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Abstract

Building models that can be rapidly adapted to novel tasks using only a handful of
annotated examples is an open challenge for multimodal machine learning research.
We introduce Flamingo, a family of Visual Language Models (VLM) with this
ability. We propose key architectural innovations to: (i) bridge powerful pretrained
vision-only and language-only models, (ii) handle sequences of arbitrarily inter-
leaved visual and textual data, and (iii) seamlessly ingest images or videos as
inputs. Thanks to their flexibility, Flamingo models can be trained on large-scale
multimodal web corpora containing arbitrarily interleaved text and images, which
is key to endow them with in-context few-shot learning capabilities. We perform a
thorough evaluation of our models, exploring and measuring their ability to rapidly
adapt to a variety of image and video tasks. These include open-ended tasks such
as visual question-answering, where the model is prompted with a question which
it has to answer; captioning tasks, which evaluate the ability to describe a scene or
an event; and close-ended tasks such as multiple-choice visual question-answering.
For tasks lying anywhere on this spectrum, a single Flamingo model can achieve a
new state of the art with few-shot learning, simply by prompting the model with
task-specific examples. On numerous benchmarks, Flamingo outperforms models
fine-tuned on thousands of times more task-specific data.
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Figure 1: Selected examples of inputs and outputs obtained from Flamingo-80B. Flamingo can
rapidly adapt to various image/video understanding tasks with few-shot prompting (top). Out of
the box, Flamingo is also capable of multi-image visual dialogue (bottom). More examples in
Appendix C. 5
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Figure 2: Flamingo results overview. Left: Our largest model, dubbed Flamingo, outperforms
state-of-the-art fine-tuned models on 6 of the 16 tasks we consider with no fine-tuning. For the 9
tasks with published few-shot results, Flamingo sets the new few-shot state of the art. Note: We omit
RareAct, our 16th benchmark, as it is a zero-shot benchmark with no available fine-tuned results to
compare to. Right: Flamingo performance improves with model size and number of shots.

1 Introduction

One key aspect of intelligence is the ability to quickly learn to perform a new task given a short
instruction [33, 70]. While initial progress has been made towards a similar capability in computer
vision, the most widely used paradigm still consists of first pretraining on a large amount of supervised
data, before fine-tuning the model on the task of interest [66, 118, 143]. However, successful fine-
tuning often requires many thousands of annotated data points. In addition, it often requires careful
per-task hyperparameter tuning and is also resource intensive. Recently, multimodal vision-language
models trained with a contrastive objective [50, 85] have enabled zero-shot adaptation to novel tasks,
without the need for fine-tuning. However, because these models simply provide a similarity score
between a text and an image, they can only address limited use cases such as classification, where a
finite set of outcomes is provided beforehand. They crucially lack the ability to generate language,
which makes them less suitable to more open-ended tasks such as captioning or visual question-
answering. Others have explored visually-conditioned language generation [17, 114, 119, 124, 132]
but have not yet shown good performance in low-data regimes.

We introduce Flamingo, a Visual Language Model (VLM) that sets a new state of the art in few-shot
learning on a wide range of open-ended vision and language tasks, simply by being prompted with a
few input/output examples, as illustrated in Figure 1. Of the 16 tasks we consider, Flamingo also
surpasses the fine-tuned state of the art on 6 tasks, despite using orders of magnitude less task-specific
training data (see Figure 2). To achieve this, Flamingo takes inspiration from recent work on large
language models (LMs) which are good few-shot learners [11, 18, 42, 86]. A single large LM can
achieve strong performance on many tasks using only its text interface: a few examples of a task are
provided to the model as a prompt, along with a query input, and the model generates a continuation
to produce a predicted output for that query. We show that the same can be done for image and
video understanding tasks such as classification, captioning, or question-answering: these can be
cast as text prediction problems with visual input conditioning. The difference from a LM is that
the model must be able to ingest a multimodal prompt containing images and/or videos interleaved
with text. Flamingo models have this capability—they are visually-conditioned autoregressive text
generation models able to ingest a sequence of text tokens interleaved with images and/or videos,
and produce text as output. Flamingo models leverage two complementary pre-trained and frozen
models: a vision model which can “perceive” visual scenes and a large LM which performs a basic
form of reasoning. Novel architecture components are added in between these models to connect
them in a way that preserves the knowledge they have accumulated during computationally intensive
pre-training. Flamingo models are also able to ingest high-resolution images or videos thanks to
a Perceiver-based [48] architecture that can produce a small fixed number of visual tokens per
image/video, given a large and variable number of visual input features.

A crucial aspect for the performance of large LMs is that they are trained on a large amount of
text data. This training provides general-purpose generation capabilities that allows these LMs to
perform well when prompted with task examples. Similarly, we demonstrate that the way we train
the Flamingo models is crucial for their final performance. They are trained on a carefully chosen
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def gated_xattn_dense(
y, # input language features
x, # input visual features

alpha_xattn, # xattn gating parameter — init at @

alpha_dense, # ffw gating parameter - init at @.
DE

"""Applies a GATED XATTN-DENSE layer."""

self attention ¥

§ k=v=[v] % Q=[v]

“ ' # 1. Gated Cross Attention

& !
TR ] y = y + tanh(alpha_xattn) * attention(q=y, kv=x)
d

i
FFW ; # 2. Gated Feed Forward (dense) Layer
y =y + tanh(alpha_dense) * ffuw(y)
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! y =y + frozen_attention(g=y, kv=y)
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return y # output visually informed language features
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Figure 4: GATED XATTN-DENSE layers. To condition the LM on visual inputs, we insert new
cross-attention layers between existing pretrained and frozen LM layers. The keys and values in these
layers are obtained from the vision features while the queries are derived from the language inputs.
They are followed by dense feed-forward layers. These layers are gated so that the LM is kept intact
at initialization for improved stability and performance.

