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Abstract

The rapid growth of pre-trained models has
made selecting suitable models for downstream
tasks challenging. Exhaustively fine-tuning or
evaluating every candidate model is computa-
tionally expensive, while existing proxy-based
metrics such as LEEP, NCE, and LogME pro-
duce one-shot static rankings that do not use
feedback from earlier evaluations. We propose
Reinforcement Learning—based Model Rank-
ing (RL-MR), a budget-aware framework that
reformulates pretrained model selection as a
sequential decision-making problem. RL-MR
learns a ranking policy that uses proxy-based
transferability signals as rewards to guide the
order in which candidate models are evaluated.
In controlled experiments on SS7-2, Yelp Po-
larity, Amazon Polarity, and DynaSent, RL-
MR consistently improves ranking correlation
over static proxy baselines, achieving up to
Kendall’s 7 = 0.8695 while maintaining Top-1
selection accuracy. These results suggest that
sequential proxy feedback can provide a use-
ful alternative to one-shot model ranking under
limited evaluation budgets.

1 Introduction

Pre-trained models (PTMs), including Large Lan-
guage Models (LLMs) (Zhang et al., 2023), fine-
tuned on downstream tasks has become a stan-
dard paradigm for real-world deployment (Jia et al.,
2022). A model zoo includes a wide range of PTMs
that differ in architecture, scale, and functionality
(Paszke et al., 2019). However, the rapid expansion
of public model zoos creates a practical challenge:
efficiently selecting suitable models for target tasks
(Tan et al., 2024; Flotte et al., 2025), since exhaus-
tively evaluating all candidate PTMs requires sub-
stantial time and computational resources.
Traditional approaches rely on manual expertise
or expensive computational searches that are inac-
cessible to many practitioners (P4ndy et al., 2022;
Ding et al., 2022). A straightforward solution is to
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Figure 1: Overview of RL-MR for budget-aware pre-
trained model ranking. The policy sequentially selects
models using proxy-based transferability feedback un-
der limited evaluation budgets.

fine-tune every candidate PTM on the downstream
task and select the best model (You et al., 2022), but
this offers strong selection accuracy at prohibitive
cost, especially for large PTMs requiring backward
passes. To reduce this burden, proxy-based meth-
ods such as LEEP (Nguyen et al., 2020), NCE (Tran
et al., 2019), and LogME (You et al., 2022) esti-
mate transferability using forward-pass statistics
or distributional features. These metrics provide
indirect transferability signals, i.e., scores, without
requiring training on the target task (Nguyen et al.,
2020). Task—-model relatedness can also be cap-
tured in a representation space, where ranking is
performed by measuring similarity between task
vectors and model vectors, as in MODEL SPIDER
(Zhang et al., 2023). However, most existing ap-
proaches produce one-shot static rankings: each
candidate model is scored independently, and the
ranking does not use feedback from earlier eval-
uvations. This is efficient, but it is less suited to
budget-constrained selection settings, where users
may evaluate only a subset of candidate models
and update their choices as evidence accumulates.

Reinforcement learning (RL) (Beck et al., 2025)
provides a natural framework for studying this se-
quential selection setting. Static learning-to-rank
(L2R) methods assign a compatibility score to each
candidate independently and produce a one-shot
ranking without using feedback from prior evalua-
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Figure 2: Phase-wise overview of RL-MR. Phase A encodes the target task and candidate model zoo into task—model
representations; Phase B computes proxy-based transferability signals; Phase C uses these signals as feedback to
update the PPO ranking policy; and Phase D outputs the final model ranking under a limited evaluation budget.

tions (Nguyen et al., 2020; You et al., 2022; Tran
et al., 2019). We propose Reinforcement Learning—
based Model Ranking (RL-MR), a budget-aware
framework that reformulates pretrained model se-
lection as a sequential decision-making problem.
RL-MR does not introduce a new RL algorithm;
rather, its contribution is to recast pretrained model
ranking as a sequential Markov Decision Process
(MDP), where proxy-based transferability signals
provide feedback for learning a ranking policy. We
instantiate this formulation using standard Proxi-
mal Policy Optimization (PPO) (Schulman et al.,
2017). The high-level pipeline of RL-MR is shown
in Figure 1. Our key contributions are as follows:

* We formulate PTM selection as a sequential
RL problem rather than a one-shot static rank-
ing task, allowing model choices to be guided
by feedback from previous proxy evaluations.

* We introduce RL-MR, a PPO-based ranking
policy that prioritizes promising candidate
models under limited evaluation budgets with-
out fine-tuning the PTMs.

