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[ Background - Vision-Language models (VLMs)

» A vision—language model learn a joint representation of vision and language.

(1) Contrastive pre-training (2) Create dataset classifier from label text
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VLMs learn broad visual concepts from web-scale image—text pretraining and can do strong zero-shot transfer.
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/[ Background — VLMs Fine-tuning benetits

» Despite VLMs has strong zero-shot ability, still require fine-tuning for downstream tasks to get best performance.

Caltech101 Prompt Accuracy Flowers102 Prompt Accuracy
a [CLASS]. 82.68 -t a photo of a [CLASS]. 60.86
a photo of [CLASS]. 80.81 a flower photo of a [CLASS]. 65.81
a photo of a [CLASS]. 86.29 a photo of a [CLASS), a type of flower. 66.14
[V]1 [V]z ... [V]w [CLASS]. 91.83 [V]: V]2 ... [V]n [CLASS]. 94.51
(a) (b)
Describable Textures (DTD) Prompt Accuracy EuroSAT Prompt Accuracy
a2 QOTIERE 5 Dhoto of a [CLASS). 39.83 a photo of a [CLASS). 24.17
a photo of a [CLASS] texture. 40.25 a satellite photo of [CLASS). 37.46
[CLASS] texture. 42.32 a centered satellite photo of [CLASS]. 37.56
[V]1 [V]z ... [V]m [CLASS]. 63.58 [V]: [V]z ... [V]m [CLASS]. 83.53

(c) (d)

In practice, VLM fine-tuning often falls into two broad families: parameter-efficient tuning (PEFT, e.g., prompts/
adapters) and robust fine-tuning.




Background — VLMs fine-tuning methods and weaknesses

PEFT (prompts / adapters)
Training small modules only
Best for few-shot dataset

Pros efficient, strong in-domain gains

However, both routes can still hurt zero-shot generalization (catastrophic forgetting)
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CoOp (7/11)
ProGrad (9/11)
KgCoOp (4/11)
DePT (4/11)
VPT (5/11)
PromptSRC (3/11)
MaPLe (3/11)
TCP (2/11)
~~ MMA (5/11)
meose KgCoOp+MERGETUNE (1/11)
wesme MMA+MERGETUNE (1/11)
X  Worse than CLIP

Robust fine-tuning (ensembling / soups / merging)
combine pretrained + tuned models
Best for many-shot / domain generalization
Pros better robustness & out-of-domain

Distribution shifts

Method Imagenet V2 S A R ObjectNet Avg-D
Zero-shot (CLIP) 68.34| | 61.90 4827 50.12 77.60 5423 | | 58.42
Linear Probing cver 22) 70.02 4699 4648 71.16  52.28
+ Weight ens. cver22)  79.80 | 70.45 4841 4789 73.00  53.07 | 58.56 :1.17)
+ VRF (NeurlPs 24) 79.84 | 7036 48.67 48.08 7387 5336 | 58.87 (+1.48)
+ TIES (NeurTPs 23) 7975 | 70.33 4825 4832 7378  53.13 | 58.76 (+137)
+ DARE (cvr 24) 79.14 | 7026 48.14 4774 73.11  53.01 58.45 (+1.06)
+ MERGETUNE 79.96 | 70.22 4947 4921 7598 5343 | 59.66 (+:2.27)
+ Weight ens. 79.88 | 7027 50.14 5004 76.69  54.01 60.23 (+2.54)
E2E-FT (cvrr22) 81.31 | 70.61 45.12 3662 6563  50.51 53.70
+ Weight ens. cver22) 8251 | 73.11 51.62 4761 7513 5571 | 60.64 (694)
+ VRF (Neurps 24) 82.32 | 7212 5293 4841 7872  56.41 61.72 (+2.02)
+ TIES (NeurTPs 23) 8227 | 7284 51.67 4781 7448 5487 | 60.33 (663
+ DARE (cy 24) 81.09 | 7021 4579 3555 6523  50.13 53.38 (032)
+ MERGETUNE 82.26 | 7298 5276 51.61 7801 = 5622 | 62.29 4859
+ Weight ens. 82.18 | 7321 53.10 52.68 78.68  56.84 | 62.90 (+9.20)
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/[ Motivation

» High-level goal: forgetting often unavoidable, so we trying to restore forgotten knowledge after the model has
been fine-tuned.

» Straightforward approach: reuse the pretrained model, for example, naive merging (e.g., weight averaging /
interpolation) between pretrained and fine-tuned models.

