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Abstract

Large language models (LLMs) have remark-
able capabilities, but adapting them to special-
ized domains poses a fundamental question:
how should accumulated experience be repre-
sented and leveraged? Existing approaches rep-
resent experience either as explicit textual arti-
facts in prompts (e.g., retrieved documents or
dialogues) or implicitly within model weights
via fine-tuning (e.g., LoRA adapters). How-
ever, textual methods are limited by context
windows and cannot internalize knowledge,
while parametric fine-tuning yields one adapter
per task with minimal cross-task skill reuse.
We propose ReX (Reusable eXperience), an
experience-centric adaptation framework that
treats latent experiences — recurring reason-
ing patterns and skills — as fundamental units
for LLM specialization. Our method learns
a shared Experience Bank of foundational
skill vectors and uses a VAE-based encoder
to map each input to a low-dimensional ex-
perience code. An Experience Router then
dynamically composes the relevant skill vec-
tors from this bank into a lightweight adapter
for that input. By reusing skills across in-
puts, ReX enables implicit knowledge sharing
across tasks without any explicit task identi-
fiers. Experiments on multi-task NLP bench-
marks show that this approach outperforms
standard task-specific fine-tuning, yielding im-
proved generalization through flexible skill
reuse. Code is available at https://github.
com/iLearn-Lab/ACL26-ReX.

1 Introduction

Large language models (LLMs) have demonstrated
impressive general capabilities across reasoning,
understanding, and generation (OpenAI et al.,
2024; DeepSeek-AI et al., 2025; Huang and Chang,
2023; Li et al., 2024b; Matarazzo and Torlone,
2025; Zhao et al., 2025a). Yet adapting them to
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specialized domains centers on two challenges: rep-
resenting accumulated experiences and leveraging
these experiences. Existing approaches fall into
two primary paradigms. Textual experience en-
codes knowledge explicitly within prompts (Brown
et al., 2020a)—such as retrieved documents (Lewis
et al., 2020), conversation histories (Pink et al.,
2025), or reflective summaries (Shinn et al., 2023;
Madaan et al., 2023)—while parametric experi-
ence internalizes it implicitly within model weights
through fine-tuning (Howard and Ruder, 2018), of-
ten via parameter-efficient methods (Wang et al.,
2025) such as LoRA (Hu et al., 2021).

However, these paradigms exhibit complemen-
tary limitations. Textual methods are constrained
by limited context windows and require repeated
retrieval, preventing the durable internalization of
knowledge (Wang et al., 2024a). Parametric fine-
tuning, though effective at encapsulating experi-
ence, typically produces one adapter per task, of-
fering limited opportunities for skill reuse or cross-
task generalization (Caccia et al., 2023).

These problems stem from the common assump-
tion that adaptation should be organized around
human-defined tasks rather than the intrinsic struc-
ture of experience itself. While recent work
has explored adapter composition (Huang et al.,
2024), mixture-of-experts routing (Li et al., 2024a;
Zhang et al., 2024a; Tian et al., 2025), and fusion-
based mechanisms to improve flexibility (Wu et al.,
2024b), these approaches still operate at the task
level—combining or routing between task-specific
adapters—and may even depend on explicit task
identifiers or textual descriptions.

What remains missing is a unified framework
that treats experience—not tasks—as the funda-
mental unit of adaptation, enabling models to dis-
cover, encode, and compose reusable skills directly
from data. We argue that effective adaptation
should instead be experience-centric (Silver and
Sutton, 2025)—grounded in the modular represen-
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tation and reuse of latent experiences, namely recur-
ring reasoning patterns or skills that emerge across
tasks. Such latent experiences transcend surface-
level task boundaries, enabling models to compose
relevant skills on demand rather than retraining for
each domain or dataset.

To realize this idea, we propose ReX, an
experience-centric adaptation framework that oper-
ationalizes learning from latent experiences. ReX
constructs a shared Experience Bank—a paramet-
ric memory comprising foundational skill vec-
tors—and employs a VAE-based encoder to map
each input instance into a low-dimensional experi-
ence code that reflects the underlying reasoning
pattern. An Experience Router then interprets
this code to assign relevance scores over the Ex-
perience Bank, dynamically selecting and com-
bining the most pertinent skill vectors to synthe-
size lightweight Low-Rank Adaptation (LoRA)
adapters. Both the A and B matrices of LoRA
maintain their own experience banks, allowing fine-
grained and flexible composition. This instance-
level routing mechanism enables dynamic, data-
driven adaptation, where inputs invoking simi-
lar reasoning patterns reuse the same parametric
components, achieving implicit knowledge sharing
across tasks without reliance on task identifiers or
external metadata.

Our key contributions are threefold:1) We intro-
duce a principled formulation of LLM adaptation
that shifts the focus from task-centric to experience-
centric. 2) We present ReX, which employs a VAE-
based encoder, an Experience Bank, and an Experi-
ence Router to dynamically compose adapters. 3)
Experiments on multi-task NLP benchmarks show
that ReX improves generalization and skill reuse
over task-specific fine-tuning.

