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Abstract—We study the problem of optimal continual fine-
tuning for a pre-trained Foundation Model deployed at a
resource-limited device. At each time slot, a new batch of training
data arrives, and the controller is faced with two options: either
use the data to fine-tune the model and incur a compute cost,
or do not fine-tune the model and discard the data. After the
decision, the performance of the current model is measured
in terms of an application-specific performance metric such as
classification accuracy. Our objective is to learn an optimal policy
that determines when fo fine-tune the model on a single task (e.g.,
sentiment analysis), under a finite compute budget. We formulate
this online decision-making problem as a constrained Markov
Decision Process, where the system state captures three essential
aspects: (i) model’s performance, (ii) computational budget, and
(iii) data distribution relevance to historic data encountered up
to that point. The transition to the next state is stochastic and
therefore, we propose a reinforcement learning-based method to
solve this problem, namely the actor-critic algorithm. We also
consider the special case where the performance of fine-tuning
for a given model can be predicted or estimated prior to decision;
in this case the problem becomes a Dynamic Programming one.
Experiments with a large pre-trained model on a widely-used text
classification dataset demonstrate that our method consistently
outperforms fine-tuning approaches with the same compute
budget by more than 4% in terms of accuracy and achieves
97% of full-parameter fine-tuning accuracy while requiring only
25% of the fine-tuning steps.

Index Terms—Foundation models, Fine-tuning, Continual
learning, Reinforcement learning.

I. INTRODUCTION

Foundation Models (FMs) are large models pre-trained
on massive, general-purpose datasets through self-supervised
learning, so that they learn general patterns, logical structures,
and relationships between concepts. This process creates a
flexible general-purpose base model that can then be fine-tuned
with smaller datasets for various downstream tasks such as
text summarization and code generation, without the need to
be retrained from scratch each time. Fine-tuning (FT) involves
updating some or all of the model parameters by performing
some training iterations with the new, small dataset.

A representative example is a traffic-analysis FM at a 6G
base station, initially trained on generic network traces and pe-
riodically adapted using locally observed traffic patterns such
as new application behaviors or emerging protocol variants.
The proposed RL controller learns when to trigger updates
based on expected network-level benefit, enabling resource-
aware model adaptation that improves traffic classification ac-

curacy while respecting the operational constraints of wireless
infrastructure.

Parameter-efficient fine-tuning (PEFT) methods, e.g., Low
Rank Adaptation (LoRA) [1] and adapters are the predominant
class of approaches for continually updating large FMs by
significantly reducing the number of trainable parameters, al-
lowing for lightweight model updates, while maintaining near
full fine-tuning performance at a fraction of the cost. However,
the benefit of PEFT methods for a given model changes over
time with data distribution shift, and it depends on the history
of FT steps applied to the model’s parameters [2].

When a FM resides on a resource-limited device, the prob-
lem of FT the base model for a new task obtains an interesting
new twist. Training data for FT the model may arrive at the
device sequentially, namely in successive data batches. Each
batch of data may be exploited for FT the FM, or it may
be discarded. This problem setting is particularly challenging
for two main reasons. First of all, FT is a computationally
resource-consuming process, and the device may not have
enough resources to execute it at every time step. Second,
the current data batch may be of limited added value to the
existing model in terms of improving its performance, or
the model may already be well-performing. In this setting,
identifying when it is best to perform FT of the model so
as to improve its performance is an important problem. What
makes the problem more interesting is that the performance
of the model is revealed only after FT is performed, e.g., by
measuring its performance on a held-out validation dataset.

The decision of when to update a large, deployed FM must
be taken online, with very little labeled data from the new data
distribution, which makes performance estimates noisy and
thus unreliable. Also, the type and severity of distributional
shift for the data, whether the feature distribution, the labels, or
both, are usually unknown, so it is hard to predict how model
performance will degrade. Finally, deriving an optimal fine-
tuning policy requires trading off the explicit cost of updat-
ing (e.g., compute budget) against the expected performance
improvement (e.g., accuracy), which is application- and task-
specific and difficult to quantify precisely.

