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Abstract

Transferability estimation identifies the best pre-trained models for downstream
tasks without incurring the high computational cost of full fine-tuning. This capabil-
ity facilitates deployment and advances the pre-training and fine-tuning paradigm.
However, existing methods often struggle to accurately assess transferability for
emerging pre-trained models with diverse architectures, training strategies, and
task alignments. In this work, we propose Implicit Transferability Modeling (ITM),
a novel framework that implicitly models each model’s intrinsic transferability,
coupled with a Divide-and-Conquer Variational Approximation (DVA) strategy
to efficiently approximate embedding space evolution. This design enables gen-
eralization across a broader range of models and downstream tasks. Extensive
experiments on a comprehensive benchmark—spanning extensive training regimes
and a wider variety of model types—demonstrate that ITM consistently outper-
forms existing methods in terms of stability, effectiveness, and efficiency. Code is
available at https://github.com/BUAAHugeGun/ITM.

1 Introduction

With the success of the pre-training and fine-tuning paradigm, a substantial number of pre-trained
models are publicly available. However, recent studies [1] reveal that their performance varies
significantly across architectures, datasets, and pre-training strategies, posing increasing challenges
in identifying the most suitable models for downstream tasks.

Transferability Estimation (TE), which predicts the performance ranking of pre-trained models on
downstream tasks with minimal computational cost, attracts considerable research attention as an
efficient solution to model selection. Unlike the computationally prohibitive brute-force approach of
individually fine-tuning each model, TE methods aim to develop efficient metrics to quantify model
suitability. Early approaches estimate the compatibility between pre-trained models and downstream
tasks by measuring divergences in logit spaces [2, 3] or embedding spaces [4, 5], while more recent
methods improve upon static estimations by simulating the dynamic evolution of embedding spaces
during fine-tuning to enhance predictive accuracy [6, 7].

However, most existing TE techniques are primarily evaluated on models with similar architectures
and training paradigms (e.g., supervised pre-trained CNNs) and fail to generalize to models trained
with advanced pre-training strategies or novel architectural designs. When applied to ViT [8] models
developed using techniques such as Instance Discrimination (ID) [9, 10] and Masked Image Modeling
(MIM) [11, 12], the distinct convergence behaviors exhibited [11, 1] further complicate unified
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Figure 1: Comparison between previous dynamic TE methods and the proposed ITM. (a) Previ-
ous methods simulate the entire embedding space by hand-crafted rules and estimate transferability
based on the approximated target space. (b) ITM implicitly models transferability z and simulates
subspace evolution using a divide-and-conquer strategy for more accurate estimation.

estimation, leading to notable declines in accuracy and unreliable model selection. Meanwhile, these
methods are predominantly designed for image classification tasks and lack adaptation mechanisms
for downstream task heads, thereby limiting their applicability to more complex scenarios such as
semantic segmentation.

The performance of a pre-trained model on downstream tasks depends on two key aspects: (1)
its intrinsic properties, such as architecture, pre-training data sources, and strategies; and (2) the
characteristics of the downstream tasks, which impose varying demands on model-specific capabilities.
The interplay between these factors produces unique adaptation dynamics for each model, resulting in
different levels of transferability across scenarios. Although previous studies attempt to model these
dynamics by directly simulating the evolution of embedding spaces, they fail to comprehensively
capture both aspects, thereby limiting their generalization capabilities.

To address these limitations, we aim to incorporate an implicit modeling of a model’s transferability
into the simulation of embedding space evolution by using a small number of learnable parameters,
enabling a more comprehensive assessment of both model properties and task adaptability. However,
achieving this goal presents two major challenges: (1) implicit modeling requires knowledge of the
final embedding states after fine-tuning, which is impractical for direct estimation; and (2) modeling
the evolution of candidate models across downstream tasks is computationally intensive, as adaptation
dynamics vary significantly across models and tasks.

In response to these challenges, we propose the Implicit Transferability Modeling (ITM) paradigm. As
illustrated in Fig. 1, ITM decouples the transferability of pre-trained models and encodes them through
an implicit latent representation, enabling the approximation of embedding space evolution without
requiring explicit simulation. To achieve feasibility and computational efficiency, we introduce a
Divide-and-Conquer Variational Approximation (DVA) that partitions the embedding space into
subspaces and streamlines their evolution modeling. By integrating these components, ITM enables
more precise and scalable transferability estimation across diverse architectures and pre-training
strategies. We benchmark ITM on recent models following more complete training regimes across
ten widely used downstream tasks and conduct comprehensive comparisons against state-of-the-art
TE methods. Experimental results show that ITM consistently outperforms existing approaches,
achieving stable and substantial gains in estimation accuracy and generalization ability.

Our contributions are summarized as follows:

1. We introduce the Implicit Transferability Modeling (ITM) paradigm for accurate and gener-
alized transferability estimation across diverse architectures and pre-training strategies.

2. We propose a Divide-and-Conquer Variational Approximation (DVA) strategy to efficiently
model embedding evolution while minimizing computational costs.

3. We achieve state-of-the-art performance in transferability estimation, demonstrating substan-
tial improvements across ten downstream tasks and ten recent models trained with various
pre-training methods.
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2 Related work

2.1 Transferability estimation

Distinct from conventional model selection strategies based on traditional fine-tuning and its variants,
such as pruning [1], task-head tuning [13], or model encoding [14], Transferability Estimation has
emerged as a promising research direction, distinguished from prior approaches by its computational
efficiency and simple, plug-and-play design. Based on the type of estimation method, recent TE
approaches [2, 3, 4, 5, 15, 16, 6, 17, 18, 19, 20, 21, 22, 23, 24] can be categorized into two primary
realms: static statistical methods and dynamic evolution-based methods.

Static statistical methods assess transferability by analyzing the statistical properties of the em-
bedding spaces of pre-trained models. NCE [2] and LEEP [3] estimate logit discrepancies between
model outputs and downstream task annotations using conditional probability or Bayesian metrics.
NLEEP [25] improves upon LEEP by replacing the output layer with a Gaussian Mixture Model
(GMM) to enhance efficiency and calibration. LogME [4] leverages the logarithm of maximum evi-
dence to provide stable predictions at lower computational cost. ETran [5] combines multiple metrics,
introducing an energy-based measure to improve estimation accuracy, while GBC [15] employs the
Bhattacharyya coefficient to evaluate class separability in the feature space. These static approaches
eliminate the need for complex parameter updates, thereby achieving greater computational efficiency.
However, by neglecting the embedding evolution that occurs during fine-tuning, they fail to capture
full adaptation dynamics, ultimately limiting their prediction accuracy.

Dynamic evolution-based methods simulate aspects of the fine-tuning process through mapping
functions or learning frameworks to achieve more accurate transferability estimation. PED [7]
introduces a potential energy-based update model to predict the evolved state. LEAD [6] employs
ordinary differential equations and downstream objectives to better capture the evolution of logits
during adaptation. SA [22] perturbs the feature space through spread and attracts operations to
approximate the robustness exhibited during fine-tuning. Although these methods represent significant
progress, the recent proliferation of pre-trained models with diverse architectures introduces greater
discrepancies in initial states and convergence behaviors. Existing dynamic approaches overlook the
intrinsic properties of pre-trained models and focus solely on simulating embedding space updates,
thereby limiting their ability to provide comprehensive and accurate transferability estimation.

