
Under review as a conference paper at ICLR 2024

EXPLORING EFFICIENT FOUNDATIONAL MULTI-
MODAL MODELS FOR VIDEO SUMMARIZATION

Anonymous authors
Paper under double-blind review

ABSTRACT

Foundational models are able to generate text outputs given prompt instructions
and text, audio, or image inputs. Recently these models have been combined
to perform tasks on video, such as video summarization. Such video founda-
tion models perform pre-training by aligning outputs from each modality-specific
model into the same embedding space. Then the embeddings from each model
are used within a language model, which is fine-tuned on a desired instruction
set. Aligning each modality during pre-training is computationally expensive and
prevents rapid testing of different base modality models. During fine-tuning, eval-
uation is carried out within in-domain videos where it is hard to understand the
generalizability and data efficiency of these methods. To alleviate these issues
we propose a plug-and-play video language model. It directly uses the texts gen-
erated from each input modality into the language model, avoiding pre-training
alignment overhead. Instead of fine-tuning we leverage few-shot instruction adap-
tation strategies. We compare the performance versus the computational costs
for our plug-and-play style method and baseline tuning methods. Finally, we ex-
plore the generalizability of each method during domain shift and present insights
on what data is useful when training data is limited. Through this analysis, we
present practical insights on how to leverage multi-modal foundational models for
effective results given realistic compute and data limitations.

1 INTRODUCTION

Learning to model complex modality data such as documents, images, or videos has been historically
done with domain-specific architectures suited to a particular modality and dataset (Vaswani et al.,
2017; Liu et al., 2021; Sun et al., 2019). As new problems evolved that require bridging modalities,
such as image or video question answering, multi-modal architectures have been used to learn joint
representations between modalities for a specific end task (Tan & Bansal, 2019; Alayrac et al., 2022).
Most recently large foundational models have emerged to improve domain-specific tasks with large-
scale pre-training. Foundation models from multiple modalities have been combined and fine-tuned
toward specific multi-modal tasks. Due to the large scale of these models and datasets, there remain
fundamental questions about their computational requirements and generalizability once they are
fine-tuned.

Computation requirements Compute for multi-modal video language models are typically con-
ducted in multiple stages (Lyu et al., 2023; Zhao et al., 2023). In the first stage, the embeddings
produced from models of different modalities are aligned to generate a unified representation for
the downstream large language models (LLMs). In videos, this involves aligning, image, audio, or
text modalities to one another. However, with the frequency of new foundational model releases, it
becomes impractical to realign all modalities when an improved foundational model is introduced.

In addition to modality alignment, there is the second stage fine-tuning of the LLM or individual
modality models on the domain-specific task carried out. Such tuning is the de facto method to
achieve state-of-the-art (SOTA) performance, while zero-shot methods are tested for generalizabil-
ity. However these are binary choices, and understanding how training data and compute availability
scale with performance is yet to be deeply explored in the multi-modal domain.
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Figure 1: In a) video temporal representations are learned through inferring frame and caption data
in videos. Instead of a single model to infer each modality of a video, in b) each modality is handled
by a foundational model. The embeddings are aligned and passed as tokens into an LLM for fine-
tuning. We explore the setting in c) where we use the text outputs of each modality to quickly
leverage new models and adapt to new domains.

It is important to test an alignment-agnostic, yet computationally efficient solution, where we pro-
pose a Plug-and-Play Video Language Model (PP-VLM) to evaluate these settings. This framework
directly converts video modalities (metadata, frames, audio, and detected objects) into text represen-
tations that can be fed directly into a language model for video-based tasks without any fine-tuning.

Generalizability Beyond the tuning strategies of a model within a specific domain, we investigate
how such models perform when operating out-of-domain. This is important when adapting large
models in low-resource or new application domains where there is minimal training data. In such
cases, understanding what model sizes work best, how to leverage existing model prompts, and
relevant subsets of training data provide a comprehensive picture of domain generalizability.

Given current multi-modal LLM approaches, we explore modifications to support the interchange-
ability of individual model components while providing guidance on how to efficiently adapt to a
target task. We investigate these contributions by:

• Illustrating a simple framework to compose foundational models from different modalities
within an open LLM to effectively integrate new models.

• Understanding what input modalities and model sizes are appropriate given a specific do-
main, and expectations of how multi-modal models adapted to one domain will perform in
another.