2.1 Visual processing and the Perceiver Resampler

Vision Encoder: from pixels to features. Our vision encoder is a pretrained and frozen Normalizer-
Free ResNet (NFNet) [10] — we use the F6 model. We pretrain the vision encoder using a contrastive
objective on our datasets of image and text pairs, using the two-term contrastive loss from Radford
et al. [85]. We use the output of the final stage, a 2D spatial grid of features that is flattened to a 1D
sequence. For video inputs, frames are sampled at 1 FPS and encoded independently to obtain a 3D
spatio-temporal grid of features to which learned temporal embeddings are added. Features are then
flattened to 1D before being fed to the Perceiver Resampler. More details on the contrastive model
training and performance are given in Appendix B.1.3 and Appendix B.3.2, respectively.

Perceiver Resampler: from varying-size large feature maps to few visual tokens. This module
connects the vision encoder to the frozen language model as shown in Figure 3. It takes as input a
variable number of image or video features from the vision encoder and produces a fixed number of
visual outputs (64), reducing the computational complexity of the vision-text cross-attention. Similar
to Perceiver [48] and DETR [13], we learn a predefined number of latent input queries which are fed
to a Transformer and cross-attend to the visual features. We show in our ablation studies (Section 3.3)
that using such a vision-language resampler module outperforms a plain Transformer and an MLP.
We provide an illustration, more architectural details, and pseudo-code in Appendix A.1.1.

2.2 Conditioning frozen language models on visual representations

Text generation is performed by a Transformer decoder, conditioned on the visual representations
produced by the Perceiver Resampler. We interleave pretrained and frozen text-only LM blocks with
blocks trained from scratch that cross-attend to the visual output from the Perceiver Resampler.

Interleaving new GATED XATTN-DENSE layers within a frozen pretrained LM. We freeze the
pretrained LM blocks, and insert gated cross-attention dense blocks (Figure 4) between the original
layers, trained from scratch. To ensure that at initialization, the conditioned model yields the same
results as the original language model, we use a tanh-gating mechanism [41]. This multiplies the
output of a newly added layer by tanh(«) before adding it to the input representation from the residual
connection, where « is a layer-specific learnable scalar initialized to 0 [4]. Thus, at initialization, the
model output matches that of the pretrained LM, improving training stability and final performance.
In our ablation studies (Section 3.3), we compare the proposed GATED XATTN-DENSE layers against
recent alternatives [22, 68] and explore the effect of how frequently these additional layers are inserted
to trade off between efficiency and expressivity. See Appendix A.1.2 for more details.

Varying model sizes. We perform experiments across three models sizes, building on the 1.4B, 7B,
and 70B parameter Chinchilla models [42]; calling them respectively Flamingo-3B, Flamingo-9B and
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Flamingo-80B. For brevity, we refer to the last as Flamingo throughout the paper. While increasing
the parameter count of the frozen LM and the trainable vision-text GATED XATTN-DENSE modules,
we maintain a fixed-size frozen vision encoder and trainable Perceiver Resampler across the different
models (small relative to the full model size). See Appendix B.1.1 for further details.

2.3 Multi-visual input support: per-image/video attention masking

The image-causal modelling introduced in Equation (1) is obtained by masking the full text-to-image
cross-attention matrix, limiting which visual tokens the model sees at each text token. At a given text
token, the model attends to the visual tokens of the image that appeared just before it in the interleaved
sequence, rather than to all previous images (formalized and illustrated in Appendix A.1.3). Though
the model only directly attends to a single image at a time, the dependency on all previous images
remains via self-attention in the LM. This single-image cross-attention scheme importantly allows
the model to seamlessly generalise to any number of visual inputs, regardless of how many are
used during training. In particular, we use only up to 5 images per sequence when training on our
interleaved datasets, yet our model is able to benefit from sequences of up to 32 pairs (or “shots’) of
images/videos and corresponding texts during evaluation. We show in Section 3.3 that this scheme is
more effective than allowing the model to cross-attend to all previous images directly.

2.4 Training on a mixture of vision and language datasets

We train the Flamingo models on a mixture of three kinds of datasets, all scraped from the web: an
interleaved image and text dataset derived from webpages, image-text pairs, and video-text pairs.

M3W: Interleaved image and text dataset. The few-shot capabilities of Flamingo models rely on
training on interleaved text and image data. For this purpose, we collect the MultiModal Massive Web
(M3W) dataset. We extract both text and images from the HTML of approximately 43 million
webpages, determining the positions of images relative to the text based on the relative positions of
the text and image elements in the Document Object Model (DOM). An example is then constructed
by inserting <image> tags in plain text at the locations of the images on the page, and inserting a
special <EOC> (end of chunk) token (added to the vocabulary and learnt) prior to any image and at the
end of the document. From each document, we sample a random subsequence of L = 256 tokens and
take up to the first NV = 5 images included in the sampled sequence. Further images are discarded in
order to save compute. More details are provided in Appendix A.3.

Pairs of image/video and text. For our image and text pairs we first leverage the ALIGN [50]
dataset, composed of 1.8 billion images paired with alt-text. To complement this dataset, we collect
our own dataset of image and text pairs targeting better quality and longer descriptions: LTIP (Long
Text & Image Pairs) which consists of 312 million image and text pairs. We also collect a similar
dataset but with videos instead of still images: VTP (Video & Text Pairs) consists of 27 million short
videos (approximately 22 seconds on average) paired with sentence descriptions. We align the syntax
of paired datasets with the syntax of M3W by prepending <image> and appending <EOC> to each
training caption (see Appendix A.3.3 for details).

Multi-objective training and optimisation strategy. We train our models by minimizing a weighted
sum of per-dataset expected negative log-likelihoods of text, given the visual inputs:

M L

Z Am  E(gy)np,, |~ Z log p(yely<e, v<e) | )
m=1 (=1

where D,,, and )\, are the m-th dataset and its weighting, respectively. Tuning the per-dataset weights

Am 18 key to performance. We accumulate gradients over all datasets, which we found outperforms a

“round-robin” approach [17]. We provide further training details and ablations in Appendix B.1.2.

