
(+1.8%)

58.8
(+6.5%)

70.7
(+25.4%)

57.3
(+14.1%)

67.7
(+8.3%)

Qwen2.5-0.5B-Instruct
Base Model 38.3 54.8 26.5 37.0 16.6 50.2 37.2

Generalization 42.7
(+11.5%)

63.2
(+15.3%)

25.9
(-2.3%)

44.9
(+21.4%)

47.6
(+186.7%)

50.0
(-0.4%)

45.7
(+22.9%)

Adaptation 55.5
(+30.0%)

74.7
(+18.2%)

48.3
(+86.5%)

58.7
(+30.7%)

60.1
(+26.3%)

52.8
(+5.6%)

58.4
(+27.8%)

Out-of-Domain Tasks
Dataset GSM-8K MATH DivLogicEval SocialIQA CodeMMLU JAMA Avg

Qwen2.5-1.5B-Instruct
Base Model 51.8 30.3 28.3 65.9 42.6 38.9 42.9

Generalization 32.6
(-37.1%)

40.1
(+32.3%)

28.6
(+1.1%)

68.6
(+4.1%)

44.1
(+3.5%)

39.5
(+1.5%)

42.2
(-1.6%)

Adaptation 51.4
(+57.7%)

46.9
(+17.0%)

31.4
(+9.8%)

69.5
(+1.3%)

44.6
(+1.1%)

41.5
(+5.1%)

47.5
(+12.6%)

Qwen2.5-0.5B-Instruct
Base Model 15.2 2.8 22.4 50.8 32.4 23.8 24.5

Generalization 20.8
(+36.8%)

24.1
(+760.7%)

21.0
(-6.3%)

33.5
(-34.1%)

29.1
(-10.2%)

11.7
(-50.8%)

25.7
(+4.9%)

Adaptation 30.3
(+45.7%)

29.2
(+21.2%)

28.7
(+36.7%)

55.1
(+64.5%)

35.6
(+22.3%)

31.2
(+166.7%)

34.2
(+33.1%)

Table 2: Ablation study analyzing the contributions of generalization and adaptation components in DeGAML-LLM.
Base Model denotes the frozen pretrained LLM without any LoRA adapters. Generalization evaluates performance
using a single set of LoRA parameters generated by the task-conditioned generator Gϕ, with no task-specific
refinement and adaptation refers to applying RL-based ReSTEM refinement to LoRA parameters generated by Gϕ.

(ABMLL (Zhang et al., 2025a)) as well as MAML-
en-LLM (Sinha et al., 2024) on a suite of natural
language understanding and reasoning benchmarks.
Results (see Table 1) are reported for two model
scales: Qwen2.5-1.5B-Instruct and Qwen2.5-0.5B-
Instruct. We measure performance across a mix
of in-domain and out-of-domain tasks4. For in-
domain tasks, we consider ARC-challenge & ARC-
easy (Clark et al., 2018), HellaSwag (Zellers et al.,
2019), BoolQ (Clark et al., 2019), PIQA (Bisk
et al., 2019) and WinoGrande (Sakaguchi et al.,
2021). For out-of-domain tasks, we evaluated on
GSM-8K (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021), DivLogicEval (Chung et al., 2025),
SocialIQA (Sap et al., 2019), CodeMMLU (Manh
et al., 2025) and JAMA Clinical (Chen et al., 2025).
Table 2 illustrates each individual components ef-
fectiveness. Code is available on Github.