We study the problem of optimal continual FT a FM on a
single node wherein data from the same task (e.g., text classi-
fication) arrive in batches. At each time step, the learner can
either fine-tune the model using the current batch, incurring a
compute cost and a reward (e.g., performance improvement),



or discard the data. In our setting, the state of the learning
environment is characterized by the data distribution shift, the
model’s performance, and the compute budget.

An optimal fine-tuning strategy would adapt its update
decisions to these evolving conditions. For example, allocating
more training resources when a significant distribution shift is
detected or when model performance deteriorates, while con-
serving resources otherwise. This adaptive behavior enables
efficient use of the available budget by performing costly FT
steps only when they are likely to yield meaningful perfor-
mance improvements. Since the underlying data dynamics and
the effect of FT on the model over time are not known in
advance, the learner does not have access to the transition
probabilities that govern how the state evolves. Consequently,
the expected long-term rewards and costs cannot be computed
analytically. To this end, we formulate this problem as a
constrained Markov Decision Process (MDP).

We derive a policy that selects between fine-tuning and
skipping, to optimize long-term reward, i.e., the model’s per-
formance, while respecting the compute budget constraint. It
is based on the actor-critic method on a Lagrangian version of
the constrained MDP. We also study the special case where the
performance improvement of FT a model can be predicted or
estimated prior to decision; in this case the problem becomes
a Dynamic Programming one.

The contributions of this paper are summarized as follows:

o We formalize the problem of deciding when to fine-tune
as a budget-constrained MDP, and provide a principled
framework for online FM adaptation under continuously
arriving data batches.

o We propose an actor—critic reinforcement learning (RL)
policy that jointly monitors performance degradation and
data drift to trigger fine-tuning actions.

o We study the special case where the expected perfor-
mance gain from fine-tuning a FM can be estimated a
priori, resulting in a Dynamic Programming formulation.

II. RELATED WORK

Parameter-Efficient Fine-Tuning (PEFT): PEFT adapts
large pre-trained models by updating only a small subset of
their parameters. LoRA-based approaches [3] reparameterize
weight updates into low-rank subspaces, while freezing the
original weights. Other PEFT strategies include adapter-based
(e.g., inserting lightweight bottleneck modules into Trans-
former layers [4]) and prompt-based (e.g., learning continuous
prompts or prefix embeddings that steer model behavior with-
out altering core weights [5]). Despite rapid progress in PEFT,
no single method consistently dominates across model sizes,
tasks, or resource constraints [6]. Our framework is method-
agnostic, accommodating any fine-tuning approach.

Continual PEFT: Continual learning (CL) for large FMs
has recently gained attention due to the challenge of mitigat-
ing catastrophic forgetting during sequential model updates.
Online — LoRA [7] uses LoRA adapters and monitors loss
plateaus, i.e., when the loss stops decreasing, to decide when
to adapt. However, it does not formulate a cost-aware control

problem on when to adapt, nor does it optimize an explicit
compute budget over time.

Budget-adaptive PEFT methods [8]-[10] address resource
allocation along different axes. OA — Adapter [8] is a
parameter-efficient CL method for LLMs that dynamically
allocates adapter capacity across tasks and layers under a
global parameter budget. In contrast, we assume a fixed PEFT
method and optimize when to invoke it over an incoming
batch of data. AdaLoRA [9] adaptively distributes a fixed
low-rank parameter budget across weight matrices within a
single downstream task. PEARL extends dynamic low-rank
adaptation to a CL setting, where the rank of task-specific
LoRA components is chosen based on the proximity of the
current task to reference task weights in parameter space [10].
Both methods focus on how much capacity to assign to each
layer or task (rank selection / parameter count), assuming
that FT is performed whenever a new task is encountered.
In contrast, we keep the FT mechanism fixed and treat the
timing of updates as the primary decision variable.