2.5 Task adaptation with few-shot in-context learning

Once Flamingo is trained, we use it to tackle a visual task by conditioning it on a multimodal
interleaved prompt. We evaluate the ability of our models to rapidly adapt to new tasks using in-
context learning, analogously to GPT-3 [11], by interleaving support example pairs in the form of
(image, text) or (video, text), followed by the query visual input, to build a prompt (details in Ap-
pendix A.2). We perform open-ended evaluations using beam search for decoding, and close-ended
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Table 1: Comparison to the state of the art. A single Flamingo model reaches the state of the art
on a wide array of image (I) and video (V) understanding tasks with few-shot learning, significantly
outperforming previous best zero- and few-shot methods with as few as four examples. More
importantly, using only 32 examples and without adapting any model weights, Flamingo outperforms
the current best methods — fine-tuned on thousands of annotated examples — on seven tasks. Best
few-shot numbers are in bold, best numbers overall are underlined.

evaluations using our model’s log-likelihood to score each possible answer. We explore zero-shot
generalization by prompting the model with two text-only examples from the task, with no corre-
sponding images. Evaluation hyperparameters and additional details are given in Appendix B.1.5.

3 Experiments

Our goal is to develop models that can rapidly adapt to diverse and challenging tasks. For this, we
consider a wide array of 16 popular multimodal image/video and language benchmarks. In order to
validate model design decisions during the course of the project, 5 of these benchmarks were used as
part of our development (DEV) set: COCO, OKVQA, VQAv2, MSVDQA and VATEX. Performance
estimates on the DEV benchmarks may be biased, as a result of model selection. We note that this is
also the case for prior work which makes use of similar benchmarks to validate and ablate design
decisions. To account for this, we report performance on an additional set of 11 benchmarks, spanning
captioning, video question-answering, as well as some less commonly explored capabilities such as
visual dialogue and multi-choice question-answering tasks. The evaluation benchmarks are described
in Appendix B.1.4. We keep all evaluation hyperparameters fixed across all benchmarks. Depending
on the task, we use four few-shot prompt templates we describe in more detail in Appendix B.1.5.
We emphasize that we do not validate any design decisions on these 11 benchmarks and use them
solely to estimate unbiased few-shot learning performance of our models.

Concretely, estimating few-shot learning performance of a model involves prompting it with a set of
support samples and evaluating it on a set of query samples. For the DEV benchmarks that are used
both to validate design decisions and hyperparameters, as well as to report final performance, we
therefore use four subsets: validation support, validation query, test support and test query. For other
benchmarks, we need only the latter two. We report in Appendix B.1.4 how we form these subsets.

We report the results of the Flamingo models on few-shot learning in Section 3.1. Section 3.2
gives Flamingo fine-tuned results. An ablation study is given in Section 3.3. Appendix B.2 provides
more results including Flamingo’s performance on the ImageNet and Kinetics700 classification tasks,
and on our contrastive model’s performance. Appendix C includes additional qualitative results.

3.1 Few-shot learning on vision-language tasks

Few-shot results. Results are given in Table 1. Flamingo outperforms by a large margin all previous
zero-shot or few-shot methods on the 16 benchmarks considered. This is achieved with as few as four
examples per task, demonstrating practical and efficient adaptation of vision models to new tasks.
More importantly, Flamingo is often competitive with state-of-the-art methods additionally fine-tuned
on up to hundreds of thousands of annotated examples. On six tasks, Flamingo even outperforms
the fine-tuned SotA despite using a single set of model weights and only 32 task-specific examples.

7
Exhibit 1021 Page 7



Method VQAV2 COCO | VATEX VizWiz MSRVTTQA VisDial YouCook2 TextVQA HatefulMemes
test-dev  test-std ‘ test test test-dev  test-std test valid \ test-std ‘ valid valid \ test-std test seen
32 shots 67.6 - 113.8 65.1 49.8 - 31.0 56.8 - 86.8 36.0 - 70.0
Fine-tuned 82.0 82.1 138.1 84.2 65.7 65.4 474 61.8 59.7 118.6 57.1 54.1 86.6
Sota 8137 8L3T149.67 8147 5727 60.67 46.8 752 7547 138.7 547 137 84.67
[133] [133] [119] [153] [65] [65] [51] [79] [123] [132] [137] [84] [152]

Table 2: Comparison to SotA when fine-tuning Flamingo. We fine-tune Flamingo on all nine
tasks where Flamingo does not achieve SotA with few-shot learning. Flamingo sets a new SotA on
five of them, outperfoming methods (marked with 1) that use tricks such as model ensembling or
domain-specific metric optimisation (e.g., CIDEr optimisation).

Ablated Flamingo-3B Changed Param. Step COCO OKVQA VQAv2 MSVDQA VATEX | Overall
g

setting original value value count] time | | CIDErt topl1 topl 1 topl1 CIDErt | scoref
Flamingo-3B model \ 3.2B 1.74s \ 86.5 42.1 55.8 36.3 534 \ 70.7
w/o Video-Text pairs 3.2B 1.42s 84.2 43.0 53.9 34.5 46.0 67.3
() Training data All data w/o Image-Text pairs 32B  0.95s 66.3 39.2 51.6 32.0 41.6 60.9
2 Image-Text pairs— LAION | 3.2B 1.74s 79.5 414 53.5 339 47.6 66.4
w/o M3W 3.2B 1.02s 54.1 36.5 52.7 31.4 235 53.4
(i) Optimisation Accumulation ~ Round Robin \ 3.2B 1.68s \ 76.1 39.8 52.1 332 40.8 \ 62.9
(iii) Tanh gating v X \ 3.2B 1.74s \ 78.4 40.5 529 359 47.5 \ 66.5
@) Cross-attention GATED VANILLA XATTN 2.4B 1.16s 80.6 41.5 534 329 50.7 66.9
architecture XATTN-DENSE  GRAFTING 33B  1.74s 79.2 36.1 50.8 322 47.8 63.1
Cross-attenti Single in middle 2.0B 0.87s 71.5 38.1 50.2 29.1 423 59.8
) oo O Every Every 4th 23B  1.02s | 823 427 55.1 34.6 50.8 68.8
q y Every 2nd 2.6B 1.24s 83.7 41.0 55.8 345 49.7 68.2
(vi) Resampler Perceiver MLP 3.2B 1.85s 78.6 422 54.7 352 44.7 66.6
v csampiet creetve Transformer 32B  18ls | 832 417 55.6 315 483 66.7
.. - CLIP ViT-L/14 3.1B 1.58s 76.5 41.6 53.4 332 44.5 64.9
(vii) - Vision encoder - NFNetF6  Npne( po ‘ 29B 1455 | 738 405 528 311 29 ‘ 627
. X (random init) 3.2B 2.42s 74.8 315 45.6 269 50.1 57.8
(vii)) - Freezing LM/ X (pretrained) ‘ 32B 2425 | 812 337 474 31.0 539 ‘ 62.7

Table 3: Ablation studies. Each row should be compared to the baseline Flamingo run (top row).
Step time measures the time spent to perform gradient updates on all training datasets.

