Supplementary Material of
Diverse Imagenet Models Transfer Better

A. Measuring Transferability

Much of the analysis in this work requires comparing accuracies across datasets of differing difficulty. Directly com-
paring the top-1 accuracy across datasets is problematic (e.g., as done in [37,40]). The meaning of a 1% additive in-
crease in accuracy is different if it is relative to a base accuracy of 50% vs. 99%. Instead, we follow the transfer-
ability evaluation protocol proposed by [44] and consider the log odds, i.e., the accuracy after the logit transformation
logit(p) = log(p/(1 — p)) = sigmoid—1(p). We repeat the details here for completeness: The logit transformation is the
most commonly used transformation for analysis of proportion data, and an additive change A in logit-transformed accuracy
has a simple interpretation as a multiplicative change e in the odds of correct classification. Given logit-transformed ac-
curacies y&, of model m € M on dataset d € D, we compute adjusted accuracies acc(m,d) = yd, — > .o yd, /IM].
For each model, we take the mean and standard error of the adjusted accuracy across datasets, and multiply the latter by a
correction factor |[M|/(|JM]| — 1).

B. Training and Fine-tuning Settings

Our pipeline consists of three stages we shall refer to as Pretrain, Label Injection and Transfer Learning. The Pretrain may
be any SSL model, while we experiment with MoCo-v2, SwAV, SimCLR, DINO and MAE. This stage may be completely
skipped for standard ImageNet Supervised Training. During Label Injection we train the initialized model in an augmented
supervised manner on ImageNet while preserving label diversity (see Section 4). Finally we evaluate performance of the
proposed networks on downstream tasks by either fine-tuning the entire network or just the last layer, i.e. linear probing, in a
standard supervised manner with identical hyper-parameters for all datasets.

B.1. Label Injection

We train Resnet50 following [80] on the full ImageNet [47] training set using a NVIDIA 8 x V100 GPU cluster, RandAug-
ment [ 19], batch size 200, Cosine learning rate schedule [54] with one cycle, 3 warmup epochs with Ir=1e¢ ™4, initial learning
rate 1le~!, using SGD optimizer [9] with weight decay of 1e~* and model EMA for 100 epochs unless otherwise stated (e.g
Vanilla from scratch). Fully connected layer is initialized using Linear Probe or from class centroids. Label injection control
cycle T € [1,2,3,4,5,10,50, 100] where T = 1 is effectively a standard fine-tuning. ImageNet top-1 accuracy is reported.

ViT models follow the ViT-B architecture and finetuning scripts from [32] with batch size 32, AdamW optimizer [55] with
base learning rate 5e 4, layer decay 0.65, weight decay 0.05, drop path 0.1, input resolution 224, mixup [84] 0.8, cutmix [82]
1.0 and cutout [22] 0.25 for 100 epochs. We do not use gradient accumulation effectively reducing out batch size.

B.2. Fine-tuning

The same fine-tuning settings is used for all downstream datasets, without a designated hyperparameter search for each
one. The single hyperparameter set used for all fine-tuning used Adam with Momentum 0.9, Weight decay with a le~*
coefficient, single cycle cosine learning rate schedule, AutoAugment [ 18], batch size of 128, cutout with length 0.5, model
exponent moving average (EMA) and label smoothing [74] with a 0.1 coefficient for 60 epochs on a single NVIDIA V100
GPU. The initialization of the fully connected is detailed in Appendix I.

For ViT fine-tuning we use the same scripts and parameters used for label injection except increase in gradient accumula-
tion to 4 which increases the effective batch size to 128.

C. Filters of Neural Layers

In this section we specify the way we extract filters out of the weight tensors of convolutional [48], fully-connected and
multi-head self-attention (MSA) layers. [76], that compose modern Resnets [35] and vision transformers (ViT) [25].

C.1. Convolutional Layers Filters.

Denote by W) € RF*kxmxnii1 the weights of the I-th convolutional layer of kernel size k and n;, 7,1, the number
of input and output channels respectively. Thus, every weight matrix can be reshaped to W) ¢ RF*mixniguch that



the i-th filter of the [-th layer, wgl) e RF ™ with i € {1,...,n41}, is the i-th column of the reshaped weight matrix
W = [ng) Wg2+1]

C.2. Fully-connected Layers Filters.

The I-th fully-connected layer performs a vector-matrix multiplication with a weight matrix W) € Rwi-hrmixnit1 where
wy, h; are the spatial width and height of the input tensor. Thus, its ¢-th filter, Wz(»l) € Rwrhin withi € {1,...,n41}, is the
O — [W(Z) U] ).

1

1-th column of the weight matrix W y Wiy

C.3. Multi-head Self-attention Layers Filters.