PEFT starting from the trained model as a initial model.
4We follow the setting of ABMLL and use 20 datapoints

only of the target dataset for adaptation

4 Conclusion
We presented a decoupled meta-learning frame-
work that separates cross-task generalization (via
task-conditioned parameter generation) from task-
specific adaptation (via closed-loop RL). Unlike
traditional coupled meta-learning that integrates
both processes through bi-level optimization, our
approach enables flexible adaptation strategies se-
lected based on observed performance. Empir-
ical evaluations on diverse natural language un-
derstanding, reasoning and out-of-domain trans-
fer tasks demonstrate that our approach consis-
tently outperforms strong baselines across multiple
model scales. The proposed formulation opens
several promising research directions, including
more expressive adaptation policies, learned re-
wards and scaling to ultra-large language models.
We posit this represents an important step toward
meta-learning that is both flexible and scalable, lay-
ing the groundwork for more adaptive and efficient
language models in real-world applications.
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A Visuals

A.1 Meta-Learning Paradigm Comparison

Figure 2 illustrates the fundamental difference be-
tween traditional coupled meta-learning and our
proposed decoupled approach. In coupled frame-
works (MAML, ABMLL), the meta-learner di-
rectly produces task-specific parameters through
gradient-based or Bayesian updates that are back-
propagated end-to-end during meta-training. This
tight coupling means the adaptation procedure is
fixed during meta-learning and cannot be changed
at test time. In contrast, DeGAML-LLM decouples
these processes: the generalization module learns
only to generate good initializations by capturing
cross-task structure, while the adaptation module
independently learns to refine parameters through
closed-loop feedback. This separation enables flex-
ible test-time adaptation strategies (TTT, mixing,
ensembling) not available in coupled approaches.
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Figure 2: Comparison of coupled meta-learning (MAML, ABMLL) versus our proposed decoupled approach
(DeGAML-LLM). Coupled methods learn parameters and adaptation jointly through bi-level optimization.
DeGAML-LLM separates generalization (parameter generation from cross-task knowledge) from adaptation
(flexible RL-based refinement).

A.2 Architecture Mechanisms
Figure 3 shows how different meta-learning ap-
proaches modify the internal transformer architec-
ture:

• MAML-en-LLM (a): Updates all LoRA
weights via gradient descent from a meta-
learned initialization. Adaptation is gradient-
based and follows a fixed trajectory deter-
mined during meta-training.

• ABMLL (b): Samples LoRA adapters
from a learned Bayesian posterior p(θa |
meta-data, task-data). Coupling occurs
through variational inference requiring gra-
dients through the entire model.

• DeGAML-LLM (c): Generator Gϕ produces
initial weights from task prompts, then RL
policy πψ refines them without backpropaga-
tion to the generator. The generator and policy
are trained separately, enabling modular adap-
tation.

The key architectural insight is that DeGAML-
LLM’s policy can observe performance feedback
and adaptively select refinement operations (e.g.,
test-time training on task data, mixing multiple
generated adapters, ensemble voting) rather than

being constrained to a single gradient-based update
rule.

B Related Work

Meta-learning enables rapid task adaptation by
leveraging shared structure across task distribu-
tions (Schmidhuber, 1987; Thrun and Pratt, 1998;
Hospedales et al., 2021). Classical approaches
like Matching Networks (Vinyals et al., 2016),
Prototypical Networks (Snell et al., 2017), and
MAML (Finn et al., 2017) established bi-level
optimization paradigms (Vilalta and Drissi, 2002;
Nichol et al., 2018), but their application to LLMs
faces unique scalability challenges.

B.1 Gradient-Based Meta-Learning for LLMs

The Model-Agnostic Meta-Learning (MAML) fam-
ily exemplifies gradient-based approaches that opti-
mize for initial parameters from which tasks can be
adapted with a few gradient steps. These methods
have been effective on standard few-shot classi-
fication and reinforcement learning benchmarks.
However, they inherently bind generalization and
adaptation through a shared optimization trajectory,
requiring second-order gradients or multiple inner-
loop updates that are costly for large models. Vari-
ants such as MAML-en-LLM (Sinha et al., 2024),
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MLtD (Hou et al., 2022), ReptiLoRA (Kim et al.,
2025) adapt this framework to large pretrained lan-
guage models, demonstrating improved unseen do-
main and adaptation performance via meta-training
tailored for LLMs. Although promising, these
approaches still adhere to coupled adaptation dy-
namics and necessitate gradient backpropagation
through the LLM’s entire parameter space, which
remains expensive and often impractical at scale.

