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Zero-Shot and Few-Shot Video Question Answering with Multi-Modal Prompts

Recent vision-language models are driven by large-scale pretrained models. However, adapting pretrained models on limited data presents challenges such as overfitting, catastrophic forgetting, and the cross-modal gap between vision and language. We introduce a parameter-efficient method to address these challenges, combining multimodal prompt learning and a transformer-based mapping network, while keeping the pretrained models frozen. Our experiments on several video question answering benchmarks demonstrate the superiority of our approach in terms of performance and parameter efficiency on both zero-shot and few-shot settings. Our code is available at https: //engindeniz.github.io/vitis.

Introduction

Recent vision-language models have shown remarkable progress, driven by transformer-based large-scale pretrained models [START_REF] Dosovitskiy | An image is worth 16x16 words: Transformers for image recognition at scale[END_REF][START_REF] Liu | Video swin transformer[END_REF]9,[START_REF] Liu | RoBERTa: A robustly optimized BERT pretraining approach[END_REF][START_REF] He | DeBERTa: Decoding-enhanced bert with disentangled attention[END_REF][START_REF] Radford | Language models are unsupervised multitask learners[END_REF][START_REF] Radford | Learning transferable visual models from natural language supervision[END_REF]. These models have been incorporated into video understanding methods, including video question answering (VideoQA), through multimodal fusion on large-scale multimodal datasets [41,3,[START_REF] Zellers | MER-LOT: Multimodal neural script knowledge models[END_REF]. However, adapting pretrained models to videolanguage tasks on limited data is challenging. This is because of the gap between the visual and language modalities and, more importantly, because finetuning the entire model on limited data can lead to overfitting and forgetting previously acquired knowledge.

To address the gap between modalities, transformerbased mapping networks have been employed between frozen vision and language models [START_REF] Mokady | Clip-Cap: CLIP prefix for image captioning[END_REF][START_REF] Han | AutoAD: Movie description in context[END_REF][START_REF] Alayrac | Flamingo: a visual language model for few-shot learning[END_REF]. These networks map visual features to an appropriate embedding space before they are given as input to the language models. To address overfitting, parameter-efficient adaptation methods have been explored, e.g., prompt learning [START_REF] Xiang | Prefix-Tuning: Optimizing continuous prompts for generation[END_REF][START_REF] Liu | GPT understands, too[END_REF][START_REF] Liu | P-tuning: Prompt tuning can be comparable to fine-tuning across scales and tasks[END_REF] and adapter layers [START_REF] Houlsby | Parameter-efficient transfer learning for NLP[END_REF] on frozen pretrained models. These approaches preserve the generalization of large-scale models while reducing the number of trainable parameters.

In this work, we investigate the adaptation of large-scale visual-language models to VideoQA under scarcity of training data. Inspired by FrozenBiLM [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF], we incorporate visual inputs to a frozen language model using lightweight learnable adapter layers. Beyond that, we introduce a novel visual mapping network that summarizes the video input while allowing for temporal interaction, inspired by [START_REF] Mokady | Clip-Cap: CLIP prefix for image captioning[END_REF][START_REF] Jaegle | Perceiver: General perception with iterative attention[END_REF]. In addition, we introduce multimodal prompt learning, which diminishes the number of stored parameters when finetuning in the few-shot setting. We call our model VideoQA with Multi-Modal Prompts (ViTiS).

We pretrain trainable parameters of ViTiS, i.e. visual mapping network, adapter layers, visual and text prompts, under the masked language modeling (MLM) objective on video-text pairs collected from the web, while the vision and language models are kept frozen. We evaluate ViTiS in the zero-shot and few-shot settings. For the latter, we finetune the model on downstream VideoQA tasks, using two approaches: (i) fine-tuning all trainable parameters, which are 8% of the total model parameters, (ii) fine-tuning only the prompts, which are 0.8% of all trainable parameters and a mere 0.06% of the total model parameters.

Our extensive experimental results on multiple openended VideoQA datasets demonstrate that ViTiS outperforms prior methods while requiring fine-tuning of only a few parameters for each dataset in few-shot settings. In addition, our visual mapping network contributes to better alignment and understanding of multimodal inputs, improving performance in both zero-shot and few-shot settings.

Our contributions can be summarized as follows:

1. We introduce multimodal prompt learning to few-shot VideoQA for the first time, fine-tuning as low as 0.06% of model parameters on downstream tasks. 2. We introduce a visual mapping network to VideoQA, mapping video input to the text embedding space, while supporting temporal interaction. 3. We experimentally demonstrate the strong performance of ViTiS on multiple VideoQA datasets in both zero-shot and few-shot settings.

