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ABSTRACT

We present BLIP-3-Video, a multimodal language model for videos, particularly
designed to efficiently capture temporal information over multiple frames. BLIP-3-
Video takes advantage of the ‘temporal encoder’ in addition to the conventional
visual tokenizer, which maps a sequence of tokens over multiple frames into a
compact set of visual tokens. This enables BLIP-3-Video to use much fewer visual
tokens than its competing models (e.g., 32 vs. 4608 tokens). We explore different
types of temporal encoders, including learnable spatio-temporal pooling as well as
sequential models like Token Turing Machines. We experimentally confirm that
BLIP-3-Video obtains video question-answering accuracies comparable to much
larger state-of-the-art models (e.g., 34B), while being much smaller (i.e., 4B) and
more efficient by using fewer visual tokens.

1 INTRODUCTION

Large Vision-Language Models (VLMs), benefiting from large-scale image-text training, have been
dominating the field of computer vision. Recently, open-source VLMs are also obtaining strong
results (Xue et al., 2024), despite having much smaller size than the commercial models (e.g., 4B vs.
Trillions).

Further, in addition to such VLMs trained with images, VLMs for videos are becoming increasingly
popular. The key component in a VLM for videos is the temporal abstraction of tokens over multiple
frames. Models like Video-ChatGPT (Maaz et al., 2024) and PLLaVA (Xu et al., 2024a) rely on
a simple spatial/temporal pooling on top of image frame-level tokens to represent the entire video.
Some models rely on a separate video encoder to capture temporal information in videos (Lin
et al., 2023). Similarly, some models use of additional convolutional layers (or Transformer layers)
over frames to reduce their representation size (e.g., Video-LLaMA (Zhang et al., 2023), Kangaroo
(Liu et al., 2024)). Approaches that simply collect all the visual tokens from all the frames (e.g.,
MiniGPT4-video (Ataallah et al., 2024), LLaVA-NeXT (Li et al., 2024b), Tarsier (Wang et al., 2024a)
and LLaVA-OneVision (Wang et al., 2024a)) also have been very popular recently, as they allow
capturing all the details from the frame-level tokens. However, this often makes the number of tokens
for video to be very huge. Such large number of video tokens could be critical for longer videos as
the LLM computation is quadratic to the number of total tokens.
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Figure 2: Anillustration of the BLIP-3-Video model architecture. It has the explicit temporal encoder
inserted to BLIP-3.

well as a sequential model as our temporal encoder, relying on token operations to iteratively
abstract a series of frame-level tokens into a learnable memory.

There has been prior work investigating the role of pooling (Jin et al., 2024), convolutions, and cross
attention layers (Zhang et al., 2023; Liu et al., 2024; Li et al., 2024c), but study on full space-time
attentional pooling or sequential model to this extent has been limited in the past. Our objective
in this paper is to provide a fundamental alternative to more brute-force way of collecting all the
visual tokens which have been increasing popular recently. We experimentally con ri6thaB2

video tokens abstracted by the temporal encoder is often suf cient to represent the entire video for
guestion-answering (Figure 1).

2 BLIP-3-VIDEO

2.1 MODEL ARCHITECTURE

Our vision-language model (VLM) is an extension of the image-based VLM, BLIP-3 (Xue et al.,
2024).

The model architecture is composed of the following four components: (1) the vision encoder (ViT)
taking each frame input, (2) the frame-level tokenizer to reduce the number of tokens, (3) the temporal
encoder to build video-level token representations, and (4) the autoregressive LLM generating output
text captions based on such video tokens and text prompt tokens. Figure 2 shows an overview.

First, we apply a pretrained SigLIP as the vision encoder, designed to take one single image frame at
atime. Perceiver-Resampler is then applied to map such visual toker¢ mtb28 visual tokens

per frame, independently. Once the model has such visual tokens over time (i.e., over multiple frames
in the video), they are provided to an explicit ‘temporal encoder'. The role of the temporal encoder is
to build a video-level token representation from such sequence of image-level tokens, serving as a
mapping function between a setf T image tokens td1 video tokens wher@& is the number of
frames andM is a constant number of tokens. We explore various forms of the temporal encoder,
including temporal pooling as well as sequential models, which we discuss further in the following
subsection. The resulting tokens are given to the LLM together with the encoded text tokens in a
pre X manner, as in many standard VLMs.