A multi-head self-attention (MSA) layer [76] operates directly on its input (") € R®"™ by dividing it into H®) groups
of channels z( € R o) and applying direct three vector-matrix multiplications on each group with the correspond-
ing matrices Qg), K,(Ll) e R¥ MRl *dex gpg Vh(l) € RUM Hm XN for b = 1,...,H® and some desing parameters
dok,dyv € Ny. Foreachhead h =1,..., H®O:

wi-hy-

* The i-th filter, q(l) e RUMED with i e {1,...,dgk}, is the i-th column of the weight matrix Qg) =

0} @
[Qh 19 '7Q}L dQK}

e The i-th filter, k:,(f)l € Rw"}”'% with ¢ € {l,...,dgk}. is the i-th column of the weight matrix Kf(bl) =
[k(l) k(l) ]
IERRRRYA .

Aok

* The i-th filter, v,(f)i € R M 507 with i € {1,...,dy}, is the i-th column of the weight matrix Vh( ) = [qél)l, ce q,(f)dv]

Effectively, for the purpose of quantifying the filter diversity of a MSA layer, the filter diversity of each such direct operation
on the input is quantified separately and eventually averaged together with all the others.

D. Threshold-Agnostic Clustering Filter Diversity

As explained in section 3.1, the agglomerative clustering stops when the similarity between all pairs of clusters is below
the threshold 7 (Equation (2)) . We define the cluster ratio C,(W) for a given threshold 7 as the ratio between the number
of clusters and the number of filters. Note, that the more filters are clustered together, the lower will be the cluster ratio,
indicating low overall filter diversity.

A well known main caveat of agglomerative clustering is its sensitivity to the threshold 7. Moreover, due to different neural
layers of the same model learning different levels of abstractions, a single threshold 7 value does not fit all. We observe this
sensitivity also in our experiments, illustrated in Figure 7 (Left), which shows that the cluster ratio C, (W) is highly sensitive
to the choice of thresholds. At the same time, we note that layers that maintain high cluster ratio for high values of 7 are more
diverse. We wish to capture this property to obtain a threshold-agnostic measure. Hence, differently from [3], we evaluate
the clusterability of the entire model by averaging the cluster ratio of layers across a spectrum of threshold values.

This is done by computing the area under the curve (AUC) D¢ ( W(l f Cr( w® )dt for each layer ! = 1,..., L, and
averaging over all layers, as shown in Figure 7 (Right). Thus, the final clusterlng based ﬁlter diversity measure is computed
as:

Do = £ YL, Do(WO).
E. Spectral Filter Diversity

Here we provide the technical details of the computation of the proposed Spectral Filter Diversity in section 3. We compute
the singular value decomposition (SVD) [73] of the filter covariance matrix WT~W to get the orthogonal singular vectors Uyy
and the rectangular diagonal matrix of positive singular values %%, such that, 03%,, > 03,5, > --+ > 0%,, > 0 respectively,
and WT.W = Uy X%, UL with {ow;}¢_, the non-zero eigenvalues of W. The variance explamed by the K first principal

components can be computed as: ZK = w The faster E{,(V increases, the more variance is explained by fewer
k=1 Wk
principal components implying lower diversity. This can be quantified by the area under the Z curve, i.e. Z Ke % Z%,
l

as intuitively illustrated in Figure 8. Finally, we define the spectral filter diversity of layer [ = 1 L as Dg w®

1-— Z K1 W( ;y and the overall filter diversity of a model is taken as the average over all layers: f?g =7 Z 1—1 Dx (W(l )
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Figure 7. Clustering Diversity of Convolutional Layers of Supervised (Top), SWAV(7T = 4) (Center) and SwAV (Bottom) pretrained
models. (Left) The cluster ratio C- (W) of various convolutional layers of Resnet50 as a function of the clustering threshold 7. (Right)
The corresponding area-under-curve (AUC) of the cluster ratio D (W), The average AUC over all curves is taken as the overall filter

diversity measure.
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Figure 8. (Top) Samples drawn from a normal Gaussian distribution of 3D (left) 2D (middle) and 1D (right) support. (Buttom) The
corresponding variance explained by the first principal components and colored AUC. The more diverse the data - the smaller the AUC.

F. Measuring the Abstraction of Representations by Centered Kernel Alignment (CKA)

Here we explain the way CKA is utilized for measuring the level of abstraction of the representations learnt by the pre-
trained model. This measure is considered as a factor that implies on the transferablity of the model by [37,42] and in
Section 6 and Appendix H.

We follow the exact calculation of [42] and provide here the details for completeness. Linear CKA provides a way
to measure similarity of neural network representations that is invariant to rotation and isotropic scaling in representation
space [17,43,72] . Unlike other ways of measuring representational similarity between neural networks, linear CKA can
identify architectural correspondences between layers of networks trained from different initializations [43]. Given two
matrices X € R"*Pt and Y € R™*P2 containing activations to the same n examples, linear CKA computes the cosine
similarity between the reshaped n x n covariance matrices between examples:

~ vee(XTX) -vec(YTY)
CKAlmear(va) - ||XTX||FHYTYHF v

We measured CKA between all possible pairings of ResNet resolution stages of all the models in Table 6. To reduce memory
requirements, we used minibatch CKA [60] with minibatches of size 600 and processed the ImageNet validation set for 3
epochs.