» Challenge: pretrained and fine-tuned models can be far apart in weight space.

» Idea: find a continued model has mode-connected that connect both pretrained endpoints and fine-tuned endpoints.

Before MERGETUNE Trainin During MERGETUNE Training After MERGETUNE Training
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[ Methods - Preliminaries

» Mode connectivity:
When two models are trained on the same task with the loss £(-) but differ in initialisation or training trajectory, they
converge to different solutions @, w2 that both achieve low loss, can merge them through weight averaging:

w = vy(a) = (1 — ), + oy, ac]l0,1].
The linear interpolation can sometimes yield a model with performance comparable to its endpoints w1, w; :
L(v(e)) =0,

Empirical studies have shown that seemingly distinct optima discovered by independent training runs can be linked by continuous low-loss paths
in parameter space. This indicates that neural network solutions are not totally isolated minima but could lie in connected valleys of the loss
landscape. Mode connectivity thus provides a theoretical basis for why interpolation between models can preserve low loss.
» Mode connectivity of different tasks:
Model merging can be extended to integrate knowledge from different but related tasks, the goal is to find a merged
solution w that preserves performance on both tasks. Given two models w@; and w2 rained with task losses £; and £, ,
one can seek a new model w whose interpolation paths @, and -
'3/1(05) = —I—CE(“LU—’LEJI), ’YQ(Q) :@2+Q(w_1&2)? a < [0: 1]:
satisfy
Li(n1(a)) =0, La(v2(a)) = 0.

Throughout the interpolation, model w maintains two smooth, low-loss connections to both endpoints, ensuring that knowledge from both tasks is
preserved in the single w
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[ Methods - Linear mode connectivity as an objective.

Given a zero-shot checkpoint @, (e.g., CLIP) and a downstream fine-tuned checkpoint w2 (e.g., CoOp), we seek a
continued solution w that integrates both. We require w to remain linearly connected to both w; and @, via low-loss
interpolations. This leads to the objective:

w = argmin Eqy/0,1 [cl(wl +aw — 1)) + Lao(ds + alw — @2))] ,

where £, and £, are the pretraining and downstream training losses for the zero-shot and finetuned models, and a 1s
the interpolation coefficient uniformly sampled from [0, 1].

Our hypothesis is that if a model can be linearly connected to another solution through a consistently low-loss path, it can inherit and preserve the
knowledge of that solution.

Challenge: Before MERGETUNE Training During MERGETUNE Training : After MERGETUNE Training
The direct implement of linear mode o j fepoch | e v uE
. . . . \ »
connectivity requires the computation of 5 K/ |
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o ! fa=0.25] fepoch_t3 7 fepoch ¢ =079 | | |4
However, £, depends on the pretraining % g
data (e.g., CLIP’s web-scale corpus), which P e
. . . . | /
1s often 1naccessible and computationally ke J k T J u

prohibitive to replay.
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[ Methods - Second-order surrogate loss

Propose a second-order surrogate loss to approximate the computation of Task 1 loss term in a replay-free manner.
Specifically, approximate the Task 1 interpolation term using a second-order Taylor expansion:

Ly () + a(w — 1)) &~ Ly(id1) + aVLy (1) T (w —dy) + & (w — @) T Hy(w — by),

We adopt two assumptions: VL () =~ 0, asw; lies near a local optimum for Task 1.

H, ~ pl assuming isotropic curvature for tractability following common practices.

2
simplifies to ~ L1(d1 + a(w — 1)) & L1(d1) + L5 ||w — @ ||
£.(é1) is a constant value, 2~ can be represented by L. The surrogate regulairiser can be formulated as:

Rraski = A||w — 1]

Final replay-free objective

L(w) = Lo(w) + A||w — ﬁ)l||2 + 5anu[0,1)£2('zf)2 + a(w — W3))
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[ Methods — Training strategy

Our framework makes no limitation on which parameters are trainable, allowing it to be applied broadly.
We optimise w under the same training configurations as the base method

v" In prompt-based methods such as CoOp and KgCoOp, w = T(p) corresponds to the classifier weights derived
from learnable prompts p, and T (-) 1s the text encoder.

v' In adapter-based methods such as MMA, w = T(p;6) includes fixed prompts and trainable multimodal adapters 6.

v" In many-shot regimes, w can represent the linear classification head (linear probing) or the entire model
parameters (end-to-end fine-tuning).