B.2 Bayesian and Amortized Meta-Learning
for LLMs

Probabilistic meta-learning models introduce a gen-
erative perspective on task parameters, learning pri-
ors or distributions that can produce task-specific
models. Hierarchical Bayesian frameworks such
as LiFT (Kim and Hospedales, 2025)(Learning to
Fine-Tune) treat PEFT adapter parameters of LLMs
as random variables governed by a higher-level la-
tent prior that captures shared information across
tasks. By performing efficient sampling and in-
ference, such models offer better generalization
and can outperform traditional meta-learning and
heuristic mixing approaches. More recently, Amor-
tized Bayesian Meta-Learning for LoRA (ABMLL)
(Zhang et al., 2025a) has been proposed specifically
for large language models. ABMLL adapts amor-
tized Bayesian meta-learning techniques to the
LoRA parameterization of LLMs, reframing global
and task-specific parameters to improve computa-
tional efficiency and generalization on multi-task
benchmarks such as Unified-QA and CrossFit. The
Bayesian formulation also yields improved uncer-
tainty quantification for LLM adaptation. While
these Bayesian approaches enable principled incor-
poration of uncertainty and task parameter distri-
butions, they still rely on gradient-based inference
or sampling within the meta-training loop, thereby
retaining some of the limitations of coupled meta-
learning, particularly for large pretrained models.

B.3 Adaptation Beyond Gradients
While the above methods primarily rely on gra-
dients or approximate inference within the meta-
training paradigm, emerging research suggests al-
ternative adaptation strategies for large models that
do not depend on gradient descent. For instance,
in-context meta-learning (Coda-Forno et al., 2023;
Chen et al., 2022) explores recursive in-context
learning capabilities of LLMs to improve task per-
formance without parameter updates.

Our framework diverges from these approaches

by explicitly decoupling the generalization and
adaptation processes, learning a generative model
over task parameters in a task-agnostic manner, and
adopting closed-loop reinforcement learning for
adaptation that does not require gradients through
the meta-learner or LLM parameters. This enables
modular adaptation policies and addresses scala-
bility and flexibility limitations inherent in prior
gradient-coupled meta-learning approaches.

C Training

The meta-training procedure for DeGAML-LLM
follows a two-stage sequential process that explic-
itly decouples generalization from adaptation. Cru-
cially, gradients from adaptation performance
do not flow back to the generator, ensuring true
decoupling. All experiments were conducted used
seed 999.

Stage 1: Generalization Module Training
(Offline)

The first stage trains the parameter generator Gϕ
to learn the cross-task parameter manifold by min-
imizing reconstruction error on collected check-
points. This stage is completely independent of any
adaptation mechanism.

Step 1.1: LoRA Checkpoint Collection. For
each meta-training task Ti, we collect a set of LoRA
adapter checkpoints by:

1. Pretraining LoRA adapters on task Ti for 75
steps at learning rate 10−4 with batch size 32
using at max 5000 training samples

2. Fine-tuning for an additional 50 steps at learn-
ing rate 10−5

3. Saving checkpoint parametersmj at each step
during both pretraining and fine-tuning

This process generates approximately 125 check-
points per task, capturing the trajectory of task-
specific adaptation from initialization to conver-
gence. To create training data for the gen-
erator, we randomly pair prompt batches with
checkpoints from the same task. Given task Ti
with prompt batches [pi1, . . . , p

i
I ] and checkpoints

[mi
1, . . . ,m

i
J ], we randomly sample pairs (pik,m

i
j)

to create approximately 5,000 training samples per
task.
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Figure 3: Internal Transformer Architecture Modifications. (a) MAML-en-LLM updates all weights via gradients
from a meta-learned initialization (b) ABMLL samples low-rank LoRA adapters from a learned Bayesian posterior
distribution (c) DeGAML-LLM uses a separate generator to predict initial adapter weights, which are then refined
by a separate RL policy without gradient backpropagation to the generator.