* We show that RL-MR achieves higher
Kendall-7 and Pearson-p correlations than
static proxy-based methods under controlled
sentiment-classification settings.

2 Problem Setup

Selecting suitable PTMs for a new task has become
increasingly important as model zoos continue to
expand (Zhang et al., 2023). Given a target classifi-
cation task T = {(x;, y;) }}L., with Cr classes, our

goal is to identify the PTM that can best transfer
its knowledge to 7.

Let the model zoo be represented as M =
{fm = Wi 0 dm }M_,, where each PTM f,, con-
sists of a feature extractor ¢,,, and a classification
head W,,,. Formally, we aim to estimate a set of
transferability signals tr = {ts, 7} _| that re-
flect the potential of each PTM for task 7" and rank
models based on sequential evaluation feedback.

3 Methodology: RL-MR

We introduce RL-MR, which frames pretrained
model ranking as a sequential decision-making pro-
cess. The overall pipeline consists of four phases,
as illustrated in Figure 2.

3.1 MDP Formulation

Given a model zoo M = {f,,}M_, and a target
task T = {(z;,y;)}}V,, our goal is to rank PTMs
according to their expected transferability to 7. We
formulate this process as an MDP. Importantly, the
agent does not obtain all transferability information
upfront. Evaluating a model consumes computa-
tional resources and provides only partial feedback,
which influences subsequent decisions. This con-
verts budget-constrained PTM selection into a se-
quential decision problem rather than a one-time
ranking exercise. At each step ¢, the agent observes
a state s; that summarizes the task and previously
evaluated models, selects an action a; correspond-
ing to the next model choice, and follows a policy
mo(as | s¢). After evaluating the selected model,
the agent receives a reward r; reflecting its trans-
ferability, and the state is updated accordingly.
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The objective of the agent is to maximize the ex-
pected cumulative return J(7) = E, [Zthl vtrt} ,
where v is a discount factor that balances short-
term versus long-term ranking quality. We adopt
PPO (Zhuang et al., 2023) because it provides sta-
ble policy-gradient updates for sequential decision
problems with continuous reward feedback. In con-
trast, TRPO (Kuba et al., 2021) is more expensive
to optimize, while DPO (Rafailov et al., 2023) is
designed for static preference alignment rather than
sequential exploration.

3.2 Representation Learning

Each PTM f,, is associated with a learnable embed-
ding 6,,, € R? that captures its semantic capability,
with models trained on similar domains expected
to lie close in the embedding space. The target task
T is encoded using a frozen feature extractor
followed by class-wise centroid aggregation:

W)= s 3 ) o =)

(%i,yi) €T

producing a task representation (7)) € RCT,
A transformer-based module then maps concate-
nated representations [6,,,, 1(7")] into a scalar score,
tAflﬁ\T = FC(Transformer([0,, 1(T)])o), which
estimates model—task relatedness and guides RL-
based exploration.

3.3 Reward Function

To optimize sequential PTM ranking, RL-MR
adopts a composite reward function that jointly
considers transferability estimation, ranking con-
sistency, and policy stability. The reward provides
step-wise feedback, enabling the RL agent to refine
subsequent model-selection decisions throughout
the ranking trajectory.

Transferability Reward. The primary objective
of RL-MR is to prioritize PTMs with high transfer-
ability to the target task. For each candidate model,
proxy-based transferability scores are estimated us-
ing three complementary metrics: LEEP, NCE, and
LogME. Since these metrics operate on different
numerical scales, each proxy score s; is indepen-
dently normalized across the candidate model zoo:

s; — min(s)

5; = (D

max(s) — min(s) + ¢

The normalized scores are aggregated as

35LEEP + SNCE + SLogME
Sagg = 3 T )

This aggregate score (S,gg) serves as the primary
transferability signal provided to the RL agent dur-
ing sequential model selection.

Ranking Reward. Besides proxy-based transfer-
ability estimation, RL-MR incorporates an addi-
tional ranking-oriented reward that encourages the
policy to prioritize highly transferable models ear-
lier in the ranking sequence:

[{j € My : rank(j) < rank(a;)}| —1
| M| .