Finally, despite having only used the DEV benchmarks for design decisions, our results generalize
well to the other benchmarks, confirming the generality of our approach.

Scaling with respect to parameters and shots. As shown in Figure 2, the larger the model, the
better the few-shot performance, similar to GPT-3 [11]. The performance also improves with the
number of shots. We further find that the largest model better exploits larger numbers of shots.
Interestingly, even though our Flamingo models were trained with sequences limited to only 5
images on M3W, they are still able to benefit from up to 32 images or videos during inference. This
demonstrates the flexibility of the Flamingo architecture for processing a variable number of videos
or images.

3.2 Fine-tuning Flamingo as a pretrained vision-language model

While not the main focus of our work, we verify that when given more data, Flamingo models can be
adapted to a task by fine-tuning their weights. In Table 2, we explore fine-tuning our largest model,
Flamingo, for a given task with no limit on the annotation budget. In short, we do so by fine-tuning the
model on a short schedule with a small learning rate by additionally unfreezing the vision backbone
to accommodate a higher input resolution (details in Appendix B.2.2). We find that we can improve
results over our previously presented in-context few-shot learning results, setting a new state of the
art on five additional tasks: VQAv2, VATEX, VizWiz, MSRVTTQA, and HatefulMemes.

3.3 Ablation studies

In Table 3, we report our ablation results using Flamingo-3B on the validation subsets of the five
DEV benchmarks with 4 shots. Note that we use smaller batch sizes and a shorter training schedule
compared to the final models. The Overall score is obtained by dividing each benchmark score by its
state-of-the-art (SotA) performance from Table 1 and averaging the results. More details and results
are given in Appendix B.3 and Table 10.

Importance of the training data mixture. As shown in row (i), getting the right training data plays
a crucial role. In fact, removing the interleaved image-text dataset M3W leads to a decrease of more
than 17% in performance while removing the conventional paired image-text pairs also decreases
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performance (by 9.8%), demonstrating the need for different types of datasets. Moreover, removing
our paired video-text dataset negatively affects performance on all video tasks. We ablate replacing
our image-text pairs (ITP) by the publicly available LAION-400M dataset [96], which leads to a
slight degradation in performance. We show in row (ii) the importance of our gradient accumulation
strategy compared to using round-robin updates [17].

Visual conditioning of the frozen LM. We ablate the use of the O-initialized tanh gating when
merging the cross-attention output to the frozen LM output in row (iii). Without it, we see a drop of
4.2% in our overall score. Moreover, we have noticed that disabling the O-initialized tanh gating leads
to training instabilities. Next, we ablate different conditioning architectures in row (iv). VANILLA
XATTN, refers to the vanilla cross-attention from the original Transformer decoder [115]. In the
GRAFTING approach from [68], the frozen LM is used as is with no additional layers inserted, and a
stack of interleaved self-attention and cross-attention layers that take the frozen LM output are learnt
from scratch. Overall, we show that our GATED XATTN-DENSE conditioning approach works best.

Compute/Memory vs. performance trade-offs. In row (v), we ablate the frequency at which we
add new GATED XATTN-DENSE blocks. Although adding them at every layer is better, it significantly
increases the number of trainable parameters and time complexity of the model. Notably, inserting
them every fourth block accelerates training by 66% while only decreasing the overall score by 1.9%.
In light of this trade-off, we maximize the number of added layers under hardware constraints and add
a GATED XATTN-DENSE every fourth layer for Flamingo-9B and every seventh for Flamingo-80B.
We further compare in row (vi) the Perceiver Resampler to a MLP and a vanilla Transformer given a
parameter budget. Both underperform the Perceiver Resampler while also being slower.

Vision encoder. In row (vii), we compare our NFNet-F6 vision encoder pretrained with contrastive
learning (details in Appendix B.1.3) to the publicly available CLIP ViT-L/14 [85] model trained at
224 resolution. Our NFNet-F6 has a +5.8% advantage over the CLIP ViT-L/14 and +8.0% over a
smaller NFNet-FO encoder, which highlights the importance of using a strong vision backbone.

Freezing LM components prevents catastrophic forgetting. We verify the importance of freezing
the LM layers at training in row (viii). If trained from scratch, we observe a large performance de-
crease of —12.9%. Interestingly, fine-tuning our pretrained LM also leads to a drop in performance of
—8.0%. This indicates an instance of “catastrophic forgetting” [71], in which the model progressively
forgets its pretraining while training on a new objective. In our setting, freezing the language model
is a better alternative to training with the pre-training dataset (MassiveText) in the mixture.

4 Related work

Language modelling and few-shot adaptation. Language modelling has recently made substantial
progress following the introduction of Transformers [115]. The paradigm of first pretraining on a
vast amount of data followed by an adaptation on a downstream task has become standard [11, 23,
32,44, 52,75, 87, 108]. In this work, we build on the 70B Chinchilla language model [42] as the
base LM for Flamingo. Numerous works have explored techniques to adapt language models to
novel tasks using a few examples. These include adding small adapter modules [43], fine-tuning
a small part of the LM [141], showing in-context examples in the prompt [11], or optimizing the
prompt [56, 60] through gradient descent. In this paper, we take inspiration from the in-context [11]
few-shot learning technique instead of more involved few-shot learning approaches based on metric
learning [24, 103, 112, 117] or meta-learning [6, 7, 27, 31, 91, 155].