2.2 Pre-trained models

The pre-training and fine-tuning paradigm leverages large-scale dataset knowledge for better perfor-
mance on downstream tasks. Recent work further expands it by exploring diverse architectures and
pre-training strategies, resulting in substantial progress and increasingly varied model capabilities.

Model architecture. Early applications demonstrate the paradigm’s effectiveness on traditional
convolutional neural networks (CNNs) such as ResNet [26] and DenseNet [27]. Compared to training
from scratch, these CNNs learn rich prior knowledge from large-scale datasets and achieve superior
downstream performance. More recently, Vision Transformers (ViTs) [8] and Swin Transformers [28]
introduce transformer architectures [29] into computer vision. Unlike CNNs, ViTs better capture
long-range dependencies and global context, exhibit distinct convergence behaviors, and achieve
improved performance on complex downstream tasks.

Pre-training strategy. Early pre-training efforts adopt a fully supervised approach, with Ima-
geNet [30] as the dominant dataset to boost model performance. However, reliance on dense human
annotations limits scalability and broader applicability. More recently, contrastive learning strategies
such as SimCLR [31, 32] and MoCo [33, 34] leverage large-scale unlabeled data, enabling models to
acquire richer prior knowledge and achieving strong transfer learning results. In parallel, masked
image modeling approaches like MAE [11] and SimMIM [12] reconstruct masked input regions,
delivering state-of-the-art performance across a variety of downstream tasks.

Despite these advances, the growing diversity of pre-training strategies and model architectures leads
to pre-trained models with significantly differing characteristics [1], posing challenges for existing
transferability estimation methods. This highlights the need for more generalizable and robust TE
approaches capable of handling a broader range of models.
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3 Methods

3.1 Problem formulation

Consider a given model collection Φ = {ϕi}Mi=1, where the models ϕi have different architectures and
are pre-trained using distinct strategies. For ground-truth model ranking, every model is fine-tuned
on the downstream training set DT and evaluated on the test set DE . The goal of transferability
estimation is to predict the performance ranking of the collection of models by assigning a metric
score si to each model ϕi, based on the extracted features Ei from ϕi and the labels Y of the
downstream dataset, thereby quantifying each model’s suitability for downstream tasks.

To evaluate the ranking correlation between the predicted scores S = {si}Mi=1 and the true perfor-
manceR = {ri}Mi=1, we follow prior work [6, 7, 4], adopting weighted Kendall’s τw as the metric:
τw = 1∑

i<j
wij
·
∑
i<j

wij · sign[(Gi − Gj)(Pi − Pj)], where Gi, Pi ∈ [1,M ] denote the ranks of the

i-th element inR and S , respectively, and wij = 1
Gi+Gj

assigns a weight based on the importance of
the model pair. The value of weighted Kendall’s τw quantifies the consistency between the predicted
and true rankings. Higher values indicate stronger alignment and better transferability estimation
performance, thereby enabling more reliable model ranking in real-world application scenarios.

3.2 Implicit modeling of transferability

When adapting a pre-trained model ϕi to a downstream task, its final performance depends on both
the intrinsic properties of ϕi and the characteristics of the downstream taskD. The fine-tuning process
can be viewed as adapting a model from prior knowledge K, learned from the pre-training data,
to task-specific knowledge K̂ on downstream data [35], governed by an intrinsic attribute Ψ(K, K̂)
that determines transferability. Recent dynamic TE approaches primarily predict performance by
modeling a mapping Γ(ϕ,DT ) : E → Ê, where E is the original embedding space of ϕ on DT ,
and Ê is its approximate state after fine-tuning. However, methods relying on handcrafted rules or
idealized assumptions only partially capture the knowledge transfer process and struggle to generalize
across the growing diversity of model architectures and pre-training strategies.

To address this, we propose implicitly modeling of the transferability variable z for each model-task
pair, rather than directly modeling Γ(·, ·) as in previous work. The post-fine-tuning embedding space
Ê is represented as a posterior distribution q(Ê|E, z), transforming the complex mapping into a
probabilistic estimation framework. Building on this formulation, we introduce a Divide-and-Conquer
Variational Approximation (DVA) to efficiently approximate the final embedding after full fine-tuning,
enabling more accurate and scalable transferability estimation across diverse pre-trained models.

3.3 Divide-and-conquer variational approximation

To enable effective transferability estimation with implicit modeling, we propose a Divide-and-
Conquer Variational Approximation (DVA) to approximate the evolution of the embedding space.

Batch-wise division. Given the initial embedding space E, a parameterized module ψ aims to
approximate the ideal mapping Γ(·, ·) by maximizing the posterior distribution qψ(Ê|E, z), where
z represents the latent variable capturing the global characteristics of the pre-trained model ϕ on
the downstream dataset D. Based on the principle of batch-shuffled independence assumptions [36,
37, 38], we treat the evolution of each subspace independently. Benefiting from this paradigm, we
mitigate the entanglement of the global embedding space, enabling a more flexible and architecture-
agnostic modeling process. This stands in contrast to prior TE methods that attempt to model the
evolution of the entire embedding space, which is often highly entangled and architecture-dependent.
To this end, we partition the embedding space into a collection A comprising K subspaces, and
approximate the overall mapping by independently modeling each subspace with ψ as follows:

qψ(Ê|E, z) = qψ((Ê1, ..., ÊK)|(E1, ...,EK), z)

=

K∏
j=1

qψ(Êj |Ej , z).
(1)
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Figure 2: Illustration of the proposed Implicit Transferability Modeling (ITM) paradigm. (a)
Ground-truth model ranking. (b) Overview of ITM, which approximates embedding space evolution
via Divide-and-Conquer Variational Approximation (DVA). (c) Detailed view of DVA on a single
mini-batch: the transferability z is integrated into Ej to form the posterior condition Θj via Wz ,
which is jointly optimized with the downstream task head through the downstream objective Lobj .

Thus, the posterior qψ(Ê|E, z), originally defined over the full embedding space E, can be factorized
into a series of posteriors qψ(Êj |Ej , z) corresponding to subdivisions of E, where Ej ∈ A. This
reformulation enables the modeling of the entire embedding space evolution E→ Ê as the evolution
of a set of subspaces {Ej → Êj}Kj=1. In practice, we define each subspace Ej as the embedding
representation of a mini-batch DB . In subsequent evaluations, we find that different batch sampling
strategies do not significantly affect model convergence under mainstream protocols.

Since explicitly modeling z requires solving an intractable inverse problem in a high-dimensional
space, and z is coupled with Ej as part of the posterior condition in qψ(Ê|E, z), we introduce a
conditioning mapping f(·;Wz) with learnable parameters Wz to embed the latent representation
z into each batch of pre-trained embeddings. Based on this, the posterior is transformed into
qψ(Êj |Θj), where Θj = f(Ej ;Wz), enabling end-to-end optimization of the integration of z
through the evolution of each subspace.

Pseudo-cluster center generation. Given the posterior conditioning Θj , the final state Êj is required
to learn the evolution mapping ψ : Θj → Êj . However, obtaining the true Êj is impractical, as it
requires full fine-tuning of the model on the downstream task, which is computationally unaffordable.
To address this limitation, we leverage findings that modern pre-trained models exhibit strong
convergence capabilities on training data [36, 39], resulting in well-separated distributions in the
embedding space after convergence. Specifically, representations of different classes tend to form
distinct clusters, reflecting the static structure of the final embedding space.