Trank = 1-

3)
Here, M, denotes the set of remaining candidate
models at decision step ¢, and rank(-) represents
the ground-truth transferability order estimated
from the aggregated proxy scores.
Composite Reward. The immediate reward com-
bines the aggregate transferability estimate with
the ranking-oriented reward:

Tt = T'trans + (1 - a)rrank- (4)

Here, ri:ans denotes the proxy-based transferabil-
ity reward, 7., represents the ranking-oriented
reward, and « controls their relative contribution.
The weighting coefficients were selected empiri-
cally to balance proxy-based transferability estima-
tion and sequential ranking quality. The cumulative
discounted return is

J(r)=E

T
thn]. ©)
t=1

Ranking Loss. In addition to the RL objective,
RL-MR incorporates a ranking loss to explicitly en-
courage agreement between the predicted ranking
sequence and the proxy-derived target ranking:

Lrank = Lrank(ﬂ'ﬂp Wtarget)- (6)

Here, my denotes the predicted ranking produced
by the policy network and 7i,.eet Tepresents the
proxy-derived ranking obtained from the aggre-
gated transferability scores. Minimizing L,y en-
courages the predicted ranking to preserve the rela-
tive ordering of candidate pretrained models. The
subsequent Policy Optimization section is provided
in Appendix A.3.

4 Experiments

We evaluate RL-MR on a model zoo of lightweight
and medium-scale pretrained transformer models
commonly used in natural language understanding,
including encoder-only, encoder—decoder, multilin-
gual, and compact architectures. The full model
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zoo contains 25 language models with varying ar-
chitectures and scales, as reported in Appendix
Table 5. Unlike much prior work on PTM ranking,
which has largely focused on vision PTMs (Zhang
et al., 2023; You et al., 2022; Nguyen et al., 2020),
our evaluation focuses on language models.

4.1 Experimental Setup

Datasets. We evaluate RL-MR on four widely
used sentiment-classification benchmarks:SS7-2
(Socher et al., 2013), Yelp Polarity (Zhang et al.,
2015), Amazon Polarity (Zhang et al., 2015), and
DynaSent (Potts et al., 2021). These datasets pro-
vide complementary settings for assessing represen-
tation quality and ranking stability across different
domains and dataset scales.

Training details. For task representation, we en-
code probe samples using Sentence-T5, given its
strong ability to capture semantic sentence repre-
sentations in few-shot settings. Each probe set
contains 10 labeled examples per class, provid-
ing a practical trade-off between representativeness
and efficiency. The examples are randomly drawn
from the training set following prior few-shot pro-
tocols (Zhang et al., 2023). During ranking, only
proxy-based forward passes on the probe set are
performed; no fine-tuning or backward passes on
the PTMs are used. To improve stability, we aver-
age results over 30 independent trials with different
probe-set samples. Appendix Table 4 provides the
full hyperparameter configuration.

Policy Training Protocol. RL-MR trains a sep-
arate PPO ranking policy for each target task rather
than learning a single policy across multiple tasks.
For each dataset, the agent interacts with a task-
specific ranking environment constructed from the
corresponding probe set and candidate model zoo.
During inference, the trained policy sequentially
ranks candidate pretrained models for that task
without further policy updates, allowing the policy
to adapt to the characteristics of each downstream
task while maintaining a consistent sequential rank-
ing framework across all experimental datasets.

Baselines. We compare RL-MR against two cate-
gories of model selection methods: i) proxy-based
methods, which estimate transferability by relat-
ing PTM features to downstream labels, includ-
ing LEEP, NCE, and LogME; and ii) representation-
based similarity methods, which assess task—
model compatibility in feature space, including
PACTran (Ding et al., 2022), NCTI (Wang et al.,

Metric SST-2 Yelp Amazon DynaSent
NCE -0.0815 0.0332 -0.0578 0.0423
LEEP 0.0670 -0.0420 0.1011 0.0332
LogME 0.1103 0.0718 -0.0110 -0.0160
Top-1 (FS) 0.5122(2) 0.5018 (2) 0.5001 (1) 0.5121 (2)

Top-1 (Val.) 0.5378 (5) 0.5095 (3) 0.5005 (6) 0.5160 (3)
Kendall-7  0.8695 (8) 0.8212 (3) 0.8206 (3) 0.8623 (1)

Table 1: Model-selection performance across four
sentiment-classification benchmarks. Results for RL-
MR are reported as mean (standard deviation x10~%)
over 30 independent trials. For example, (8) denotes a
standard deviation of 0.0008.

2023), MODEL SPIDER (Zhang et al., 2023), and
DISCO (Zhang et al., 2025).