For computational ef ciency, the model takes uniformly sampled 8 frames per video. As a result, in
our model, ViT rst maps avideo int8 729visual tokens, which is then mapped&o 128visual
tokens using Perceiver-Resampler, and thelto 128video tokens using the temporal encoder.

We use Phi-3 (Abdin et al., 2024) as our LLM backbone taking such video tokens in addition to the
text prompt tokens. This enables the model to take text+video as an input and generate text sentences
as an output.



Figure 3: Visually comparing different types of temporal encoders we explored in our model
architecture.

2.2 TEMPORAL ENCODERS

A temporal encoder is a function of tokens, takMg T tokens as an input and returnit tokens
as an outputxy:m = f (V1) (v ))-

We explore different types of encoders as part of our model. The simplest form olgthe temporal encoder
will be temporal pooling, e.g., summating per-frame tokens over tipeiy = «(Veiry) Nl

: ; . X ¢ L =1
whereN is always restricted to be identicalkb, which was also used in (Maaz et al., 2024). Another
possible implementation would be the use of a temporal Transformer, modeling the entire token

sequence and selecting the lastokens similar to Mirasol3B (Piergiovanni et al., 2024):
XM = fTransforme(v)gH $ M +1 (1)

In addition to the straightforward temporal encoders mentioned above, we explore two important
temporal encoders considering space-time nature of tokens: spatio-temporal attentional pooling and
sequential models (Figure 3).

Spatio-temporal attentional pooling: Attentional pooling allows learnable “soft selection' of
multiple tokens given a larger set of tokens. Such attentional pooling also have been previously
developed in Transformers (e.g., Perceiver (Jaegle et al., 2022) and TokenLearner (Ryoo et al., 2021)),
and in earlier foundation models (e.g., CoCa (Yu et al., 2022)) for images.

In our model, we use TokenLearner (Ryoo et al., 2021), making it explicitly serve as our space-time
aware temporal encoder. Unlike previous per-image-frame usage of poolings where spatial pooling
and temporal pooling are applied separately (e.g., Video-ChatGPT), our temporal encoder directly
takes allN T tokens and “learns' to soft-select informative tokens spatio-temporally. Nere,
tokens could be viewed as spatial representations of a frame and wé hafvilbem, forming a
spatio-temporal representation.

Our attentional pooling in its simplest form is expressed as:
xi= (V) V =softmax (V') V 2)

whereV is a matrix formed by concatenating input tokegsy..... (v.t ). The function () computes

.....

the summation weights f&f, performing soft selection of tokens. In Perceiver, a matrix multiplication



with a latent query tokens (i.§Qj = m) have been used to implement cross attention (i.@/,) =
Q VT=0. TokenLearner uses a convolution/MLP on topvaf (V) = MLP,,(VT), which we use
in our model. This allows selecting a smaller number of tokens (&.g=, 32 tokens).

We experimentally con rm that such learnable spatio-temporal attentional pooling has advantages
over the conventional approach of non-learnable spatial pooling and temporal pooling, in Section 3.3.

Sequential Model: We also deploy Token Turing Machines (TTM) (Ryoo et al., 2023) as a temporal
encoder, which is a sequential model capable of taking any number of frames to generate a video-level
token representation (e.d/, = 32 regardless the number of frames). Our use of TTM is similar

to its usage in Mirasol3B (Piergiovanni et al., 2024), except that our model uses TTM directly to
encode a sequence of image tokens while Mirasol3B uses TTM to encode a sequence of low-level
video tokens. We also further extend TTM by adding time-stamped positional encodings to embded
the frame index of each token in the latent space. This enables the tokens in the ‘'memory' of TTM
to preserve the temporal ordering information, which is crucial when representing complicated or
long video scenes. In addition, we use TTM temporal encoder in a “grouped' fashion, maintaining
a separate memory of sigefor each ofN tokens over time. The nal output from the sequence
model is attentionally pooled from the nal memory (whose sizBlisG).

2.3 TRAINING RECIPE

BLIP-3-Video follows a three-stage curriculum learning: (1) image caption pretraining, (2) video
caption pretraining, and (3) video instruction tuning. In all its training we freeze the vision encoder,
only training the model parameters after the vision encoder. First, we directly use the pretrained
weights from BLIP-3 (Xue et al., 2024). BLIP-3 is for images and it does not contain weights for the
temporal encoder, so we randomly initialize those weights.