Figure 9 shows the similarity between different stages of the same model in terms of the CKA for several different
pretraining procedures. The numbers in the titles are the overall CKA score reported in Table 6, calculated as the average of
the off-diagonal values.

G. Intra-class Variance and Class Separation

Supervised learning models learn feature representations by objectives that also increase the inter-class separation. Related
However, although might be harmful for in-domain performance, [37] argued that increasing the intra-class variation was
beneficial for learning rich feature representations in transfer learning. This measure is considered as a factor that implies on
the transferablity of the model by [37,42] and in Section 6 and Appendix H.
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Figure 9. Similarity between different stages of the same model in terms of the CKA for several different pretraining procedures. The label
injection control cycle appears in the parentheses. The corresponding CKA score appears in the titles.

The intra-class variation and inter-class separation are computed as follows [42]:

K Ng

znt’ra Z Z Z L- coszne‘(zig a2 T n) (4)

k=1m=1n=1
K K N; N

S =YD 3310 Cos;i&i'}}j’xk’") 5)

j=1k=1m=1n=1

where x, ,,, is the embedding of example m in class k € {1,..., K} and N}, is the number of examples in class k. Those
metrics for all of the pretrained CNN models are listed in Table 6.



G.1. The Mean Silhouette Coefficient

(MSC) [69] is an appropriate metric for quantifying class separation in the embedding space. This measure is considered
as a factor that implies on the transferablity of the model in Section 6 and Appendix H.

For each embedding vector z, ,, of example m in class k € {1,..., K} and Ny, the number of examples in class k,
the Silhouette coefficient SC,, is the relationship between the intra-class distances v,,, and the nearest class distances s,, as
follows:

SC,, = _m T Um (6)
max(Smy, — Um)
Sk 1 cosine(Ti m, Tk.n)
- k,ms<Lk,n
m = - - 7
Um 7?:1 N, —1 @)
N; )
. 1 — cosine(zk m, Tk.n)
S = min ' : @®)
JE{1 KN\ {k} ; N;
] 1 1 —_ Zf:l ngzl SC”'L 1
Since |s — v| < max(s,v), the mean Silhouette coefficient M SC = SRR bounded between —1 to 1. Those
k=1

values for all of the pretrained CNN models are listed in Table 6. There is a positive correlation between MSC and Imagenet
accuracy, indeed validating that representations with higher class separation obtain higher accuracy on the upstream task, and
thus class seperation by its own does not add much information over Imagenet accuracy.