Zliobaite et al. [12] and Mahadevan et al. [13] explicitly
study the cost of retraining. The former evaluates empirical
adaptation methods, while the latter triggers retraining when
the expected degradation cost of the model exceeds the
compute cost of retraining. However, their approach relies
on an offline-optimized decision function trained on limited
past data, which may not generalize to unseen data shifts. In
contrast, we maintain a state-based online control process that
continuously observes domain shift, performance, and resource
usage and learns to make FT actions under a cumulative budget
constraint. Additionally, we assume a pre-trained model which
might perform well on unseen data and therefore not require
retraining; a case not explicitly covered by CARA [13] since
not retraining the model incurs a staleness cost in their setting.

Differentiation from existing works: We address the un-
derexplored question of when to fine-tune a large FM in an
online, streaming-data scenario. We do not rely on offline-
optimized thresholds or staleness proxies; instead, we learn
an online policy via a actor—critic approach that optimizes
long-term performance under budget constraints. Moreover,
our formulation naturally addresses continual PEFT of large
FMs, enabling adaptation in settings where retraining may
provide diminishing returns, or may not be necessary at all.

III. SYSTEM MODEL AND PROBLEM STATEMENT
A. System model

We consider an online setting in which a large pre-trained
model parameterized by ©; at time step ¢ is deployed at a
resource-limited device and evolves over a time horizon T’
in order to improve its performance on a downstream task,
such as text classification. At each time step t € {1,...,T}, a
labeled dataset D; = {(zf,y!)} | arrives in a streaming man-
ner. The learner must decide whether to update the model’s
parameters to improve its performance on this specific task,
under the resource limitations of the device.

Specifically, after the arrival of Dy, and given the current
model ©;_1, the learner has two options. If the learner decides
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Fig. 1. Our system model. At each step ¢, the RL agent observes the state
st (budget, data shift, and performance) and chooses whether to fine-tune the
model on batch D;. The decision updates ®; and yields reward 7.

to use D, to fine-tune the model, then it uses D; as input of
the model and applies a certain fine-tuning method, yielding
an updated model ®; = FineTune(®;_1, D;), where function
FineTune(-, -) denotes the effect of applying the selected FT
method to the current model, ®;_; with the current dataset
D;. Our problem definition, to be detailed below, is agnostic
to the specific FT method.

Our system model (depicted in Fig. 1) focuses on adapting
the FM for a single machine learning task. As a concrete
example, consider the task of text classification, where the goal
is, for example, to determine whether a user review is positive
or negative (sentiment analysis), or identify the purpose of a
message (intent prediction). Our framework is general and can
be applied to any single-task FT scenario.

We assume that there is a known cost C'(n;) associated
with the chosen fine-tuning method, which depends on the
quantity of the data (n; = |D;]), i.e., larger batches generally
lead to higher cost, and may denote compute, energy or
monetary costs. We denote by B, the adaptation budget,
which constrains the number of times when FT is performed
over a finite time horizon 7'. After FT, the updated model is
evaluated with respect to a performance metric, denoted as
a; = a(©;Dey) (e.g., model accuracy for a classification
task) on a fixed held-out dataset D,,. If the learner decides
not to perform FT, then it does not incur any cost, the
model remains the same, i.e., @; = ©;_1, and therefore the
performance on D, is the same as in the previous slot, i.e.,
a(et; Dev) = a(gtfl; Dev)~

B. Problem statement

Action space: Let u; € A = {0,1} denote the action of
the learner, where u; = 1 if the learner decides to fine-tune
the FM, and u; = O if it decides not to fine-tune it.