Evaluation protocol. We report both standard
evaluation on the training split and few-shot eval-
uation on the probe set. The key metrics are:
1) Top-1 Accuracy measures whether the highest-
ranked pretrained model selected by a ranking
method matches the best-performing model identi-
fied through downstream evaluation under the same
evaluation protocol. Specifically, for each trial, a
prediction is considered correct if the model ranked
first by the method is identical to the model achiev-
ing the highest downstream performance. We re-
port Top-1 Accuracy under both the few-shot probe
setting and the validation setting to evaluate the
practical effectiveness of model selection under
limited evaluation budgets (Feng et al., 2025); ii)
Ranking correlation, measured using Kendall-7
between predicted rankings and the ground-truth
ordering induced by downstream task performance
under the same evaluation protocol (Zhang et al.,
2023). Kendall-7 is widely used in PTM ranking
studies to assess ranking-order agreement (Zhang
et al., 2025; Ding et al., 2022).

4.2 Results & Analysis

Sequential feedback stabilizes ranking. Table 1
compares model-selection performance across the
four sentiment benchmarks. Static proxy metrics
such as NCE, LEEP, and LogME produce weak or
unstable rank correlations across datasets. Their
scores cluster across candidate models, so small
numerical fluctuations can invert pairwise order-
ings and produce near-zero or negative Kendall-7
values. In contrast, RL-MR identifies stronger can-
didate models under both few-shot and validation
settings, achieving high Kendall-7 scores across
all datasets. These results suggest that sequential
proxy feedback provides a more reliable signal for

543



Baselines SST-2 Yelp Amazon DynaSent

DISCO (Zhang et al., 2025)

PACTran (Ding et al., 2022)

NCTI (Wang et al., 2023)

MODEL SPIDER (Zhang et al., 2023)
RL-MR (Ours)

0.6124
0.6587
0.7032 0.6896 0.6948 0.6233
0.7425 0.7189 0.7314 0.6829
0.8695 (8) 0.8212(3) 0.8206 (3) 0.8623 (1)

0.6013
0.6415

0.5879
0.6721

0.5958
0.6112

Table 2: Kendall-7 comparison with representation-
based baselines. Results are reported as mean (standard
deviation x10~%) over 30 independent trials.

pretrained model ranking, and RL-MR exploits cu-
mulative sequential feedback to continuously refine
subsequent model-selection decisions throughout
the ranking trajectory rather than relying solely on
one-shot proxy scores.

RL-MR improves over stronger ranking
baselines. Table 2 compares RL-MR with
representation-based model ranking methods us-
ing Kendall-7 correlation. RL-MR outperforms
DISCO, PACTran, NCTI, and MODEL SPIDER
across all four datasets. This improvement indi-
cates that modeling model selection as a sequential
decision process provides benefits beyond static
task—model similarity estimation, as RL-MR uses
feedback from earlier proxy evaluations to guide
subsequent choices, yielding more accurate rank-
ings under the controlled evaluation setting.

Beyond sentiment classification, we addition-
ally evaluate RL-MR on three representative ques-
tion answering benchmarks covering extractive,
open-domain, and multi-hop QA. RL-MR main-
tains strong ranking agreement across these tasks,
suggesting that the proposed sequential ranking
framework generalizes beyond sentiment classifi-
cation. Detailed numerical results are reported in
Appendix F.

Early-budget gains are strongest. To analyze
ranking efficiency under constrained computational
resources, we evaluate model ranking performance
as a function of the evaluation budget (Chen et al.,
2023). The budget corresponds to the number of
candidate models evaluated during ranking. Fig-
ure 3 shows Kendall-7 correlation as the evaluation
budget increases. RL-MR achieves higher ranking
correlation than static proxy metrics such as NCE,
LEEP, and LogME, especially under small evalua-
tion budgets. This indicates that the learned sequen-
tial policy prioritizes promising candidate models
earlier in the ranking process. As the budget in-
creases, the performance gap narrows, but RL-MR
maintains strong ranking quality. Appendix E.1
further analyzes cumulative forward-pass cost and
shows a stable growth pattern for the RL policy.

Method Forward Eval. PPO Time (s)
LEEP 25 No 101.17
LogME 25 No 101.17
RL-MR 25 Yes 823.07

Table 3: Wall-clock runtime comparison under the same
evaluation setting for ranking 25 candidate pretrained
models.

Performance vs Evaluation Budget

Kendall Tau

5 10 15 20 25
Number of Evaluated Models (Budget)

Figure 3: Performance—budget trade-off for pretrained
model ranking. RL-MR achieves stronger Kendall-
agreement under small evaluation budgets.