When language meets vision. These LM breakthroughs have been influential for vision-language
modelling. In particular, BERT [23] inspired a large body of vision-language work [16, 28, 29,
38, 59, 61, 66, 101, 106, 107, 109, 118, 121, 142, 143, 151]. We differ from these approaches as
Flamingo models do not require fine-tuning on new tasks. Another family of vision-language models
is based on contrastive learning [2, 5, 49, 50, 57, 74, 82, 85, 138, 140, 146]. Flamingo differs from
contrastive models as it can generate text, although we build and rely upon them for our vision encoder.
Similar to our work are VLMs able to generate text in an autoregressive manner [19, 25, 45, 67, 116].
Concurrent works [17, 58, 119, 124, 154] also propose to formulate numerous vision tasks as text
generation problems. Building on top of powerful pretrained language models has been explored
in several recent works. One recent line of work [26, 68, 78, 114, 136, 144] proposes to freeze the
pretrained LM weights to prevent catastrophic forgetting [71]. We follow this idea by freezing the
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Chinchilla LM layers [42] and adding learnable layers within the frozen LM. We differ from prior
work by introducing the first LM that can ingest arbitrarily interleaved images, videos, and text.

Web-scale vision and language training datasets. Manually annotated vision and language datasets
are costly to obtain and thus relatively small (10k-100k) in scale [3, 15, 69, 122, 129, 139]. To alleviate
this lack of data, numerous works [14, 50, 98, 110] automatically scrape readily available paired
vision-text data. In addition to such paired data, we show the importance of also training on entire
multimodal webpages containing interleaved images and text as a single sequence. Concurrent work
CM3 [1] proposes to generate HTML markup from pages, while we simplify the text prediction
task by only generating plain text. We emphasize few-shot learning and vision tasks while CM3 [1]
primarily evaluates on language-only benchmarks in a zero-shot or fine-tuned setup.

5 Discussion

Limitations. First, our models build on pretrained LMs, and as a side effect, directly inherit their
weaknesses. For example, LM priors are generally helpful, but may play a role in occasional
hallucinations and ungrounded guesses. Furthermore, LMs generalise poorly to sequences longer
than the training ones. They also suffer from poor sample efficiency during training. Addressing
these issues can accelerate progress in the field and enhance the abilities of VLMs like Flamingo.

Second, the classification performance of Flamingo lags behind that of state-of-the-art contrastive
models [82, 85]. These models directly optimize for text-image retrieval, of which classification is
a special case. In contrast, our models handle a wider range of tasks, such as open-ended ones. A
unified approach to achieve the best of both worlds is an important research direction.

Third, in-context learning has significant advantages over gradient-based few-shot learning methods,
but also suffers from drawbacks depending on the characteristics of the application at hand. We
demonstrate the effectiveness of in-context learning when access is limited to only a few dozen
examples. In-context learning also enables simple deployment, requiring only inference, generally
with no hyperparameter tuning needed. However, in-context learning is known to be highly sensitive
to various aspects of the demonstrations [80, 148], and its inference compute cost and absolute
performance scale poorly with the number of shots beyond this low-data regime. There may be
opportunities to combine few-shot learning methods to leverage their complementary benefits. We
discuss the limitations of our work in more depth in Appendix D.1.

Societal impacts. In terms of societal impacts, Flamingo offers a number of benefits while carrying
some risks. Its ability to rapidly adapt to a broad range of tasks have the potential to enable non-expert
users to obtain good performance in data-starved regimes, lowering the barriers to both beneficial
and malicious applications. Flamingo is exposed to the same risks as large language models, such
as outputting offensive language, propagating social biases and stereotypes, as well as leaking
private information [42, 126]. Its ability to additionally handle visual inputs poses specific risks
such as gender and racial biases relating to the contents of the input images, similar to a number
of visual recognition systems [12, 21, 37, 97, 147]. We refer the reader to Appendix D.2 for a
more extensive discussion of the societal impacts of our work, both positive and negative; as well
as mitigation strategies and early investigations of risks relating to racial or gender bias and toxic
outputs. Finally we note that, following prior work focusing on language models [72, 81, 111], the
few-shot capabilities of Flamingo could be useful for mitigating such risks.

Conclusion. We proposed Flamingo, a general-purpose family of models that can be applied to image
and video tasks with minimal task-specific training data. We also qualitatively explored interactive
abilities of Flamingo such as “chatting” with the model, demonstrating flexibility beyond traditional
vision benchmarks. Our results suggest that connecting pre-trained large language models with
powerful visual models is an important step towards general-purpose visual understanding.
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(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A]
(b) Did you include complete proofs of all theoretical results? [IN/A]

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? The code and
the data are proprietary.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] See Section 3 and Appendix B.

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? We do not observe large enough variance in our training
runs to justify the computation cost incurred by multiple training runs. For the largest
models, it is not feasible within our compute budget.

(d) Did you include the total amount of compute and the type of resources used (e.g.,
type of GPUs, internal cluster, or cloud provider)? [Yes] Details can be found in
Appendix B.1.2. In short, our largest run was trained on 1536 TPU chips for 15 days.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes] We properly cited the
prior methods on which our work is based, as well as prior datasets when appropriate
(e.g., ALIGN).

(b) Did you mention the license of the assets? [N/A] The assets we used are previous work
for which we cited papers. We do mention the license of all visual assets we use for the
figures of the paper in Appendix G.

(c) Did you include any new assets either in the supplemental material or as a URL?

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [Yes] Our data was automatically scraped from million of webpages.
See Datasheets [30] in Appendix F.

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [Yes] See Datasheets [30] in Appendix F.

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [IN/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A |
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Appendix

We provide an overview of the Appendix below.
Method (Appendix A). We first provide additional details about our model in Appendix A.1:
* An illustration and pseudo-code for the Perceiver Resampler (described in Section 2.1) is
provided in Appendix A.1.1 and Figure 5.

* A similar illustration is provided for the GATED XATTN-DENSE layer of Section 2.2 in
Appendix A.1.2 and Figure 4.