Based on these inferences, we adopt a pseudo-cluster center generation strategy to mimic the static
distribution separability of the evolved embedding space. The pseudo-cluster centers {ci}Ci=1 are
designed to ensure a well-separated structure in the final embedding space. They can be generated
using one-hot vectors, random vectors sampled from high-dimensional spaces, or eigenvectors
obtained through Principal Component Analysis (PCA) or Laplacian-based methods to promote
sparser distributions. Additionally, a shifting strategy based on the statistical properties (µ, σ) of the
initial feature distribution E is applied to further accelerate model convergence. Finally, we utilize
the pseudo-cluster centers as the final state Ê = {cy | y ∈ Y } for subsequent estimation. A detailed
comparison of clustering generation strategies is provided in the appendix.
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Deparametric approximation. After dividing the embedding space and setting the final state, our
goal is to learn the mapping ψ : Θj → Êj , between the synthesized condition Θj and the final state
Êj to estimate the embedding space after fine-tuning. A straightforward approach would involve
optimizing Wg separately within each mini-batch through iterative updates using the function
g(Θj ;Wg). However, performing such per-batch optimization across all subspaces during training
and validation would incur prohibitively high computational costs, and is also difficult to implement
within existing frameworks.

To address this, we propose a deparametric approximation of the embedding space evolution, lever-
aging a dynamic equation-based formulation to eliminate the need for explicit optimization of Wg.
This allows efficient transferability estimation while preserving the underlying adaptation dynamics.

Specifically, we consider a mapping layer g parameterized by Wg, which is used to model the
posterior distribution of Ê by transforming the synthesized condition Θj into its final state Êj . This
transformation at iteration n is expressed as E(n)

j = ΘjW
(n)
g , where n denotes the n-th update step

of Wg. As a representative example, considering the MSE loss as Lpc, the loss function over a
mini-batch of size B can be formulated as:

Lpc(W(n)
g ) =

1

2B
||E(n)

j − Êj ||22

=
1

B
Tr((ΘjW

(n)
g − Êj)

T (ΘjW
(n)
g − Êj)).

(2)

Thus, the gradient descent update rule for Wg becomes:
∂Lpc

∂W
(n)
g

= 1
B [Θj

TΘjW
(n)
g −Θj

T Êj ]

W
(n+1)
g = W

(n)
g − η

B ·
∂Lpc

∂W
(n)
g

,
(3)

where η denotes the learning rate. The corresponding evolution of the subspace E
(n)
j follows:

Ej
(n+1) = ΘjW

(n)
g − η

B
·Θj

∂Lpc
∂W

(n)
g

= (I− η

B
ΘjΘj

T )ΘjW
(n)
g +

η

B
ΘjΘj

T Êj .

(4)

where we define the constant matrix C = 1
BΘjΘj

T , which depends only on the initial input
condition Θj . Thus, the update can be rewritten as:

Ej
(n+1) = (I− ηC)Ej

(n) + ηCÊj . (5)

This deparametric approximation removes the dependency on the learnable parameters Wg and
enables transferability estimation without iterative updates for each subspace, significantly reducing
computational overhead while preserving estimation accuracy.

3.4 Framework

Building on the proposed Divide-and-Conquer Variational Approximation (DVA), the full ITM
framework is constructed as illustrated in Fig. 2. During estimation, the latent transferability z is
implicitly embedded into each subset of the pre-trained embeddings Ej to form Θj via f(·;Wz).
Then, the deparametric approximation update is performed based on the synthesized posterior
condition Θj and the pseudo-cluster Ê for the specific downstream task.

To maintain compatibility with diverse downstream tasks, we incorporate the downstream objective
Lobj into ITM’s optimization, as illustrated in Fig. 2(c). This ensures the learned embedding evolution
to align with task-specific requirements. The objective Lobj typically takes the form of cross-entropy
loss for standard classification tasks, but alternative formulations can be applied as needed for
other scenarios, making ITM broadly applicable beyond classical classification and enhancing its
generalization potential. During evaluation, we assess the accuracy of the evolved embedding spaces
on the evaluation set DE as the estimated score. The training procedure is detailed in the appendix.
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4 Experiments

4.1 Benchmark

Following prior work [17, 4, 7, 6], we construct a benchmark based on 10 classic single-label
image classification datasets. However, with the rise of foundation visual models and improved
training protocols, existing benchmarks may not fully capture model capacities. For comprehensive
comparison between ITM and state-of-the-art methods, we select 10 recent pre-trained vision models
and fine-tune them using integrated and enhanced protocols. The downstream datasets, pre-trained
model zoo, and fine-tuning procedures are detailed below. By integrating the models from prior
benchmarks, we develop an extended benchmark of 20 models, which is detailed in the appendix.

Downstream datasets. We use 10 widely adopted single-label image classification datasets for
transfer learning, primarily sourced through the official PyTorch [40] (e.g., torchvision.datasets):
CIFAR-10, CIFAR-100 [41], FGVC Aircraft [42], Caltech-101 [43], DTD [44], Oxford-IIIT Pets [45],
Stanford Cars [46], SUN-397 [47], Food-101 [48], and Oxford 102 Flowers [49]. These datasets span
diverse scenarios, with varying class counts and dataset sizes, offering a comprehensive evaluation of
the generalization ability of vision foundation models.

Pre-trained model zoo. Prior TE methods largely focus on models with similar architectures and
supervised pre-training, limiting generalization to newer models adopting diverse architectures and
self-supervised strategies. To cover common downstream use cases, we select 10 representative
models across supervised, contrastive, and masked image modeling (MIM) pre-training.

Specifically, we include ResNet-18 [26], MobileNetV2 [50], EfficientNet-B0 [51], and DenseNet-
121 [27] for supervised learning; DINO-S8 [10], DINO-B16 [10], and MoCov3-B16 [9] for con-
trastive learning; and MAE-B16 [11], MAE-L16 [11], and SimMIM-B16 [12] for MIM. Here, S/B/L
denote small, base, and large ViT [8] models, while 8/16 refer to the patch size.

Fine-tuning protocols. Fine-tuned performance is critical for accurate TE ranking. However, settings
used in prior work [17, 4, 7, 6] often underexploit modern models, introducing evaluation bias. To
address this, we follow official implementations [10, 51, 26, 11, 12] and adopt AdamW [52] to jointly
fine-tune backbones and classification heads for 100 epochs. Learning rates are grid-searched over
10−5, 2× 10−5, 5× 10−5 and weight decays over 10−2, 10−4. Evaluation is performed every epoch,
and the best checkpoint is used for ground-truth ranking. All experiments use a single NVIDIA V100
GPU (32 GB), with batch sizes of 64 for classification and 8 for segmentation. Further fine-tuning
details and performance comparisons are provided in the appendix.

4.2 Implementation details

To balance accuracy and efficiency, we set the ITM training iterations to 500. The transferability score
s is evaluated every 100 iterations, with the highest score recorded as the final estimation for each
model. During training, 4/5 of the official training split from each benchmark is randomly sampled
for optimizing the ITM framework, while the remaining 1/5 is reserved for score calculation. The step
size η in DVA is fixed at 0.01, and the iteration count n is determined adaptively (details provided
in the appendix). Across all experiments, the learning rate α is set to 5× 10−3, and AdamW [52]
is adopted as the optimizer. All comparisons are conducted under a consistent environment with
8-core CPUs to ensure fairness. Pre-trained models, benchmarks, and code will be publicly released
to facilitate reproduction and future research. In the efficiency comparison, we exclude the basic time
of feature extraction, following previous works [7, 6], to provide a clean comparison of the running
time of the TE process.