State: Intuitively, the learner’s decision process is stateful,
as it must depend on key evolving quantities that reflect
model performance, computational budget, and data distribu-

tion. Therefore, we formalize the system state at time ¢ as
St = (dt,pt,bt), where

t
1
;Za% if t < w,
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w
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denotes the moving average of the last w application-specific
performance metrics a;, and it is updated online after each
decision. The remaining budget is defined as

t—1
b £ Buax — Y Liu,=13 C(na), )
i=1
where 1., is the indicator function for the event e.
Finally, to quantify changes in the data distribution over
time, we define a data shift score based on the KL divergence:
Py(c)

A histy __
dy £ Dy (P||P pgpt(c)logPhTt(c), 3)

where Pst(.) denotes the empirical historical distribution
estimated over all past batches and P;(-) the distribution of the
current batch. The historical distribution can be updated online
either as a cumulative average, P = (tPS'+P,)/(t+1), or
as an exponential moving average, Pt}isf = (1—a)PPst+aP;,
which allows recent data to be weighted more heavily. By data
distribution, we refer to any relevant summary statistics that
capture the dataset’s structure. A simple and common example
is the class distribution, where P;(c) is the fraction of samples
in class ¢ within the current batch. Tracking the distribution
shift is then straightforward: we maintain a histogram of
class frequencies and compute the KL divergence between
the historical and current distributions.

For non-classification tasks, such as translation, P;(-) can
represent distributions over token frequencies, n-grams, or
embedding clusters. While these are high-dimensional, we
can still maintain summary statistics (e.g., low-dimensional
embeddings or histograms) to estimate P;(-) and P"st(.) in a
practical and computationally feasible manner.

Cost: The cost at each time t is expressed as ¢; =2
1oy,=1) C(ny).

Transition: The transition to the next state, s;y; =
T'(s¢, ut), is stochastic and cannot be predicted or sufficiently
estimated a priori, due to both the randomness of incoming
data and the effect of fine-tuning. We characterize it as follows.
If no fine-tuning is performed (u; = 0), the model parameters
remain unchanged and no cost is incurred. A new batch Dy
arrives, the data shift score d;; is updated based on the new
batch and the moving-average performance p;y; is computed
based on the model of the previous slot, i.e., ®;_1, resulting
in the next state s;y1 = (d+1, Pri1,0t).

On the other hand, if fine-tuning is performed (u; = 1),
the model is updated using the current batch D;, incurring a
cost C'(n¢). After fine-tuning, the next batch D;y; arrives,
and the state variables are updated accordingly: the data



shift score d;;; and moving-average performance p;;; are
recomputed based on the updated model, yielding s;4+; =
(dt+1,Pt+1,b: — C(ny)). The next state depends only on the
current state and action, making (d;, p:,b;) a sufficient state
representation for our decision process under the modeling
assumption that future data and performance depend on the
past through these summary statistics.

Reward: The reward at each time step reflects the model’s
performance on a fixed held-out evaluation dataset D, and
is observed after the action is taken. If no fine-tuning is per-
formed (u; = 0), the reward is simply the current performance
of the existing model, s = a(®¢_1; Dey ), while if fine-tuning
is performed (u; = 1), the reward is r; = a(®y; Dey ). In this
way, the reward consistently reflects the impact of the chosen
action on the model’s performance.

Here, a(-;-) represents the metric of accuracy on a held-out
validation dataset. Depending on the task, it can correspond
to other standard metrics such as the GLUE score for natu-
ral language understanding tasks, BLEU score for language
translation, or in general any other application-specific per-
formance metric. This abstraction allows the framework to be
applied flexibly across different tasks and evaluation criteria.

Problem formulation: We seek a stationary policy m =
m(u]|s), such that the expected cumulative reward is maxi-
mized, subject to a given compute budget:

T
max E, [Z rt}

t=1
T
subject to E, [Z ct} < Bmax;
t=1
Ste1 ~T( | st,ur), wp ~7(-]sy), s1 given.