2 Related Work

2.1 Experience in Textual Form

Textual encoding represents experience as explicit,
retrievable artifacts external to model parameters.
Memory-augmented agents such as Generative
Agents maintain chronological logs of interactions
and retrieve salient episodes based on recency, rel-
evance, or importance (Park et al., 2023). Exten-
sions like Voyager (Wang et al., 2023) and Mem-
oryBank (Zhong et al., 2024) introduce long-term
episodic stores or skill libraries, enabling reuse
of prior strategies across sessions without retrain-
ing. Reflection-based frameworks such as Reflex-

ion (Shinn et al., 2023), Self-Refine (Madaan et al.,
2023), and CRITIC (Gou et al., 2024) store ver-
bal self-critiques as experiential lessons to refine
reasoning through iterative feedback. Retrieval-
augmented methods (Lewis et al., 2020) similarly
treat external corpora as non-parametric memory,
fetching relevant knowledge at inference time. Hy-
brid reasoning architectures like ReAct (Yao et al.,
2023) interleave reasoning traces with tool calls,
combining retrieval and execution in unified loops.

While these methods enhance adaptability, their
experiences remain textual: they must be retrieved
or appended to prompts, confined by context length
and latency, and are never truly internalized.

2.2 Experience in Parameter Form
Parametric encoding internalizes experience within
model weights through fine-tuning (Howard and
Ruder, 2018). Full fine-tuning updates all param-
eters but is computationally expensive and lacks
modularity. Parameter-efficient fine-tuning (PEFT)
mitigates these issues by training small subsets of
parameters while keeping the base model frozen (Li
and Liang, 2021; Hu et al., 2021; Houlsby et al.,
2019). Among these, LoRA has become dominant,
introducing trainable low-rank matrices alongside
frozen weights (Hu et al., 2021). Its successors ex-
tend adaptability through quantization-aware vari-
ants (Dettmers et al., 2023), reparameterized de-
compositions (Liu et al., 2024), dynamic rank al-
location (Zhang et al., 2023), and so on (Wu et al.,
2024a; Zhao et al., 2025b).

However, most LoRA methods remain task-
centric: one adapter per task or domain. Composi-
tional extensions—such as Mixture-of-LoRA, Lo-
RAHub (Huang et al., 2024), DLP-LoRA (Zhang
and Li, 2025), and Text-to-LoRA (Charakorn et al.,
2025)—begin to relax this rigidity through rout-
ing, fusion, or hypernetwork generation (Tian
et al., 2025; Mahabadi et al., 2021). Neverthe-
less, these methods continue to operate at the task
level—composing or routing among task-specific
adapters—and often require explicit task identifiers
or textual prompts to steer composition.

ReX bridges the gap between textual shallow-
ness and parametric rigidity by treating experience,
rather than tasks, as the unit of adaptation. It distills
training instances into latent experience codes that
capture transferable reasoning patterns and dynam-
ically composes adapter subspaces from a shared
parametric memory. This enables modular, context-
specific reuse of skills without predefined task su-



pervision, integrating flexibility and internalization
within a unified framework.

3 Problem Setup

The goal of this work is to explore how accumu-
lated experience should be represented and lever-
aged. We focus on the parametric representation
of experience and use a learnable Experience Bank
that stores a set of basic skill atoms, each represent-
ing a reusable unit of experience. For each input
instance x, the model retrieves and combines a sub-
set of these atoms to form its instance-specific para-
metric experience, which is realized as the LoRA
parameters for that input.

Definition (latent experience unit). A latent ex-
perience unit (skill atom) in ReX is a task-agnostic,
reusable adaptation basis that captures a recurring
reasoning pattern shared across inputs and is reused
via instance-level composition. In this work, units
are instantiated as vectors in a shared Experience
Bank (a column of U or a row of V) and are routed
and combined to synthesize input-adaptive LoRA
factors. More generally, ReX is adapter-agnostic
in principle: the same routing-and-composition
mechanism can be applied to other PEFT adapters
by redefining the Experience Bank atoms to match
the target adapter parameterization.

Formally, let f(·;θ0) denote a pretrained model
with frozen parameters. Following LoRA, low-rank
updates are injected at selected sites S:

∆W(ℓ) = α(ℓ)A(ℓ)B(ℓ), ℓ ∈ S,

where ℓ is the layer index, α(ℓ) ∈ R is a scalar, and
A(ℓ) ∈ Rd×r and B(ℓ) ∈ Rr×d are rank-r matrices
with r ≪ d.

We define a function ϕ that maps each input x
to its corresponding LoRA parameters by routing
through the Experience Bank:

ϕ : x 7→ ∆θ(x) = {∆W(ℓ)(x)}ℓ∈S .

This function ϕ represents the process of experi-
ence composition, selecting and combining rele-
vant skill atoms to construct instance-adaptive adap-
tation parameters.

4 The ReX Approach
Given an input x, ReX uses experience-centric rout-
ing at each injection site to select skill vectors and
synthesize instance-specific LoRA matrices. It has
three components: a VAE that maps layer observa-
tions to a latent code (§4.1), an Experience Bank of

skill atoms (§4.2), and an Experience Router that
selects and mixes skills based on the latent code
(§4.3). The resulting LoRA matrices are optimized
with the overall training objective (§4.4, §4.5).

We use N for batch size, T for sequence length,
d for hidden size, dz for latent size, r for LoRA
rank, and rb for bank size; B always denotes the
LoRA right factor. We omit layer indices ℓ and
instantiate all modules per layer. Unless noted, we
describe operations for a single sample and apply
them independently across the batch.

4.1 Experience Code Extraction
We use the Variational Autoencoder
(VAE) (Kingma and Welling, 2022) to com-
press layer statistics into compact latent codes.
The frozen base model produces hidden states
H ∈ RN×T×d at a given layer. We aggregate these
via a pooling operator to obtain a layer observation
at sequence level:

r = Pool(H) ∈ RN×d.