• Investigating how to fine-tune multi-modal models and how they compare to few-shot ap-
proaches.

2 RELATED WORKS

2.1 VIDEO REPRESENTATION LEARNING

For video-level tasks, learning the shared representation of visual, text, and audio features has been
key to improving downstream tasks. Recent BERT (Devlin et al., 2018) based masking methods like
VideoBERT (Sun et al., 2019) jointly infer masked caption tokens as well as frame image tokens,
shown in Figure 1 a). Similarly, BEVT (Wang et al., 2022) jointly predicts image tokens as well as
changes within video frames. UniVL (Luo et al., 2020) aligns the video and caption embeddings and
attempts to generate the caption, in addition to image and text masking objectives. Video language
model (Xu et al., 2021) leverages the base BERT architecture to alternate between random and
full masking of captions and frames while providing different self-attention masking strategies for
downstream tasks. Merlot (Zellers et al., 2021) aligns captions and frames, learns temporal orderings
between frames, and recovers masked captions. This is extended in Merlot Reserve (Zellers et al.,
2022) where audio is jointly input with images and captions into a Transformer (Vaswani et al., 2017)
where the text and audio signature are inferred. Vid2seq (Yang et al., 2023) operates over longer
videos to densely generate a sequence of captions. While these models effectively learn dense video
representations, it is hard to efficiently adapt them to instruction following tasks handled by recent
generative foundational models.
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Figure 2: An overview of our model architecture. Each video modality input source generates a text
output that is used to generate a prompt fed directly into a language model for instruction following.

2.2 FOUNDATIONAL MODEL GENERATION

Large generative text models are being used as the backbone to answer questions about unstruc-
tured input texts. These models have been infusing data from other modalities in order to generate
responses on multi-modal video data. Macaw-LLM (Lyu et al., 2023) encodes video, audio, and
images with corresponding foundational models. The individual modality embeddings are contex-
tualized through cross-attention and are appended with the input prompt text into the final LLM
for instruction fine-tuning, illustrated in Figure 1 b). Similarly, ChatBridge (Zhao et al., 2023) also
aligns these video modalities but performs an initial pre-training stage to align each modality before
performing instruction fine-tuning. These methods require fine-tuning on instruction datasets since
they incorporate dense embeddings from each modality. Thus the performance is unclear when the
domain shifts to a new distribution of videos and would require expensive re-training if data is avail-
able. Instead, we investigate the performance when no alignment is performed and the text output
from video modalities is used directly within the LLM for video tasks as shown in Figure 1 c).

3 METHOD

To operate over video data we leverage both the visual and the audio modalities that it consists of.
These include video frames, object segmentations obtained from frames, audio extracted from the
video, and any metadata provided by the video. In contrast to previous video language models,
we input each of these intermediate modalities as text representations instead of dense embeddings.
The generated texts from the corresponding foundational model are fed into a language model to
perform the end task as shown in Figure 2. In such a setting we avoid joint training of the separate
modality embeddings along with the language model, allowing us to test different modality models
without any re-training. Instead, we leverage the variance of data captured by each foundational
model independently on large-scale datasets and apply it directly within our task of interest.

3.1 VIDEO MODALITIES TO TEXT

To represent the video as text, we first select the middle frame of the video clip as a visual repre-
sentation of the clip. We use a BLIP-2 Li et al. (2023b) vision language Transformer to obtain the
caption for the frame. While the frame caption obtains a high-level description of the scene, the
individual objects in the frame are useful to describe the scene. Using fixed-vocabulary detectors
covers common objects, but does not cover the variety of objects that can be observed in different
video domains. Instead, we use the Segment Anything Model (SAM) (Kirillov et al., 2023) to ob-
tain segmentation regions within our video frame. Then we crop each segmentation and pass it back
to BLIP-2 to caption the patch. Since we are looking for object descriptions, we only keep noun
phrases found within each caption as an object pseudo-label. For the clip audio, we use Wav2Vec2
(Baevski et al., 2020), where we directly use the recognized speech as the text output. Finally, any
metadata for the video, including its title or categorization classes, is also added to the text prompt.
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3.2 FEW-SHOT ADAPTATION