Computational Cost Analysis. Table 3 com-
pares the wall-clock runtime of RL-MR with repre-
sentative proxy-based ranking methods under the
same evaluation setting. LEEP and LogME require
58.91 s, whereas RL-MR requires 83.55 s because
of the additional PPO policy optimization stage.
This additional computation is incurred only during
policy learning and does not involve repeated down-
stream fine-tuning of candidate pretrained models.
Moreover, the implementation employs batched
episode processing and a unified actor—critic for-
ward pass to reduce PPO training overhead. Al-
though RL-MR introduces a moderate runtime in-
crease over one-shot proxy-ranking methods, it
consistently achieves substantially stronger rank-
ing agreement across all evaluated datasets. In this
work, the evaluation budget primarily refers to the
expensive downstream model evaluation and adap-
tation budget rather than the runtime of proxy-score
computation itself.

5 Conclusion

We introduced RL-MR, a reinforcement-learning
framework for sequential pretrained model ranking.
By combining task—model representations with
policy-gradient optimization, RL-MR achieves
high ranking correlation and strong selection per-
formance under few-shot and resource-constrained
settings. These results show that sequential proxy
feedback can improve model selection beyond
fixed one-shot proxy metrics.
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Limitations

RL-MR demonstrates strong ranking agreement
across sentiment classification and question answer-
ing tasks, but several limitations remain. First, RL-
MR relies on proxy-based transferability scores as
reward signals, which are only approximations of
true downstream performance. Therefore, our re-
sults should be interpreted as evidence that sequen-
tial proxy feedback can improve model ranking,
rather than as evidence that proxy signals can re-
place downstream validation in all settings. We also
do not evaluate dynamic model pools, where candi-
date models may enter or leave over time, or distri-
bution shifts across broader task families. Finally,
RL-MR avoids fine-tuning candidate models, it in-
troduces additional overhead for training the rank-
ing policy; this trade-off should be examined more
carefully at larger scale. The current study reports
wall-clock runtime under a fixed evaluation setting;
broader runtime analyses across larger model zoos
and different hardware configurations remain im-
portant future work. Future work should evaluate
RL-MR on larger candidate pools, richer cost mod-
els, downstream validation feedback, uncertainty-
aware rewards, multi-objective signals, and evolv-
ing task conditions to better assess scalability and
robustness.

Ethical Considerations

This work uses publicly available benchmark
datasets and pretrained models, and does not collect
new human-subject data or personal information.
The main ethical concern is that automated model-
ranking methods may influence downstream model
deployment. Because proxy-based rewards can be
incomplete, RL-MR should not be used as a substi-
tute for task-specific validation, safety assessment,
or fairness evaluation. We present the method as a
controlled study of sequential proxy-based ranking,
and future deployments should evaluate selected
models under the intended use context.
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Supplementary Material: Appendices

A Optimization and Policy Gradient
Analysis

A.1 TIllustrative Example of Sequential
Ranking

Assume a model zoo comprising four candidate
models {4, B,C, D} under a constrained evalu-
ation budget. Static proxy-based methods such
as LEEP calculate transferability scores indepen-
dently and generate a fixed ranking as follows:
B > A > C > D. On the contrary, RL-MR for-
mulates the model ranking problem as a sequential
decision process. At each step ¢, the approach se-
lects a candidate model, estimates a transferability
reward, and accordingly revises the ranking policy.
For instance, selecting Model B and obtaining a
high reward increases the likelihood of prioritiz-
ing semantically relevant candidates such as Model
A in subsequent steps, whereas low rewards from
Model D discourage similar low-potential selec-
tions. Using continuous feedback signals, RL-MR
incrementally adjusts the ranking policy under con-
strained evaluation budgets instead of relying on a
fixed single-pass scoring approach, thereby illus-
trating the advantage of sequential proxy-feedback-
driven ranking over conventional static ranking ap-
proaches, as shown in Figure 4.

A.2 Relationship to Greedy Proxy Ranking.

Proxy-based methods such as LEEP, NCE, and
LogME naturally produce deterministic one-shot
rankings by sorting candidate pretrained models
according to their transferability scores. Therefore,
these methods serve as greedy ranking baselines
without sequential feedback. In contrast, RL-MR
formulates model ranking as a sequential decision-
making problem, allowing the ranking policy to
refine subsequent model-selection decisions based
on cumulative reward feedback under a limited
evaluation budget.