In this work, we use mean-pooling, but other pool-
ing strategies are also acceptable.

Our latent encoder is designed to (i) retain suffi-
cient layer-level information for routing, (ii) induce
a shared and well-structured latent space across
heterogeneous reasoning domains, and (iii) remain
lightweight under PEFT constraints. A compact
VAE provides a practical balance between structure
and efficiency under these requirements. By com-
parison, contrastive encoders (Zhang et al., 2024b)
typically require pair construction, which is less
aligned with our mixed-domain setting where cross-
domain instances may share atomic skills. Sparse
autoencoders (Olson et al., 2025) also often incur
substantially larger per-layer parameter budgets to
be effective.

Given the pooled layer observation r, the VAE
encoder Enc(·) (implemented as a multilayer per-
ceptron) outputs the mean and log-variance:

µ, logσ = Enc(r), µ,σ ∈ RN×dz ,

where dz denotes the dimension of the latent code
z.

During training, we sample the latent code via
reparameterization:

z = µ+ σ ⊙ ε, ε ∼ N (0, Idz).

At inference, we use the deterministic mode z = µ
to ensure reproducibility.
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Figure 1: The ReX framework learns latent experiences through a VAE and dynamically composes instance-specific
LoRA parameters via an experience router and shared experience banks, enabling reusable, task-agnostic adaptation.

A reconstruction decoder attempts to recover the
original layer observation:

r̂ = Decrec(z).

The VAE is regularized by two losses. The KL
divergence Lkl = KL(q(z|r)∥N (0, I)) regular-
izes the latent distribution and prevents posterior
collapse, whereas the reconstruction loss Lrec =
∥r−r̂∥2F ensures that the code retains layer-specific
information.

4.2 Experience Bank
The Experience Bank maintains two sets of learn-
able skill atoms:

U ∈ Rd×rb , V ∈ Rrb×d,

where rb is the bank size. Columns of U serve as
building blocks for A(x), while rows of V form
the basis for B(x). Both are the LoRA matrices
constructed based on input x.

To improve identifiability and numerical stabil-
ity, we encourage approximate orthogonality via
the regularization loss:

Lorth = ∥U⊤U− I∥2F + ∥VV⊤ − I∥2F .

This orthogonality term is a soft regularizer: it re-
duces redundancy and encourages diverse, comple-
mentary primitive atoms without enforcing strict
independence. Importantly, instance-specific skills
are formed by top-k weighted compositions of
atoms (Section 4.3 & Section 4.4), so overlapping
or hierarchical skills can still emerge through reuse
of partially shared subsets.

4.3 Experience Router

The Experience Router maps the latent code z ∈
Rdz to atom selection and weighting decisions. The
following operations are performed independently
for each sample.

Scoring. A feedforward network processes the
latent code to produce scoring tensors:

SA,SB = Router(z), SA,SB ∈ Rr×rb ,

where the two dimensions index rank positions (r)
and candidate atoms (rb). Each entry SA[j, i] rep-
resents the affinity between the j-th rank position
and the i-th atom in U; analogously for SB .

Selection. For each rank position j, we select
top-k atoms based on bias-adjusted scores. For the
left factor A:

ssel
A [j, :] = SA[j, :] + β⊤

A,

SAj = TopKi(s
sel
A [j, :], k),

where βA ∈ Rrb is a non-trainable bias vector that
balances atom usage. The construction of SBj from
SB and βB follows the same procedure. Gradi-
ents do not propagate through the discrete top-k
selections.

Auxiliary-Loss-Free Balancing. To prevent
over-utilization of a small subset of atoms, inspired
by (DeepSeek-AI et al., 2025; Zhao et al., 2025b),
we adjust selection biases based on empirical usage
statistics. Let Z = N ·r ·k denote the total number



of selections per batch. For atom i:

ℓi =

N∑
n=1

r∑
j=1

⊮(i ∈ S ·n,j),

qi = ℓi/Z, ui = 1/rb,

where qi represents empirical selection frequency.
Given tolerance ε ∈ (0, 1) and step size γ > 0, we
update biases in the training stage:

βi ←


βi − γ, if qi > ui(1 + ε),

βi + γ, if qi < ui(1− ε),

βi, otherwise.

This doesn’t update model parameters using the
standard backpropagation algorithm: over-selected
atoms have biases reduced, while under-utilized
atoms receive increased biases, ensuring balanced
skill utilization without conflicting loss terms.

Weighting. Within each selected subset, we com-
pute normalized weights via softmax over only the
selected atoms. For the left factor A:

wA
j,i =

exp(SA[j, i]/τA)∑
i′∈SA

j
exp(SA[j, i′]/τA)

, ∀i ∈ SAj ,

where τA > 0 is a temperature hyperparameter.
Atoms not in SAj receive zero weight and are ex-
cluded from the synthesis. The weights wB

j,i for
the right factor B are computed analogously with
temperature τB .

4.4 LoRA Matrix Synthesis
Given selection sets SAj ,SBj and weights wA

j,i, w
B
j,i

from the router, we construct instance-specific
LoRA matrices through weighted combinations of
selected skills.