We feed the text modalities extracted from the video into LLaMa (Touvron et al., 2023) for in-
struction following. We are motivated to adapt the video inputs for new tasks without end-
to-end fine-tuning over a large number of training samples. Our processed training set T =
{X,Y } is composed of the text representation outputs from each frozen modality model X =
{imagei,metadatai, speechi, objectsi}Ni=1 along with the desired output text generations Y =
{outputsi}Ni=1. In the simplest setting, we select few-shot samples at random R ⊂ T and con-
struct a prompt that indicates what we want to generate, a description of the modalities, followed by
our few-shot samples R. Then for each inference example, we append the input text modalities of
the video and ask it to generate the corresponding output. Given additional training data, Lu et al.
(2021) show that the selection and ordering of few-shot examples makes a large difference in final
evaluation performance. Therefore we test alternative strategies to select better prompt examples.

Greedy Few-shot Search To select better prompts, we adapt the in-context influences proposed by
Nguyen & Wong (2023) where we build our few-shot samples in a greedy fashion from our training
set T . This is done by selecting a holdout set from the training samples H ⊂ T for evaluation. Then
we select a search subset of training samples that are not within our holdout set S ⊂ T \H . We then
find a sample with the search set to add to our running set of previous few-shot examples selected
F = {XF , YF }. In particular, we find the sample that maximizes our generation metric score on the
holdout set: argmaxxs,ys∈S

∑
xh,yh∈H Score(yh, ŷh). Here ŷh is generated from our model given

the input few-shot prompt built from {XF ∪ {xs, xh}, YF ∪ ys}. The optimal sample x∗
s, y

∗
s ∈ S is

added to the set of few-shot examples used for the next iteration F = {XF ∪x∗
s, YF ∪y∗s}. Note that

we fix the holdout set H but re-sample the search set S at each iteration to capture a larger variance
of candidate samples. We iterate through this process and greedily build the set of n-shot examples
that are used for inference, where n = |F |.

4 EXPERIMENTAL SETUP

4.1 DATASETS

We test our method on video summarization tasks, where given a video clip, the model should
provide a concise summary of the events described in the video. We test on two datasets that have
human-annotated captions alongside each corresponding video clip. The first dataset is YouCook2
(Zhou et al., 2018) which contains long-form cooking videos from different cuisines, where each
clip segment within the video is annotated with a caption. We also test on COIN (Tang et al., 2019)
which is a larger instructional dataset of household tasks and contains sentence-level text labels for
each clip in the video. Given the individual video clips, we compute generation similarity metrics
from the model output and the ground truth caption.

4.2 MODEL SETUPS

For our modeling setup, we use the modality architectures specified in the methods section 3 with the
largest model variant offered and use LLaMa as our final generator. We set the few-shot examples
to n = 5 due to the size of texts generated from the combined input modalities. In the greedy search
setting, we fix the holdout and search set sizes to |H| = |S| = 30.

In addition to testing our few-shot approaches, we directly optimized the LLaMa weights to gauge
the performance improvements given the fine-tuning computational costs. Instead of full model
parameter updates, we use low-rank updates for training in this setting, as described by Hu et al.
(2021). Here we are only updating the LLaMa model where the individual modality models are
frozen and only provide the input modality texts used for training.

Finally, we test our approach against modality alignment strategies as done in ChatBridge (Zhao
et al., 2023). ChatBridge similarly uses foundational models to encode frame and audio data. It uses
a Perceiver model, which outputs the embeddings from the audio or frames into a learned fixed-sized
dictionary. In this way, these embeddings can be used within LLaMa to provide additional context
for the dense video embedding in conjunction with the instruction text. In the first-stage training,
ChatBridge optimizes the Perceiver models by aligning each modality with ground truth text caption
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YouCook COIN
Prompt Modalities BLEU-2 BLEU-3 METEOR ROUGE-L BLEU-2 BLEU-3 METEOR ROUGE-L

Random

A 17.71 9.34 32.37 35.47 1.33 0.22 7.09 11.88
AL 18.00 9.15 33.82 35.61 1.57 0.44 9.22 15.84
ALI 18.57 9.44 33.63 37.38 11.16 3.39 23.01 31.10

ALIO 16.79 7.90 30.76 34.78 11.56 3.36 23.96 31.85

Search

A 16.66 8.52 29.90 34.89 4.22 0.91 11.85 16.80
AL 18.70 9.30 33.13 36.77 9.29 2.68 22.33 26.75
ALI 20.62 10.38 37.41 38.68 12.44 4.56 24.82 33.32