A.3 PPO Optimization Objective

We train the RL-MR agent using Proximal Pol-
icy Optimization (PPO) (Wu et al., 2024; Zheng
et al., 2025), which constrains the probability ratio
between new and old policies to support stable up-
dates. PPO serves as the policy-gradient optimizer
for learning the ranking policy. At each decision
step, the policy predicts the next candidate model
to be selected based on the current environment

state, receives an immediate reward, and stores
the transition in a rollout buffer. After completing
each ranking trajectory, the collected experiences
are used to update the actor and critic networks
through multiple PPO optimization epochs. Given
the policy mg(a; | s¢), the agent maximizes the
expected discounted return

J(ﬂ-@) = ETF@

T
Zm] |
t=1

where v € [0, 1) is the discount factor. The advan-
tage is estimated as

T—t
Ay =Ry —Vy(sy), Ri= karwk,
=0

where V;;(s;) denotes the value function. The critic
is trained by minimizing the mean-squared error
between predicted and target returns:

Leitic(¢) = Eq [(Vd’(st) N Rt)2] ’

The PPO policy objective is defined as
Lppo = E | min (ry(0) 4,

) (7
clip(r¢(0),1 — e, 1 +¢) At)}»

where 7(6) denotes the probability ratio between
the updated and previous policies, A, represents
the generalized advantage estimate (GAE) (Shaik
et al., 2025), and ¢ is the clipping coefficient that
stabilizes policy updates by preventing excessively
large optimization steps.

The value loss is given by

Lvalue = MSE(V(St)a Rt) . (8)

We also include an entropy regularizer to encourage
exploration and prevent premature convergence:

[fentropy = —[E; [H(ﬂ'e(at ‘ St))] )

where 3 controls the strength of exploration.

The final optimization objective jointly com-
bines the PPO policy objective, critic regression
loss, entropy regularization, and the proposed rank-
ing loss. While the PPO objective provides se-
quential reward-based feedback, the ranking loss
encourages agreement between the predicted rank-
ing and the proxy-derived target ranking, thereby
improving ranking consistency.

The reward signal driving this optimization is
defined by the composite reward introduced in
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Figure 4: Illustration of sequential ranking in RL-MR. Unlike static proxy-based ranking methods that produce
a fixed ordering, RL-MR iteratively updates model selection decisions through reward-driven feedback under

constrained evaluation budgets.

Section 3.3, which combines proxy-based transfer-
ability estimation with ranking-oriented feedback.
Thus, PPO optimizes the ranking policy using the
step-wise rewards generated during the sequential
model-selection process.

B Algorithm

Algorithm 1 summarizes the complete PPO opti-
mization procedure. At each interaction step, the
agent selects one candidate model, receives the cor-
responding reward, updates the environment state,
and stores the transition for subsequent PPO opti-
mization.

C Hyperparameter Settings

Table 4 summarizes the PPO optimization and
reward-related hyperparameters used in all exper-
iments. These settings are fixed across datasets.

D Model Zoo Details

Table 5 lists the 25 language models in our model
zoo. The set includes parameter-efficient encoders,
encoder—decoder models, multilingual models, and
compact architectures, providing variation in size,
architecture, and pretraining objective.

Algorithm 1 Reinforcement Learning—based
Model Ranking (RL-MR) with PPO

Require: Model zoo M, task distribution 7, reward func-

1:

12:
13:
14:

15:

17:
18:

19:
20:
21:

2
3
4
5:
6:
7.
8
9
0
1

10:
11:

tion r(-), policy g, value network V5, hyperparameters

(’77 )‘U7/B7€7 Oé)

for each training episode do
Sample task 7; ~ P(T)
Initialize state sq < u(7;)
Initialize trajectory buffer B <— @&
fort =1to 7 do
Select action a¢ ~ 7o (as | st)
Compute reward r+ = r(az, T;)
Observe next state s¢4+1
Store (s, at, re, S¢41) in B
end for
Compute returns Ry = Zf:_g +*r; 11 and advantages
At = Rt — V¢(St)
for each PPO update iteration do
re(0) = mo(as | st)
oy (at | St)
Compute policy loss:

Lppo = ]Ei[min (rt(e)/it, clip(r¢(6), 1—¢, 1+e)At)}

Critic loss: Laiic = Ei[(Vy(s¢) — Ry)?)
Entropy bonus: Lenropy = —E¢[H (mo(- | s5¢))]
Ranking loss: Lank

Total loss:

Etolal = _ACPPO + )\v Ecrilic - /Bcemropy + Oécrank

Update parameters 6, ¢ <— Adam(Vg, ¢ Liotal)
end for
end for

548



Hyperparameter Value
Discount factor ~y 0.99
GAE parameter A 0.95
PPO clipping € 0.2
PPO epochs 8
Episodes per epoch 64
Total training epochs 30
Minibatch size 128
Learning rate 1x107°
Entropy coefficient 3 0.01
Transfer reward weight 0.7
Consistency reward weight 0.3
Probe shots per class 10

Table 4: Fixed hyperparameters used for PPO optimiza-
tion and reward weighting across all datasets.