The model is then netuned on LLaVA-Hound-DPOQO's video caption data (Zhang et al., 2024b),
featuring over 900k video captions. Instead of directly using the text captions provided in LLaVA-
Hound-DPO, we used GPT-4 to rephrase such text captions so that they become more GPT-style
captions. We also experimented with replacing the rephrased LLaVA-Hound-DPOQO's video caption
data with a ltered version of the Mira caption dataset (Ju et al., 2024), where we excluded captions for
videos longer than one minute, totaling 935k samples. LLaVA-Hound-DPO caption data performed
superior to Mira on question-answering, while Mira dataset was better for the video captioning.

Finally, we tuned the model using a mix of video question-answering datasets, including VideoChat-
GPT's 99k-sample video instruction tuning data (Maaz et al., 2024), along with the training splits
of the MSVD-QA (Xu et al., 2017), MSRVTT-QA (Xu et al., 2017), ActivityNet-QA (Yu et al.,
2019), and NEXT-QA (Xiao et al., 2021) datasets, which contain 30k, 149k, 32k, and 34k samples,
respectively. For the MSVD, MSRVTT, and NEXT-QA training data, we used GPT-3.5 to rephrase the
original single-word or single-phrase answer into a natural language sentence, providing the question
in the LLM prompt context. Both open-ended and multiple-choice video QA formats are used for
NEXT-QA in our video instruction tuning recipe.

We trained our model with 8 H100 GPUs. For the video caption pretraining, we use the batch size

of 16 per GPU, 500 warmup steps, and the learning rate of 2e-5 with the cosine decay. We trained the
model for 1 epoch. The video QA sft (i.e., instruction tuning) was done with the batch size of 4 per
gpu, 500 warmup steps, and the learning rate of 1e-5 with the cosine decay. We trained the model for
1 epoch in this case as well. The entire training takes around 6 hours, con rming the ef ciency of our
model.

3 EXPERIMENTS AND RESULTS

3.1 MODEL IMPLEMENTATION DETAILS

We share the model details with BLIP-3 4B, except that BLIP-3-Video has the temporal encoder.
This model takes the video with input resolution of 3&8B4, using SigLIP encoder to map it to
729 tokens per frame with the channel size 1152. Perceiver-resampler is implemented with multiple
cross-attention layers with the same channel dim, which is then given to the temporal encoder.



Method Size | #tokens| MSVD-QA | MSRVTT-QA | ActivityNet-QA | TGIF-QA
VideoChat (Li et al., 2023b) 7B 32 56.3/2.8 45.0/25 -122| 344723
Video-LLaMA (Zhang et al., 2023) 7B 32 51.6/25 29.6/1.8 124/11 -/-
Video-ChatGPT (Maaz et al., 2024) 7B 264+ 64.9/3.3 49.3/2.8 34.2/2.8| 51.4/3.0
Chat-UniVi (Jin et al., 2024) 7B 112 69.3/3.7 55.0/3.1 46.1/3.3| 69.0/3.8
LLaMA-VID (Li et al., 2024c) 7B 32 69.7/3.7 57.7/3.2 47.4/3.3 -
LLaMA-VID (Li et al., 2024c) 13B 32 70.0/3.7 58.9/3.3 475/3.3 -
Video-LLaVA (Lin et al., 2023) 7B 2048 71.8/3.9 59.2/35 45.3/3.3| 70.0/4.0
MiniGPT4-Video (Ataallah et al., 2024) | 7B | 2880+ 73.9/4.1 59.7/3.3 46.3/3.4| 72.2/4.1
PLLaVA (Xu et al., 2024a) 7B 576+ 76.6/4.1 62.0/3.5 56.3/3.5| 77.5/4.1
SlowFast-LLaVA Xu et al. (2024b) 7B 3680 79.1/4.1 65.8/3.6 56.3/3.4| 78.7/4.2
LLaVA-Hound-DPO Zhang et al. (2024h) 7B 2048 80.7/4.1 70.2/3.7 -/-] 61.4/35
LLaVA-OneVision (Wang et al., 2024a)| 7B 1568 72.9/3.9 57.8/3.4 55.3/3.6| 41.1/3.1
Tarsier (Wang et al., 2024a) 7B | 4608+ 77.0/4.1 62.0/3.5 59.5/3.6| 79.2/4.2
Tarsier (Wang et al., 2024a) 7B 4608 74.4/4.0 59.1/3.4 54.3/3.5 -/-
PLLaVA (Xu et al., 2024a) 34B 576+ 79.974.2 68.7/3.8 60.9/3.7| 80.6/4.3
LLaVA-NeXT-Video (Lietal.,, 2024b) | 32B 1152 73.6/4.0 56.8/3.4 58.4/3.6| 73.5/4.1
Tarsier (Wang et al., 2024a) 34B | 4608+ 80.3/4.2 66.4/3.7 61.6/3.7| 825/4.4
Tarsier (Wang et al., 2024a) 34B | 4608+ 79.3/4.1 62.2/35 61.5/3.7 -/ -
BLIP-3-Video 4B 32 771742 60.0/3.6 55.7/35| 77.174.3
BLIP-3-Video 4B 128 77.3/4.2 59.7/3.6 56.7/3.6| 77.1/4.3