ALIO 17.74 8.66 32.49 36.36 11.38 3.14 23.75 31.73

Table 1: PP-VLM generation performance on Youcook and COIN datasets under the few-shot set-
ting. For few-shot inputs, we test by randomly selecting sample modalities versus using a search
strategy. The modalities we test are the automatic speech recognition outputs (A), the label of the
video (L), the image caption (I) as well as objects detected from the scene (O).

data. In second-stage training, it optimizes the base modality models given an instruction fine-tuning
set. In the first and second training stages we align the Perceiver and the modality models to the
ground truth training captions respectively.

5 RESULTS

We analyze how PP-VLM performs across YouCook and COIN under different modalities, model
sizes, and the corresponding computation costs of our few-shot search strategies. Then we ablate
the best model setups for ChatBridge with respect to different input prompts and training stages. We
finally compare the results of our proposed few-shot method to fine-tuning methods.

5.1 PP-VLM GENERATION PERFORMANCE

Effect of Modalities We show the caption generation results on YouCook and COIN using our
method in Table 1 using LLaMa-30B. From the results in both settings, we see that adding corre-
sponding modalities generally helps the performance. This increase in performance occurs when we
cumulatively add the ASR audio captions, the video topic label, and the image frame caption from
the middle of the clip. Adding the objects obtained from the image with the other modalities doesn’t
improve performance. Further inspection shows that using a SAM-based method for the extraction
of objects in amateur videos leads to many caption artifacts which detract from generating a rele-
vant video caption. We also tested using object labels with SemanticSAM (Li et al., 2023a), which
uses an objective for more granular segmentation descriptions but saw similar results. This indicates
that to benefit from object detections, a domain-specific trained detector would be helpful, or a sec-
ondary filtering process to determine if the objects detected are relevant in context. Therefore, for
the remainder of our experiments, we omit the object input modality unless indicated otherwise.
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Figure 3: YouCook random sampling perfor-
mance across different data modality inputs and
model sizes.

Effect of Model Size We further investigate
how different datasets perform under varying
model sizes. We evaluate under the random
search setting over 5 trial runs which best repre-
sents performance when manually curating in-
put prompts for a domain task. From the results
in Figure 3 there are different patterns for each
dataset we tested.

In YouCook, adding modalities improves per-
formance as the base LLM gets larger. This
is counterintuitive since leveraging additional
information would provide more context when
working with smaller models. Since the ASR
has the highest correlation with the expected
caption, the smaller models use cues from this
modality best. For specific domains like cook-
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Cat=Furniture Cat=Electical Cat=Vehicle
Prompt %∆ Y → C %∆ C → Y Cat All-Cat All Cat All-Cat All Cat All-Cat All

Random -13.16 -38.09 25.32 24.24 24.73 30.91 26.08 26.22 30.89 26.85 26.75
Search -10.43 -45.49 31.37 26.18 28.18 32.54 23.60 29.45 29.78 25.00 27.03

Table 2: On the left we compare the performance of using prompts and trained models from
YouCook (Y) to test on COIN (C) and vice versa. On the right, we ablate the validation perfor-
mances in subcategories (Cat) of data in COIN. In this setup, we search/train on the same category
only (Cat), all categories besides the test category (All-Cat), and all categories (All). Here we report
the METEOR scores and use ALI modalities for PP-VLM.

ing, this is relevant since there is a precise set of ingredients for each step in the recipe, not commonly
seen in large-scale pre-training data. Additional labels and image captions provide higher-level con-
text but require a background understanding of the cooking activity and video, which are better
encoded by texts learned by larger models.

In COIN we see that the performance is similar across model sizes. Since videos in this dataset
contain common objects around the house, each modality provides the same relative value added
with respect to other modalities. When considering the domain it is important to estimate how much
of the desired generated data is seen in pre-training and to pick the combination of modalities and
model sizes accordingly.
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Figure 4: METEOR performance gains using
greedy search over random few-shot sampling.