Category Models

bert-tiny, bert-mini,
distilbert-base-uncased,
distilroberta-base
bert-base-uncased,
bert-large-uncased,
roberta-base, roberta-large,
deberta-v3-base,
deberta-v3-large,
electra-base,
albert-base-v2

bart-base, bart-large,
t5-small, t5-base, t5-large,
flan-t5-small, flan-t5-base

Small Baselines

Encoder-only

Encoder-Decoder

Multilingual xlm-roberta-base,
xlm-roberta-large
Compact Models deberta-v3-small,

bert_L-4_H-512_A-8,
squeezebert-uncased

Table 5: Model zoo used in the experiments, grouped by
architecture type. The 25 candidates cover small base-
lines, encoder-only models, encoder—decoder models,
multilingual models, and compact architectures.

E Additional Experimental Results

E.1 Forward-pass Cost Analysis

Figure 5 reports the cumulative forward-pass eval-
uation cost as RL-MR explores candidate models.
The cost increases progressively as additional can-
didates are evaluated, reflecting the sequential allo-
cation of evaluation resources. The smooth growth
pattern indicates stable evaluation behavior with-
out excessive concentration on a small subset of
candidates. RL-MR also prioritizes informative
models early in the ranking process, supporting
strong ranking agreement under constrained evalu-
ation budgets.

Forward-Pass Cost Curve (Size-Weighted)

2R NN W w
5 o 3 w & u
s &8 8 & & o

Cumulative forward-pass cost units

u
S

)

0 5 10 15 20 25
Candidate rank

Figure 5: Cumulative forward-pass cost during RL-MR
ranking. Cost increases smoothly with candidate po-
sition, indicating stable sequential allocation of proxy
evaluations.

Dataset Pearson  Spearman’s Footrule
SST-2 0.9539 0.8311
Yelp Polarity 0.9045 0.8450
Amazon Polarity 0.9122 0.8356
DynaSent 0.9634 0.8367

Table 6: Extended ranking agreement for RL-MR across
datasets. Pearson-p correlation measures linear agree-
ment with the ground-truth ranking, while Spearman’s
Footrule captures rank-order discrepancy.

E.2 Extended Ranking Correlation Analysis

Beyond the top-1 model selected by each base-
line metric, we assess how well the complete
RL-MR ranking matches the ground-truth order-
ing of pretrained models. Following prior rank-
ing work (Wang et al., 2023; Ding et al., 2022),
we report Pearson correlation and Spearman’s
Footrule to capture agreement between predicted
and ground-truth rankings (Table 6). Across all
four datasets, RL-MR shows strong agreement with
the true transferability ordering, further supporting
the benefit of sequential model selection.

E.3 Training Dynamics of Ranking
Agreement

Figure 6 shows the evolution of ranking agree-
ment during RL-MR training. We report Kendall-
7 and Pearson-p correlation between the ranking
predicted by the RL policy and the ground-truth
ranking obtained from downstream validation per-
formance. RL-MR improves rapidly during the
early stages of PPO optimization and gradually con-
verges to stable high-correlation solutions. Pearson-
p correlation reaches approximately 0.95, indicat-
ing strong linear agreement, while Kendall-7 sta-
bilizes near 0.86, indicating consistent pairwise
ranking agreement. These results show that the
sequential RL framework progressively aligns the
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Figure 6: Training dynamics of RL-MR ranking agree-
ment. Kendall-7 and Pearson-p correlation improve
during PPO optimization, indicating convergence to-
ward the ground-truth transferability ordering.

Epoch SST-2 DynaSent
T Top-1 T Top-1

1 0.2101 X 0.4928 X

5 0.7101 X 0.7609 v
10 0.7971 v 0.7899 v
15 0.8188 v 0.8478 v
20 0.8696 v 0.8623 v
Best | 0.8696 v | 0.8623 v

Table 7: Epoch-wise training dynamics of RL-MR
on SST-2 and DynaSent across 25 candidate models.
Kendall-7 improves progressively from near-random
correlation at epoch 1 to peak performance at the best
epoch. Top-1 accuracy (v' = correct model selected, x
= incorrect) stabilizes correctly by epoch 9 on SST-2
and epoch 3 on DynaSent. Yelp Polarity and Amazon
Polarity follow similar convergence patterns as shown
in Figure 6.

policy with the true transferability ordering of pre-
trained models.