Step 1.2: Generator Training via MSE Loss.
The generator is trained to minimize mean squared
error between generated parameters and checkpoint
parameters:

min
ϕ

E(pk,mj)∼Dmeta∥Gϕ(pk)−mj∥2, (5)

where pk denotes prompt batch embeddings ex-
tracted via Sentence-BERT and mj denotes check-
point parameters. This objective trains ϕ to capture
the cross-task parameter manifold-the shared
statistical structure of task-adapted parameters-
without encoding any specific adaptation dy-
namics. The generator learns what good task-
conditioned initializations look like, not how to
adapt them. This realizes the generalization com-
ponent of our decoupled framework.

Stage 2:Adaptation Module Training (Online)

After Stage 1 completes, the generator Gϕ is frozen,
and we train the RL policy πψ to learn effective
adaptation strategies. The key architectural princi-
ple is that generator outputs are detached from
the computation graph-gradients from the RL ob-
jective cannot flow back to ϕ.

The training procedure alternates between policy
rollouts and policy updates:

Policy Rollout. For each meta-training iteration:

1. Sample a batch of tasks {Ti} from the meta-
training distribution

2. For each task Ti:

• Draw support set Dtr
i and validation set

Dval
i

• Initialize adapter parameters θai,0 ∼
qϕ(· | Dtr

i ) (with gradient detachment)
• Execute T adaptation steps where the

policy observes performance and pro-
poses parameter updates

• Compute cumulative reward Ri based
on validation performance. In particular,
these rewards are binary implying that an
action gets a reward of 1 if the adapted
parameters perform better than initializa-
tion else zero.

Policy Update. After collecting rollouts for all
tasks in the batch, update the policy parameters ψ
via policy gradients (ReSTEM (Singh et al., 2024))
to maximize expected cumulative reward. Crit-
ically, gradients are stopped at the generator
outputs and the policy learns to select effective
adaptation strategies given the generator’s outputs,
but the generator itself is not updated based on
adaptation performance.

This two-stage approach ensures that:

• The generalization module focuses solely on
learning cross-task structure

• The adaptation module learns flexible, task-
specific refinement strategies
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Algorithm 1 Generalization Module Training (Of-
fline) of DeGALM-LLM

Require: Meta-training tasks {Ti}, pretrained
LLM θ0, parameter generator Gϕ

1: // Goal: Learn task-conditioned parameter
generator via MSE on checkpoints

2: Step 1.1: Collect LoRA Checkpoints
3: for each task Ti in meta-training set do
4: Pretrain LoRA on Ti for 75 steps at

lr=10−4, batch=32
5: Fine-tune LoRA on Ti for 50 steps at

lr=10−5

6: Save checkpoints {mi
j} at each step

7: Create prompt-checkpoint pairs (pik,m
i
j)

via random sampling
8: end for
9: Step 1.2: Train Parameter Generator

10: for each training iteration do
11: Sample batch of prompt-checkpoint pairs
{(pk,mj)}

12: for each pair (pk,mj) in batch do
13: Extract task embedding ck ←

Encoder(pk, θenc)
14: Generate parameters m̂k ← Gϕ(ck)
15: Compute MSE lossLk ← ∥m̂k−mj∥2
16: end for
17: Update ϕ← ϕ− ηϕ∇ϕ

∑
k Lk

18: end for

• No coupling exists between the two objectives
during training

Hardware: All experiments were conducted on
a HPC node running Ubuntu 22.04.1. The backend
processor was EPYC 8434P, which had 48 physical
cores (96 logical threads), 256 GB of system RAM
and a maximum clock speed of 2.5 GHz. Four
NVIDIA RTX A6000 GPUs, each with 48 GB of
dedicated VRAM were utilized. Python version
used was 3.12.11 and GPU-accelerated tasks were
managed using CUDA version 12.4.

D Limitations and Future Work

While our decoupled meta-learning framework
(DeGAML-LLM) demonstrates significant empiri-
cal improvements over coupled baselines such as
ABMLL and MAML-en-LLM as well as standard
multi-task baselines across a range of in-domain
and out-of-domain tasks, several limitations and
avenues for further research remain.