For each rank position j, we synthesize the j-th
column of A and j-th row of B:

a:,j =
∑
i∈SA

j

wA
j,i ui, bj,: =

∑
i∈SB

j

wB
j,i v

⊤
i ,

where ui denotes the i-th column of U and vi the i-
th row of V. Assembling across all r rank positions
yields complete LoRA matrices:

A ∈ Rd×r, B ∈ Rr×d, ∆W = αAMB,

where M ∈ Rr×r is a learnable mixing matrix that
scales and combines rank-wise contributions.

This construction enables each rank position to
independently select and weight different skill vec-
tors, providing fine-grained compositional flexibil-
ity while maintaining parameter efficiency through
the shared banks U and V.

4.5 Training Objective
The complete training objective combines super-
vised loss with regularization terms:

L = E(x,y)∼D [CE(f(x;θ0 +∆θ(x)), y)]

+
∑
ℓ∈S

(
λ
(ℓ)
kl L

(ℓ)
kl + λ

(ℓ)
rec L(ℓ)rec + λ

(ℓ)
orth L

(ℓ)
orth

)
,

where CE denotes cross-entropy loss computed
over target tokens. The cross-entropy term drives
task-specific adaptation. The KL divergence pre-
vents posterior collapse in the VAE. The reconstruc-
tion loss ensures latent codes retain layer-specific
information necessary for routing. The orthogonal-
ity regularization promotes diversity among skill
vectors in the Experience Bank.

5 Experiments

5.1 Experimental Setup
Datasets. We train ReX on two complemen-
tary reasoning corpora: (1) OpenR1-Math-
220k (multi-step mathematical reasoning), and
(2) OpenThoughts3-1.2M (covering mathematics,
science, and code) (Guha et al., 2025). We evalu-
ate on five benchmarks: (1) GPQA (graduate-level
multiple-choice questions in biology, physics, and
chemistry) (Rein et al., 2023), (2) three specialized
subsets of MMLUPro (we denote as Chemistry,
Math, and Economics respectively) (Wang et al.,
2024b), (3) MATH500 (a subset of the MATH
benchmark with advanced math problems) (Light-
man et al., 2023). We report accuracy throughout;
MATH500 uses strict exact-answer matching. All
methods use the same filtered training instances and
identical prompting/decoding budgets for fairness.
Dataset filtering/sampling and evaluation subset
construction are detailed in Appendix A.

Baselines. We compare against two families that
operationalize “experience” differently.

• Text-based. (1) In-context learning (Brown
et al., 2020b). (2) LLM+RAG: retrieval-
augmented generation that injects retrieved pas-
sages into the prompt without updating model
parameters (Lewis et al., 2020); (3) Reflex-
ion (Shinn et al., 2023): language-level self-
feedback that records and reuses textual in-
sights to guide subsequent attempts; (4) Self-
Refine (Madaan et al., 2023): iterative generate–
critique–rewrite cycles that improve responses
purely via text edits. Detailed descriptions are
provided in the Appendix A.



Category Method GPQA Chemistry Economics Math MATH500 Average

Base 0.1360 0.1450 0.2850 0.2950 0.3106 0.2343

Text

ICL 0.1919 0.1100 0.3550 0.0850 0.2942 0.2072
LLM+RAG 0.2121 0.1500 0.2550 0.2250 0.2888 0.2262
Self-Refine 0.1263 0.1000 0.3250 0.2600 0.2670 0.2157
Reflexion 0.1768 0.1400 0.2600 0.2250 0.3106 0.2225

Parameter

LoRA 0.3232 0.2500 0.2750 0.4500 0.3678 0.3332
HydraLoRA 0.3434 0.3050 0.3150 0.4400 0.3597 0.3526
MoSLoRA 0.3687 0.2750 0.3150 0.4800 0.3651 0.3608
VB-LoRA 0.2071 0.2650 0.3250 0.4550 0.3651 0.3234
SMoRA 0.3485 0.2850 0.3350 0.4800 0.3733 0.3644
ReX 0.3889 0.3100 0.3450 0.5100 0.3488 0.3805

Table 1: Overall performance comparisons on the Llama 3.2-3B-Instruct backbone across five reasoning benchmarks
(GPQA, Chemistry, Economics, Math, and MATH500). Bold values indicate the best performance in each column.

Category Method GPQA Chemistry Economics Math MATH500 Average

Base 0.1645 0.1150 0.3250 0.0900 0.0763 0.1542

Text

ICL 0.2121 0.0850 0.3450 0.1200 0.0654 0.1655
LLM+RAG 0.1566 0.1150 0.3100 0.1300 0.0899 0.1603
Self-Refine 0.1970 0.1350 0.2600 0.1050 0.0708 0.1536
Reflexion 0.1364 0.1050 0.3200 0.1200 0.0681 0.1499

Parameter

LoRA 0.2525 0.2300 0.3650 0.2750 0.0899 0.2425
HydraLoRA 0.2121 0.1850 0.3650 0.2700 0.1035 0.2271
MoSLoRA 0.1818 0.1850 0.3250 0.2800 0.0926 0.2129
VB-LoRA 0.2222 0.1800 0.3350 0.2200 0.0872 0.2089
SMoRA 0.2323 0.1500 0.3700 0.2500 0.1008 0.2206
ReX 0.2727 0.2350 0.3900 0.2900 0.1199 0.2615

Table 2: Results on the Mistral-7B-Instruct backbone using the same experimental setup.