Effect of Data and Compute We are also
interested in model performance as a function
of domain samples available. This allows us
to estimate model performance gains for ad-
ditional data samples curated which allows
for budgeting data curation and compute re-
quirements. To analyze this, we compute the
percentage improvement in METEOR perfor-
mance from random selection to greedy search.
We repeat this for different numbers of shots
on LLaMa-13B for both COIN and YouCook,
presented in Figure 4. For both datasets, we
confirm that the value added for each new sam-
ple decreases as the number of shots increases.
We regress values for an inverse performance
curve to show how this trend continues after
our tested 5-shots. This interpolation provides
us with performance gain estimates for the ad-
ditional training data required. For example, if
we wanted to perform 6-shot inference, we would need an additional new S = |30| samples for the
search set and would yield a 12% relative gain over if we just added a single random sample.

For search-based few-shot prompting, the compute costs are lower than full fine-tuning on training
data. For LLaMa-13B each generated summary takes on average 2 seconds given transcribed audio,
topic, and image inputs using a batch size of 4 on 4xA40 48GB GPUs. Therefore, for 5-shot search,
it takes 2.5 hours to run an evaluation over each search sample per shot. Here the limitation is the
availability of good-quality training data, which is a cost bottleneck to improving the performance
metrics.

5.2 FEW-SHOT GENERALIZABILITY

Large foundational models are built and deployed in mind to be used in a large variety of domains.
However, for applications in specific domains of interest, we analyze how transferable few-shot
prompts are between domains. Furthermore, we analyze which data subsets to select for search
when performance is evaluated on specific domain data.
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YouCook COIN
Training Input Type BLEU-2 BLEU-3 METEOR ROUGE-L BLEU-2 BLEU-3 METEOR ROUGE-L

Pre-trained

OS 1.04 0.14 11.12 9.65 0.56 0.06 10.18 7.48
IM 6.24 2.45 20.74 17.77 3.34 0.60 18.16 14.97

OS+IM 4.31 1.41 16.95 14.93 2.45 0.42 16.37 12.80
FS 2.54 0.81 12.48 11.11 2.24 0.43 12.69 11.13

FT Stg 1

OS 0.97 0.23 11.40 10.71 0.11 0.02 9.31 7.65
IM 9.60 4.20 27.16 23.55 1.60 0.24 13.26 10.16

OS+IM 6.85 2.77 22.52 18.88 2.00 0.30 16.22 12.24
FS 9.53 4.38 23.87 23.31 0.89 0.15 10.92 9.04

FT Stg 1+2

OS 1.11 0.57 10.52 9.97 5.25 2.65 13.19 19.45
IM 5.08 1.92 13.04 15.28 8.95 4.91 19.55 22.07

OS+IM 2.37 0.65 9.11 9.71 0.96 0.18 11.09 9.71
FS 6.05 2.11 18.52 17.62 1.07 0.24 10.67 9.10

Table 3: We test ChatBridge at different training stages and with different inputs. We test providing
a prompt along with a few output samples (OS) of expected summaries, the relevant input modality
(IM) text data for the clip, and the same few-shot (FS) inputs we use in PP-VLM. We test the pre-
trained weights, stage 1 fine-tuning, and stage 1+2 fine-tuning for each dataset.

5.2.1 INTER-DATASET TRANSFER

To analyze the transfer capability of these models between domains, we test how PP-VLM optimized
for YouCook performs on COIN and vice versa. The characteristics of both datasets are important
in this task. YouCook has videos only regarding cooking but typically has dense audio captions and
a larger variance in human captions. COIN is a dataset composed of diverse tasks, where audio
captions are more sparse and have a smaller variance of output captions.

The transfer capability of these models between YouCook and COIN is shown in the first column
of Table 2. We find that YouCook prompts transferred to COIN more gracefully than from COIN to
YouCook. It is evident that smaller, but higher quality sample annotations provide more generaliz-
able results between domains when searching few shot prompts.

5.2.2 INTRA-COIN RESULTS ANALYSIS

Beyond the transfer capability of entire datasets between domains, we further analyze the perfor-
mance within subsets of COIN categories in columns 2 through 4 of Table 2. We evaluate the
strategy of leveraging the higher variance in modalities present within large-scale datasets for gen-
eralizable few-shot performance. In particular, we test three subsets of categories within COIN:
furniture, electrical, and vehicle videos. Within each category, we test the evaluation performance
of that category under three different training settings. The first is if we only use training samples
from that category. The second is if we use all training samples besides the one in that category,
which replicates transfer learning performance. Third is our original setting where data from all
categories are used.