Algorithm 2 Adaptation Module Training (Online)
of DeGALM-LLM
Require: Parameter generator Gϕ, adaptation pol-

icy πψ
1: // Goal: Learn RL policy to refine generated

parameters
2: for each meta-training iteration do
3: Sample batch of tasks {Ti}
4: for each task Ti in batch do
5: Draw support Dtr

i , validation Dval
i

6: Initialize θai,0 ∼ qϕ(· | Dtr
i ) // Detach:

stop gradients
7: for t = 0 . . . T − 1 do
8: Get state si,t from current perfor-

mance on Dval
i

9: Sample action ai,t ∼ πψ(a | si,t)
10: Apply update θai,t+1 ← θai,t + ai,t
11: Evaluate and receive reward ri,t =
−L(θai,t+1, D

val
i )

12: end for
13: Store rewards Ri ← {ri,1, . . . , ri,T }
14: end for
15:

16: Update ψ via policy gradient (ReSTEM)
using Ri (Gradients do NOT reach ϕ)

17: end for
18: Output: Trained generator Gϕ and adaptation

policy πψ

Adaptation Efficiency and Latency- Although
DeGAML-LLM’s adaptation mechanism avoids
backpropagating through the entire meta-learner,
the reinforcement adaptation policy may require
multiple environment interactions5 before converg-
ing to optimal task parameters. This can introduce
latency relative to traditional gradient updates, es-
pecially on tasks where evaluation is expensive. Fu-
ture investigations could focus on sample-efficient
RL algorithms, model-based adaptation strategies,
or hybrid gradient + policy updates to improve
adaptation speed without sacrificing flexibility.

Robustness and Safety- Closed-loop reinforce-
ment adaptation introduces new dynamics that
could be sensitive to adversarial or noisy feedback.
Ensuring robust adaptation in the presence of un-
reliable rewards and aligning adaptation behavior
with safety and fairness constraints are important
practical challenges for deployment in real-world
systems.

5Current experiments have consistently used 20 episodes
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E Generalization Module

In our decoupled meta-learning framework, the
generalization module learns task-agnostic struc-
tural knowledge across the meta-training distribu-
tion. Implemented as a task-conditioned parame-
ter generator Gϕ, this module models distributions
over LoRA adapter parameters that capture shared
cross-task structure without encoding any specific
adaptation trajectory. This independence from
adaptation mechanisms is the key distinction from
coupled meta-learning approaches.

E.1 Task Embedding Extraction
Given a task support set Dtr

i containing unlabeled
task examples, we extract a task-level embedding
using a pretrained text encoder:

ci = Encoder(pi, θenc), (6)

where pi denotes the task prompt batch. We
use Sentence-BERT (all-MiniLM-L6-v2), produc-
ing embeddings ci ∈ RL×C with dimension
[B,N,L,C] where B is batch size, N is number
of prompts (set to 128 in this work), L is sequence
length (set to 512) and C is hidden dimension (set
to 384).

E.2 Parameter Tokenization
We employ a parameter tokenization strategy fol-
lowing (Wang et al., 2025), which transforms
LoRA adapter weights into a sequence of uniform
tokens suitable for processing by the generalization
model. It involves,

Layer-wise splitting & normalization- Given
complete LoRA adapter parameters W spanning
all layers, first parameters are segregated by layer
index and then layer-wise normalization is applied
to reduce distribution shifts across layers:

W
split by layer−−−−−−−→ [w[1], . . . , w[I]]

normalize−−−−−→ [ŵ[1], . . . , ŵ[I]]
(7)

Uniform tokenization- Each normalized layer
ŵ[i] is then partitioned into contiguous, non-
overlapping chunks of uniform size k (with
padding applied to the final chunk if necessary):

ŵ[i]
tokenize−−−−→ K[i] =

[
k1i , k

2
i , . . . , pad

(
kJii

)]
, (8)

where Ji denotes the number of tokens for layer i,
and pad(·) indicates zero-padding to achieve uni-
form token length k. Each checkpoint W is then

assigned a unique permutation state S encoded as
a one-hot vector. Each token is further augmented
with 2D sinusoidal position embeddings. For the
j-th token in layer i, eji = PE2D(i, j), is computed,
where the first dimension encodes layer index i
and the second dimension encodes in-layer token
position j.