4.3 Comparison with previous approaches

Benchmark comparison. We evaluate the proposed ITM against state-of-the-art methods on the
benchmark, with results summarized in Tab. 1.

As shown in Tab. 1, ITM significantly outperforms all counterparts in weighted Kendall’s τw,
achieving a substantial performance margin. While existing methods struggle to generalize to
newer architectures due to the growing diversity of model collections and increasingly complex
convergence behaviors, ITM leverages implicit transferability modeling to deliver more accurate
estimation and stronger generalization capabilities. Specifically, ITM achieves the highest average

7



Table 1: Comparison of weighted Kendall’s τw and wall-clock time (in seconds) across different
methods on the benchmark datasets. Each wall-clock time does not include the average feature
extraction time of 738 seconds (on GPU), but only corresponds to the running time of the TE
method (on CPU).

Methods Cal101 Cars CIFAR100 CIFAR10 DTD Aircraft Flowers Food Pets SUN Avg.
Weighted Kendall’s τw ↑

NLeep [25] 0.47 0.04 0.32 0.48 0.57 0.13 0.62 0.24 0.30 0.01 0.32
LogME [4] 0.71 0.36 0.56 0.61 0.61 0.22 0.77 0.15 0.14 0.38 0.45
PARC [18] 0.08 0.00 -0.07 0.25 0.42 0.12 0.62 0.19 0.10 0.01 0.17
SFDA [17] 0.59 0.07 0.48 0.79 0.13 0.18 -0.39 0.33 0.28 0.09 0.25
ETran [5] 0.13 -0.06 -0.14 0.21 0.36 0.27 0.08 0.23 0.38 -0.06 0.14
PED [7] 0.32 -0.01 0.51 0.77 0.06 -0.20 0.16 0.60 -0.20 0.07 0.21

SA (LDA) [22] 0.31 -0.11 -0.06 0.34 0.33 0.22 0.14 0.18 0.33 -0.12 0.16
ITM (Ours) 0.56 0.61 0.59 0.69 0.77 0.43 0.65 0.44 0.73 0.62 0.61

Wall-clock Time (s) ↓
NLeep [25] 25.52 44.91 862.49 268.25 4.60 17.65 3.42 1387.65 4.31 47.33 266.61
LogME [4] 0.85 1.32 4.50 2.62 0.50 0.86 0.54 6.29 0.53 1.31 1.93
PARC [18] 14.42 19.82 116.65 118.19 0.74 13.14 0.25 106.19 3.53 19.80 41.27
SFDA [17] 4.02 5.43 20.11 18.56 1.70 3.92 1.91 28.86 2.20 5.43 9.21
ETran [5] 1.71 2.30 7.58 6.88 0.77 1.64 0.98 10.63 0.96 2.31 3.58
PED [7] 6.99 8.31 34.32 46.80 2.33 5.95 2.80 41.72 3.94 8.29 16.14

SA (LDA) [22] 4.65 6.08 10.29 9.04 2.92 4.48 4.11 13.82 3.16 6.08 6.46
ITM (Ours) 7.50 8.50 9.40 7.90 7.00 7.50 7.20 10.50 7.20 11.50 8.42

Figure 3: Comparison of stability between ITM and state-of-the-art methods. The axes show the
weighted Kendall’s τw scores of each method. Points appearing above the y = x dashed line indicate
cases where ITM achieves higher estimation accuracy than its counterparts.

weighted Kendall’s τw (0.61 vs. 0.45), demonstrating clear improvements over previous state-of-the-
art methods and validating its effectiveness. We further rerun ITM with five different random seeds,
resulting in a score of 0.60 ± 0.01, reflecting its stability and robustness across varying initializations.

In terms of running time, ITM remains highly competitive. It requires only 8.42 seconds on average to
evaluate across the benchmark, which is negligible compared to the 738 seconds needed to compute
the initial embedding spaces shared by all TE methods. Although slightly slower than LogME and
ETran, ITM outperforms both by a large margin in accuracy (0.61 vs. 0.45 and 0.14), achieving a
better balance between accuracy and efficiency.

Stability evaluation. To further evaluate ITM’s stability, we conduct additional experiments following
the methodology of [21]. We include four classical CNN models, as in prior studies [7, 17], to expand
the benchmark and better assess generalization across architectures. In each trial, 10 models are
randomly sampled from a pool of 14, and weighted Kendall’s τw is computed to evaluate the
performance of each TE method. This results in 1001 combinations (C10

14 ), providing a robust
measure of stability. Fig. 3 compares ITM against existing approaches.

As shown in Fig. 3, ITM consistently outperforms other TE methods in a wide range of experiments,
demonstrating superior stability in the selection of random subsets of models. These results underscore
the strong generalizability and robustness of ITM.
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Figure 4: Ablation study on batch size. (a) Weighted Kendall’s τw across different combinations of
batch size and iteration count. (b) Impact of batch size on weighted Kendall’s τw and running time.

Table 2: Quantitative ablation study evaluating different candidate loss functions for Lpc. Losses
include Mean Absolute Error (MAE), Cross-Entropy (CE), and Mean Squared Error (MSE).

Lpc Cal101 Cars CIFAR100 CIFAR10 DTD Aircraft Flowers Food Pets SUN τw

CE 0.717 0.483 0.573 0.689 0.602 0.323 0.582 0.437 0.619 0.519 0.554
MAE 0.717 0.458 0.590 0.689 0.629 0.377 0.575 0.437 0.714 0.470 0.566
MSE 0.560 0.608 0.590 0.689 0.768 0.428 0.651 0.437 0.734 0.616 0.608

4.4 Ablation study

Batch division. Batch-wise division controls the approximation granularity in DVA’s posterior
decomposition and is critical to ITM’s performance. We study the impact of batch size and iteration
count on weighted Kendall’s τw and running time, as shown in Fig. 4.

From Fig. 4, we observe that as batch size increases from 1 to 1024, accuracy improves consistently,
since larger batches better estimate transferability. However, further increasing batch size to 4096
slightly degrades accuracy while significantly increasing running time, likely because an overly large
batch overwhelms DVA and hampers convergence. Balancing efficiency and accuracy, we set batch
size to 256 and iteration count to 500 in the final configuration.

Losses in DA. During the deparametric approximation, we utilize Lpc for pseudo-clustering-based
updating. To fully assess the choice of loss functions, we compare classical losses including MSE,
MAE, and CE. The results are shown in Tab. 2.

As observed in Tab. 2, MSE achieves the highest average correlation (τw = 0.608), outperforming
MAE (τw = 0.566) and CE (τw = 0.554). Although results vary slightly across individual datasets,
the overall trend suggests that MSE provides the most robust estimation of transferability. This may
be attributed to the smoothing properties of MSE, which lead to more stable pseudo-cluster updates
during the approximation process. Based on this, we adopt MSE as the default loss function for Lpc.

Task generalization. Since ITM eliminates dependence on single-label supervision during estima-
tion, it offers practical potential to generalize beyond image classification tasks. Unlike previous
counterparts that are constrained by task-specific supervision and architectural coupling, ITM can be
readily extended to dense prediction tasks such as semantic segmentation, which require additional
task heads and fine-grained feature modeling. To validate this capability, we construct a proxy
benchmark for segmentation tasks, including five widely used foundation models evaluated on the
CamVid [53] and Cityscapes [54] datasets. The results are presented in Tab. 3.