Related Work

Video question answering Recent advances in visionlanguage models benefit from pretrained foundation models, including vision-only [START_REF] Dosovitskiy | An image is worth 16x16 words: Transformers for image recognition at scale[END_REF][START_REF] Liu | Video swin transformer[END_REF] language-only [9, [START_REF] Liu | RoBERTa: A robustly optimized BERT pretraining approach[END_REF][START_REF] He | DeBERTa: Decoding-enhanced bert with disentangled attention[END_REF][START_REF] Radford | Language models are unsupervised multitask learners[END_REF] and vision-language [START_REF] Radford | Learning transferable visual models from natural language supervision[END_REF]. Recent video understanding methods, including VideoQA, incorporate these models by leveraging large-scale multimodal data [41, 3, 60] with different pretraining objectives, e.g., masked language modeling, masked image modeling, or predicting the next word, to perform single or multiple vision-language tasks [START_REF] Sun | VideoBERT: A joint model for video and language representation learning[END_REF][START_REF] Li | HERO: Hierarchical encoder for video+ language omni-representation pre-training[END_REF][START_REF] Lei | Less is more: Clipbert for video-and-language learning via sparse sampling[END_REF][START_REF] Fu | Violet: End-to-end video-language transformers with masked visual-token modeling[END_REF][START_REF] Yang | Just ask: Learning to answer questions from millions of narrated videos[END_REF][START_REF] Zellers | MER-LOT: Multimodal neural script knowledge models[END_REF][START_REF] Li | Align and prompt: Video-and-language pre-training with entity prompts[END_REF][START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF][START_REF] Alayrac | Flamingo: a visual language model for few-shot learning[END_REF][START_REF] Zellers | MERLOT Reserve: Neural script knowledge through vision and language and sound[END_REF][START_REF] Cheng | VindLU: A recipe for effective video-and-language pretraining[END_REF][START_REF] Jinpeng | All in one: Exploring unified video-language pre-training[END_REF][START_REF] Li | Lavender: Unifying videolanguage understanding as masked language modeling[END_REF][START_REF] Huang | Clover: Towards a unified video-language alignment and fusion model[END_REF][START_REF] Fu | An empirical study of end-to-end video-language transformers with masked visual modeling[END_REF].

Adapting pretrained vision-language models to downstream tasks relies on fully supervised fine-tuning on VideoQA datasets in general [START_REF] Tapaswi | MovieQA: Understanding stories in movies through question-answering[END_REF][START_REF] Xu | Video question answering via gradually refined attention over appearance and motion[END_REF][START_REF] Jang | Tgif-QA: Toward spatio-temporal reasoning in visual question answering[END_REF]29,[START_REF] Yu | Activitynet-QA: A dataset for understanding complex web videos via question answering[END_REF][START_REF] Li | HERO: Hierarchical encoder for video+ language omni-representation pre-training[END_REF][START_REF] Garcia | KnowIT VQA: Answering knowledge-based questions about videos[END_REF]. Few recent works address the challenge of limited data by focusing on zero-shot [START_REF] Yang | Just ask: Learning to answer questions from millions of narrated videos[END_REF][START_REF] Yang | Learning to answer visual questions from web videos[END_REF][START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF][START_REF] Alayrac | Flamingo: a visual language model for few-shot learning[END_REF][START_REF] Zellers | MERLOT Reserve: Neural script knowledge through vision and language and sound[END_REF][START_REF] Li | BLIP: Bootstrapping language-image pre-training for unified vision-language understanding and generation[END_REF][START_REF] Li | Lavender: Unifying videolanguage understanding as masked language modeling[END_REF] and fewshot [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF][START_REF] Alayrac | Flamingo: a visual language model for few-shot learning[END_REF] open-ended VideoQA tasks. Our work is similar to [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF] in leveraging a frozen video encoder and language model with adapter layers. Beyond that, we introduce a transformer-based visual mapping network between the two models, allowing for temporal interaction. In addition, we incorporate multimodal prompt learning, allowing for efficient fine-tuning in few-shot settings.

Parameter-efficient training

As the size of large-scale pretrained models grows, adapting them efficiently on limited data without overfitting in an emerging research problem. A common solution is adapters, introduced by [START_REF] Houlsby | Parameter-efficient transfer learning for NLP[END_REF] and employed for vision-language tasks [START_REF] Eichenberg | MAGMAmultimodal augmentation of generative models through adapter-based finetuning[END_REF][START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF][START_REF] Sung | Vl-adapter: Parameter-efficient transfer learning for vision-and-language tasks[END_REF].