For Qwen2.5-0.5B-Instruct with LoRA rank r =
8, each layer’s LoRA matrices have dimensions
8 × 896. With token size k = 1024, we obtain 7
tokens of size 8×128 per layer, with the final token
padded to 10 × 130. For Qwen2.5-1.5B-Instruct
with r = 16, matrices of size 16×1536 decompose
into 6 tokens of 16×256, padded to 18×258. These
tokenization schemes balance information density
with computational tractability.

E.3 Convolutional Decoder Architecture
The generator employs multi-layer 2D convolu-
tions (inspired by (Liang et al., 2025)) in three
categories: width convolution (ConvW on (C,L)),
height convolution (ConvH on (L,N)), and layer-
wise convolution (ConvL on (N,L)). Each decoder
layer contains two ConvW , two ConvH , and one
ConvL:

cℓW = Conv1H(Conv1W (cℓ−1))

cℓH = Conv2W (Conv2H(c
ℓ−1)),

cℓ = ConvL

(
cℓW + cℓH + b

3

) (9)

In this work, the entire flow of dimen-
sions is (128,384,384) → (128,200,300) →
(128,100,256)→ (256,50,200)→ (512,50,200)→
(1024,25,200)→ (1024,10,200)→ (2048,10,200)
→ (4296,8,128) / (4508, 18, 258) with the former
for Qwen2.5-0.5B-Instruct and latter for Qwen2.5-
1.5B-Instruct

E.4 Training Objective
The generator is trained to minimize mean squared
error (MSE) between generated parameters and
collected checkpoints. Checkpoints are obtained
by: (1) pretraining LoRA adapters on each task for
75 steps at learning rate 10−4 with batch size 32
using at max only 5000 training samples, then (2)
finetuning for 50 additional steps at learning rate
10−5. Random prompt-checkpoint pairing creates
the required training data. The training objective
is:

min
ϕ

E(pi,mj)∼Dmeta∥Gϕ(pi)−mj∥2, (10)
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Figure 4: (a) Tokenization of LoRA parameters (left) and (b) Generalization Module Architecture (right)

where mj denotes checkpoint parameters and pi
denotes prompt batch embeddings.

E.5 Decoupling via Independent Optimization

Critically, this training procedure optimizes ϕ to
capture the cross-task parameter manifold-the
shared statistical structure of task-adapted parame-
ters across the meta-training distribution-without
encoding adaptation dynamics. The generator
learns what good task-conditioned initializations
look like, not how to adapt them. This realizes the
generalization component of our decoupled frame-
work, with adaptation handled independently by
the RL policy (Appendix F).

F Adaptation Module

The adaptation module in DeGAML-LLM is an
duplicate instance of the base model which em-
ploys a closed-loop RL policy πψ that refines gen-
erated parameters through task-specific feedback.
Unlike coupled meta-learning approaches that com-
mit to a fixed adaptation procedure (e.g., gradi-
ent descent) during meta-training, our decoupled
framework enables the policy to flexibly select
among diverse adaptation strategies at test time
based on observed task characteristics and perfor-
mance feedback.

This flexibility arises directly from separating
generalization (parameter generation) from adapta-
tion (RL-based refinement): since the generator Gϕ
is optimized independently of any specific adapta-
tion mechanism, the policy πψ is free to employ
any strategy that improves validation performance-
including gradient-based updates, parameter mix-
ing, ensemble voting, or latent-space modifications-
without being constrained by the generator’s train-
ing objective.

F.1 Strategy Design Space

We identify four primary families of adaptation
strategies, each addressing different adaptation re-
quirements. These are not exhaustive but represent
a design space enabled by our decoupling:

Test-Time Training (TTT)- Minimizes input
perplexity on unlabeled task data via gradient steps
(Hu et al., 2025a). The model outputs a JSON ob-
ject with fields: {ttl_steps, learning_rate,
batch_size, shuffle_data}.