As shown in Tab. 3, ITM delivers stable and accurate transferability predictions even for segmentation
tasks, successfully selecting the most suitable models for downstream segmentation applications.
This demonstrates the strong generalization ability and practical applicability of ITM. In contrast,
existing methods such as PED, LogME, and SFDA—designed around single image-level classification
labels—struggle to generalize effectively to new tasks.
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Table 3: Quantitative ablation study on semantic segmentation. We conduct experiments on two
dense prediction datasets, CamVid [53] and Cityscapes [54], using five pre-trained ViT models.

Datasets Metrics Models
τw

MoCov3-B16 DINO-B16 MAE-B16 SimMIM-B16 MAE-L16

CamVid mIoU 58.11 60.05 63.99 64.52 68.25 0.61ITM score 85.87 86.41 88.58 83.85 89.03

Cityscapes mIoU 40.06 41.45 44.21 43.72 47.33 0.72ITM score 79.77 79.14 83.11 78.03 83.86

5 Conclusion

We present Implicit Transferability Modeling (ITM), a framework for transferability estimation
that models embedding space evolution during fine-tuning as a posterior distribution, with latent
integration capturing transferability. To enhance scalability, we introduce a Divide-and-Conquer
Variational Approximation (DVA), enabling efficient embedding evolution without explicit fine-tuning.
Experiments on an enhanced benchmark across diverse architectures and pre-training strategies show
that ITM consistently outperforms state-of-the-art methods in effectiveness and generalization.

Limitations. While ITM demonstrates stronger generalization than prior methods, it remains con-
strained by its reliance on embedding space discrimination and cannot yet directly handle complex
supervision scenarios such as detection or vision-language tasks. A common limitation of current TE
methods is their dependence on final output features E = ϕ(X), often overlooking the intrinsic prop-
erties of the model ϕ. Although ITM partially addresses this via latent integration, more fine-grained
modeling—such as leveraging intermediate representations or enriched output embeddings—may be
necessary to further improve transferability estimation. From another perspective, most existing TE
methods focus primarily on performance under full fine-tuning. However, the properties of base mod-
els within the rapidly evolving PEFT [55, 56, 57, 58] paradigm may not align with such assumptions.
It remains an open challenge to extend transferability estimation frameworks to accurately predict
performance under parameter-efficient adaptation schemes.
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A Technical Appendices and Supplementary Material

A.1 Radar Chart

(a)

PARC ETran ITM (Ours) Ground Truth

Ground TruthITM (Ours)SFDA PED

(b)

Figure 5: Comparison between ITM, recent TE methods, and ground-truth performance across
ten benchmarks. Scores are normalized to [0.3, 1] for clearer visualization. (a) Evaluation on MAE
and CNN pre-trained models. Static TE methods (e.g., PARC [18] and ETran [5]) fail to generalize
to MAE [11] due to weak discriminative power in initial embeddings. (b) Evaluation on DINO and
MAE pre-trained models. Dynamic TE methods (e.g., SFDA [17] and PED [7]) overestimate MAE’s
performance. In contrast, ITM generalizes well across diverse pre-trained models and provides
accurate estimations.

A.2 Pseudo-code

Algorithm 1 Training process of DVA without deparametric approximation

Require: Embedding of training dataset E extracted by model ϕ, target cluster center Ê, target label
Y, linear layers f, g, h, number of training iterations T , learning rate α, number of subspace
iterations M and learning rate of subspace η

Ensure: Optimized parameters Wz,Wg,Wh of linear layers f, g, h.
1: Randomly initialize Wz,Wh

2: for t = 1 to T do
3: Sample one batch of data: (Et, Êt,Yt)← sample(E, Ê,Y, t)
4: Compute Θt: Θt ← f(Et;Wz)
5: Randomly initialize Wg

6: for m = 1 to M do
7: Compute gradient: gradg ← ∇Wg

MSE(g(Θt), Êt)
8: Update parameters of g: Wg ←Wg − η · gradg
9: end for

10: Compute logits: logits← h(g(Θt))
11: Compute gradient: gradf ← ∇WzCE(logits,Yt), gradh ← ∇Wh

CE(logits,Yt)
12: Update parameters of f, h: Wz ←Wz − α · gradf , Wh ←Wh − α · gradh
13: end for
14: return Wz,Wg,Wh

As shown in Algorithm 1, DVA requires multiple training steps for the parameter Wg during each
macro iteration, followed by updates to the parameters Wz and Wh. This “training within training"
approach is not only challenging to implement but also inefficient. However, it clearly demonstrates
the core idea of DVA: training the batch-specific parameter Wg exclusively for each data batch.
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Algorithm 2 Training process of DVA

Require: Embedding of training dataset E extracted by model ϕ, target cluster center Ê, target
label Y, linear layers f, h, number of training iterations T , learning rate α, number of subspace
iterations n and learning rate of subspace η

Ensure: Optimized parameters Wz,Wh of linear layers f, h.
1: Randomly initialize Wz,Wh

2: for t = 1 to T do
3: Sample one batch of data: (Et, Êt,Yt)← sample(E, Ê,Y, t)
4: Compute Θt: Θt ←WzEt
5: deparametric approximation: E(n)

t ← (I − ηC)n(Θt − Êj) + Êj (Eq. 5)
6: Compute logits: logits← h(E

(n)
t )

7: Compute gradient: gradf ← ∇Wz
CE(logits,Yt), gradh ← ∇Wh

CE(logits,Yt)
8: Update parameters of f, h: Wz ←Wz − α · gradf , Wh ←Wh − α · gradh
9: end for

10: return Wz,Wh

As shown in Algorithm 2, we introduced the deparametric approximation method, which elimi-
nates the need for training the linear layer g in lines 5 to 9 of Algorithm 1. Instead, the feature
output E(n)

t after several iterations is directly obtained using n and η. Additionally, we employ the
Pseudo-clustering Optimization method to generate pseudo-cluster centers that guide the convergence
direction of E(n)

t . Finally, f and h are trained directly using CrossEntropy loss function.

A.3 Role of Latent Variable z

Table 4: Cosine similarity matrix for the learned mapping parameters Wz . The background colors
highlight the two main patterns of consistency. Red cells show high intra-task similarity. Yellow cells
show medium intra-model similarity.

D-A M-A C-A D-F M-F C-F D-R M-R C-R

D-A 1.00 0.197 0.181 0.133 0.133 0.133 0.138 0.134 0.133
M-A 0.197 1.00 0.215 0.133 0.142 0.134 0.131 0.158 0.134
C-A 0.181 0.215 1.00 0.131 0.132 0.135 0.132 0.132 0.142

D-F 0.133 0.133 0.131 1.00 0.340 0.318 0.137 0.133 0.134
M-F 0.133 0.142 0.132 0.340 1.00 0.349 0.132 0.152 0.136
C-F 0.133 0.134 0.135 0.318 0.349 1.00 0.132 0.133 0.139

D-R 0.138 0.131 0.132 0.137 0.132 0.132 1.00 0.301 0.283
M-R 0.134 0.158 0.132 0.133 0.152 0.133 0.301 1.00 0.309
C-R 0.133 0.134 0.142 0.134 0.136 0.139 0.283 0.309 1.00

ITM is designed to estimate transferability at the level of model-task interaction, rather than treating
the model or task independently. The latent variable z is introduced to capture this interaction
between a model’s representational capacity and the semantic demands of a downstream task. This
task conditioned nature of z is essential, as the effectiveness of a pretrained model depends not only
on its own features but also on their alignment with the target task.