Another common solution is prompting, referring to inserting tokens to the input to guide pretrained models on downstream tasks. Prompts can be handcrafted (discrete) [START_REF] Brown | Language models are few-shot learners[END_REF] or learned (continuous vectors) [START_REF] Xiang | Prefix-Tuning: Optimizing continuous prompts for generation[END_REF]. Pretrained language models demonstrate remarkable generalization to zero-shot settings with handcrafted prompts [START_REF] Brown | Language models are few-shot learners[END_REF]. Prompt learning is introduced initially in natural language processing tasks [START_REF] Xiang | Prefix-Tuning: Optimizing continuous prompts for generation[END_REF][START_REF] Lester | The power of scale for parameter-efficient prompt tuning[END_REF][START_REF] Liu | GPT understands, too[END_REF][START_REF] Liu | P-tuning: Prompt tuning can be comparable to fine-tuning across scales and tasks[END_REF]43,[START_REF] Karimi Mahabadi | PERFECT: prompt-free and efficient few-shot learning with language models[END_REF] and subsequently adopted in vision [START_REF] Jia | Visual prompt tuning[END_REF][START_REF] Bahng | Exploring visual prompts for adapting largescale models[END_REF] and vision-language models. In the latter case, prompts are introduced to text encoders [START_REF] Zhou | Learning to prompt for vision-language models[END_REF][START_REF] Zhou | Conditional prompt learning for vision-language models[END_REF], or both text and vision encoders [START_REF] Uzair Khattak | MaPLe: Multi-modal prompt learning[END_REF][START_REF] Syed Talal Wasim | Vita-CLIP: Video and text adaptive clip via multimodal prompting[END_REF][START_REF] Lee | Multimodal prompting with missing modalities for visual recognition[END_REF]46], called multimodal. Learnable prompts can be inserted at the input level [START_REF] Xiang | Prefix-Tuning: Optimizing continuous prompts for generation[END_REF] and/or deep layers [START_REF] Liu | P-tuning: Prompt tuning can be comparable to fine-tuning across scales and tasks[END_REF][START_REF] Jia | Visual prompt tuning[END_REF]. Few recent works employ prompt learning for video understanding [23,[START_REF] Zhu | Uni-perceiver: Pretraining unified architecture for generic perception for zeroshot and few-shot tasks[END_REF][START_REF] Sung | Vl-adapter: Parameter-efficient transfer learning for vision-and-language tasks[END_REF] and multimodal prompt learning for video classification [START_REF] Syed Talal Wasim | Vita-CLIP: Video and text adaptive clip via multimodal prompting[END_REF]46]. We introduce multimodal prompt learning to few-shot VideoQA for the first time.

Method

The proposed method, ViTiS , is illustrated in Figure 1(a), consisting of a frozen video encoder, a visual mapping network, a frozen text embedding layer and a frozen language model that includes learnable text prompts and adapter layers. Given an input video X v , represented as a sequence of frames, and a question X q , represented as a sequence of tokens, the problem is to predict an answer X a that is another sequence of tokens. The model takes the concatenated sequence X t = (X q , X a ) as input text. Parts of X t may be masked, for example X a is masked at inference. Video encoder The input video is represented by a sequence of T frames,

X v = (x v 1 , . . . , x v T )
. This sequence is encoded into the frame features

Y v := f v (X v ) = (y v 1 , . . . , y v T ) ∈ R D×T (1) 
by a frozen pretrained video encoder f v , where D is the embedding dimension.

Visual mapping network A visual mapping network f m maps the frame features Y v to the same space as the text embeddings. The mapping is facilitated by a set of M learnable visual prompts P v ∈ R D×M , which are given as input along with Y v , to obtain the video embeddings

Z v := f m (P v , Y v ) ∈ R D×M . (2) 
As shown in Figure 1(c), the architecture of f m is based on Perceiver [START_REF] Jaegle | Perceiver: General perception with iterative attention[END_REF], where the latent array corresponds to our learnable visual prompts P v . It consists of L blocks defined as

Z ℓ := SA ℓ (CA ℓ (Z ℓ-1 , Y v )) ∈ R D×M (3) 
for ℓ = 1, . . . , L, with input Z 0 = P v . Each block ℓ maps the latent vectors Z ℓ-1 first by cross attention CA ℓ with the frame features Y v and then by self attention SA ℓ to obtain Z ℓ . In cross attention, Z ℓ-1 serves as query and Y v as key and value. We thus iteratively extract information from the frame features Y v into the latent vectors, which are initialized by the visual prompts. The output video embeddings are

Z v = Z L ∈ R D×M .
To allow modeling of temporal relations within the video, learnable temporal position embeddings are added to Y v before f m .