* Details on our implementation of the multi-image/video attention mechanism (Section 2.3)
are given in Appendix A.1.3.

* Hyperparameters for all model architectures are given in Appendix A.1.4.
We then explain how we evaluate our models using in-context few-shot learning in Appendix A.2.
This includes details on how we build the few-shot prompt, how we get predictions for open- and close-

ended tasks, how we obtain the zero-shot numbers, and how we leverage retrieval and ensembling to
take advantage of more annotated examples.

Finally, in Appendix A.3, we provide more details on our training datasets:

* Collection of M3W in Appendix A.3.1,

* How we process M3W samples during training in Appendix A.3.2,

* Collection of LTIP and VTP in Appendix A.3.3,

* Deduplication strategy we employ to ensure that there is no leakage between our training

and evaluation datasets in Appendix A.3.4.

Experiments (Appendix B). We first provide additional training and evaluation details in Ap-
pendix B.1, including:

* Details on Flamingo-3B, Flamingo-9B and Flamingo in Appendix B.1.1,

* The training hyperparameters in Appendix B.1.2,

* More details on the Contrastive model pretraining in Appendix B.1.3,

* Details on our evaluation benchmarks and splits in Appendix B.1.4,

* A discussion on the few-shot learning hyperparameters in Appendix B.1.5,

* The dialogue prompt used in the qualitative dialogue examples shown in Figure 1 and

Figure 11 in Appendix B.1.6.

Next, we give additional results obtained by our models in Appendix B.2 including the performance
of the Flamingo models on classification tasks in Appendix B.2.1, detailed fine-tuning results in
Appendix B.2.2, and zero-shot results from our contrastive models (Appendix B.2.3).

Finally, we provide more ablation studies in Appendix B.3 for both the Flamingo models (Ap-
pendix B.3.1) and our contrastive pretrained Visual Encoders (Appendix B.3.2).

Qualitative results (Appendix C). More qualitative results are given in Appendix C: Figure 10
(single image sample), Figure 11 (dialogue examples), and Figure 12 (video examples).

Discussion (Appendix D). We provide a more complete discussion on our work, including limitations,
failure cases, broader impacts and societal impacts of our work in Appendix D.

Model card (Appendix E). The Flamingo model card is provided in Appendix E.

Datasheets (Appendix F). Datasheets for M3W, LTIP and VTP are respectively given in Ap-
pendix F.1, Appendix F.2.1 and Appendix F.2.2.

Credit for visual content (Appendix G). We provide attribution for all visual illustrations used in
the paper in Appendix G.
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Perceiver Resampler

---------------------------------------------- i def perceiver_resampler (

x_f, # The [T, S, d] visual features (T=time, S=space)
time_embeddings, # The [T, 1, d] time pos embeddings.
X, # R learned latents of shape [R, d]

num_layers, # Number of layers

Attention

[ x

SRR T T | e

):

"""The Perceiver Resampler model."""

tten # Apply the Perceiver Resampler layers.
for i in range(num_layers):
=0 t=1 t=2 Learned # Attention.
HEE [ 11 | [ 1] | latelnt x = x + attention_i(g=x, kv=concat([x_f, x]))
HEE HEE HEN queries # Feed forward.
HEEE HEEE BEEE 7S AL
return x
Vision Vision Vision

Encoder Encoder Encoder

Figure 5: The Perceiver Resampler module maps a variable size grid of spatio-temporal visual
features output by the Vision Encoder to a fixed number of output tokens (five in the figure), inde-
pendently from the input image resolution or the number of input video frames. This transformer
has a set of learned latent vectors as queries, and the keys and values are a concatenation of the
spatio-temporal visual features with the learned latent vectors.

A Method

A.1 Model details

A.1.1 Perceiver Resampler

Expanding on our brief description in Section 2.1, Figure 5 provides an illustration of our Perceiver
Resampler processing an example video, together with pseudo-code. Our Perceiver Resampler is
similar in spirit to the Perceiver models proposed by Jaegle et al. [48]. We learn a predefined number
of latent input queries, and cross-attend to the flattened visual features X . These visual features
X are obtained by first adding a learnt temporal position encoding to each feature within a given
video frame (an image being considered as a single-frame video). Note that we only use temporal
encodings and no explicit spatial grid position encodings; we did not observe improvements from the
latter. This rationale behind is likely that CNNs, such as our NFNet encoder, are known to implicitly
include spatial information channel-wise [47]. The visual features are then flattened and concatenated
as illustrated in Figure 5. The number of output tokens of the Perceiver Resampler is equal to the
number of learnt latent queries. Unlike in DETR and Perceiver, the keys and values computed from
the learnt latents are concatenated to the keys and values obtained from Xy, which we found to
perform slightly better.

A.1.2 GATED XATTN-DENSE details

We provide in Figure 4 an illustration of a GATED XATTN-DENSE block and how it connects to a
frozen LM block, together with pseudo-code.

We also plot in Figure 6 the evolution of the absolute value of the tanh gating values as a function of
training progress (from 0% to 100%) at different layers of the LM stack for the Flamingo-3B model
composed of 24 LM layers. All layers of the frozen LM stack seem to utilize the visual information
as the tanh gating absolute values quickly grow in absolute value from their O initializations. We
also note that the absolute values seem to grow with the depth. However, it is difficult to draw strong
conclusions from this observation: the scale of the activations before gating may also vary with depth.
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Figure 6: Evolution of the absolute value of the tanh gating at different layers of Flamingo-3B.

0 Masked cross attention
Cute pics of my pets!
ute pi y P K=v=[X]

NI
1 I I e i B
s el bl Ll e L

Vision Vision
}7<BOS> Cute pics of my pets!<EOC><inagesMy puppy sitting in the grass. <E0C><imagesMy cat looking very dignified.<E0C>

RS,
My puppy sitting in the
grass.

Encoder Encoder

tokenization

t

My cat looking very <BOS>Cute pics of my pets!<EQC><imagesMy puppy sitting in the grass.<EOC><image> My cat looking very dignified.<EOC>

dignified.