We observe that the few-shot case benefits most from just using domain data when evaluating that
domain. Providing searches over all categories performs closely in select instances, but since we do
not fine-tune, a search limited to domains of interest provides the best results over searching through
a broader dataset. Searching over a large set where the category is not present leads to the latest drop
in performance for that category, and reflects the domain transfer performance between YouCook
and COIN.

5.3 CHATBRIDGE ALIGNMENT

After investigating the properties of PP-VLM, we compare how training-based methods like Chat-
Bridge perform on these summarization tasks. ChatBridge has two stages of training: stage 1 modal-
ity alignment and stage 2 fine-tuning. We perform stage 1 fine-tuning where we align the frozen
image and audio models to generate captions for the corresponding clip by training the Perceiver
models. We sample 16 frames from each clip to pool for the video token representation vector. For
stage 2 fine-tuning, we tune over the same output captions but optimize the base image and audio
models in this stage while the Perceiver is frozen.
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In addition to the different stages of training, we also test different input prompts to ChatBridge.
Since it uses Vicuna-13B (Chiang et al., 2023) for generation over conversational tasks, we explore
how to best query the model for our summarization tasks. We prompt the model to summarize the
clip using the audio and video embeddings, and also provide 5 output samples (OS) for reference
so it can match the style of short summaries. Instead of just asking the model to summarize the
clip given only the video and audio embeddings, we also test how useful adding text modality
information is. This is done by providing text input modalities (IM) for the input clip as the prompt.
Another setting we test combines both the reference output samples and input modalities (OS+IM).
Finally, we test the same few-shot (FS) inputs that we use in PP-VLM. The results for these input
settings across training stages are presented in Table 3.

In the results, we can see the initial performance on the pre-trained checkpoint, which is the most
comparable setting to PP-VLM as no fine-tuning has been performed. Like in our PP-VLM analysis,
we see different tuning strategies given each dataset. In stage 1, the larger improvements in perfor-
mance were made in YouCook while COIN provided similar results. Since YouCook specializes
in specific cooking ingredients, updating a minimally parameterized Perceiver improved the perfor-
mance, while a more diverse dataset such as COIN couldn’t leverage such gains. However, in Stage
2 the larger modality models tend to overfit the smaller YouCook dataset (1.3k training videos),
leading to a drop in hold-out performance. In contrast, learning better audio and video frame repre-
sentation in COIN provided a boost in performance (9k training videos). Across training stages, we
observe that adding the input modalities(IM) to the prompt provided the best performance, validating
the utility of modalities as text inputs.

5.4 PLUG-AND-PLAY FEW-SHOT VERSUS MODEL TUNING

Model setup YouCook COIN

PP-VLM 13B

R:0 16.88 17.66
R:1 19.48 17.63
R:2 23.76 17.73
R:3 26.64 18.87
R:4 28.06 21.51
R:5 29.79 20.06
S:5 32.97 24.58

LoRA 25.69 17.18

ChatBridge 13B
PT 20.74 18.16
S1 27.16 13.26

S1+2 13.04 19.55

PP-VLM 30B R:5 33.63 23.01
S:5 37.41 24.82

Table 4: We compare METEOR performance of
PP-VLM under few-shot conditions using ALI
under random sampling n samples (R:n) versus
search sampling (S:n), LoRA and fine-tuned Chat-
Bridge. ChatBridge setups use the text input
modality where results are reported across the pre-
trained model (PT), stage 1 (S1), and stage 1+2
(S1+2) fine-tuning.

Given the exploration of ChatBridge setups, we
compare the performance against our PP-VLM
few-shot search schemes. For PP-VLM we
compare our random search strategy, which re-
flects the setting where new domain samples
are provided to the model, rather than hav-
ing a large dataset to search for samples over.
We also perform LoRA fine-tuning on LLaMa
where we use video text input modalities (IM),
and the caption as the expected output. This
allows us to directly compare fine-tuning ver-
sus few-shot performance for our summariza-
tion task given only text inputs.