LoRA Subspace Mixing (LoRA)- Blends de-
composed LoRA subspaces post-generation. Two-
subspace (TS) mixing interpolates magnitude and
direction components (Wu et al., 2024), enabling
controlled parameter interpolation. The model out-
puts a JSON object with fields: {lambda} for mix-
ing ratio.

Latent Space (LS) Modification- Adjusts hid-
den activations (representation after the final layer
specifically) rather than modifying parameters di-
rectly (Hu et al., 2025b). Effective for abstract
reasoning tasks where internal token-generation
dynamics matter more than surface parameter val-
ues. The model outputs a JSON object with fields:
{times, learning_rate}.

Test-Time Scaling (TTS)- Generates multiple
adapters from different prompt batches and aggre-
gates predictions via ensemble voting (max con-
fidence, majority vote, sum logprobs) or selects
a single adapter via routing (closest prompt em-
bedding) (Zhang et al., 2025b). Useful for ad-
versarial or high-variance tasks where ensemble
robustness improves performance. In the router
approach (see Figure 5), we basically sample
multiple prompt batches and choose that batch
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Figure 5: Router Approach for TTS

whose average of similarity scores6 of individ-
ual prompts (M1) or averaged prompt embedding
(M2), is closest to that of the question at test
time. The corresponding JSON object has fields
num_prompt_batches (indicating the number of
prompt batches to be sampled from the test split of
unseen dataset) and method which can take one of
five values - avg_sim_score, avg_prompt_embed,
max_confidence, majority_vote or (summing
log probabilities) i.e., sum_logprobs (former two
belong to router approach and the latter three con-
stitute the ensemble approach).

F.2 Strategy Selection via RL

During meta-training, the RL policy πψ learns
to predict which strategy family and configura-
tion will maximize validation performance for a
given task. The policy observes task characteristics
through validation metrics and adapts its strategy
selection accordingly. Importantly, strategies are
not meta-learned as part of the generator’s ob-
jective; rather, they constitute the action space over
which the policy is trained via reinforcement learn-
ing.

At test time, the policy LLM proposes a strat-
egy configuration based on initial validation perfor-
mance with the generated parameters. The strategy
is then executed (e.g., TTT performs gradient up-
dates, TTS generates multiple adapters), and per-
formance feedback guides further refinement when
adaptation is iterative.

6Cosine similarity and Euclidean distance were tested and
the latter was found to perform better empirically. Thus,
avg_sim_score and avg_prompt_embed. use euclidean dis-
tance by default. Alternatively, measure of similarity can also
be included as a new field but hasn’t been explored in the
current work.

F.3 Dataset Descriptions
For in-domain tasks7, we used ARC-challenge &
ARC-easy(Clark et al., 2018) which contains grade-
school level, multiple-choice science questions.
HellaSwag (Zellers et al., 2019) instructs mod-
els to select from choices that best finish the sen-
tence among ground truth and an adversarial set of
machine-generated wrong answers. BoolQ (Clark
et al., 2019) is a question answering dataset for
yes/no questions containing various factual prob-
lems. PIQA (Bisk et al., 2019) focuses on everyday
situations with a preference for a typical solutions.
WinoGrande (Sakaguchi et al., 2021) features a
fill-in-a-blank task with binary options for com-
monsense reasoning questions.

For out-of-domain tasks, we evaluated on
GSM-8K (Cobbe et al., 2021)which contains di-
verse grade-school math word problems requir-
ing multi-step arithmetic reasoning and MATH
(Hendrycks et al., 2021) which includes challeng-
ing competition-level mathematics problems. Div-
LogicEval (Chung et al., 2025) tests LLMs’ ability
to answer counterintuitive natural-language logic
questions isolating pure logical inference. So-
cialIQA (Sap et al., 2019) probes social and emo-
tional understanding of LLMs in everyday inter-
actions. CodeMMLU (Manh et al., 2025) is a
multitask benchmark assessing code understand-
ing, including code analysis, defect detection, and
software engineering principles across diverse pro-
gramming tasks. JAMA Clinical Challenge (Chen
et al., 2025) features complex real-world medical
case questions with expert-written explanations to
evaluate clinical reasoning.