Since explicitly modeling z is intractable due to the high-dimensional and non-linear nature of
embedding evolution (and the absence of supervision for transferability), ITM adopts an implicit
modeling strategy. For each model-task pair, a mapping function ft(·|Wz), parameterized by Wz ,
is learned. This function is shared across all subspaces (batches) for the pair and operates on
conditioned embeddings that encode both the static properties of the pretrained model ϕd and the
distributional characteristics of the downstream task data. Combined with the pseudo-cluster-based
update trajectory, this function simulates how representations adapt to a new task, without requiring
end-to-end fine-tuning.
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To further validate and interpret the learned latent variable z, we analyze the mapping parameters Wz

across different model-task pairs. We perform Singular Value Decomposition (SVD) on each Wz

and compare the left singular vectors using cosine similarity. These vectors represent the dominant
transformation directions in the input space and provide a principled basis for comparing the learned
functions. We study three pretrained models–DINO-B16 (D), MAE-B16 (M), and MoCov3-B16
(C)–on three tasks: Aircraft (A), Flowers (F), and Cars (R). The resulting similarity matrix is shown
in Tab. 4. From this analysis, we observe three salient patterns:

• Task Consistency: Within each task (e.g., Aircraft, Flowers, Cars), the intra-task similarity
among different models (i.e., the 3×3 diagonal blocks) remains consistently high. This
suggests that ITM learns task-specific transformation functions that are stable across diverse
backbones, highlighting its ability to capture task-dependent adaptation behavior.

• Model Consistency: For each model (e.g., DINO-B16), the inter-task similarity—i.e.,
similarity between the same model across different tasks—is noticeably higher than that
of unrelated model-task pairs. This implies that ITM effectively encodes model-specific
inductive biases into the learned mappings.

• Task Dominance: Overall, task-driven consistency is stronger than model-driven consis-
tency, indicating the downstream task has a greater influence than the model choice. This
aligns with Table 4, where performance variance is more pronounced across tasks than
across models.

A.4 Benchmark

Table 5: Accuracy of different models across datasets under optimized fine-tuning settings.

Models Cal101 Cars CIFAR100 CIFAR10 DTD Aircraft Flowers Food Pets SUN VOC
DenseNet-121 97.23 88.39 85.67 97.38 69.47 83.86 90.41 85.00 91.77 72.49 82.75
DenseNet-161 98.21 89.84 87.01 97.79 72.61 88.24 92.00 86.72 93.24 74.10 82.27
DenseNet-169 97.29 88.83 86.24 97.75 70.90 83.80 91.58 85.58 92.91 73.76 81.85
DenseNet-201 97.47 89.55 86.39 97.65 72.98 84.04 91.07 86.14 93.08 74.13 80.86

EfficientNet-B0 97.87 87.25 87.01 97.88 68.88 81.61 89.71 85.82 90.68 73.87 81.10
GoogleNet 96.54 86.54 83.39 96.97 69.73 83.29 88.01 81.36 90.60 69.67 80.45

InceptionV3 96.95 84.73 83.42 96.92 66.75 79.60 87.14 81.79 92.86 68.07 79.50
MnasNet 95.56 81.12 83.40 96.78 60.96 75.01 76.48 82.87 90.65 70.02 78.78

MobileNetv2 96.03 85.65 82.15 96.48 67.34 76.36 90.03 83.69 89.02 71.16 82.45
ResNet-18 95.74 83.58 82.69 96.57 65.59 77.56 88.52 79.92 88.50 68.71 76.74
ResNet-34 96.54 86.11 85.31 97.30 67.50 77.53 90.03 85.24 92.70 70.75 81.56
ResNet-50 97.58 88.87 84.60 97.70 70.85 84.49 91.38 87.08 93.65 74.85 84.19

ResNet-101 97.47 88.71 87.58 98.14 71.17 85.75 90.91 87.97 94.00 77.21 83.83
ResNet-152 97.64 89.07 88.58 98.01 71.44 81.64 89.25 88.35 94.79 76.18 84.73
DINO-B16 98.16 88.42 90.53 98.70 74.31 78.40 93.19 87.88 92.97 77.02 84.51
DINO-S8 97.47 89.33 90.24 98.65 71.97 80.02 90.84 90.84 93.10 77.53 85.58

MoCov3-B16 97.70 88.53 90.74 98.68 72.07 75.70 93.61 87.15 89.75 75.92 80.37
MAE-B16 97.52 88.16 87.55 98.42 69.04 72.16 85.80 87.30 89.81 75.29 82.86
MAE-L16 97.98 91.21 91.28 98.55 74.26 85.30 90.73 90.82 94.69 79.18 88.01

SimMIM-B16 96.20 86.02 88.80 98.63 66.17 68.32 83.87 87.88 87.16 74.55 79.62

As shown in Tab. 5 and Tab. 6, we present the performance of twenty different pre-trained models on
eleven downstream single-label classification datasets. Unlike previous works such as PED [7] and
SFDA [17], we adopt a more practical training setup by using the superior AdamW optimizer and
training for 100 epochs. This results in consistently better model performance in Tab. 5 compared to
prior methods, as shown in Fig. 6. The improvement is particularly evident on larger datasets such
as CIFAR-[10,100], SUN397, and Food101, where previous approaches like PED, which only train
models for 5k iterations, which is insufficient to fully capture the true performance of the models.

As shown in Tab. 7, we adopt consistent training split configurations across all datasets. Standard
accuracy serves as the metric for ground-truth ranking computation. All datasets are sourced from
the official torchvision.datasets module of PyTorch [40].

A.5 Other evaluation protocols

We evaluated the transferability estimation methods based on other rank correlation metrics, including
Spearman’s ρ [59] and Kendall’s τ [60]. As shown in Tab. 8, ITM also achieved the best performance
on these two metrics.
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Table 6: Comparison of benchmark attributes in terms of model diversity and fine-tuning
protocols. “Mix” indicates the inclusion of models from multiple categories for evaluating TE
methods.

TE methods Model structures Pre-train methods Full-finetune settings

CNN ViT Mix Supervised Contrastive
learning

Masked image
modeling Mix Batch size Optimizer Iterations

SFDA, SA, PED, LEAD ✓ ✓ ✓ 64 SGD 5000 iterations
(Avg. 16.2 epochs)

ITM (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ 64 AdamW 100 epochs

Ours
SFDA, PED, et al.

(a) CIFAR-10 (b) CIFAR-100 (c) Food-101 (d) SUN-397

Figure 6: Performance comparison of model zoo entries across benchmarks. Under identical
dataset settings across four benchmarks, the benchmark adopted in ITM better realizes the potential of
each model and consistently delivers stronger performance than those used in prior studies, providing
a more realistic evaluation of real-world model selection scenarios.