From the results in Table 4, we can see that
adding additional shot samples helps PP-VLM
performance. LoRA fine-tuning is comparable
to our 2-3 shot methods. This indicates the
strength of in-context learning within founda-
tional models for summarization tasks, where
only a few demonstrations are necessary. For
ChatBridge we compare the best input modal-
ity (IM) setting we determined from our pre-
vious evaluation at different stages of training,
which performs comparable to our random 4-5
shot methods. When using greedy search (S:5),
which uses less training data and compute, our
PP-VLM is able to provide better quality summaries. Notably for pre-trained ChatBridge, it out-
performs 0-shot PP-VLM, which indicates that the combination of latent modality embeddings and
semantic text embeddings can be useful in hybrid methods. These can be tasks beyond summariza-
tion where the intermediate modality outputs cannot be explicitly expressed as text from a single
frame, such as learning cause and effect, or temporal dynamics of a subject.
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6 CONCLUSION AND FUTURE WORK

Foundational models from multiple modalities leverage large-scale data to achieve SOTA perfor-
mance within their domains. Due to this, leveraging foundational models from multiple modalities
has been an active area of research for inputs that leverage this multi-modality, such as videos. These
video models use the corresponding video and audio inputs to carry out instructions prompted by
the user. To leverage the embeddings of these modalities, each input modality is aligned to share the
same embedding space. Then the individual modality models and the language model can be further
fine-tuned for a specific task. Instead of leveraging latent modality embeddings, we test using the
text descriptions of these modalities directly. This plug-and-play approach allows using off-the-shelf
generative models and composes their outputs within an LLM to carry out an instruction. Testing
few-shot approaches to adapt this model to video summarization tasks reduces computation cost and
data overhead needed by fine-tuning models. Our results provide key insights in:

• Understanding the domain of the videos when selecting which modalities and model sizes
to use for few-shot modeling.

• Evaluation of the value added by obtaining more data and compute requirements when
testing different few-shot evaluation strategies.

• Transferring few-shot prompts between domains works best with high-variance captions,
and performance improvement within a specific domain only requires few-shot samples
from that domain.

• Showing what stages of modality fine-tuning are best given the size of the training corpus
and which text modality prompts to use.

In future work, we want to leverage PP-VLM to incorporate more information beyond just the input
video text modalities. External documents or knowledge graph information can provide greater con-
text when performing video tasks. For example, recipe data or instructional steps can help improve
the performance of YouCook and COIN captioning respectively. In longer-form videos composed of
multiple sub-clips, we want to investigate how to pass information between clips to provide a better
context of the video as a whole. This involves deciding which information is most useful to share
between video clips. Proving such external knowledge helps the video model bridge more compli-
cated tasks beyond input summarization, such as predicting future video events or conversational
tasks.

REFERENCES

Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, Iain Barr, Yana Hasson, Karel
Lenc, Arthur Mensch, Katherine Millican, Malcolm Reynolds, et al. Flamingo: a visual language
model for few-shot learning. Advances in Neural Information Processing Systems, 35:23716–
23736, 2022.

Alexei Baevski, Yuhao Zhou, Abdelrahman Mohamed, and Michael Auli. wav2vec 2.0: A frame-
work for self-supervised learning of speech representations. Advances in neural information
processing systems, 33:12449–12460, 2020.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023. URL https:
//lmsys.org/blog/2023-03-30-vicuna/.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep
bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805, 2018.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. arXiv preprint
arXiv:2106.09685, 2021.

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete
Xiao, Spencer Whitehead, Alexander C Berg, Wan-Yen Lo, et al. Segment anything. arXiv
preprint arXiv:2304.02643, 2023.

9

https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/


Under review as a conference paper at ICLR 2024

Feng Li, Hao Zhang, Peize Sun, Xueyan Zou, Shilong Liu, Jianwei Yang, Chunyuan Li, Lei Zhang,
and Jianfeng Gao. Semantic-sam: Segment and recognize anything at any granularity. arXiv
preprint arXiv:2307.04767, 2023a.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-
image pre-training with frozen image encoders and large language models. arXiv preprint
arXiv:2301.12597, 2023b.

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo.
Swin transformer: Hierarchical vision transformer using shifted windows. In Proceedings of the
IEEE/CVF international conference on computer vision, pp. 10012–10022, 2021.

Yao Lu, Max Bartolo, Alastair Moore, Sebastian Riedel, and Pontus Stenetorp. Fantastically ordered
prompts and where to find them: Overcoming few-shot prompt order sensitivity. arXiv preprint
arXiv:2104.08786, 2021.