This flexibility allows our continued fine-tuning approach to act as a general post hoc enhancement, seamlessly integrating with diverse CLIP
adaptation strategies.
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Table 2: Cross-dataset gen

Table 1: Base-to-novel generalisation experiments on 11 datasets. Our method achieves consistent average per-
formance improvement over different baselines. t: Using large language model or teacher model’s knowledge.

tly evaluated on other

[ ]
] Average ImageNet Caltech101 OxfordPets ]
E Xp erlm e nts tasets . Avg-c = avcragc Method Base Novel HM | Base Novel HM | Base Novel HM | Base Novel HM Xtemal UWIEdgC.
CLIP noun 6934 7422 7170 | 7243 6814 7022 | 9684 09400 9540 | 9117 97.26 94.12
CoOp 8269 6322 7166 | 7647 6788 7192 | 9800 8981 9373 | 9367 9529 0447
KeCoOp 8073 7361 7701 | 7583 6996 7278 | 9772 9439 9603 | 9465 97.76 9618
MaPLe §228 7514 7855 | 7666 7054 7347 | 9774 0436 9602 | 9543 9776 0658
Table 3: Domain generalisation results on ImageNet and four PMMA o b 760 Tom7 | 7781 7000 7402 | 9540 0400 9615 | 9540 k07 o672
distribution shifts. Avg-D = average over domain-shifted _g?’ ol L e mm v e Tk T | ke o o] s awor enrs & -
. . 0 O] t 1CCV 25) X L - (+2.99) . . . . R . 3 B !
datasets. MMA* is our reproduction. 5 PromptkD + ATPrompt’ wecvzs §105 S182 8435 o | 8090 7483 7175 | 9690 %632 9770 | 9692 o827 b ¥ ) <
y CoOp + TIES (e 6695 6571 6632(sm | 7009 6165 6560 | 9363 9134 9250 | 00.12 9513 9256 i 43 .
0?9 (éc%% +DARE 10y 20 TS0 G891 T059(um | 7435 643 6893|9636 OLIL 9367 %4l %633 9ass Q)O _«f‘ﬁ
00p + MERGETUNE 1 7397 7724 w558 | 75.96 91 7281 791 65 .25 X 7.7 .
Method ImageNet -V2 -8 -A -R Avg-D Method Kg(é(;gp TRy —— 73.02 75.29 7§.56 ) 7;.03 gg.og 70.9; g?g 3.43 35 3-3, gggg ga.gl gi.zg T
K; DARE o 24) 78.1 7241 7517 1z | 75.1 7. 717! 7. 47 5. . 7.37 .
CoOp mcv 22) 71.51 64.20 4799 4971 7521 59.28 CLIP qcmi 21y 93.30 Ki-c(;oi: MERGETUNE  BLSS 7446 71980 | 7649 6935 7275 | 9787 9491 9637 | 9532 9776 9653 30 67.60 65.24
+TIES (NeurIPS 23) 62.84 56.26 41.14 44.65 7T0.77 53.20 (-6.08) - MMA + TIES (veur 7039 6846 6941 cwas | 7316 6648 69.66 | 9536 9223 9377 [ 9124 9311 9217
TCML 2 c 25 6952 7181cio | 7417 6676 7027 | 9495 0249 9370 | 9052 9553 9296
+DARE (ICML 24) 69.02  6L75 45.87 49.10 73.85 5?‘64_r‘ ]54} CDDP (LICV 22) 9370 MVIA + MeReeT §127 7694 8044 ioen | 7768 1063 7400 | 9832 9465 9645 | 9575 9810 9691 39 66.55 63.88
+MERGETUNE 71.68 6456 48.67 50.74 76.61 60.15 (+0.87) - - — - -
i : PromptKD' + TIES cewrs 25, 8203 7716  79.52(12n | 76.12 6932 7256 | 97.61 949 9624 | 9523 9613 9568 X
[P +TTIES (NeurlpPs 23 ] 9331 PromptKD' + DARE (cvi 2 8476 7965 821316 | 7829 7254 7531 | 98.12 96.19 97.15 | 95.56 98.00 9676 22 65.24 63.80 (-0.08)