“4)
The optimization problem (4) is a constrained Markov De-
cision Process (MDP). Using this formulation allows the agent
to optimally balance reward and budget under uncertainty, in
contrast to naive heuristics such as always fine-tuning or fine-
tuning based solely on a threshold on d; or p;, which cannot
adapt to the stochasticity in both data arrival and FT outcomes.
Equivalently, introducing a dual multiplier A > 0, we form
the Lagrangian objective:

T
L(m, ) = E, [Z (re — Act)] 4+ ABpax. (5
t=1

For any fixed A, maximizing £(7, A) with respect to 7 is
equivalent to solving an unconstrained MDP with a modified
per-step reward: r; = r — \c;. We denote by g(\) the optimal
value of this inner maximization:

T

Z(’I’t — )\Ct)

t=1

g()\) = max ]Eﬂ— + )\Bmax~ (6)

The dual problem is then miny>o g(A), and yields a policy
that satisfies the budget constraint in expectation, or otherwise
provides the best achievable trade-off between total reward
and total cost. Intuitively, A acts as a penalty coefficient

Algorithm 1 Online budget-constrained fine-tuning
Require: actor my(u|s) = o(fy(s)), critic Vy(s), A > 0, per-
step running cost C « 0, horizon T, total budget By ax,
learning rates 74, 179, 7, smoothing f3.
1: fort=1,...,T do
: Observe state s; = (dy, pt, bt)
Compute action probability p; = ms(1
o(fs(s¢)); sample u; ~ Bernoulli(p;)
Execute u;: set ¢; < 1y, =13 C(ny)
5:  Receive reward r;, next state s;y;; update budget
biy1 < by —c¢
6:  Critic update (TD):

| s) =

Yr 1 — Acr + Vo(se41),
0«0 + Mo (St VQVQ(St)

0 <y — Vo(se)

7. Actor update (policy gradient):

¢ ¢+ ng 0 Vylogme(us | 1)

8:  Dual update: \ + max (O7 A+ n,\(é -T — Bmax)),
where C < (1 — 8.)C + B.cy
9: end for

that balances model performance and resource expenditure:
large values of A\ discourage fine-tuning actions by reducing
their effective reward, whereas small values of A encourage
them. The Lagrange multiplier A can be updated online
using stochastic gradient ascent methods, which are known
to converge asymptotically to policies achieving an optimal
trade-off between reward and constraint satisfaction [14].

IV. REINFORCEMENT LEARNING SOLUTION

To derive an optimal policy 7 = w(u]|s), we employ
a policy-gradient method, specifically an actor-critic algo-
rithm. This choice is motivated by the continuous nature
of the state space, which encodes model performance, data
drift, and remaining budget, and by the stochasticity of state
transitions. Actor—critic methods are particularly effective in
such settings, as they can jointly approximate the policy
7y(u | s) (actor) and the value function Vy(s) (critic) using
differentiable function approximators such as neural networks.
In our implementation, the actor is a logistic regression over
the state features, while the critic is a linear regression.

The critic provides temporal-difference (TD) estimates of
the Lagrangian-augmented return (with discount factor v = 1
due to the finite horizon), which guide the actor’s policy
updates. The dual update uses an exponentially smoothed
estimate C' of the per-step cost with factor 5. (e.g., 0.01),
which approximates the expected cost E[c;] under the current
policy. This approach reduces variance and stabilizes learning.
The complete update procedure is summarized in Algorithm 1.

V. AN INTERESTING SPECIAL CASE

We now study the following special case of the CMDP
(4). Let ®y be a pre-trained model and K the maximum



times we are allowed to fine-tune the model. We assume
that we know a priori the datasets D;, t = 1,...,T, and
that the model’s accuracy is obtained on a fixed dataset De,,.
This means that the accuracy can be obtained or estimated
with sufficient reliability a priori. This scenario may arise
either in an offline oracle setting, where all future datasets
are known for planning purposes, or in cases where post-FT
performance can be reliably predicted using for example large
validation sets or surrogate models. Under this assumption,
the FT decision problem becomes a Dynamic Programming
one. We wish to find a FT policy, namely a sequence of times
Jm 2 {j1 <...<jm}C{l,...,T}, m < K at which we
fine-tune the model so as to maximize the cumulative accuracy
over horizon 7.