Table 1: Comparison against reported numbers of other models on open-ended question answering
evaluation. The number of visual tokens are also reported. The numbers after */' are answer quality
scores. indicates our evaluation using the checkpoint and inference code provided by the author,
with the identical videos used in our model (8 frames of 3884 resolution).

TokenLearner serving as the spatio-temporal attentional pooling was implemented using a MLP as
the attention function. The size of its inner dim was the number of target tokens * 2. The grouped
TTM serving as the sequential model temporal encoder was implemented using 4 Transformer layers
(with the channel dim of 1152) as the processor module while using TokenLearners for read/write
modules. Memory size was set to 128 tokens total.

The resultingl6é  128tokens are mapped to the text embedding dimension of 3072, before given to
the LLM (Phi-3).

3.2 PUBLIC BENCHMARKS

We conducted experiments measuring video question-answering accuracies on multiple public
datasets. This includes open-ended answer generation tasks like MSVD-QA, as well as multiple
choice questions like NEXT-QA. We follow their standard settings in all cases.

Table 1 compare open-ended question answering accuracies of BLIP-3-Video against reported
numbers of other models. We use four commonly used public datasets, MSVD-QA, MSRVTT-QA,
ActivityNet-QA, and TGIF-QA, following standard VideoLLM evaluation settings. Note that our
MSVD-QA and MSRVTT-QA accuracy was measured by training our model with a subset (i.e.,
Video-ChatGPT dataset-only) of our training data, in order to avoid the training data contamination.
We are including the model size as well as the number of visual tokens in the table. We are able
to observe that, despite its smaller size (i.e., 4B vs. 7B or 34B), our model is obtaining superior or
comparable performance.

With the temporal encoder, BLIP-3-Video was able to retain the performance with much fewer tokens,
which we discuss more in the following subsection. Our results suggest that not too many visual
tokens are really necessary to be successful on these open-ended question answering benchmarks, as
long as we have a carefully designed temporal encoder.

In addition, we evaluated BLIP-3-Video's ability to solve multiple choice questions (MCQ). Table

2 shows the results on NExT-QA. Due to the nature of its questions requiring understanding of
multiple frames, many prior models use quie a bit of tokens. For instance, GPT-4 uses a minimum
of 255 tokens per frame. It is interesting that BLIP-3-Video achieves comparable accuracy while
representing the entire video with only 32 (or 128) tokens.



Method Size | #tokens| NEXT-QA
LangRepo (Kahatapitiya et al., 2024) 7B 3136+ 54.6
LangRepo (Kahatapitiya et al., 2024) 12B 3136+ 60.9

Tarsier (Wang et al., 2024a) 7B 4608+ 71.6
LLoVi (Zhang et al., 2024a) 157B 1000s 67.7
IG-VLM (Kim et al., 2024) 34B | 1536+ 70.9

VideoAgent (Wang et al., 2024b) GPT-4 | 2091+ 71.3
VideoTree (Wang et al., 2024c) GPT-4 | 3978+ 735

Tarsier (Wang et al., 2024a) 34B | 4608+ 79.2
BLIP-3-Video 4B 32 76.4
BLIP-3-Video 4B 128 77.1

Table 2: Comparison against reported numbers of other models on multiple choice question-answering
(MCQ) benchmark.