H. Quantifying Feature Importance by Gradient Boosting Decision Trees (XGBoost)

In section 6 we use gradient boosting decision trees for quantifying the importance of different factors on the transferabil-
ity. A benefit of using gradient boosting [ 2] for solving a regression problem is that after the boosted trees are constructed,
it is relatively straightforward to retrieve importance scores for each input feature. Generally, importance provides a score
that indicates how useful or valuable each feature was in the construction of the boosted decision trees within the model.
The more a feature is used to make key decisions with decision trees, the higher its relative importance. This importance is
calculated explicitly for each feature, allowing features to be ranked and compared to each other. Importance is calculated for
a single decision tree by the amount that each feature split point improves the performance measure, weighted by the number
of observations the node is responsible for, see [26] for more details. The feature importance scores are then averaged across
all of the the decision trees within the model. To this end, XGBoost [12], with the default Scikit-Learn parameters of 100
trees of maximal depth of 6, is fed with the set of inspected features {Imagenet accuracy, feature diversity, CKA, MSC, intra-
class variation, inter-class separation} together with the corresponding transfer learning scores for each of the 40 pretrained
models forming our dataset in Table 6. The derived feature importance is presented in Figure 1. It again clearly shows that
most of the importance is attributed to Imagenet accuracy together with filter diversity, as the rest of the features, previously
considered important [37,42], are overshadowed by the former. Figure 10 presents the importance of all the examined factors
multiplied by Imagenet accuracy. The significant importance attributed to CIS shows that any of the alternative suggested
factors cannot replace the role of Filter Diversity in CIS.
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Figure 10. The relative importance of different factors multiplied by Imagenet accuracy are quantified by the popular feature importance
derived from XGBoost. Most of the importance is attributed to the Calibrated Imagenet Score (CIS).
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Supervised 51.40 19.12 79.40 0.422 63.81 0.510 0.09
SupCon [40] 51.67 20.71 77.33 0.276 57.84 0.275 0.14
CE+SelfSupCon [37] 50.25 19.34 76.380 0.296 59.625 0.322 0.137
Moco-V2(T = 1) 51.78 20.36 7873 0.276 56.13 0.278 0.18
Moco-V2(T = 2) 50.52 19.53 77.67 0.273 57.27 0.270 0.16
Moco-V2(T = 3) 49.59 18.99 77.01 0.269 58.25 0.266 0.14
Moco-V2(T = 4) 48.95 18.54 76.04 0.266 59.19 0.264 0.13
Moco-V2(T = 5) 48.26 18.24 75.67 0.263 59.96 0.262 0.12
Moco-V2(T = 10) 46.49 17.22 73.70 0.257 61.85 0.258 0.08
Moco-V2 (T = 50) 43.62 16.01 69.52 0.271 63.40 0.268 0.03
Moco-V2 (T~ = 100) 42.72 15.96 67.83 0.290 63.91 0.279 0.00
Moco-V2 44.17 17.62 67.70 0.377 57.63 0.419 0.04
SWAV (T = 1) 5251 21.05 79.17 0.321 58.42 0.356 0.12
SWAV (T = 2) 53.38 2221 78.96 0.294 59.20 0335 0.10
SWAV (T = 3) 53.78 22.64 78.59 0.277 59.80 0317 0.08
SWAV (T = 4) 53.63 22.61 78.08 0.269 60.15 0.307 0.06
SWAV (T = 5) 53.33 22.52 77.58 0.265 60.34 0.302 0.06
SWAV (T = 10) 52.46 22.16 76.12 0.260 60.71 0.296 0.04
SWAV (T = 50) 50.47 21.35 73.20 0.265 61.45 0.308 0.01
SWAV (T = 100) 49.65 21.00 72.00 0.267 61.52 0.629 0.00
SwAV 49.67 21.01 72.00 0.259 67.23 0.367 -0.00
DINO(T = 1) 52.14 20.89 77.62 0.301 60.05 0.692 0.11
DINO (T = 2) 52.99 21.81 77.67 0.280 60.92 0.656 0.08
DINO (T = 3) 53.40 22.27 77.60 0.266 61.14 0.625 0.07
DINO (T = 4) 5347 22.34 77.46 0.260 61.34 0.608 0.06
DINO (T = 5) 53.27 22.28 77.08 0.257 61.32 0.600 0.05
DINO (7" = 10) 52.96 22.19 76.53 0.254 61.66 0.594 0.03
DINO (T = 50) 52.73 22.11 76.11 0.260 62.69 0.625 0.01
DINO (7 = 100) 52.52 22.03 75.82 0.263 63.22 0.643 0.00
DINO 51.93 21.80 74.98 0.274 63.10 0.781 0.00
SimCLR (T = 1) 51.03 19.24 78.07 0.404 62.04 0.958 0.08
SimCLR (T = 2) 50.50 19.57 77.07 0.399 61.89 0.944 0.06
SimCLR (7" = 3) 49.62 19.14 75.81 0.394 61.69 0.925 0.05
SimCLR (7" = 4) 49.00 18.90 74.95 0.391 61.79 0914 0.04
SimCLR (7" = 5) 48.42 18.73 74.30 0.390 61.87 0.909 0.03
SimCLR (7" = 10) 47.69 18.42 73.09 0.389 61.88 0.906 0.02
SimCLR (7" = 50) 45.54 17.62 69.90 0.375 62.16 0.979 0.00
SimCLR (7" = 100) 45.24 17.50 69.43 0.371 62.30 0.977 0.00
SimCLR 44.37 17.16 68.09 0.365 64.69 0.973 -0.00

Table 6. Full metrics for all models used in computing feature importance for CNN models, presented in Figure 1 (Right)

I. Fully Connected Initialization

A standard practice for fully-connected initializion when fine tuning a pretrained backbone on a new task is either linear
probe or random initializaiton. Linear probe uses a fixed backbone as feature extractor and the classification head is trained
with gradient descent. We find that it is undesirable to start training with a randomly initialized fully connected layer on top
of a pretrained backbone when fine-tuning on the downstream tasks, as it requires the linear probing to have multiple epochs
and many hyper parameters. Instead we look at the fully connected as class centroids that approximate to nearest neighbor



classification. Hence, we initialize the i** column of the fully connected to be the mean class representation for the i*" class
j 1
and such that W* = 57 37, ¢, f ().

J. Linear Probing

Despite the focus of this work is on the fine-tuning of the pretrained models, in this section we show that the conclusions
presented throughout the paper are also valid for linear probing over the CNN models, when the pretrained backbones are
fixed and a logistic regression classifier is trained on the downstream datasets, using features extracted from the penultimate
layer their as inputs.

J.1. Linear Probing by Logistic Regression

In this section we present the technical details involved in performing the linear probing by solving a fitting a logistic
regression. Although we follow the protocol proposed by [44], we give here the details for completeness. For each dataset,
we extracted features from the penultimate layer of the network. We trained a multinomial logistic regression classifier
implemented by Scikit-Learn with the default settings, using L-BFGS, with an L2 regularization parameter applied to the
sum of the per-example losses, selected from a range of 45 logarithmically spaced values from 10~ to 10° on the validation
set. Since the optimization problem is convex, we used the solution at the previous point along the regularization path
as a warm start for the next point, which greatly accelerated the search. For these experiments, we did not perform data
augmentation or scale aggregation, and we used the entire image, rather than cropping the central 87.5% as is common for
testing on ImageNet.