Accuracy depends on fine-tuning history. In the general
case, the evaluation accuracy at time ¢ depends on the model
parameters ®;, which themselves depend on the entire FT
history up to time ¢. Specifically, given a FT schedule .J,,,, let
Hi(Jm) 2 {ji € Jm ¢ ji <t} denote the set of fine-tuning
times that have occurred up to time ¢. The resulting model
parameters ®; are obtained by sequentially applying the fine-
tuning operator at the times in H;(J,,), and the corresponding

accuracy is given by a; = a(®¢;Dey). We also define
T
Ap(m)£  max > a;(05Dey), ()

Im={j1<-<Jm} =1
the maximum total accuracy when fine-tuning is performed
exactly m times over time horizon 7.

If K = 1, we can choose either (i) not to fine-tune at
all during T' steps (m = 0), with total accuracy in this
case A% (0) = Tap; or (ii) fine-tune once (m = 1). In the
second case, before fine-tuning at time step ¢, model ® is
used, while after that the fine-tuned model ©; is used. Then,
A%(1) =maxj—i . 7[(j —1)ao + (T — j + 1)a;]. Note that
H;(J1) = {j}. The optimal time to fine-tune is the value of j
that attains the maximum in A% (1), and the optimal accuracy
is max{A%.(0), A%(1)}.

If K = 2, we can choose not to fine-tune at all with
accuracy A% (0) = Tap, or fine-tune once with accuracy
A%(1), or fine-tune twice. In the latter case, A%(2) =
maz1<j <jo<r|(f1 — Dao + (J2 — ji)aj, + (T = j2 + Dag,].
Then the optimal accuracy is max{A%(0), A%(1), A%(2)}.
Note that the accuracy after the second fine-tuning time point,
a;, = a;,(0;,,D;,) depends on H,;, = {j1} as well. For
K > 2 the optimal accuracy is max,,eqo,1,... x} A7(m) with
a total of 25 _ (") possibilities for fine-tuning times.

Accuracy does not depend on fine-tuning history. In
another version of the problem, the accuracy a; at time ¢t may
not depend on the current model ®; (and thus, on fine-tuning
history H;), but only on the current dataset D;. This is the
case if Dy is large enough or if (close to) full FT is performed
so that the impact of the pre-FT model on post-FT accuracy
is small. Then, for each t = 1,...,T, we know a priori the
accuracy a; on the evaluation set D, if we fine-tune at time

t. The problem is formulated as

T
(1= Dao+ Y Gms1 = Gm)aj, - )
m=1

The problem can be cast as a Dynamic Programming one.
Let V(t,k) be the maximum remaining total accuracy for
times ¢+ 1,...,7T when the model is fine-tuned at time ¢ and
there are at most k FT times remaining, for t =0,...,7 — 1
andk =0,...,K.Foreachtif k = 0,itis V(¢,0) = (T—t)ay
and we have accuracy a; for all remaining times. When k& > 1,
we have two options: either never fine-tune again and have
total remaining accuracy (T'—t)a; or choose the next FT time
7, t < j <T.In this case, we use the current model for times
t+1,...,5 — 1 and get accuracy (j —t — 1)ay, and at time
7 we fine-tune and the best future total remaining accuracy is
V(j,k — 1). The Bellman equation is:

V(t, k) = max {(T — t)ag,

e [ —t)ar +V(j. k= 1)] }

©))
and we can recursively compute V (s, k) fors =T, T—1,...0
and £ =0,1,...K until we find V' (0, K). For each pair (t, k),
we keep an index i(t, k) which is equal to the value of j that
achieves the maximum at that step, or equal to null if the

maximum is achieved with no FT.

VI. NUMERICAL RESULTS

We evaluate our approach on the AG News corpus, a stan-
dard text classification benchmark with four classes (|| = 4).
The original training set is randomly shuffled and split into
90% for adaptation and 10% for evaluation. The evaluation
split is held fixed throughout the experiment and used to
measure model performance after each fine-tuning decision.
As a base pre-trained model, we employ RoBERTa [15]. All
experiments are repeated three times with different random
seeds, and we report average results.