Input webpage Processed text: <image> tags are inserted and special tokens are added Image 1 Inage 2

Figure 7: Interleaved visual data and text support. Given text interleaved with images/videos,
e.g. coming from a webpage, we first process the text by inserting <image> tags at the locations of
the visual data in the text as well as special tokens (<BOS> for “beginning of sequence” or <EOC> for
“end of chunk”). Images are processed independently by the Vision Encoder and Perceiver Resampler
to extract visual tokens. At a given text token, the model only cross-attends to the visual tokens
corresponding to the last preceding image/video. ¢ indicates which image/video a text token can
attend or 0 when no image/video is preceding. In practice, this selective cross-attention is achieved
through masking — illustrated here with the dark blue entries (unmasked/visible) and light blue entries
(masked).

Future work is required to better understand the effect of these added layers on the optimization
dynamics and on the model itself.

A.1.3 Multi-visual input support

We illustrate in Figure 7 the masking approach we use to limit the number of visual tokens that a
certain text token sees. We also formalize our notation for the interleaved sequences of images/videos
and text.

Interleaved sequences of visual data and text. We consider interleaved image/video and text
examples: each example holds a sequence of text y, a sequence of images/videos z, and the sequence
of positions of the images in the text. Based on the visual data positions, we define a function
¢ : [1, L] — [0, N] that assigns to each text position the index of the last image/video appearing
before this position (or 0 if no visual data appears before the position). The function ¢ defines which
visual inputs we consider usable to predict token ¢ in Equation (1): the set of preceding tokens

Y<o = (Y1,---,Ye—1), and the set of preceding images/videos z<, = {z;]i < ¢(£)}.

A.1.4 Transformer architecture

We list in Table 4 the number of layers (L), the hidden dimension (D), the number of heads (H),
and the FFW activation (Act.) used for each transformer component of our Flamingo models. The
dimension of keys and values in each configuration is given by D/H (96 for the Perceiver Resampler;
128 for GATED XATTN-DENSE and the frozen LM), and the hidden dimension of each feed-forward
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Perceiver Resampler GATED XATTN-DENSE Frozen LM
D H Act. L D H Act. L D H Act.

L
6 1536 16 Sq.ReLU | 24 2048 16 Sq.ReLU | 24 2048 16 GeLU
6
6

Flamingo-3B
Flamingo-9B
Flamingo

1536 16 Sq.ReLU | 10 4096 32 Sq.ReLU | 40 4096 32 GeLU

1536 16 Sq.ReLU | 12 8192 64 Sq.ReLU | 80 8192 64 GeLU

Table 4: Hyper-parameters for the Flamingo models’ transformers. The hidden size of each feed-
forward MLP is 4D. L: number of layers, D: transformer hidden size, H: number of heads, Act.:
FFW activation, Sq. ReLU: Squared ReLU [104].

Vision to Text tasks (input=vision, output=text)

Support examples Query
Elephants
A cat wearing walking in
sunglasses. the savanna.

<B0S><image>Output: A cat wearing sunglasses.<EOC><image>Output: Elephants walking in the savanna.<EOC><image>Output:
Processed prompt

Visual Question Answering Task (input=vision+text, output=text)
Support examples Query

What's
the cat sunglasses
wearing?

What is on
the water?

'$@ How many
Jl animals? =

<B0S><image>Question: What's the cat wearing? Answer: sunglasses<EOC><image>Question: How many animals? Answer : 3<EOC><im;ge>
Question: What is on the water? Answer:
Processed prompt
Figure 8: Few-shot interleaved prompt generation. Given some task-specific few-shot examples
(a.k.a. support examples) and a query for which Flamingo should make a prediction, we build the
prompt by interleaving images with their corresponding texts. We introduce some formatting to do
this, prepending “Output:” to the expected response for all vision-to-text tasks or prompting in the
format “Question: {question} Answer: {answer}” for visual question-answering tasks.

MLP is 4D. Note that the frozen LM was trained with the GeLU activation [39], while the remaining
trainable transformer layers use the Squared ReLU activation [104], which we found to outperform
GeLU.

A.2 In-context few-shot evaluation details

In-context learning with Flamingo models. We evaluate the ability of our models to rapidly adapt
to new tasks using in-context learning, following an analogous approach to the one used in GPT-3 [11].
In detail, we are given a set of support examples in the form of (image, text) or (video, text) (where
the image or video is the input visual and the text is the expected response and any additional
task-specific information, e.g., a question) and a single visual query for which we want our model to
make a prediction. Given this, we build a multimodal prompt by concatenating the support examples
followed by the visual query as illustrated by Figure 8. Unless specified otherwise, we choose the
concatenation order at random.

Open-ended and close-ended evaluations. In an open-ended setting, the model’s sampled text
following the query image is then taken as its prediction for the image, stopping at the first <EOC>
(“end of chunk”) token prediction. Unless specified otherwise, we always use beam search with a
beam size of 3. In a close-ended setting, all possible outputs are independently appended to the query
image, and we score each of the resulting sequences using the log-likelihood estimated by our model.
These scores are then used to rank the candidate outputs in decreasing order, from most confident to
least confident.
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This is an A kid Welcome This is a

image of a doing a to my " picture of
| flamingo. || kickflip. |website! | “* my dog.
Image-Text Pairs dataset Video-Text Pairs dataset Multi-Modal Massive Web (M3W) dataset
[N=1, T=1, H, W, C] [N=1, T>1, H, W, C] [N>1, T=1, H, W, C]

Figure 9: Training datasets. Mixture of training datasets of different formats. N corresponds to the number of
visual inputs for a single example. For paired image (or video) and text datasets, N = 1. 7" is the number of
video frames (1" = 1 for images). H, W, and C' are height, width and color channels.