J.2. The Same Conclusions Hold For Linear Probing

Here we show the corresponding results of Figure 1 and Figure 3 in Figure 11, Figure 12 and Figure 13 respectively.
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Figure 11. Linear probing transferability vs Imagent Score (Left), the Clustering Filter Diversity based CIS (Middle) and the Spectral Filter
Diversity based CIS (Right) for 40 models that were pre-trained with supervised learning, self-supervised learning or their combination.
The Calibrated Imagenet Score correlates with transferability significantly better. CIS correlates with transferability significantly better
than imagenet score in both cases.
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Figure 12. Circle size corresponds to the linear probing transferability averaged over 14 downstream tasks, as a function of Imagenet top-1
accuracy (x axis) and filter diversity (y axis). Results shown for 3 different training methods (see legend). The background colors and
curves show the Calibrated Imagenet Score. Evidently, models with both high Imagenet accuracy and high Filter Diversity, that together
result in high Calibrated Imagenet Score (in yellow), transfer better (larger circles).
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Figure 13. The relative importance for linear probing transferability of different factors are quantified by the popular feature importance
derived from XGBoost. Most of the importance is attributed to the Calibrated Imagenet Score (CIS).

K. Transfer Learning Results - Full Tables
K.1. Finetune Tables

In this section we present the full transfer learning results in Tables 7 and 8 for CNN and ViT models respectively.

K.2. Linear Probing CNN Tables

In this section we present the full transfer learning results for linear probing in Tables 9 for CNN.
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Pretrain % % ‘;% Vi% ) 2 % 2 2, G % % % % % %
Supervised 78.7 86.9 97.6 86.0 85.9 69.3 82.0 853 81.3 749 99.1 924 94.4 829 65.3 0.012
SupCon [40] 71.3 86.3 97.6 85.7 85.0 69.8 84.1 86.1 81.4 73.1 99.0 91.9 94.7 83.0 65.2 0.007
CE+SelfSupCon [37] 76.4 86.3 97.6 85.8 85.9 69.5 83.3 86.3 80.9 74.1 98.7 92.4 94.8 85.3 64.4 0.003
MoCo-v2 (7T = 1) 78.7 87.3 97.6 86.3 85.9 70.0 83.0 86.1 82.2 739 99.2 92.8 94.4 84.4 65.1 0.054
MoCo-v2 (T = 2) 71.7 87.0 97.6 86.4 85.7 70.7 82.9 86.1 81.9 73.8 99.1 92.4 94.4 82.8 65.3 0.026
MoCo-v2 (T = 3) 71.0 86.8 97.6 86.1 85.5 70.4 83.2 86.1 81.6 734 98.9 92.0 94.3 82.0 64.8 -0.001
MoCo-v2 (T = 4) 76.0 86.4 97.6 86.1 85.7 69.7 82.8 86.1 82.3 733 98.9 92.0 94.3 81.5 64.8 -0.010
MoCo-v2 (T = 5) 75.7 86.2 97.7 85.9 852 70.7 83.6 86.3 82.5 733 98.9 91.7 94.5 80.7 64.6 -0.006
MoCo-v2 (T = 10) 732 85.3 97.6 85.7 84.9 69.5 82.7 86.1 81.0 72.3 98.9 91.2 943 78.9 63.9 -0.056
MoCo-v2 (7T = 50) 66.2 82.8 97.3 84.4 83.7 67.1 829 85.7 79.1 69.6 98.9 89.2 943 75.7 61.3 -0.152
MoCo-v2 (7" = 100) 62.6 81.6 97.1 83.8 82.6 66.9 834 85.8 77.6 68.2 98.9 88.2 94.2 74.9 60.0 -0.202
MoCo-v2 619 78.1 96.7 82.0 79.4 66.3 80.1 85.4 75.6 61.1 98.5 86.8 93.5 73.4 56.3 -0.352
SWAV(T = 1) 792 87.5 97.7 86.5 86.5 71.3 83.4 86.8 823 75.8 99.0 92.5 94.6 83.6 66.4 0.062
SWAV (T = 2) 79.0 87.8 97.7 86.9 86.9 723 83.7 87.2 83.4 76.0 99.3 92.4 94.7 82.7 67.1 0.104
SWAV (T = 3) 78.6 88.2 97.8 87.0 86.8 724 83.3 87.4 84.1 76.4 99.4 92.5 94.7 824 67.6 0.125
SWAV (T = 4) 78.1 88.4 97.8 87.1 86.6 729 82.8 87.6 84.4 76.1 99.3 91.9 94.6 82.1 67.8 0.118
SWAV (T = 5) 71.6 88.6 97.9 87.2 86.4 73.0 83.2 87.6 84.1 76.1 99.3 91.6 94.6 81.8 67.9 0.118
SWAV (T = 10) 76.1 88.4 97.9 87.2 85.8 725 824 87.6 84.8 75.6 99.4 91.3 943 814 68.0 0.103
SWAV (T = 50) 732 88.0 97.8 86.8 84.9 71.7 82.7 87.6 832 754 99.0 90.7 93.9 80.6 67.7 0.027
SWAV (T = 100) 72.0 87.8 97.9 86.6 85.0 1.7 829 87.5 83.6 752 99.0 90.4 93.8 80.5 67.6 0.028
SwAV 72.0 87.0 97.8 86.6 84.3 72.1 82.3 87.4 83.1 75.1 98.9 90.3 93.6 80.6 67.8 0.005
DINO (7T = 1) 71.6 87.4 97.7 86.7 86.3 71.1 83.0 87.1 82.7 76.2 99.4 92.5 94.7 82.9 66.2 0.095
DINO (T = 2) 717 87.4 97.7 86.9 86.7 72.1 82.8 87.3 83.1 76.3 99.4 92.1 94.7 82.4 67.0 0.106
DINO (T = 3) 71.6 88.1 97.8 87.1 86.8 71.5 82.4 87.6 83.9 76.7 99.3 92.3 94.5 823 67.5 0.103
DINO (T = 4) 715 88.2 97.8 87.5 86.5 72.1 82.8 87.6 84.1 76.5 99.4 92.1 94.7 82.1 67.6 0.126
DINO (7 = 5) 77.1 88.3 97.9 87.3 86.0 71.9 82.6 87.7 84.7 76.4 99.3 92.1 94.7 81.7 67.7 0.116
DINO (7" = 10) 76.5 88.2 97.9 87.4 85.6 71.3 823 87.7 84.0 759 99.3 91.5 94.4 80.9 67.7 0.088
DINO (T = 50) 76.1 87.8 98.0 87.2 84.8 72.1 82.5 87.5 82.7 754 99.1 90.4 94.0 80.2 67.6 0.036
DINO (7" = 100) 75.8 87.7 97.8 86.8 84.7 71.7 82.1 87.6 82.4 75.4 99.0 90.1 93.9 80.0 67.4 0.010
DINO 75.0 87.2 97.8 86.9 83.7 72.1 80.6 87.5 83.2 74.5 98.7 89.6 93.8 80.1 67.6 -0.024
SimCLR (7" = 1) 78.1 86.3 97.6 86.3 85.6 70.0 82.8 85.9 80.7 72.8 99.1 91.4 94.5 80.8 65.5 -0.013
SimCLR (7" = 2) 71.1 86.3 97.8 86.4 84.6 69.3 82.1 85.6 80.4 70.7 98.9 90.5 94.2 79.7 64.9 -0.058
SimCLR (7" = 3) 758 86.6 97.9 86.5 83.9 69.8 81.7 85.1 81.0 69.2 98.7 90.1 93.7 78.5 65.1 -0.087
SimCLR (7 = 4) 75.0 86.6 97.7 86.7 82.7 69.5 81.1 84.9 79.3 68.0 98.7 89.5 93.5 719 64.9 -0.120
SimCLR (7" = 5) 74.3 86.6 97.9 86.7 82.4 69.3 80.8 84.8 79.3 67.3 98.5 89.5 93.4 71.3 64.6 -0.138
SimCLR (7~ = 10) 73.1 86.3 98.0 86.3 81.1 68.7 79.2 84.5 784 65.5 97.8 88.6 92.7 759 64.1 -0.214
SimCLR (7" = 50) 69.9 85.3 97.9 86.0 78.8 67.0 774 84.0 75.0 63.1 97.4 86.3 92.0 739 63.0 -0.321
SimCLR (7" = 100) 69.4 85.3 97.8 86.0 8.7 66.6 713 84.0 749 62.9 97.4 86.2 91.9 737 63.0 -0.327
SimCLR 68.1 85.4 97.9 86.3 78.3 65.9 712 84.0 754 62.6 97.6 86.6 91.6 73.8 629 -0.31.8