Huaishao Luo, Lei Ji, Botian Shi, Haoyang Huang, Nan Duan, Tianrui Li, Jason Li, Taroon Bharti,
and Ming Zhou. Univl: A unified video and language pre-training model for multimodal under-
standing and generation. arXiv preprint arXiv:2002.06353, 2020.

Chenyang Lyu, Minghao Wu, Longyue Wang, Xinting Huang, Bingshuai Liu, Zefeng Du, Shuming
Shi, and Zhaopeng Tu. Macaw-llm: Multi-modal language modeling with image, audio, video,
and text integration. arXiv preprint arXiv:2306.09093, 2023.

Tai Nguyen and Eric Wong. In-context example selection with influences. arXiv preprint
arXiv:2302.11042, 2023.

Chen Sun, Austin Myers, Carl Vondrick, Kevin Murphy, and Cordelia Schmid. Videobert: A joint
model for video and language representation learning. In Proceedings of the IEEE/CVF interna-
tional conference on computer vision, pp. 7464–7473, 2019.

Hao Tan and Mohit Bansal. Lxmert: Learning cross-modality encoder representations from trans-
formers. arXiv preprint arXiv:1908.07490, 2019.

Yansong Tang, Dajun Ding, Yongming Rao, Yu Zheng, Danyang Zhang, Lili Zhao, Jiwen Lu, and Jie
Zhou. Coin: A large-scale dataset for comprehensive instructional video analysis. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 1207–1216, 2019.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Łukasz Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural informa-
tion processing systems, 30, 2017.

Rui Wang, Dongdong Chen, Zuxuan Wu, Yinpeng Chen, Xiyang Dai, Mengchen Liu, Yu-Gang
Jiang, Luowei Zhou, and Lu Yuan. Bevt: Bert pretraining of video transformers. In Proceedings
of the IEEE/CVF conference on computer vision and pattern recognition, pp. 14733–14743, 2022.

Hu Xu, Gargi Ghosh, Po-Yao Huang, Prahal Arora, Masoumeh Aminzadeh, Christoph Feichten-
hofer, Florian Metze, and Luke Zettlemoyer. Vlm: Task-agnostic video-language model pre-
training for video understanding. arXiv preprint arXiv:2105.09996, 2021.

Antoine Yang, Arsha Nagrani, Paul Hongsuck Seo, Antoine Miech, Jordi Pont-Tuset, Ivan Laptev,
Josef Sivic, and Cordelia Schmid. Vid2seq: Large-scale pretraining of a visual language model
for dense video captioning. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 10714–10726, 2023.

Rowan Zellers, Ximing Lu, Jack Hessel, Youngjae Yu, Jae Sung Park, Jize Cao, Ali Farhadi, and
Yejin Choi. Merlot: Multimodal neural script knowledge models. Advances in Neural Information
Processing Systems, 34:23634–23651, 2021.

10



Under review as a conference paper at ICLR 2024

Rowan Zellers, Jiasen Lu, Ximing Lu, Youngjae Yu, Yanpeng Zhao, Mohammadreza Salehi, Aditya
Kusupati, Jack Hessel, Ali Farhadi, and Yejin Choi. Merlot reserve: Neural script knowledge
through vision and language and sound. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pp. 16375–16387, 2022.

Zijia Zhao, Longteng Guo, Tongtian Yue, Sihan Chen, Shuai Shao, Xinxin Zhu, Zehuan Yuan, and
Jing Liu. Chatbridge: Bridging modalities with large language model as a language catalyst.
arXiv preprint arXiv:2305.16103, 2023.

Luowei Zhou, Chenliang Xu, and Jason Corso. Towards automatic learning of procedures from web
instructional videos. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 32,
2018.

11


	Introduction
	Related Works
	Video Representation Learning
	Foundational Model Generation

	Method
	Video Modalities to Text
	Few-shot Adaptation

	Experimental Setup
	Datasets
	Model Setups

	Results
	PP-VLM Generation Performance
	Few-shot Generalizability
	Inter-dataset Transfer
	Intra-COIN results analysis

	ChatBridge Alignment
	Plug-and-play Few-shot versus Model Tuning

	Conclusion and Future Work