Zero-shot generalization. In the absence of few-shot examples, approaches commonly rely on
prompt engineering [85] to condition the model at inference using a suitable natural language descrip-
tion of the task. Validation of such prompts can significantly impact performance but requires access
to a number of annotated examples and cannot therefore be considered truly zero-shot. Furthermore,
Perez et al. [80] have shown that such validation procedures are generally not robust with access
to only a handful of samples during validation. To report zero-shot performance in our work, we
instead build a prompt with two examples from the downstream tasks where we remove their cor-
responding images or videos. For example, for the task illustrated at the top of Figure 8§, the
prompt would be “<B0S>Output: This is a cat wearing sunglasses.<E0C>Output: Three
elephants walking in the savanna.<E0C><image> Output:” and no support images would be
fed to the model. We observed that only showing one, instead of two, text examples in the prompt is
highly detrimental as the model is biased towards producing text output similar to the single provided
text example. Providing more than two text examples helps but only marginally. We hence use
two text examples in all zero-shot results for practicality. In practice, we believe this is not more
cumbersome than finding a good natural text description for a given task. This relates to recent
findings on the aspects of demonstrations that are key drivers of performance [76]. For close-ended
tasks, where we use the model to score different possible answers, we observe it is not necessary to
provide a single text example in the zero-shot prompt.

Retrieval-based In-Context Example Selection [136]. When the size of the support set exceeds
a certain limit, it can become difficult to leverage all the examples with in-context learning: first
because it becomes excessively expensive to fit all the examples in the prompt, and second because
there is a risk of poor generalization when the prompt size exceeds the size of the sequence used
during training [83]. In such situations, it is appealing to use a form of prompt selection to both
limit the sequence length as well as potentially improve the prompt quality which can in turn lead to
better performance [63]. In particular, we follow the Retrieval-based In-Context Example Selection
(RICES) approach introduced by [136]. In detail, given a query image, we retrieve similar images in
the support set by comparing the visual features extracted from our frozen pretrained visual encoder.
We then build the prompt by concatenating the top-/N most similar examples. Since LMs are sensitive
to the ordering in the prompt due to recency bias [148], we order the examples by increasing order of
similarity, such that the most similar support example appears right before the query. We notably
show the effectiveness of this approach in classification settings with multiple hundreds of classes
(see Appendix B.2.1) where we are given one or more images/videos per class, yielding a number of
examples that would not otherwise fit in the prompt.

Prompt ensembling. We also explore ensembling the outputs of the model across multiple prompts
in the close-ended setting. This can notably be combined with RICES where ensembling can be
done over multiple permutations of the ranked nearest neighbors. Specifically, for a given answer,
we average the log likelihoods estimated by the model over 6 random permutations of the selected
few-shot examples.

A.3 Training dataset details

We train the Flamingo models on a carefully chosen mixture of datasets illustrated in Figure 9 and
described next.

26
Exhibit 1021 Page 26



A.3.1 M3W collection

The selection and scraping of web pages for M3W follows a similar process to the one used for
collecting the MassiveWeb dataset [86]. We start by filtering out non-English documents. We also
remove those that do not pass internal filters, which identify explicit content across images, videos,
and text. We use a custom scraper to extract salient content from the remaining documents, in the
form of plain text interleaved with images, as described in Section 2.4. The text in M3W is collected
in a similar fashion to that of MassiveWeb, but we also collect any images present at the same level in
the HTML tree. We discard documents for which the scraping process does not yield any images.

We then apply similar text filtering heuristics, to remove low quality documents and reduce repetition,
as well as some image filters to remove images that are too small (either width or height less than
64 pixels), too wide or narrow (aspect ratio greater than 3 in either direction), or unambiguously
low quality (e.g. single-colour images). We discard documents that no longer contain any images
following this filtering step.

A.3.2 M3W image-placement augmentation

During evaluation of Flamingo models, we prompt the model with an image and ask it to generate
text for that image. This lends itself to a natural sequencing at inference time in which the image
comes before the corresponding text output.

However, the correspondence between images and text in our interleaved M3W dataset (Section 2.4)
is in general unknown (and potentially not well-defined in certain cases). As a motivating example, a
simple webpage might be structured in either of the following ways:

(a) This is my dog! <dog image> This is my cat! <cat image>

(b) <dog image> That was my dog! <cat image> That was my cat!

The text-aligned image indices (indices) might “ideally” be chosen such that at each point in the
text, the index points to the most semantically relevant image for that text — i.e., the next image in
example (a), and the previous image in example (b). In the absence of a general way to determine
semantic correspondence between text and images on webpages “in the wild”’, we make a simplifying
assumption that the most relevant image at any given point in the text is either the last image appearing
before the text token, or the image immediately following it (as in the simple examples above), and
choose indices accordingly.

During training, for each webpage sampled, we sample with probability p,e,: = % whether indices
are chosen to map text to the previous or next image. This inevitably means we make the semantically
“unnatural” choice — e.g., associating the text “This is my cat!” with the dog image in (a) above —
around half of the time. We ablate this choice in Section 3.3, finding a small advantage to setting
Prext = % over either 0 (always the previous image index) or 1 (always the next image index). This
suggests that there may be a beneficial “data augmentation” effect to this randomisation.

A.3.3 LTIP and VTP: Visual data paired with text

Along with our interleaved image and text dataset, we use several paired vision and text web datasets
for training. One dataset is ALIGN [50], composed of 1.8 billion images paired with alt-text. ALIGN
is large, but noisy and limited to images. The images are often poorly described by the corresponding
alt-text annotation. For this reason, we augment it with two datasets: LTIP (Long Text & Image Pairs)
consists of 312 million images, and VTP (Video & Text Pairs) consists of 27 million short videos
(approximately 22 seconds on average). Both datasets are paired with more descriptive captions. For
instance, the average number of tokens of an ALIGN text description is 12.4 per image, while it is
20.5 for the LTIP dataset. The LTIP and VTP datasets were collected by crawling fewer than ten
websites targeting high-quality and rich image descriptions. These single-image and single-video
datasets are preprocessed analogously to the M3W data preprocessing described previously, adding
the <image> tag at the beginning of the sequence (immediately after <BOS>), and the <EOC> token
after the text (before <E0S>). We deduplicated these datasets against all our benchmarks (against both
the training and the evaluation sets) using image similarity, as detailed in Appendix A.3.4. Datasheets
for LTIP and VTP are respectively given in Appendix F.2.1 and Appendix F.2.2.

27
Exhibit 1021 Page 27





