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Machine Learning &
Deep Learning for

e Consistently better than other baselines that prepend visual
tokens to the input layer and use adapters or prompt tuning
e More data-efficient
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Performance Generalist ; 1 t\ﬂ del (LM) )
Generalist “enough” Multimodal : anguage viode |
Multimodal Moge_ls___ —_— Models SRR . ' : Method VQA v2 GQA COCO
/‘ FIamingo,PaLI : Perceptual Encoder (E) : : : Val  Test Val  Test B@4 CIDEr . ‘
H to build list PaLM-E . 9 | : . Transformer Block : PromptFuse [*/] 34.1 - - - - - T
OW O UI genera Is / \’ ! Transformer Block ' : ' ’ B B romptFuse™ [56] 12% (512) 20.
. / : u ' BrimpEer 34.1 335 30.81 294 eP-ALM 0.12% (512) 35.54
multimodal models? Hypothesis 2/ Kosmos, / | | | T 1 1 | Bpromptiuse 404  39.5 33.74 31.51 15.05 48.26 ;
f CoCa s | . . . . D ; i >. D I:l _‘ : Bymacma 322 31.8 30.98 28.93 = = e g g L
f = S | ' | o : eP-ALM,,¢ 488 478 438 403 2752 91.92 “shesroTm ot -
0 . | . MAGM A o (4. 34.
e Hypothesis 1: scaling / P %628 ' - i Linear | o . ¢P-ALM 507 502 450 404 2947 97.22
eP-ALM _ 108 7B | | Connection (C): i | eP-ALM,,-L. 5490 5490  47.19 43.0 3335 113.0
parameters, data and compute e - | e ©: L : & |
. . . ? " Hypothesis 1 | Tnsfomer Bock | || | Single, Multiple, | Transformer Block | Q: what color is the bear?
® HypotheS|s 2: efficient adaptatlon / LimBEr // | : .(AS. Shared | | Ma " Data Effic A: black and blue (/)
: : PromptFus l : | aln resuits dlda ICleNnC
of Iarge unlmodal-pretralned // s o Trainable parameters | . . l . I:I | | ' D D | y
7 Training data size ' : '
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Token Prompt . ]
D . Textual ¢ VIdeO_Tex.t taSks' Method Training data Train. Param. (%) OE Gen MSRVTT-QA MSVD-QA
... D N R 0909090909 e A . toey JustAsk [95] ActivityNet-QA 89.6% X 27 :
Summal’y Of the WOr k- efficient ("ﬁ Trained Frozen JustAsk [95] HowToVQA69M 89.6% X 2.9 75
. . L : LAVENDER [5] WebVid2.5M+CC3M 100% X 4.5 11.6
adaptation (linear projection) of frozen, A e Better zero-shot MERLOT Reserve [100]  YT-Teruporal. 1B 100% $ M -

- - Imaae or Audio or Video Text generalzation on VideoQA  FrozenBiLM ' [96] 400M-CLIP + VQA v2 2.9% X 6.9 12.6
pretrained, unimodal models (OPT and - (and Image VQA) Flamingo 3B [2] M3W+ALIGN+VTP 40% / 11.0 27.5
VIiT) to solve multimodal tasks (VQA, eP-ALM VQA v2 0.9% / 13.17 24.82

C : . eP-ALM 1 VQA v2 0.9% v/ 14.54 27.09
Captioning) across image, video and
. . . Proposed approach:
audio modalities : =
| R | e Model.
e Trainable parameters < 0.06% g o Language Model: OPT (2.7B) ¢ Image/Video/Audio-text
¢ No multimodal pretrainin ' - \/iT- ' _ tasks:
p g Question: “are eit1her of the players 0 l.in”??tOdal fg?rogers (;/IT Btase (ImageNet), TImeSfO rmer B Dataset (Metric) SoTA (£5) eP-ALM (FT) SoTA (FT)
wearing orange socks ? ( Ine |CS), - (aU |OSEe ) ® COmpanSOn W|th | AudioCaps (CIDEI‘) _ @ 66.7 (Liu et al. [“ ])
o Adaptation parameters: SoTA that trained with MSRVTT-QA (Acc) 17.4 (Flamingo80B [2]) 36.7 44.1 (OmniVL [88])
m Cross-Modal Connection: linear projection of the large number of gg&"g ];EII))E” R 15(;)—770 6;’4;“@‘:&?{{"’31))
. . . . . . ’ i i ini arameters and most ; P SR ' :
Direct Finetuning (eP-ALM) Pretrain-Zeroshot (e.g. LIimBEr, Flamingo) encoders’ last layers visual/audio [CLS] tokens injected P . VQAV2 (Acc) 56.3 (Flamingo80B [2]) 53.3 84.3 (PaLI[14])
in the OPT’s last layers often with large-scale GQA (Acc) 29.3 (FewVLM [43]) 42.7 60.8 (VL-T5 [17])
Efficient to train Costly pretraining m Soft Prompt. 10 learnable tokens prepended to the text pretraining
Generally better performance Limited performance, saturation with FS |ICL input E i —
Easy to adapt to new tasks/datasets Finetuning is needed for "new” datasets/tasks _ . Code
Efficient to adapt to new LLMs Pretraining is needed for a new LLM e Data: target dataset (e.g. COCO, VQAvZ, AudioCaps, k- - "'I' Il"' p e
Task-specific finetuning One training for many tasks MSR-VTT)

https://github.com/mshukor/eP-ALM
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e Training: training only adaptation parameters for few epochs



https://github.com/mshukor/eP-ALM