Data arrive in batches of fixed size B = 200 samples over
T = 200 steps. Each batch corresponds to a FT decision,
and the model is updated for a single epoch per batch due
to limited resources. We consider two strategies to create
the batches: (i) All-labels: Batches contain samples from all
classes, randomly partitioned from the shuffled training set;
and (i) By-label: Data are first partitioned by class and
batches contain samples from a single class, resulting in 7'/| )|
batches per class. The latter setting induces distribution shifts
over time and poses a more challenging adaptation problem.

We compare our method with baselines that cover a repre-
sentative set of fine-tuning strategies under different computa-
tional budgets. The Always FT baseline continuously FT the
model on every incoming batch, using either full-parameter
updates or LoRA adapters, and serves as an empirical upper
bound on achievable performance. The Never FT baseline
never FT, deploying the pre-trained model as-is to provide
a lower bound. Finally, the Random budgeted FT baseline
performs FT either with full parameters or with LoRA, only
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Fig. 2. Accuracy over time in the all-labels scenario. Our method achieves

the best performance under the same update budget of 50 fine-tuning steps.

TABLE I
COMPARISON OF FINE-TUNING POLICIES WITH LoRA ADAPTERS.

Method Avg. Reward Best Eval. # FT steps
Acc. (%)

Always FT 0.88 91.6 200

Never FT 0.61 64.1 0

Budgeted FT 0.80 86.1 50

Ours 0.85 89.2 50

for a limited number of updates, i.e., 50 out of 200 in total, and
the FT steps are selected uniformly at random. Our proposed
method operates under the same budget constraint as the
random budgeted FT baseline but adaptively determines when
to FT based on observed model performance and data drift.

Figure 2 reports the evolution of accuracy over time on
Dey for the all-labels scenario. always FT with full-parameter
updates achieves the highest accuracy (peaking around 92%),
serving as an empirical upper bound. Under a limited (LIM)
budget of 50 updates, both random strategies (All-parameters
FT-LIM and LoRA FT-LIM) exhibit noticeably lower and
more unstable trajectories, converging to roughly 83% accu-
racy. In contrast, our method maintains substantially higher ac-
curacy under the same budget (around 89%), reducing the gap
to the upper-bound full-FT curves and clearly outperforming
both random-budgeted baselines. Qualitatively similar trends
are observed in the by-label scenario; under a budget of 50
updates, our method achieves an accuracy of 69%, compared
to 60% for random budgeted FT and 75% for always FT.

The advantage of our approach is also evident in Table VI,
where LoRA is evaluated over different budget constraints.
Our policy improves average reward (average evaluation ac-
curacy over time) from 0.80 to 0.85 and best accuracy from
86.1% to 89.2% while using the exact same number of up-
dates, and comes within 2.4% of the always FT baseline while
using only 25% of the fine-tuning steps. These results highlight
that the timing of updates is crucial for maximizing accuracy
under strict computational budgets. The code to reproduce all
experiments will be publicly released upon publication.

VII. CONCLUSION

We studied the problem of deciding when to fine-tune a
FM in the presence of limited compute budget. For the case
when the outcome of FT is observed after the decision, we
formulated the problem as a RL one, and we proposed a
budget-constrained version of the actor-critic algorithm to
solve it. When the outcome of FT can be estimated before
the decision, the problem admits a DP formulation.

A direct extension includes an enhanced action space, by
incorporating several options for FT, each one with potentially
different reward and cost. Then, the special case modeled by
DP also warrants further investigation, with the identification
of conditions under which the optimal policy admits simple
intuitive policies. Finally, an interesting scenario would be
if energy resources, and therefore the budget was renewed
according to a certain process.