Table 7. Performance of different CNN models (an extension of Table 4), including different levels of label injected models) fine-tuned
on the downstream datasets in terms of top-1 accuracy (%) (averaged over 3 runs) and the overall transferability score. The models are
grouped by the underlying base SSL method.
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Supervised | 810 | 909 986 896 823 708 608 879 82 796 913 938 84 915 681 | -0.101
DINO (T = 1) 832 | 931 99.0 912 847 746 721 899 863 849 947 943 894 905 715 | 0.148
DINO (T = 2) 832 | 933 987 911 847 757 713 899 867 8.1 952 946 891 894 713 | 0.140
DINO (T = 3) 828 | 931 98.9 90.7 847 750 717 898 861 849 951 947 891 886 713 | 0133
DINO (T = 4) 823 | 928 988 910 87 752 712 900 858 852 954 947 891 83 715 | 0.131
DINO (T = 5) 821 | 925 989 909 845 742 720 896 852 850 953 946 893 80 709 | 0.113
DINO (T = 10) 809 | 924 988 90.8 845 744 717 897 853 846 951 943 889 870 708 | 0089
DINO (T = 50) 781 | 920 986 904 833 735 686 895 849 842 949 937 874 853 697 | 0012
DINO(T = 100) | 770 | 917 986 900 833 729 682 895 855 842 942 938 868 846 700 | -0015
DINO 782 | 911 98.5 900 795 721 530 893 845 839 901 922 809 82 693 | -0.187
MAE (T = 1) 834 | 930 988 906 843 737 731 906 854 82 944 948 898 895  7LI 0.131
MAE (T = 2) 827 | 931 988 90.3 845 742 723 906 853 861 944 948 894 889 712 | 0122
MAE (T = 3) 818 | 927 988 904 840 741 716 902 850 85 947 948 897 81 7Ll 0.107
MAE (T = 4) 813 | 922 988 90.1 845 732 724 902 850 856 946 946 892 882 710 | 0095
MAE (T = 5) 807 | 925 988 809 836 732 718 901 842 855 947 944 892 876 708 | 0078
MAE (T = 10) 790 | 918 987 89.5 836 727 711 897 844 850 938 944 885 869 705 | 0029
MAE (T = 50) 742 | 904 986 886 818 717 678 894 837 835 926 936 873 82 695 | -0.080
MAE (T = 100) 719 | 902 985 880 809 707 663 892 831 835 923 928 8.1 847 691 | -0.122
MAE 680 | 892 981 869 754 685 538 888 822 812 706 912 796 832  67.6 | -0425