Table 7: Comparison of dataset settings across benchmarks. “Trainval” denotes joint use of
training and validation sets. “mCA” indicates mean per-class accuracy, while “Acc” refers to overall
accuracy. ITM adopts standard splits and a unified evaluation metric for fair benchmarking.

settings Methods Cal101 Cars CIFAR100 CIFAR10 DTD Aircraft Flowers Food Pets SUN VOC

Training dataset SFDA, PED, et al. train train train train trainval trainval trainval train train train trainval
ITM (Ours) train train train train train train train train train train train

Testing metric SFDA, PED, et al. mCA Acc Acc Acc Acc mCA mCA Acc mCA Acc mCA
ITM (Ours) Acc Acc Acc Acc Acc Acc Acc Acc Acc Acc Acc

Table 8: Comparison of Spearman’s ρ [59] and Kendall’s τ [60] for different methods on various
datasets.

Methods Cal101 Cars CIFAR100 CIFAR10 DTD Aircraft Flowers Food Pets SUN Avg.
Spearman’s ρ

PED 0.61 0.05 0.81 0.92 0.19 -0.37 -0.07 0.84 -0.18 0.25 0.31
LogME 0.81 0.61 0.62 0.61 0.77 0.45 0.90 0.20 0.37 0.52 0.59
NLeep 0.37 0.24 0.25 0.42 0.53 0.44 0.79 0.09 0.41 0.01 0.35
PARC -0.01 0.10 -0.19 0.05 0.49 0.43 0.79 0.03 0.26 -0.05 0.19
SFDA 0.71 0.16 0.68 0.70 0.09 0.38 -0.58 0.43 0.52 0.13 0.32
ETran -0.01 -0.08 -0.28 0.01 0.09 0.54 0.13 0.05 0.39 -0.13 0.07

ITM (Ours) 0.75 0.84 0.71 0.70 0.87 0.54 0.78 0.45 0.84 0.75 0.72
Kendall’s τ

PED 0.556 0.067 0.644 0.778 0.111 -0.333 -0.061 0.689 -0.156 0.111 0.241
LogME 0.600 0.422 0.422 0.467 0.600 0.333 0.778 0.111 0.244 0.378 0.436
NLeep 0.289 0.156 0.244 0.289 0.422 0.289 0.600 0.156 0.333 0.067 0.284
PARC 0.022 0.111 -0.156 0.022 0.378 0.289 0.600 0.067 0.200 0.067 0.160
SFDA 0.511 0.156 0.467 0.600 0.067 0.244 -0.479 0.244 0.422 0.111 0.234
ETran -0.022 -0.022 -0.156 -0.022 0.111 0.422 0.111 0.156 0.378 -0.067 0.089

ITM (Ours) 0.629 0.644 0.556 0.600 0.719 0.422 0.600 0.378 0.719 0.600 0.587

A.6 Benchmark of CNN models

Following the setup of SFDA [17], we also establish a benchmark on 14 supervised pre-trained CNN
models, including DenseNet-[121,161,169,201] [27], ResNet-[34,50,101,152] [26], InceptionV3 [61],
GoogleNet [62], MobileNetV2 [50], and MnasNet [63]. As shown in Tab. 9, our method continues
to achieve the best performance on traditional benchmarks. Additionally, when ranking supervised
pre-trained CNN models, most previous methods still perform better even as the number of models
increases to 12, compared to their performance when handling a more diverse set of models (MIM,
ID). This further highlights the limitations of existing TE methods in the effective handling of diverse
pre-trained models.

18



Table 9: Comparison of weighted Kendall’s τw [60] for different methods on CNN benchmark
of SFDA [17].

Methods Cal101 Cars CIFAR100 CIFAR10 DTD Flowers Food Pets SUN VOC Avg.
PED 0.401 0.230 0.559 0.625 -0.113 0.190 0.511 0.750 -0.101 0.446 0.350

LogME 0.558 0.402 0.750 0.761 0.340 0.141 0.780 0.664 0.817 0.758 0.597
NLeep 0.586 0.373 0.814 0.656 0.100 -0.013 0.776 0.475 0.736 0.593 0.509
PARC 0.093 0.352 -0.456 -0.553 0.033 -0.134 -0.595 0.516 0.676 -0.119 -0.019
SFDA 0.501 0.485 0.791 0.761 -0.236 0.232 0.312 0.797 0.099 0.619 0.436
ETran -0.301 -0.223 -0.414 0.043 -0.114 -0.159 -0.363 -0.560 -0.458 -0.227 -0.278

SA (+LogME) 0.703 0.251 0.738 0.761 0.470 0.074 0.872 0.676 0.570 0.811 0.593
ITM (Ours) 0.478 0.572 0.805 0.739 0.535 0.445 0.832 0.681 0.370 0.781 0.624
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Figure 7: Visualization of the divergence in initial embedding distributions across different
pre-trained models on Caltech-101. The mean and variance are computed to highlight differences
in the static embedding states.

The goal of DVA is to map the embedding spaces of the pre-trained backbone before and after
full fine-tuning. However, as shown in Fig. 7, different pre-trained models have initial embedding
spaces with different means and variances, which means that using the same η in equation 5 may
be unfair to models with initially poor feature distributions. Since equation 5 is similar to a linear
recurrence, we computed the average Euclidean distance of all initial features in initial embedding
space E = {fi}ni of model ϕ, after standardization, to the cluster centers of their respective classes:
disϕ = 1

n

∑n
j=1 ∥f ′i − f̄ ′yi∥2 where f ′i =

fi−f̄
σ(f) represents the standardized features, and f̄ ′c denotes

the mean of the features for class yi = c.

Since the linear recurrence coefficient ηC = η
BΘjΘ

T
j is complex, we consider the recurrence

relation when batch size B = 1 and η = η0:

E
(ni)
i = (1− η0)niΘi + (1− (1− η0)ni)Êi, (6)

E
(nj)
j = (1− η0)njΘj + (1− (1− η0)nj )Êj . (7)

This represents two initial spaces Θi and Θj being updated towards the target Êi and Êj using
different numbers of iterations ni and nj . By setting ∥E(n)

i − Êi∥2 = ∥E(n)
j − Êj∥2, we obtain the

equation:

∥(1− η0)niΘi + (1− (1− η0)ni)Êi − Êi∥2 = ∥(1− η0)njΘj + (1− (1− η0)nj )Êj − Êj∥2
=⇒ (1− η0)ni∥Θi − Êi∥2 = (1− η0)nj∥Θj − Êj∥2. (8)

This implies that (1− η0)n is inversely proportional to the Euclidean distance between the features
and the target point. Therefore, we compute an adaptive learning rate η based on the model’s disϕ:

ni = f(disϕi
) = ⌈log1−η0

disb
disϕi

⌉+ nb (9)

In Eq. (9) we set nb = 20, η0 = 0.01 as an anchor for the model ϕ when disb = 1.0.

In practice, for batch sizes B > 1, the effectiveness of the aforementioned derivation is primarily
restricted to the component of Θ parallel to the pseudo-cluster center Ê. Combined with the effective
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1/B scaling of the learning rate η0, this causes the adaptive n mechanism to gradually degenerate
towards a fixed nb with increasing B. As a result, the ITM approach can still use adaptive n with
large batch sizes while preserving stability (as shown in Fig. 4), though its capacity to balance the
convergence speeds across different models will be reduced. Furthermore, as the batch size increases,
the convergence of ITM itself also accelerates. This diminishes the necessity for adaptive n to
provide nuanced adjustments to update step lengths (or to fine-tune the update progression), making
it possible to achieve comparable performance even with a fixed nb.