KgCoOp (CVPR 22) 70.66  64.10 48.97 50.69 76.70 60.11 PromptKD' + MERGETUNE 8723 8117  84.09 cose) | 80.89 7488 7777 | 9893 9664 97.77 | 9663 98.34 9748
+TIES (NeuwrIPs 23) 6777 6147 4636 49.86 7591 58.40 (171 +DARE (oML 24y 89.67 65 64.68 61.67 (221
+DARE (1CML 24) 69.67 62.89 47.69 50.33 76.15 59.27 (-0.84) . - . StanfordCars Flowers102 Food101 FGVCAircraft
+MERGETUNE 71.80 64.70 49.10 51.01 77.02 60.46 (+0.35) +MbRGbT UNE 9396 Method Base Novel HM | Base Novel HM | Base Novel HM | Base Novel HM 12 68'71 65‘80 (+1.92)
MMA® (CVER 26 7043 6387 4334 4991 7729 998 KgCoOp (cvrr22) 93.92 CoOp v J12 6040 6813|9760 067 7406 | 833 8226 3510 | 4044 230 2873 04 68.50 65.51
+ (NeurIP$ 23) . . . . . 20 (-578 KgCoOp (cvrr 22 7176 7504 7336 | 9500 7473 8365 | 9050 9170 9110 | 3621 3355 3483
( L--\‘ § 14 ( X +TIES (NeuriPs 23) 91.94 MaPLe 1o o 7294 7400 7347 | 9592 7246 8256 | 90.71 9205 9138 | 3744 3561 3650 36 65.74 63.55 (-1.96)
+DARE (cML 24 68.35 58.67 44.75 47.26 7426 56.24 (:374) PromptSRC (ccv 23 7827 7497 7658 | 98.07 7650 8595 | 90.67 9153 91.10 | 4273 37.87 40.15
+MERGETUNE 71.11 6441 49.26 5043 7751 60.40(+0.42) +DARE qowmr 24y 03.66 MMA cors 2 7850 7310 7570 | 9777 7593 8548 [ 9013 9130 9071 | 4057 3633 3833 38 66.06 64.55 098
Promp®Df gaiRzg 72 6077 SBT2 7036 8701 7147 +MERGETUNE 94.24 I R 41 7042 66.53 (+1.02)
+ (NeurIPS 23) . . . . ) .60 (-3.87 CoOp + ATPrompt! accvas) 7743 6655 7158 | 9744 67.52 79.77 | 88.74 8744 88.09 | 4038 2722 3252
+DARE ¢ ,:-m_ 24) 76.14 6894 56.89 69.36 B86.67 70.47( ]_lmj MMA* (cVER 24 93.80 Prumptg(];+ATPrupr}\pﬂ icovos 8251 8403 8326 | 99.15 8203 8978 | 9248 9386 9322 | 4963 4235 4570 70 68.82 65.41
CoOp + TIES (veurps 22 5794 6342 60.56 | 73.60 6541 69.27 | 88.42 $7.64 S8.02 | 3029 28.83 29.54
.. . L. . . CoOp + DARE 10y 24 6782 6162 64.57 | 90.88 6373 74.92 | 87.78 8722 8750 | 3441 2825 31.03 69 64.13 61.13 (428
Table 4: ID-OOD generaisation accuracy of various methods on ImageNet and distribution shif CoOp+ MERGETUNE 7194  75.12 7349 | 9532 7430 835L | 9056 9175 9115 | 3617 3435 3524 )
- . . . . . KgCoOp + TIES (vewrips2s) 6579 7417 6973 | 7426 7253 7339 | 9025 9158 9091 | 3081 2897 29.86 g9 65.35 62.28 (-3.13)
ViT-B/16 in the robust ﬁne-tunlng evaluation. AVg-D = average over domain-shifted datasets. KgCoOp + DARE (1cut 24) 6784 7302 7033 | 8702 7288 7933 | 9044 9160 9102 | 3349 3037 3185
KgCoOp + MERGETUNE 7321 7514 7417 | 9649 7468 84.20 | 9051 91.83 9L17 |37.09 3511 3607 16 69.23  66.30 (+059)
MMA + TIES (curtes 23 6072 7012 6508 | 7346 7074 72.07 | 88.79 $9.83 8931 | 2927 2806 28.65
MMA + DARE (031 ¢ 6482 7152 6801 | 77.15 7095 7392 | 89.85 8761 8872 | 3035 2823 2925
Method I Distribution shifts Ave-D MMA + MERGETUNE 81.24 7230 7651 | 98.04 7633 8583 | 90.77 9157 9117 | 4286 3601 39.14 74 76.39 71.33