Table 8. Performance of different ViT models (an extension of Table 5) fine-tuned on the downstream datasets in terms of top-1 accuracy
(%) and the overall transferability score. The models are grouped by the underlying base SSL method.

L. Filter Diversity for Vision Transformers

Similarly to Figure 3 and Figure 12, Figure 14 (presenting Table 8) shows how the control label injection (CLI) can
start off from different SSL pre-trained ViT models of both higher (MAE) and lower (DINO) filter diversity and generate
ViT models of different levels of Imagenet accuracy and filter diversity for different control cycle values. Those generated
ViT models allow us to make observations about the connection between Imagenet Score and Filter Diversity, associated
with Multi-head Self-attention (MSA) layers, to the transferability through the Calibrated Imagenet Score. Similarly to the
behaviour of CNNs, the trajectory for every origin SSL model traverses the Calibrated Imagenet Score contour lines towards
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preain (A T T T O T
Supervised 78.7 46.4 60.9 93.0 77.1 71.5 89.1 67.4 69.5 90.4 86.5 70.0 78.7 93.0 63.1 73
SupCon [40] 713 50.9 56.6 94.9 79.2 69.0 88.5 72.6 70.2 90.5 89.1 68.6 79.3 92.5 63.6 12.6
CE + SelfSupCon [37] 71.3 40.2 52.8 933 76.5 63.0 87.3 58.1 67.6 94.0 85.6 67.4 76.6 92.6 61.3 -39
MoCo-v2(T = 1) 78.7 358 55.9 92.4 74.6 65.6 87.3 52.7 67.8 91.6 80.6 65.4 76.3 93.1 60.5 -12.4
MoCo-v2(T = 2) 71.7 38.6 56.4 925 74.6 65.6 87.7 55.0 67.4 89.7 815 66.2 76.7 92.6 60.4 -11.8
MoCo-v2(T = 3) 71.0 399 574 924 75.1 66.3 87.2 557 68.0 88.2 82.3 66.3 76.0 92.1 60.3 -12.2
MoCo-v2 (T = 4) 76.0 413 573 922 74.4 66.2 87.0 57.0 66.9 87.5 83.5 67.2 76.9 91.9 60.8 -11.8
MoCo-v2 (T = 5) 75.7 41.8 56.9 92.0 75.0 66.0 86.9 56.9 66.9 86.3 83.9 66.8 758 92.5 599 -12.7
MoCo-v2 (T = 10) 732 4.0 55.6 924 74.1 65.8 859 58.0 66.3 83.8 84.0 66.4 754 91.4 59.8 -16.1
MoCo-v2 (T = 50) 66.2 41.5 49.6 915 72.5 61.5 82.7 56.3 65.1 76.6 82.5 65.0 72.5 88.9 56.4 -31.9
MoCo-v2 (T = 100) 62.6 39.8 46.0 91.0 71.8 59.1 81.7 55.4 64.5 735 81.7 64.1 69.8 87.1 545 -40.4
MoCo-v2 61.9 43.9 38.9 93.4 76.4 53.8 83.5 59.3 69.7 68.0 85.3 68.5 76.0 84.6 60.6 -31.1
SWAV (T = 1) 792 44.0 62.8 93.3 774 71.2 89.2 64.2 70.7 91.1 86.6 70.2 80.1 93.3 63.5 8.9
SWAV (T = 2) 79.0 477 64.0 93.6 78.4 72.8 89.3 66.7 714 90.0 88.6 7.7 80.1 93.6 64.6 14.3
SWAV (T = 3) 78.6 509 65.0 93.0 783 734 89.8 67.8 728 88.4 89.6 729 81.3 93.2 65.8 16.6
SWAV (T = 4) 78.1 534 65.7 93.1 78.8 732 89.8 69.8 722 87.0 90.4 732 81.6 93.1 65.8 18.1
SWAV (T = 5) 71.6 542 65.4 93.6 79.1 73.0 89.4 70.3 727 85.9 90.3 73.8 81.9 929 65.6 18.2
SWAV (T = 10) 76.1 55.2 65.0 93.6 78.8 722 88.9 71.9 72.6 83.9 90.7 74.1 82.0 923 65.8 17.0
SWAV (T = 50) 732 56.0 63.5 93.6 79.2 713 88.3 733 72.7 80.7 91.2 745 82.0 91.1 65.6 145
SWAV (T = 100) 72.0 56.3 62.1 935 79.1 70.9 88.2 73.6 72.8 79.9 91.1 74.3 82.0 90.7 65.7 13.1
SwAV 72.0 52.0 53.3 93.2 77.8 66.7 86.5 71.0 71.4 76.4 90.6 732 81.6 88.9 65.1 0.3
DINO (7T = 1) 71.6 46.0 63.4 93.5 783 732 89.2 66.2 71.0 90.9 87.0 71.2 80.9 93.8 64.2 13.1