ACKNOWLEDGMENT

The research project is implemented in the framework of
H.FR.I call “3rd Call for HEFER.I’s Research Projects to
Support Faculty Members & Researchers” (H.F.R.I. Project
Number: 23767. Project Name: “Towards advancing the Math-
ematical and Computational Foundations for Digital Twins of
Wireless Ad Hoc Networks™)

REFERENCES

[1] E.J. Hu, Y. Shen, P. Wallis, Z. Allen-Zhu, Y. Li, S. Wang, L. Wang, and
W. Chen, "LoRA: Low-Rank Adaptation of Large Language Models,”
in Proc. Int. Conf. Learn. Represent. (ICLR), 2022.

[2] D. Aggarwal, S. Damle, N. Goyal, S. Lokam, and S. Sitaram, “Explor-
ing Continual Fine-Tuning for Enhancing Language Ability in Large
Language Model,” arXiv preprint arXiv:2410.16006, 2024. [Online].

[3] S. Hayou, N. Ghosh, and B. Yu, "LoRA+: Efficient Low Rank Adapta-
tion of Large Models,” arXiv preprint arXiv:2402.12354, 2024.

[4] N. Houlsby, A. Giurgiu, S. Jastrzebski, B. Morrone, Q. de Laroussilhe,
A. Gesmundo, M. Attariyan, and S. Gelly, "Parameter-Efficient Transfer
Learning for NLP,” arXiv preprint arXiv:1902.00751, 2019.

[5] B. Lester, R. Al-Rfou, and N. Constant, "The Power of Scale for
Parameter-Efficient Prompt Tuning,” arXiv preprint:2104.08691, 2021.

[6] R. Karimi Mahabadi, J. Henderson, and S. Ruder, "Compacter: Efficient
Low-Rank Hypercomplex Adapter Layers,” in NeurlPS, 2021.

[71 X. Wei, G. Li, and R. Marculescu, “Online-LoRA: Task-free online
continual learning via low-rank adaptation,” in Proc. IEEE/CVF Winter
Conf. Appl. Comput. Vis. (WACV), Feb. 2025, pp. 6634-6645.

[8] Z. Wan, W. Du, L. Li, M. Pan, and X. Qin, "Budget-Adaptive Adapter
Tuning in Orthogonal Subspaces for Continual Learning in LLMs,”
arXiv preprint arXiv:2505.22358, 2025.

[91 Q. Zhang, M. Chen, A. Bukharin, P. He, Y. Cheng, W. Chen, and

T. Zhao, ”Adalora: Adaptive Budget Allocation for Parameter-Efficient

Fine-Tuning,” arXiv preprint arXiv:2303.10512, 2023.

P. S. Bhat, S. Yazdani, E. Arani, and B. Zonooz, “Parameter Effi-

cient Continual Learning with Dynamic Low-Rank Adaptation,” arXiv

preprint arXiv:2505.11998, 2025.

A. Bifet and R. Gavalda, “Learning from time-changing data with

adaptive windowing,” in Proc. of SDM, 2007.

1. Zliobaité, M. Budka, and F. T. Stahl, “Towards cost-sensitive adapta-

tion: When is it worth updating your predictive model?,” Neurocomput-

ing, vol. 150, pp. 240-249, 2015.

A. Mahadevan and M. Mathioudakis, “Cost-aware retraining for machine

learning,” Knowledge-Based Systems, vol. 293, p. 111610, 2024.

L. Spoor, A. Serra-Gémez, A. Plaat, and T. Moerland, “An empirical

study of Lagrangian methods in safe reinforcement learning,” arXiv

preprint arXiv:2510.17564, 2025.

Y. Liu, M. Ott, N. Goyal, J. Du, M. Joshi, D. Chen, O. Levy, M. Lewis,

L. Zettlemoyer, and V. Stoyanov, "RoBERTa: A robustly optimized

BERT pretraining approach,” arXiv preprint arXiv:1907.11692, 2019.

[10]

(11]
[12]

[13]

[14]

[15]