F.4 Empirical Strategy Alignments
In our experiments, the adaptation policy learned
task-appropriate strategy selections that align intu-
itively with task characteristics. For instance, here
we mention the adaptation families identified for
the datasets evaluated

• ARC-e, JAMA Clinical, PIQA: TTT
(ttl_steps:25, lr:1e-5)-perplexity mini-
mization aligns model distributions to domain-
specific language

• ARC-c, SocialIQA: LS (times:5, lr:0.1)-
latent steering for abstract reasoning and so-
cial intent modeling

7By in-domain, we mean that these are the task which
has been used during meta-training phase by leave-one out
method.
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• BoolQ, GSM-8K, MATH: LoRA mixing
(lambda:0.5)-subspace blending for binary
questions and mathematical reasoning

• HellaSwag, WinoGrande, DivLogicE-
val, CodeMMLU: TTS (batches:20,
method:max_confidence)-ensemble robust-
ness for adversarial narrative completion and
logical inference

These alignments emerge from RL training
rather than manual assignment, demonstrating that
the policy learns meaningful correlations between
task properties and effective adaptation strategies.
For instance,

• ARC-e contains multiple-choice science
questions where adapting on unlabeled in-
domain inputs (minimizing perplexity or self-
supervision) helps tune local decision bound-
aries quickly. TTT can correct surface token
probabilites without heavy structural changes.

• JAMA Clinical is jargon-heavy and benefits
from adjusting to the specific distribution of
clinical language at test time; TTT using unla-
beled examples can quickly align token distri-
butions.

• ARC-c contains harder, more abstract science
problems where success depends on internal
reasoning strategies (abstraction, multi-hop
reasoning). Changing hidden activations or
decoding/sampling behavior (LS family) can
adjust internal token-generation dynamics that
drive such abstraction, making LS assignment
plausible.

• Social reasoning involves latent constructs
like intent, emotion, social norms which are
not surface tokens but patterns in activations.
Latent-space steering is a natural fit making it
a good call by the policy LLM for SocialIQA.

• HellaSwag is about picking the most plau-
sible narrative continuation among adversar-
ial choices. Using multiple adapters (test-
time scaling / ensemble) and picking the max-
confidence or majority vote-based answer is
a good fit because different adapters capture
different narrative priors and thus ensemble
voting stabilizes adversarial options.

This validates the core premise of decoupled meta-
learning: by separating generalization from adapta-

tion, we enable flexible, task-driven strategy selec-
tion unavailable in coupled approaches.

G Ablation Studies

To understand the effectiveness of each component
in our decoupled framework, we conduct ablation
studies comparing: (1) Base LLM with no adap-
tation, (2) Generalization module only (generator-
produced parameters without RL refinement), (3)
Full DeGAML-LLM (generator + RL adaptation).
Results in Tables 2 demonstrate that both modules
contribute to performance:

• Generalization module alone provides sub-
stantial gains over the base model (avg +22.9
points in-domain, +4.9 out-of-domain for
0.5B), confirming that task-conditioned pa-
rameter generation captures useful cross-task
structure.

• Adding RL adaptation further improves per-
formance (additional +8.3 in-domain, +27.8
out-of-domain for 0.5B and +12.6 in-domain,
+33.1 out-of-domain for 1.5B), validating the
benefit of task-specific refinement through
closed-loop feedback.

• Decoupling is essential: The two-stage ap-
proach outperforms end-to-end coupled train-
ing because the generator focuses solely on
cross-task structure while the policy handles
task-specific dynamics.

The larger gains from adaptation on out-of-
domain tasks (GSM-8K, MATH, Medical) suggest
that RL refinement is particularly valuable when
the task distribution differs significantly from meta-
training, as the policy can discover task-appropriate
strategies (e.g., TTT for distribution shift, ensem-
ble for adversarial robustness) beyond what the
generator alone provides.
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