ctho magenet V2 S A R Obi VE- PromptKD' + TIES ceurs 25 75.13 7699 7605 | 9453 7922 8620 | 90.96 9210 9153 | 4368 3875 41.07 68 7254 67.86 )
- - - - JCC‘"NC[ PromptKD! + DARE (cvi2s)  80.13 8195 81.03 | 97.73 8093 8854 | 91.57 9328 9242 | 4696 40.79 43.66 " ) (-347)
Pmml;:mfi MERGETUNE 8298 8390 8344 | 99.30 8267 9023 | 9245 9391 93.17 | 4982 4231 4576 08T
Zero-shot (CLIP) 6834 | 6190 4827 50.12 77.60  54.23 58.42 : <33 (057)
. . . . . . . qe
. S et SUN397 DTD EuroSAT UCFlo1 94  T77.12 T71.68 (+0.35
Linear Probing (cver 22) 79.79 70.02 4699 4648 71.16 52.28 57.39 Base Novel HM | Base Novel HM | Base Nowel HM | Base Novel HM
+Weightens. cveez) 7980 | 7045 4841 4789 7300  S3.07 | 5856117 N e I ] Er ] e
+ VRF (eurtps 24) 79.84 | 70.36 48.67 4808 73.87 5336 | 58.87 i4p Coliypcm BT Tese Tew|TIOl o0 eiEs| @ eoot 7ial|mn B Tl
. ; MaPLe (cver 2s) 8082 7870 7975 | 80.36 50.18 68.16 | 94.07 73.
+ TIES (Neurlps 23) 79.75 7033 48.25 4832 7378 53.13 58.76 (+1.37) e S082 7870 7075 8036 s0l8 chle | 9407 73, .
+ DARE qcvi 24, 7914 | 7026 4814 4774 7311 5301 | 58.45 (106 e By ny wx ww o pw se o FeW-shot setting —
+ MERGETUNE 7996 | 7022 4947 4921 7598 5343 | 59.66 (227 Gt oo 06 0 80 B e nm 0w . L.
+ Weight ens. 79.88 | 7027 50.14 50.04 76.69 5401 | 60.23 234 oo Rl L Bow ot o ww e anou o Base-to-novel generallzatlon
PromptKD + ATPrompt! (ccvos, 83.87 8135 8259 | 8692 7234 7896 | 97.05 92
E2E-FT (cveR 22 81.31 7061 45.12 36.62 65.63 50.51 53.70 (C:ogp+TIES\.\-;.u.v\;~ 6241 6299 6270 | 5733 4187 48.40 | 50.17 69. C . .
A 4 . . . . . - . '00p + DARE (1124 7033 6301 6647 | 7249 47.02 57.04 | 6971 65. ross- ataset enera lzatlon
+ Weight ens. (cvpr 22) 82.51 73.11 51.62 4761 75.13 55.71 60.64 (+6.94) CoOp + MERGETUNE 8037 7619 7822 | 7851 5684 6593 | 8515 64 g
KgCoOp + TIES vewrivs2s) 7305 7388 7346 | 60.77 5354 56.93 | 68.66 65.
+ VREF (Neurlps 24) 82.32 72.12 5293 4841 78.72 56.41 61.72 (+8.02) KiCuogiDARE 1ML 24) 7747 7481 7612 | 7246 5419 6201 | 84.48 63, Domain eneralization
KgCoOp + MERGETUNE 8053 7728 7887 | 7990 5733 6675 | 89.56 67 g
+ TIES (NeurtPs 23 8227 | 7284 5167 4781 7448 5487 | 60.33 e gCo0p MinarTow 0537728 89 | 950 w153 _rs |56
"ML 2 -0.32) g 20 B mel 0| 6Tes 03 ST | T 64
+ DARE (oML 24 81.09 7021 4579 3555 6523 50.13 53.38 (-032) MMA + DARE acu 2 743 261 T202 | 6165 SO37 5174|7142 64
+ MERGETUNE 82.26 7298 5276 51.61 78.01 56.22 62.29 (48.59) : g
- romptKD' + TIES (vewrs2y  79.11 7649 77.78 | 78.86 6593 7182 | 88.64 8L o o
+ Weight ens. 8218 | 7321 5310 5268 78.68  56.84 | 62.90 (920 rompint coase s wes w0 | no o | 2w [D=00D generalisation
PromptKD' + MERGETUNE ~ 83.92 8149 8269 | 8677 7210 7876 | 97.81 83,




	Slide 1
	Slide 2: Contents
	Slide 3
	Slide 4
	Slide 5
	Slide 6: Contents
	Slide 7
	Slide 8: Contents
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13: Contents
	Slide 14