DINO (T = 2) 717 49.9 64.8 93.7 78.4 73.5 89.1 68.3 72.6 89.3 89.5 72.9 80.8 93.7 65.1 17.5
DINO (T = 3) 71.6 520 65.9 94.0 79.1 73.6 89.7 69.8 728 88.3 91.0 74.2 81.6 93.2 659 21.1
DINO (T = 4) 715 538 66.0 93.8 79.5 74.3 89.7 70.5 73.0 86.9 91.8 74.8 822 93.3 66.0 22.6
DINO (7 = 5) 77.1 54.5 66.0 93.8 79.4 74.1 89.5 71.3 72.5 85.8 91.9 752 81.8 93.0 65.9 21.8
DINO (7" = 10) 76.5 55.6 65.6 93.8 79.5 735 88.8 722 72.8 83.1 92.3 754 81.8 923 65.8 19.9
DINO (7" = 50) 76.1 56.9 63.8 93.7 79.3 72.1 88.2 74.2 73.1 79.8 92.6 75.6 822 90.9 65.8 17.0
DINO (7" = 100) 75.8 56.6 62.4 93.9 79.6 72.0 88.1 74.5 72.9 78.7 92.6 75.3 822 90.6 65.9 16.1
DINO 75.0 54.8 54.8 93.7 78.6 68.9 87.1 74.5 72.7 75.9 92.5 74.7 81.7 89.3 66.1 8.1
SimCLR (T = 1) 78.1 47.8 61.1 93.8 71.7 71.3 88.7 65.8 70.9 88.9 87.5 70.5 80.2 929 64.0 8.9
SimCLR (7" = 2) 77.1 49.9 58.6 93.8 77.6 70.1 88.3 66.5 69.8 86.6 87.6 70.3 78.9 92.5 63.7 52
SimCLR (7~ = 3) 75.8 50.0 56.9 93.7 719 68.9 88.1 65.9 69.8 84.2 87.7 69.8 77.8 91.7 63.2 11
SimCLR (7" = 4) 75.0 50.4 55.3 93.7 71.6 67.5 87.5 66.8 69.8 824 88.0 69.2 77.0 91.3 63.0 -15
SimCLR (7" = 5) 74.3 50.1 54.3 93.2 771 66.8 87.4 65.8 69.8 81.2 88.2 69.2 759 91.2 62.8 -4.3
SimCLR (7" = 10) 73.1 49.9 51.3 93.2 71.3 64.4 86.8 65.7 69.4 7.7 87.8 68.4 76.4 89.9 62.1 9.6
SimCLR (7~ = 50) 69.9 443 394 92.9 75.0 545 84.3 60.2 66.1 69.4 87.0 64.5 73.1 86.6 60.2 -32.0
SimCLR (7" = 100) 69.4 438 38.0 92.5 742 52.5 83.7 59.1 66.2 68.3 86.6 64.0 72.5 85.8 59.8 -36.1
SimCLR 68.1 434 353 89.1 69.0 50.5 824 56.2 65.4 65.4 852 62.2 724 83.8 582 -48.0

Table 9. Linear probing performance of different CNN models (an extension of Table 3), including different levels of label injected
models) fit on the downstream datasets in terms of top-1 accuracy (%) and the overall transferability score. The models are grouped by the
underlying base SSL method.

more transferable regions, as expressed by the size of the circles and the background color. Specifically, the upper trajectory,
originated in MAE, represents a case where CLI maintains the filter diversity while improving Imagenet score as the main
mean for improving the diversity. Another case is represented by the lower DINO originated trajectory, where at some point
both Imagenet score and filter diversity improve together towards better transferability. Especially interesting is the two right
most points of this DINO trajectory (7 = 2 and 7 = 1), that share the very same Imagenet score, yet differ in the filter

diversity resulting in the difference in transferability.

Feature Diversity

Figure 14. Circle size corresponds to the transferability of finetuned ViT models averaged over 14 downstream tasks, as a function of
Imagenet top-1 accuracy (x axis) and filter diversity (y axis). Results shown for 3 different training methods (see legend). The background
colors and curves show the Calibrated Imagenet Score. Evidently, models with both high Imagenet accuracy and high Filter Diversity, that
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together result in high Calibrated Imagenet Score (in yellow), transfer better (larger circles).
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