Encoder MSVD-QA | TGIF-QA | ActivityNet-QA || NExT-QA
1 frame 71.49/4.01| 72.74/4.16| 51.83/3.39 72.79
Mean pooling 76.75/4.17| 77.01/4.30 55.89/3.53 76.24
Transformer 76.24/4.15| 76.33/4.28| 55.59/3.50 76.34
Vanilla Token Turing Machine|| 76.42/4.15| 75.80/4.26| 54.45/3.48 75.42
Ours (Space-time) 77.49/4.18] 76.90/4.29| 56.94/3.56 76.27
Ours (Sequential) 77.29/4.18| 77.10/4.31| 56.66/3.56 77.07

Table 3: Ablations comparing different temporal encoders: 128 tokens

3.3 ABLATIONS

We conducted an ablation comparing different temporal encoders. These include: (1) the base single
frame model (i.e., BLIP-3 trained with videos), (2) mean pooling similar to Video-ChatGPT, and
(3) transformer temporal encoder similar to Mirasol3B. We also tried the (4) vanilla Token Turing
Machines, which is not the grouped version we use as our temporal encoder.

Table 3 shows the result, comparing the question-answering accuracies of different types of temporal
encoders when abstracting a video into 128 tokens. We are able to observe that they all do a reasonable
job, while some temporal encoders are more effective.

In addition, we compared different pooling approaches similar to the ones tried in prior works, when
they are required to select a much smaller number of tokens (e.g., 32) from a large set of visual
tokens. We compare our spatio-temporal attentional pooling as well as the sequential model against its
alternatives, including (1) xed-window space-time pooling and (2) learnable per-frame pooling. In
particular, (2) is similar to the approach taken in LLaMA-VID (Li et al., 2024c), which independently
selected a xed number of tokens (e.qg., 2) per frame. Table 4 shows the results.

Table 5 explicitly compares the impact of having smaller visual tokens. 32 visual tokens or more
seem to give a reasonable video QA accuracy.

Speed: Reducing the number of visual tokens increases the computational ef ciency of the models,
as the total computation is quadratic to the number of tokens fed to the LLM. We measure the runtime
of our models in the training setting for the fair comparison. Here, we report “samples per second per
GPU'. Without the temporal encoder (i.e., directly using 1024 visual tokens), the model processed
3.3 samples per second. With 16/32/128 tokens using the temporal encoder, the model was able to
process 8.5/8.2 /7.5 samples per second.

Encoder MSVD-QA #tokens || MSVD-QA | TGIF-QA | NEXT-QA
Space-time pooling (4*8 76.04 16 tokens || 76.17/4.16| 76.19/4.28 75.8
Per-frame (4*8) 76.78 32tokens || 77.11/4.17| 77.07/4.30 76.4
Ours (Space-time) 77.71 128 tokens|| 77.29/4.18| 77.10/4.31 77.07
Ours (Sequential) 77.11 256 tokens|| 77.67/4.18| 77.35/4.31 77.06

Table 4: Ablations comparing differefi@ible 5: Ablations comparing different # of tokens. Ours
pooling strategies for 32 tokens. with sequential model as a temporal encoder was used.



Figure 4: Example video captioning results on Mira dataset, formed in question-answering style.

Method MSVD-Cap | MSRVTT-Cap | Mira-Cap
LLaVA-OneVision-7B || 61.68/3.31| 38.56/2.70 | 48.83/3.10
Tarsier-7B 63.54/3.41 -/- 40.88/2.88
Ours 69.50/3.52] 50.45/2.98 | 81.76/4.00

Table 6: Video Caption Evaluation Results. We employ VideoChatGPT's LLM evaluation and report

Average Accuracy / Average Score in this table

3.4 VIDEO CAPTIONING EVALUATION

We evaluate our model on the video captioning task by comparing it against state-of-the-art models on
the test splits of MSVD-Caption and MSRVTT-Caption, as well as a custom evaluation split from the
Mira dataset. For the Mira dataset, we randomly selected 6,000 samples from our full, Itered data
to create the evaluation split, with the remainder used for training. We employed Video-ChatGPT's
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