Text embedding

The input text is tokenized into a sequence of S tokens, X t = (x t 1 , . . . , x t S ). This sequence is mapped by a frozen text embedding layer f t to the text embedding space,

Z t := f t (X t ) = (z t 1 , . . . , z t S ) ∈ R D×S . (4) 
One or more tokens are masked, in which case they are replaced by a learnable mask token.

Language model We concatenate video and text embeddings into a single input sequence

(Z v , Z t ) ∈ R D×K of length K = M + S.
We then feed this sequence to a transformer-based bidirectional language model f to obtain an output sequence of the same length. Finally, a classifier head g maps the output sequence to logit vectors over a vocabulary U . The logit vectors coresponding to masked tokens are selected to apply the loss function at training or make predictions at inference. Both f and g are pretrained and kept frozen. However, as shown in Figure 1(b), f is adapted by means of learnable deep text prompts and adapters, described next.

f (Z v , Z t ) ∈ R D×K (5) 
Text prompts To reduce the number of fine-tuned parameters at downstream tasks, we introduce attention-level text prompts in self-attention blocks at each layer of the language model, referred to as deep text prompt learning [START_REF] Liu | P-tuning: Prompt tuning can be comparable to fine-tuning across scales and tasks[END_REF]. Given a sequence Z ∈ R D×K of token embeddings as input to a self-attention layer of the language model f , we prepend two sequences of learnable text prompts P K , P V ∈ R N ×D to the key and value respectively:

Q := W Q Z K := [P K W K Z] V := [P V W V Z], (6) 
where W Q , W K , W V ∈ R D×D are the query, key and value projections respectively. The output sequence length does not change since it is determined by the query, where we do not prepend prompts. There is one pair of variables P K , P V for each layer of f , collectively denoted as P t . These variables are either defined as parameters directly or parametrized by means of projections as discussed in the supplementary.

Adapters Following [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF], we add adapter layers to the language model f . Given a sequence Z ∈ R D×K of token embeddings, an adapter layer A maps it through a bottleneck dimension d with a residual connection:

A(Z) := Z + W 2 h(W 1 Z) ∈ R D×K , (7) 
where W 1 ∈ R d×D , W 2 ∈ R D×d , and h is the relu activation function. We insert an adapter module after the self-attention layer and the feed-forward layer, preceding LayerNorm in each layer of f .

Training and inference Our model is trained using the masked language modeling (MLM) objective, where one or more tokens of X t are masked and the corresponding outputs are predicted over a vocabulary U . The parameters of the visual encoder f v , text embedding layer f t , language model f and classifier head g are pretrained and kept frozen. Only the newly introduced parameters, that is, visual prompts P v , visual mapping network f v , text prompts P t and adapter layers, are optimized on video-text pairs. We then fine-tune these parameters or a smaller subset on downstream video question answering tasks, where X t = (X q , X a ) consists of a question-answer pair and masking applies to the X a only. At inference, X a is masked and the corresponding output yields a prediction. MSRVTT-QA [START_REF] Xu | Video question answering via gradually refined attention over appearance and motion[END_REF], MSVD-QA [START_REF] Xu | Video question answering via gradually refined attention over appearance and motion[END_REF], ActivityNet-QA (ANET-QA) [START_REF] Yu | Activitynet-QA: A dataset for understanding complex web videos via question answering[END_REF] and TGIF-FrameQA [START_REF] Jang | Tgif-QA: Toward spatio-temporal reasoning in visual question answering[END_REF]. Following [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF], we use 1% of the training data for few-shot experiments. We give more details in the supplementary.

Experiments

Implementation and metrics

We use CLIP ViT-L/14 [START_REF] Dosovitskiy | An image is worth 16x16 words: Transformers for image recognition at scale[END_REF][START_REF] Radford | Learning transferable visual models from natural language supervision[END_REF] as video encoder and DeBERTa-V2-XLarge [START_REF] He | DeBERTa: Decoding-enhanced bert with disentangled attention[END_REF] as language model. We report top-1 accuracy on public test sets for all downstream tasks, except TGIF-QA where we report on the validation set unless otherwise specified. Our model uses subtitles in the input text. We give more details in the supplementary.

Ablation

We conduct an ablation study in the few-shot setting. We provide additional analysis in the supplementary.