• Parameter-based. (1) LoRA (Hu et al., 2021):
parameter-efficient fine-tuning via low-rank up-
dates injected into selected weight matrices;
(2) HydraLoRA (Tian et al., 2025): asymmetric
sharing of a single A matrix with routed, task-
specialized B matrices for sample-wise selection;
(3) MoSLoRA (Wu et al., 2024a): a lightweight
mixing matrix W that flexibly combines r2 rank-
1 subspaces between A/B with negligible over-
head; (4) SMoRA (Zhao et al., 2025b): treats
each LoRA rank as an expert and sparsely acti-
vates a subset per input to mitigate multi-task in-
terference. (5)VB-LoRA. (Li et al., 2024c): com-
poses LoRA’s low-rank matrices from a shared
vector bank via a differentiable top-k mixer, de-
livering extreme parameter efficiency with com-
parable or better performance.

Implementation Details. We use Llama-3.2-3B-
Instruct (Grattafiori et al., 2024) and Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023) as the backbone
models for all experiments. Considering computa-
tional constraints, we filter the OpenR1-Math-220k

dataset and the science subset of OpenThoughts3-
1.2M, then randomly sample 10,000 instances from
their mixture to construct the training set. All
PEFT methods share the same prompting and de-
coding protocol across datasets, and we avoid
domain-specific hyperparameter tuning. ReX in-
troduces only a small constant-factor overhead
relative to standard LoRA, dominated by low-
dimensional projections and routing; we provide
an explicit compute and training-memory analysis
in Appendix C. Further implementation details are
provided in the Appendix B.

5.2 Main Results

ReX achieves the best overall performance
among text-based and parameter-efficient meth-
ods. As shown in Tables 1 and 2, ReX consistently
outperforms all baselines on both Llama3.2-3B-
Instruct and Mistral-7B-Instruct. On Llama-3.2-
3B, ReX achieves an average accuracy of 38.05%,
compared to 36.44% for SMoRA and 22% for text-
based methods, yielding absolute gains of +1.6



Model Variant GPQA Chemistry Economics Math MATH500 Average

llama3.2-3B
Original 0.3889 0.3100 0.3450 0.5100 0.3488 0.3805
w/o Lkl + Lrec 0.3232 0.2100 0.3050 0.4750 0.3433 0.3313
w/o Lorth 0.3636 0.2800 0.3350 0.4450 0.3597 0.3567

Mistral-7B
Original 0.2727 0.2350 0.3900 0.2900 0.1199 0.2615
w/o Lkl + Lrec 0.2121 0.2100 0.3800 0.2400 0.0954 0.2275
w/o Lorth 0.2576 0.1750 0.3950 0.2300 0.0681 0.2251

Table 3: Impact of loss components on ReX performance.

Model Initialization GPQA Chemistry Economics Math MATH500 Average

llama3.2-3B
Identity 0.3182 0.2800 0.3150 0.4800 0.3733 0.3533
Orthogonal 0.3030 0.2600 0.3900 0.4450 0.3460 0.3488
Kaiming_uniform 0.3889 0.3100 0.3450 0.5100 0.3488 0.3805

Mistral-7B
Identity 0.2273 0.1450 0.3800 0.2000 0.1035 0.2112
Orthogonal 0.2525 0.1750 0.4550 0.2450 0.0736 0.2402
Kaiming_uniform 0.2727 0.2350 0.3900 0.2900 0.1199 0.2615

Table 4: Effect of initialization strategies for the skill-mixing matrix M.

points over the strongest parameter-efficient base-
line and over +15 points relative to text-based
approaches. On Mistral-7B, it reaches 26.15%,
outperforming LoRA with +1.9 points and tex-
tual methods with at least +9.6 points. We also
conducted experiments on Llama 3.1-8B, and the
results were consistent (See result in Appendix
Table 5). These results confirm that experience-
centric composition enables more effective skill
reuse than conventional task-specific adaptation.

Parameter-based methods substantially outper-
form text-based approaches. On Llama3.2-3B,
parameter-based variants achieve 32–38%, while
text-based methods remain around 19–23%. This
gap suggests that under medium-scale models, in-
context prompting and retrieval struggle to inter-
nalize complex reasoning, whereas parametric en-
coding supports more stable generalization.

ReX generalizes strongly across domains. As
shown in Tables 1 and 2, on the out-of-domain
Economics dataset, it manages to achieve 34.5%
accuracy on Llama3.2 and 39.0% accuracy on
Mistral-7B—outperforming the original LoRA by
+7 points and +2.5 points, respectively. These
results indicate that the learned latent experi-
ences transfer effectively beyond training domains,
capturing reusable reasoning patterns rather than
dataset-specific shortcuts.

5.3 Ablation Study
Latent coding and orthogonal regularization
are key to ReX’s performance. As shown in Ta-
ble 3, removing the VAE-related losses (Lkl +Lrec)

Figure 2: Influence of Experience Bank size.

causes the largest degradation across both back-
bones, confirming that latent experience codes are
essential for capturing transferable reasoning pat-
terns. Eliminating the orthogonality term (Lorth)
also consistently reduces accuracy, indicating that
promoting diversity among skill vectors enhances
compositional flexibility and mitigates redundancy.
Together, these results validate that both the latent
encoder and orthogonal regularization are critical
for stable and generalizable adaptation.

Figure 3: t-SNE visualization of latent experience codes.