To better understand this convergence trend in
finer detail, we report both ranking correlation and
model selection accuracy at each training epoch.
Table 7 provides an epoch-level breakdown of train-
ing progression, tracking both ranking correlation
and Top-1 accuracy, and showing that the policy
improves from near-random correlation (7=0.21)
at epoch 1 to 7=0.87 at convergence on SST-2.

E.4 Reward Component Ablation

To assess the contribution of each reward compo-
nent, we evaluate three configurations: (i) trans-
fer reward only, (ii) transfer plus consistency re-
ward, and (iii) the full composite reward including
the regularization term. Table 8 reports Kendall-7
across all four datasets. Adding the consistency re-
ward improves average Kendall-7 by +0.062 over
transfer-only, which confirms that penalizing large
deviations from prior ranking decisions stabilises

Configuration SST-2 Yelp Amazon DynaSent

Transfer only 0.7821 0.7304 0.7198  0.7756
Transfer + consistency 0.8412 0.7965 0.7888  0.8301
Full reward (RL-MR) 0.8695 0.8212 0.8206  0.8623

Table 8: Reward ablation: Kendall-7 ranking correlation
across reward configurations.

the learned policy. Including the regularization
term further improves correlation by +0.029, sug-
gesting it prevents overconfident policy updates in
low-budget settings.

F Additional Evaluation of RL-MR on
Question Answering Tasks

Table 9 extends the evaluation of RL-MR be-
yond sentiment classification to more challenging
question answering (QA) settings, including ex-
tractive, open-domain, and multi-hop reasoning
tasks. We utilized three popular datasets for QA
downstream task: SQuAD (Rajpurkar et al., 2018),
Questions (Kwiatkowski et al., 2019) and Hot-
potQA (Yang et al., 2018). Across all datasets, RL-
MR demonstrates consistently better ranking agree-
ment, with Kendall-7 values exceeding 0.82 and
Pearson-p values above 0.91, which includes that
the sequential ranking policy effectively captures
the transferability relationships between pretrained
models and downstream QA tasks. We utilized the
following ten models for ranking on QA datasets:
BERT-based Models (BERT, RoBERTa, ALBERT,
SpanBERT), Encoder-Decoder Models (TS, BART,
UnifiedQA), QA-Specific Models (ELECTRA, De-
BERTa, XLNet). Performance on SQuAD remains
the strongest due to its relatively structured extrac-
tive setting, while Natural Questions and HotpotQA
present additional challenges related to retrieval
complexity and multi-step reasoning. Although
performance decreases moderately on these harder
benchmarks, RL-MR continues to prioritize highly
transferable models under constrained evaluation
budgets. These results suggest that incorporating
sequential proxy feedback enables more stable and
reliable pretrained model ranking across diverse
question answering scenarios.

G Broader Connections to Related
Research Areas

Beyond its application to PTM ranking, the RL-
MR framework may generalize to several broader
research dimensions. First, RL-MR can be framed
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Dataset Task Kendall-7 | Pearson-p
Extractive

SQuUAD 0A 0.8512 0.9345

Natural Questions 8PA‘“‘“'d°ma‘“ 0.8234 0.9121

HotpotQA gj{m'h"l’ 0.8389 0.9257

Table 9: RL-MR evaluation across extractive and
reasoning-based question answering datasets. Results
are reported using Kendall-7 and Pearson-p metrics to
assess transferability-aware ranking agreement.

as a sequential policy learning problem, revealing
its close alignment with meta-learning and meta-
reinforcement learning paradigms (Beck et al.,
2025), in which agents use feedback to improve
future decision-making. While conventional meta-
learning primarily focuses on parameter adaptation,
RL-MR is explicitly designed for acquiring adap-
tive model selection strategies under constrained
evaluation budgets. Second, RL-MR could po-
tentially be applied to adaptive evaluation and
resource-constrained inference systems, in which
feedback signals are used for dynamic allocation
of computational resources. In RL-MR, proxy-
based transferability estimates guide the evaluation
of sequential decisions, enabling the selection of
promising models under limited evaluation budgets.
Finally, RL-MR shares conceptual similarities with
lifelong and continual learning settings, where the
nature of model repositories and downstream task
distributions evolves over time. In such scenarios,
RL-MR can be extended to dynamic environments
in which models are continuously added, removed,
or updated.
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