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Figure 3: Full batch gradient descent on a model behaves similarly to analytic dynamics on
its linearization, both for network outputs, and also for individual weights. A binary CIFAR
classification task with MSE loss and a ReLU fully-connected network with 5 hidden layers of width

n = 2048, 7 = 0.01,

D| =256,k = 1,02 = 2.0, and o7 = 0.1. Left two panes show dynamics for

a randomly selected subset of datapoints or parameters. Third pane shows that the dynamics of loss
for training and test points agree well between the original and linearized model. The last pane shows
the dynamics of RMSE between the two models on test points. We observe that the empirical kernel

S) gives more accurate dynamics for finite width networks.
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Property 2 (Post-hoc linearization). The change in the network output after training can be approxi-
mated by its first-order Taylor expansion, i.e., f(x;0*) — f(x;0y) ~ (8* — 0y) Vo f(x;6).

In simple terms, the approximation of the network in the tangent space around initialization must hold
after fine-tuning. To test this, we evaluate the performance of the post-hoc linearized version of f, fji,.
That is, we apply the fine-tuned task vectors 7 = 8* — @, to the linear approximation of f at 8, i.e.,

fin(@: 80 + 7) = f(x;600) + T Vo f(z: ), (3)
and we check whether fii,(-: 6*) performs similarly to f(-: 8*)".

Table 1: Task addition. Average absolute (%) and normalized accuracies (%) of different CLIP
ViTs edited by adding the sum of the task vectors of 8 tasks. We report results for the non-linear
and linearized models of Sections 3 and 5 normalizing performance by their single-task accuracies.

Method ViT-B/32 ViT-B/16 ViT-L/14

Abs. (1) Norm. (1) | Abs. (1) Norm. (1) | Abs. (1) Norm. (1)
Pre-trained f(-; 6o) 48.4 - | 55.2 - \ 64.4 -
Non-lin. FT  f(-; 60 + T) 71.4 76.5 75.5 80.0 85.1 88.8
Post-hoc lin. fii.(-; 6o + 7) 57.1 81.9 65.0 85.2 75.2 90.0
Linear. FT fiin(-: 60 + Tin) 76.5 854 | 81.3 86.0 \ 88.5 93.5
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To explore whether CLIP models use localized eigenfunctions for task arithmetic, we diagonalize
the matrix (Kn1k)i; = kntk(®i, ;) with ; € Dy, i.e., the task on which we trained, and
x; € D; U Dy, where Dy is the support of a control task. If the eigenfunctions used to represent
f*(a) are localized, then the power of the eigenvectors of K'xTk must be concentrated in the points
belonging to the dataset used for training. To measure this concentration, we introduce the local
energy Eloc () = 3, ¢5 (), which sums the power of all the eigenfunctions ¢, at a given point .
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Figure 14: Eigenfunction localization. Estimated support of the eigenfunctions of the NTK of a
ViT-B/32 CLIP model trained on different datasets. The plot shows the sum of the local energy of the
eigenfunctions over a random subset of the training and control supports
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Figure 15: Eigenfunction localization. Estimated support of the eigenfunctions of the NTK of a
randomly initialized ViT-B/32 model trained on different datasets. The plot shows the sum of the
local energy of the eigenfunctions over a random subset of the training and control supports
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k-shot  Method SST-2 SST-5 MR CR MPQA Subj TREC  AG News

16 SGD-FT 89.0(1‘5] 44.6(1‘_” 83.2(2.4} 93.3‘(0.2} 83.3‘(1.3} 88.5(2_5} 80.3(7_2) 84.2(1_1]
JC156D) 88303 43.6020) 847015 93209 76427 886013 56009 82.1ag)

Adam-FT 88.3(1‘2] 45.4(2‘5} 8].3(5.1} 93.0(1.5} 82.8(2.2} 87.4(2_1} 79.6([5_1) 84.0(1_6]
K!SlgnGD} 88.3(05) 422(39) 843(]5] 93.7(05] 76?(33) 89.2(2[“ 58‘](35) 82'3{16]
CASienGD) 883 4y 43717) 849011 93405 746335 88615 227025 83.6010)

64 SGD-FT 89.7(0‘4] 45.8{2‘]} 85.6“4} 94.3(0.5) 84.8((_;.3} 92.9([],5} 93.2“,0) 86.8(0_7]
C(SGD) 892(10) 46013 8640 93704 81200 9407 778023 856007

Adam-FT' 89.3(0‘7] 48.5{2‘0} 86.0(0.4} 93.7(0.5} 84.6([].9} 92.7([],5} 92.6“,3) 86.8(1_1]
KISQTTGD} 891([]!,] 49.1{1_5) 85.6[‘1_(]) 93.9[‘(]_2) 790{58) 924(05) 82['(1_,” 85.9((]_7]
K[A—SI;I{ID} 88.9(0_9) 43.6(2_2} 85.6(1.0) 94.0(0.3) 81.8(1.1} 91.8{1_1} 21.0{4_3) 86.2(0_3)

(a) Single-sentence tasks

k-shot  Method MNLI SNLI QNLI RTE MRPC QQP

16 SGD—FT 59.2(2.7) 65.7(-2.7] 62.1(3.1} 60.0{5‘5} 73.9(2_?} 62.1(2_3)
KC(S6D) 53.0(30) 578123 60.133 600, 73454 58240

Adam-FI‘ 56.8(2.9} 64.6[4.1] 63.1[3.5} 5?.6{5‘3} 77.6(3_1} 61.8(4,5)
KS#6D) 538, 5y 5497y 59531) 5542 756012 60722
;CEA'S'Q"GD] 51.9(4.0) 54.9(3.1] 56.0(1.9) 59.8(4_0) 75.2(2_5) 59.4(2_0)
64 SGS[G}I;FF 68.7(1_7) 77.3({]_!]] 72.8(22} 68.9{25) 82.8{12) 69.2{1_;{]
K(SaD) 6045y 65516 67316 665425 719245 6647
Adam-FT 67.9(1_0) 76.9“.4] 74.2(3.-2} 67.3{2‘7) 80.9(1_2) 69.8(0_(;]

K:tSig"_'GD} 60.8(1.7) 64.](2.3] 65.4(1.7) 63.8(1_3) 17423 63.74.4
K“‘_SIEHGD' 58.5(17) 668(11) 665(11} 638(22) 773(2()) 661(1;)

(b) Sentence-pair tasks

Table 2. Prompt-based FT and prompt-based eNTK performance with different formulas on the LM-BFF test set (Gao et al., 2021). The
kernel analog performs comparably to FT on many tasks but fails if the prompt is poorly designed (i.e., MPQA, TREC, SNLI, and MNLI).
Performance is measure by average test accuracy over 5 k-shot splits for all tasks except MRPC and QQP, where it is F1.