Initialization and memory size further influence
model stability and transfer. Table 4 shows that
Kaiming_uniform initialization yields the most sta-
ble and accurate convergence for the skill-mixing



Figure 4: Correlation of the Experience Bank (Left) and Experience Routing outputs on different layers (Right).

matrix M, outperforming Identity and Orthogo-
nal schemes. As illustrated in Figure 2, enlarging
the Experience Bank improves performance up to
a saturation point, suggesting a balance between
memory capacity and selection efficiency. Overall,
these findings highlight that well-initialized mixing
and appropriately scaled memory jointly enhance
ReX’s stability and generalization.

Effect of training set size. Under a fixed protocol,
scaling the training set from 5k to 20k consistently
improves average accuracy (Appendix D.2, Ta-
ble 6), indicating that the shared bank and instance-
wise routing benefit from more data.

Sensitivity to top-k. Varying the router top-k
shows robust performance across a reasonable
range and improved averages with larger k (Ap-
pendix D.3, Table 7).

5.4 Qualitative Analysis

Learned latent experience codes show cluster
effect and related domain intersections. Figure 3
visualizes the latent experience codes extracted by
the VAE using t-SNE. Samples from different do-
mains form clearly separable clusters, indicating
that the encoder manages to learn domain-specific
experience code patterns. At the same time, mean-
ingful overlaps appear between related domains,
which also matches reality: GPQA and Chemistry
share regions due to overlapping chemical knowl-
edge, while Math and MATH500 exhibit partial
proximity despite differing formats. Other related
domain intersections such as those between Eco-
nomics and scientific domains also align with the
common computation skills required in both. No-
tably, such domain structure is emergent from un-
supervised representations rather than imposed by

task labels.
The Experience Bank preserves diverse skills
and supports selective composition. Figure 4 an-
alyzes the internal structure and routing dynamics
of the Experience Bank. On the one hand, Sub-
figures (a) and (e) show that the base skill matri-
ces U and V remain approximately orthogonal,
validating that the orthogonality constraint Lorth
effectively encourages non-redundant skill discov-
ery. On the other hand, Subfigures (b–d) and (f–h)
illustrate distinct routing behaviors across layers:
some exhibit uniformly high correlations, reflect-
ing the use of generic reasoning skills, while others
show stronger within-domain correlations, indicat-
ing task-specific specialization. The presence of
cross-domain correlations further demonstrates that
ReX captures reusable skill components that gen-
eralize beyond individual domains, validating the
effectiveness of its experience-centric composition
mechanism.

6 Conclusion

In this paper, we introduced ReX, an experience-
centric adaptation framework that treats latent
experiences—recurring reasoning patterns and
skills—as the fundamental units for LLM special-
ization. By integrating a VAE-based encoder, a
shared Experience Bank, and an adaptive Experi-
ence Router, ReX enables dynamic composition
of reusable skills across inputs and domains. Our
experiments on diverse scientific and mathematical
benchmarks demonstrate that ReX consistently out-
performs text-based and parameter-based baselines,
achieving strong generalization even on out-of-
domain tasks. Through analyses of the latent space
and routing behavior, we further show that the



model learns disentangled and transferable skills,
validating the effectiveness of experience-centric
adaptation. Future work will explore hierarchical
experience organization and dynamic expansion of
the Experience Bank to further enhance scalability
and continual learning.

Limitations

While ReX achieves consistent improvements by
representing and composing reusable experiences
through latent routing, several limitations remain.
First, the VAE-based encoder introduces additional
computational overhead and potential instability,
as ReX jointly optimizes the task loss, KL and
reconstruction terms, and orthogonality regular-
ization for the experience bank. Although these
components empirically improve stability and gen-
eralization, they increase tuning complexity and
may lead to occasional training variance. Second,
our experiments mainly focus on reasoning and
STEM domains; extending ReX to open-ended di-
alogue, writing, or other generative tasks remains
future work. Finally, we have not yet evaluated
the approach on multimodal data or analyzed its
sensitivity to data scale, which will be explored in
subsequent studies.
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A Datasets

A.1 Training Datasets

We train our models on two reasoning corpora:
OpenR1-Math-220k and OpenThoughts3-1.2M.

OpenR1-Math-220k. OpenR1-Math-220k 1 is a
large-scale dataset for mathematical reasoning, con-
taining 220k math problems with reasoning traces
generated by DeepSeek-R1.

1https://huggingface.co/datasets/open-r1/
OpenR1-Math-220k
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OpenThoughts3-1.2M. OpenThoughts3-1.2M 2

is an open-source reasoning dataset designed to
enhance the generalization and compositional rea-
soning abilities of language models across math-
ematics, code, and science. It comprises approxi-
mately 1.2M high-quality samples curated to cap-
ture multi-step reasoning patterns and domain-
specific logic. In this work, we select the science
subset of OpenThoughts3-1.2M, which primarily
consists of physics and chemistry problems.

Data Filtering and Sampling. Considering com-
putational constraints, we remove intermediate
Thinking traces and retain only the final reasoning
outputs. We further filter out samples exceeding a
total token length of 1024 and exclude responses
shorter than 256 tokens to ensure training efficiency
and output quality. Finally, we randomly sample
10,000 instances from a mixture of OpenR1-Math-
220k and OpenThoughts3-1.2M at a 3:5 ratio to
construct the final training set. Crucially, all PEFT
baselines are trained on the exact same filtered in-
stances with identical prompting/decoding settings,
so the comparison does not favor ReX.