A.8 Pseudo-cluster centers
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Figure 8: Performance of different methods for generating orthogonal pseudo-cluster centers.
Mean and variance are computed over 10 independent runs to assess robustness and consistency.

As shown in Fig. 8, we explored different methods for generating standard orthogonal pseudo-cluster
centers on the unit sphere as targets for feature alignment. Specifically, “PCA" and “Laplacian" refer
to orthogonalization techniques applied after randomly generating centers using Principal Component
Analysis (PCA) and the Laplacian matrix, respectively. Through repeated experiments, we observed
that the performance across these methods exhibited minimal variation. This can be attributed to the
fact that the classification head h applies an additional linear transformation to the embedded features,
making the choice of pseudo-cluster centers robust. Furthermore, it can be mathematically proven
that two sets of standard orthogonal bases P and Q can be transformed by an orthogonal matrix W,
such that P = WQ. In this scenario, the distance distribution of any feature in the space relative to
these basis pseudo-cluster centers remains invariant before and after the transformation. Thus, even
a simple linear classification head is robust to different standard orthogonal pseudo-cluster centers.
To address the issue of random instability during practical use, we adopted one-hot encoding of the
classes as the cluster centers.

A.9 Comparison with mutual information

While ITM does not explicitly compute mutual information (MI), its estimated scores can be viewed
as empirical proxies for model–task alignment, which relates to—but goes beyond—MI. Conventional
MI captures statistical overlap between datasets, but fails to account for representational alignment or
task-specific dynamics. ITM instead estimates how well a model’s features can adapt to a target task
via latent, model-conditioned evolution—capturing both semantic and structural compatibility. Thus,
ITM offers a more fine-grained and dynamic perspective than traditional MI-based metrics.

A.10 Task generalization

The successful application to semantic segmentation highlights ITM’s broader potential. In principle,
ITM is task-agnostic as its core DVA framework models the evolution of the embedding space, which
is not inherently tied to a specific output type. The framework’s use of a general downstream objective,
Lobj , allows it to be adapted to any discriminative task where a task-specific head can be applied to
the evolved embeddings. This makes ITM a valuable tool for a wide range of applications beyond
classification and segmentation. For instance, in complex video analysis tasks such as video semantuc
segmentation [64, 65], a critical first step is often the selection of a powerful pre-trained image model
to act as a frame-level feature extractor or backbone. ITM provides a practical and efficient solution
for this crucial model selection process, enabling researchers to identify the most suitable backbone
without extensive experimentation for use in subsequent, more complex or specialized downstream
tasks.
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A.11 Embedding space mapping
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Figure 9: Illustration of the embedding evolution process. T-SNE visualizations of the embedding
distributions for ResNet-18, DINO-B16, and MAE-B16 on the CIFAR-10 test set, showing both
initial and final states, along with intermediate states E(n)

j during ITM evolution. The number in the
lower-left corner of each plot indicates the model’s test accuracy at that stage.

As shown in Fig. 9, the embedding distributions of pre-trained models E from different pre-training
methods are quite disparate, but after fine-tuning, their embedding space Ê converges to a much
better distribution. Previous methods either solely rely on pre-trained model features or use crude
methods to simulate the fine-tuning process, which explains why these methods perform poorly on
such complex benchmarks.

A.12 Licenses

The CNN models and datasets used in this work leverage the PyTorch framework and the official
torchvision datasets, both licensed under the 3-Clause BSD License. We gratefully acknowledge the
contributions of the PyTorch development team. The licensing information for other models is shown
in the Tab. 10.

Table 10: Licenses of ViT models.
MoCov3 DINO MAE SimMIM

License CC BY-NC 4.0 Apache-2.0 CC BY-NC 4.0 MIT
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction clearly articulate the core problem—efficient
and accurate transferability estimation (TE) amid the growing diversity of pre-trained
models—and present Implicit Transferability Modeling (ITM), along with the Divide-and-
Conquer Variational Approximation (DVA), as the proposed solution. These claims are
substantiated in the main body through the formal definition and formulation of ITM,
implementation details of DVA, and extensive experiments on a broad benchmark, with
comparative results demonstrating improvements in accuracy, efficiency, and stability.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We explicitly discuss the limitations of our method in Sec. 5. Please refer to
that section for details.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: The paper provides theoretical results in the form of the deparametric ap-
proximation for embedding space evolution, detailed in Section 3.3 (Equation 5). It also
leverages established lemmas on mini-batch independence [36, 37, 38] as theoretical support
for the formulation in Equation 1. In the ablation study, we further evaluate variants of
the pseudo-clustering loss Lpc. Since the corresponding deparameterized updates for these
variants follow similar derivations as Equations (2)–(5), we omit the full proofs for brevity.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: The paper fully discloses all necessary information to reproduce its main
experimental results. Section 4 details the benchmark setup, including dataset selection,
pre-trained model zoo, and enhanced fine-tuning protocols. Hyperparameters—such as
batch size, training iterations, learning rates, and optimizer settings (e.g., AdamW)—are
explicitly reported in Section 4.2. Evaluation metrics like weighted Kendall’s τw are clearly
defined, and implementation components including the DVA configuration and pseudo-
clustering strategies are thoroughly discussed in Section 3 and further validated through
ablation studies in Section 4. Together, these disclosures provide sufficient information
for reproducibility. Additionally, we commit to open-sourcing all benchmarks, code, and
pre-trained models upon acceptance to facilitate reproducibility and future research.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
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(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes] .
Justification: All datasets used for training and evaluation are publicly available bench-
marks. We provide the necessary codebase in the supplementary material, and all datasets,
code, and pre-trained models will be open-sourced upon acceptance. The main paper thor-
oughly documents the experimental setup and implementation details (Sections 3 and 4),
including training protocols, model selection, and evaluation metrics, ensuring the work is
reproducible.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We specify all necessary training and testing details to support understanding
and reproducibility, including data splits, hyperparameters, optimizer configurations, and
fine-tuning protocols. Ablation studies on key hyperparameters such as batch size and
training iterations are thoroughly presented in Section 4.
Guidelines:

24

https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy


• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes] .
Justification: We provide appropriate information to assess the statistical reliability of
its experimental results. Accuracy. Following prior work [21], we assess TE stability
across 1001 benchmarks (Fig. 2) and perform pairwise comparisons with state-of-the-art
methods to highlight ITM’s superiority. This provides a strong empirical basis for analyzing
variance across different model selections and offers insights into ITM’s consistency and
generalization.
Pseudo-cluster center generation. We explore alternative generation strategies in Ap-
pendix A.8, confirming the robustness of our design.
Evaluation metrics. Appendix A.4 reports additional rank correlation metrics to further

validate the reliability of TE results.
Benchmarks. In addition to our main benchmark spanning diverse pretraining paradigms
(e.g., supervised, MAE, DINO, SimMIM, MoCov3) and architectures (CNNs, ViTs), we
also evaluate ITM on a benchmark of 12 supervised CNNs (Appendix A.5).
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• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
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8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We provide sufficient information regarding the computational resources re-
quired to reproduce the experiments, including the use of a single NVIDIA V100 GPU
with 32GB memory. All TE methods are executed under a consistent 8-core CPU environ-
ment. Additionally, we report and compare the execution times of different TE methods.
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9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
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Answer: [Yes] .
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11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
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13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not release new assets
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• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.
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• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
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approvals (or an equivalent approval/review based on the requirements of your country or
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Answer: [NA]
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LLM) for what should or should not be described.
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