Model design

In Table 1, we analyze the effect of different components in the model design. We observe that changing the baseline from a linear layer to our visual mapping network without adapters increases the performance by a large margin in most datasets (row 1→5). By adding text prompts to any model design (row 1→2, 3→4, 5→6, 7→8), the performance increases for all datasets. The improvement is vast in the absence of adapters.

The model design that includes a linear mapping network and adapter layers (row 3) corresponds to FrozenBiLM [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF] trained on WebVid2M. While using only our visual mapping network and text prompts (row 6) already works better than FrozenBiLM trained on WebVid2M, we further improve performance by incorporating adapter layers: our full model (row 8) achieves the best performance overall.

Results

Zero-shot A comparison with state-of-the-art methods on open-ended zero-shot VideoQA is given in Table 2. We observe an outstanding performance of our method across different VideoQA benchmarks, despite using significantly less pretraining data compared to other methods. Our performance on ActivityNetQA [START_REF] Yu | Activitynet-QA: A dataset for understanding complex web videos via question answering[END_REF] is on par with Frozen-BiLM [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF]. Lavender [START_REF] Li | Lavender: Unifying videolanguage understanding as masked language modeling[END_REF] employs a multi-task training approach, transforming different vision-language tasks into MLM. Reserve [START_REF] Zellers | MERLOT Reserve: Neural script knowledge through vision and language and sound[END_REF] uses GPT-3 [5] to convert questions into masked sentences. Flamingo [START_REF] Alayrac | Flamingo: a visual language model for few-shot learning[END_REF] uses a frozen auto-regressive language model trained on an extreme-scale dataset. By contrast, our method leverages a lighter frozen language model trained on 2.5M video-text pairs.

Few-shot We fine-tune our method on 1% of the training data by following [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF], which introduced the few-shot VideoQA task in this form. Table 3 compares our method with [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF]. We use two strategies, fine-tuning (i) all trainable parameters and (ii) only prompts. The latter works best, consistently outperforming [START_REF] Yang | Zero-shot video question answering via frozen bidirectional language models[END_REF] while diminishing the number of fine-tuned parameters. We also compare with works using in-context learning in the supplementary.

Conclusion

In this work, we explored the adaptation of large-scale pretrained vision and language models for VideoQA under scarcity of data. We introduced multi-modal prompt learning and a visual mapping network to address challenges in such adaptation. Our method consistently outperforms prior works, while requiring minimal parameter fine-tuning in few-shot VideoQA.

  Figure1: (a) ViTiS consists of a frozen video encoder f v , a visual mapping network f m , a frozen text embedding layer f t , a frozen language model f and a frozen classifier head g. Given input video frames X v and text X t , f v extracts frame features and f m maps them to the same space as the text embeddings obtained by f t . Then, f takes the video and text embeddings Z v , Z t as input and predicts the masked input tokens. (b) The language model incorporates learnable text prompts in the key and value of multi-head-attention and adapter layers after each self-attention and feed-forward layer, before LayerNorm. (c) Our visual mapping network consists of a number of layers, each performing cross-attention between learnable visual prompts and video frame features followed by self-attention.

Table 2 :

 2 Zero-shot VideoQA top-1 accuracy test sets, except TGIF-QA on the validation set. Number of pretraining data: image-text/video-text pairs. SUB: subtitle input. CLIP: CLIP ViT-L/14. Flamingo: Flamingo-80B. An extended version is given in the supplementary.

	METHOD	SUB	#TRAINING MSRVTT MSVD ANET TGIF IMG VID -QA -QA -QA -QA
	CLIP [44] RESERVE [59] LAVENDER [34]	✓	400M --20M 3M 2.5M	2.1 5.8 4.5	7.2 -11.6	1.2 --	3.6 -16.7
	Flamingo [1] FrozenBiLM [57] ✓	2.3B 27M -10M	17.4 16.7	35.6 33.8 25.9 41.9 --
	ViTiS (Ours)	✓		-2.5M 18.1	36.1 25.5 45.5
	METHOD	TRAINED #TRAINED MSRVTT MSVD ANET TGIF MODULES PARAMS -QA -QA -QA -QA
	FrozenBiLM [57]	ATP	30M	36.0	46.5 33.2 55.1
	ViTiS (Ours) ViTiS (Ours)	ATP Prompts	101M 0.75M	36.5 36.9	47.6 33.1 55.7 47.8 34.2 56.2

Table 3 :

 3 Few-shot VideoQA top-1 accuracy on test sets, except TGIF-QA on the validation set. Number of trained parameters: fine-tuned on the downstream dataset, using 1% of training data. ATP: All trainable parameters.
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