A.2 Evaluation Datasets

We evaluate our models on a diverse set of bench-
marks covering mathematical and scientific reason-
ing:

• MATH500 (Lightman et al., 2023): A subset
of the MATH benchmark consisting of 500
math problems categorized by topic and dif-
ficulty. To maintain evaluation challenge, we
select 367 problems with difficulty level ≥ 3
as the test set.

• GPQA (Rein et al., 2023): A graduate-
level multiple-choice dataset spanning biol-
ogy, physics, and chemistry. Following prior
work, we adopt the GPQA-Diamond subset
(198 questions) for testing.

• MMLUPro-Chemistry, -Economics, and -
Math (Wang et al., 2024b): MMLUPro is
a multi-domain benchmark covering 14 sub-
jects. We employ three of its subsets (Chem-
istry, Economics, and Math) with 200 samples
each, randomly selected from their respective
domains for evaluation.

2https://huggingface.co/datasets/
open-thoughts/OpenThoughts3-1.2M

B Baselines and Implementation Details

We compare our approach with two categories
of adaptation methods: text-based and paramet-
ric. Text-based methods leverage external context
or iterative refinement without modifying model
weights, while parametric approaches introduce
lightweight trainable parameters for efficient inter-
nal adaptation.
Text-based methods.

• In-context Learning (ICL): Provides the
model with a few exemplars in the prompt to
enable task adaptation through context rather
than parameter updates. For each evaluation
sample, one example from the same dataset is
used as the in-context demonstration (Brown
et al., 2020b).

• LLM + RAG (Retrieval-Augmented Genera-
tion): Augments the model with retrieved ex-
ternal documents to supply factual or domain
knowledge during inference. We retrieve the
most semantically similar instance from the
training set and append it to the prompt (Lewis
et al., 2020).

• Reflexion: Reinforces language agents via self-
generated feedback. After task execution, the
agent reflects on performance, stores textual
reflections, and incorporates them for future
reasoning. The maximum number of reflection
iterations is set to three (Shinn et al., 2023).

• Self-Refine: Enables iterative self-
improvement as the model critiques and
refines its own outputs without external
supervision. The refinement process runs for
up to three iterations (Madaan et al., 2023).

Parametric methods.

• LoRA: Constrains fine-tuning updates to a low-
rank subspace by injecting small trainable ma-
trices into frozen weights. All LoRA-based
baselines use a rank of 8, unless otherwise
stated (Hu et al., 2021).

• HydraLoRA: Extends LoRA to heterogeneous
data via one shared down-projection and mul-
tiple expert up-projections coordinated by a
learnable router for domain-aware adaptation.
We set the rank to 4 and the number of experts
to 4 (Tian et al., 2025).

https://huggingface.co/datasets/open-thoughts/OpenThoughts3-1.2M
https://huggingface.co/datasets/open-thoughts/OpenThoughts3-1.2M


• VB-LoRA: Decomposes LoRA parameters
into reusable sub-vectors sampled from a global
vector bank, realizing extreme compression
and sharing through differentiable top-k selec-
tion (Li et al., 2024c).

• SMoRA: Treats each LoRA rank as an individ-
ual expert activated sparsely per input, provid-
ing fine-grained specialization while mitigating
task interference (Zhao et al., 2025b).

• MoSLoRA: Introduces a lightweight mixer
between LoRA projections to blend multiple
subspaces, enhancing representational flexibil-
ity with negligible additional cost (Wu et al.,
2024a).

Compared to routed LoRA variants such as
HydraLoRA, ReX differs in both the unit and
the signal of routing: HydraLoRA routes among
parameter-block experts (e.g., multiple dense B
matrices) typically optimized for heterogeneous-
task efficiency, whereas ReX routes over a shared
bank of atomic skill vectors and synthesizes LoRA
factors via top-k compositions. Moreover, ReX
routes based on an instance-level latent code ex-
tracted from layer observations, aiming to capture
recurring reasoning patterns without requiring task
labels or task descriptions.

For our method, the composed LoRA rank is 8,
with a memory size of 16 and a router top-k value
of 8. During generation, the maximum number of
output tokens is set to 1024, and sampling is dis-
abled. All experiments were conducted on NVIDIA
A100 GPUs with 40 GB of VRAM. We conducted
our experiments using Huggingface Transformers
and PEFT libraries.

C Efficiency and Resource Analysis

C.1 Compute overhead.
We analyze a single transformer layer and a sin-

gle linear projection W ∈ Rd×d with input hidden
states H ∈ RT×d. The dominant backbone com-
putation is the matrix multiplication HW⊤, whose
forward complexity is O(Td2).

Standard LoRA adds a rank-r update ∆W =
AB, which can be implemented as (HB⊤)A⊤

in the forward pass, incurring an additional cost
of O(Tdr). Under typical PEFT regimes where
r ≪ d, this term does not change the leading-order
scaling relative to the backbone.

Keeping the final update rank fixed to r, ReX
introduces three additional components on top of

LoRA: (i) a sequence pooling to obtain a layer-
level observation, costing O(Td); (ii) a single-
hidden-layer VAE with latent size dz to produce
an experience code and optimize reconstruction
and KL regularization during training, where the
encoder/decoder projections contribute O(2ddz),
the reconstruction loss (e.g., ∥r − r̂∥22) costs O(d),
and the KL term costsO(dz); and (iii) a router that
outputs composition weights in the latent space,
costing O(dzrrb).

Overall, the extra computation of ReX relative
to LoRA is

CReX-overhead ≈ O
(
Td+ 2ddz + d+ dzrrb

)
.

In our setting, dz ≈ rb ≈ 2r ≪ d, with r a
small PEFT hyperparameter (so d ≫ r2). Con-
sequently, O(2ddz) = O(dr) typically dominates
O(dzrrb) = O(r3), and the added overhead can be
approximated as O(Td+ dr). The overall compu-
tation remains dominated by the backbone O(Td2)
and the LoRA term O(Tdr), implying that ReX
introduces only a small constant-factor overhead
without changing the leading-order scaling in T
and d.

C.2 Memory overhead.
Training memory can be decomposed as

M = Mbase +Mtrain +Mact.

Here Mbase is the frozen backbone memory and is
identical for ReX and LoRA. The activation term
Mact is typically dominated by token-level trans-
former activations (scaling as Θ(Td)). ReX adds
only instance-level low-dimensional intermediates
(the pooled observation r ∈ Rd, the VAE latent
z ∈ Rdz , and router scores S ∈ Rr×rb), whose
additional footprint is Θ(d + dz + rrb) ≈ Θ(d)
and is negligible compared to Θ(Td).

The trainable-parameter term Mtrain scales lin-
early with the number of trainable parameters (in-
cluding gradients and optimizer states). For a sin-
gle d × d linear layer, LoRA has PLoRA = 2dr,
whereas ReX adds a per-layer bank (U, V ) (2drb),
a single-hidden-layer VAE (2ddz), and a router
that outputs rank-wise scores (dzrrb), yielding
PReX ≈ 2drb + 2ddz + dzrrb. Under dz ≈ rb ≈
2r ≪ d, we still have PReX = Θ(dr), i.e., ReX
increases Mtrain by only a small constant factor rel-
ative to LoRA. Overall, ReX remains effectively
comparable to LoRA in training-time memory, i.e.,
MReX ≈MLoRA.



Category Method GPQA Chemistry Economics Math MATH500 Average

Base 0.2121 0.1800 0.3350 0.3200 0.3161 0.2726

Text

ICL 0.2677 0.2000 0.5250 0.2800 0.3270 0.3199
LLM+RAG 0.2677 0.2300 0.4100 0.3700 0.3079 0.3171
Self-Refine 0.2576 0.2100 0.4600 0.3850 0.2806 0.3186
Reflexion 0.2677 0.3050 0.3250 0.4750 0.4005 0.3546

Parameter

LoRA 0.3485 0.3850 0.5250 0.5250 0.3651 0.4297
HydraLoRA 0.3636 0.3900 0.4900 0.5000 0.3624 0.4212
MoSLoRA 0.3636 0.3850 0.5100 0.5300 0.3651 0.4308
VB-LoRA 0.3384 0.3300 0.5300 0.5100 0.3869 0.4191
SMoRA 0.3737 0.3650 0.4950 0.5000 0.3842 0.4236
ReX 0.3838 0.3900 0.5550 0.5650 0.3896 0.4567

Table 5: Results for Llama3.1-8B-instruct backbone across tasks.

D Additional Experiments

D.1 Scaling to Larger Models

ReX continues to achieve the best performance
as model size increases. Table 5 extends our eval-
uation to the larger Llama3.1-8B-Instruct back-
bone. ReX again outperforms all text-based and
parameter-efficient baselines, achieving the highest
average accuracy (45.67%) across all benchmarks.
These results demonstrate that the experience-
centric design of ReX scales effectively with model
capacity, enabling consistent gains even under
stronger base models.

Larger models show improved contextual
learning ability. Compared with Llama3.2-3B,
the 8B backbone exhibits notably higher base accu-
racy, indicating that larger LLMs can extract more
useful information directly from context.

D.2 Scaling to Larger Training Sets

ReX consistently benefits from more training in-
stances under a fixed training protocol. Table 6
varies the training set size (5k/10k/20k) while keep-
ing the backbone and hyperparameters unchanged.
ReX shows a clear upward trend in overall per-
formance, improving the average accuracy from
35.11% (5k) to 37.16% (20k), suggesting that the
shared Experience Bank and instance-wise routing
can effectively absorb additional supervision.

Table 6: Results for Llama-3.2-3B-Instruct backbone
across tasks with varying training set sizes.

Size GPQA Chemistry Economics Math Math500 Average

5k 0.3232 0.2500 0.3800 0.4550 0.3488 0.3511
10k 0.3485 0.2850 0.3300 0.4350 0.3651 0.3546
20k 0.3788 0.2950 0.3700 0.4650 0.3597 0.3716

D.3 Sensitivity to top-k in routing
ReX generally improves with larger top-k. Ta-
ble 7 reports results for k ∈ {2, 4, 8} under the
same backbone and training setup. Overall per-
formance increases as k grows, with the average
accuracy rising from 34.95% (k = 2) to 38.05%
(k = 8), indicating that allowing each rank posi-
tion to aggregate more skill atoms typically yields
stronger composed adapters.

Table 7: Results for different top-k settings with the
Llama-3.2-3B-Instruct backbone.

Top-k GPQA Chemistry Economics Math Math500 Average

2 0.3333 0.2550 0.2800 0.4700 0.3815 0.3495
4 0.3333 0.2800 0.3250 0.5300 0.3379 0.3579
8 0.3889 0.3100 0.3450 0.5100 0.3488 0.3805
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