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Figure 1. Our approach, retrieval-augmented multimodal modeling. (a) Overview: given an input multimodal document, we use a
retriever to retrieve relevant multimodal documents from an external memory, and use the generator to refer to the retrieved documents
and make predictions for the input (e.g., generate the continuation). (b) The multimodal retriever is a dense retriever with a mixed-modal
encoder that can encode mixture of text and images (§3.2). (c) The retrieval-augmented generator uses the CM3 Transformer architecture,
and we prepend the retrieved documents to the main input document that we feed into the model (§3.3).

Abstract
Recent multimodal models such as DALL-E and
CM3 have achieved remarkable progress in text-
to-image and image-to-text generation. However,
these models store all their knowledge (e.g., the
appearance of the Eiffel Tower) in the model pa-
rameters, requiring increasingly larger models and
training data to capture more knowledge. To in-
tegrate knowledge in a more scalable and modu-
lar way, we propose a retrieval-augmented multi-
modal model, which enables a base multimodal
model (generator) to refer to relevant text and im-
ages fetched by a retriever from external memory
(e.g., documents on the web). Specifically, for
the retriever, we use a pretrained CLIP, and for
the generator, we train a CM3 Transformer on
the LAION dataset. Our resulting model, named
Retrieval-Augmented CM3 (RA-CM3), is the first
multimodal model that can retrieve and generate
both text and images. We show that RA-CM3 sig-
nificantly outperforms baseline multimodal mod-
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els such as DALL-E and CM3 on both image and
caption generation tasks (12 FID and 17 CIDEr
improvements on MS-COCO), while requiring
much less compute for training (<30% of DALL-
E). Moreover, we show that RA-CM3 exhibits
novel capabilities, such as faithful image gener-
ation and multimodal in-context learning (e.g.,
image generation from demonstrations).

1. Introduction
Recent multimodal models have achieved remarkable
progress in image and text generation. DALL-E (Ramesh
et al., 2021) and Parti (Yu et al., 2022) perform image gen-
eration from text, Flamingo (Alayrac et al., 2022) performs
text generation from images, and CM3 (Aghajanyan et al.,
2022) offers a unified Transformer model that generates
both text and images. Typically, these models store all their
knowledge (e.g., the appearance of the Eiffel Tower) im-
plicitly in the parameters of the underlying neural network,
requiring a lot of parameters (e.g., 10–80B) and training
data (e.g., 1–10B images) to cover all the knowledge. This
motivates the development of multimodal models that can
refer to an external memory of knowledge (e.g., web data)
for increased knowledge capacity. Access to external mem-
ory is useful to accommodate the growth and update of
knowledge through time, and is especially helpful for tasks
that involve entity knowledge, such as generating images
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Approach Model type Image generation Text generation Retrieval In-context learning

DALL-E, Parti (Ramesh et al.; Yu et al.) Autoregressive 4
DALL-E 2, Imagen(Ramesh et al.; Saharia et al.) Diffusion 4
Re-Imagen(Chen et al.) Diffusion 4 4
Flamingo, MetaLM(Alayrac et al.; Hao et al.) Autoregressive 4 4
MuRAG (Chen et al.) Autoregressive 4 y 4
CM3 (Aghajanyan et al.) Autoregressive 4 4

RA-CM3 (Ours) Autoregressive 4 4 4 4

Table 1.Comparison with other multimodal models. Our RA-CM3 is the �rst retrieval-augmented model that can perform both image
and text generation. RA-CM3 also exhibits strong in-context learning abilities thanks to the proposed retrieval-augmented training (§3.3).
yFocus on question answering.

for entity-rich captions like “George Washington standing
in front of the Eiffel Tower”. Reference to external mem-
ory may also offer bene�ts such as explainable and faithful
predictions (Metzler et al., 2021).

Recently, retrieval-augmented language models have shown
promise in natural language processing (NLP) (Karpukhin
et al., 2020; Guu et al., 2020; Lewis et al., 2020b; Borgeaud
et al., 2022). Given input text, such a model uses aretriever
that retrieves relevant documents from an external mem-
ory, and uses ageneratorto generate predictions given the
retrieved documents. However, these retrieval-augmented
methods are studied originally for text, and extending them
to the multimodal setting remains an open problem with
challenges. Speci�cally, we need to design a retriever and
a generator that handle multimodal documents, consisting
of both images and text. Several concurrent works study
retrieval for multimodal data (Chen et al., 2022a;b), but their
generators are each limited to a single modality, either text
generation or image generation (Table 1).

In this work, we address the above challenge and present
the �rst retrieval-augmented multimodal model that can re-
trieve and generateboth text and images. As in Figure 1,
our input data and external memory comprise a set ofmul-
timodal documents, each of which is an arbitrary sequence
of text/images (e.g., text, image, or their combinations like
caption-image pair). First, to obtain a multimodal retriever,
we use the Dense Retrieval method (Karpukhin et al., 2020)
with a mixed-modal encoder that can encode combinations
of text and images (e.g., pretrained CLIP; Radford et al.
2021). Given this retriever, we design a technique to retrieve
diverse and informative documents for the input document.
Second, we design the retrieval-augmented generator based
on the CM3 architecture (Aghajanyan et al., 2022), which
is a Transformer sequence model capable of both text and
image generation. Concretely, we prepend the retrieved doc-
uments as in-context examples to the main input document,
and train the generator by optimizing token prediction loss
jointly for the main document and retrieved documents.

We train our retrieval-augmented CM3 (RA-CM3), using
150M text-image pairs from the LAION dataset (Schuh-
mann et al., 2021). RA-CM3 achieves strong performance

on MS-COCO image and caption generation, signi�cantly
outperforming the baseline CM3 with no retrieval (12 FID
and 17 CIDEr improvements). It also outperforms existing
models such as DALL-E and Flamingo, despite using fewer
parameters (< 30%) and compute for training (< 30%).

We further demonstrate novel capabilities of RA-CM3 (§5).
First, it can perform faithful generation for tasks that re-
quire entity knowledge, for which existing models struggle
(Figure 3, 4). Second, RA-CM3 exhibits a multimodal in-
context learning ability: it can perform controlled image
generation by prompting with demonstration examples in
context (Figure 7), and it can also perform few-shot image
classi�cation. RA-CM3 is the �rst model that can perform
in-context learning for both text and image generation (Ta-
ble 1).

More broadly, our work offers a general and modular re-
trieval augmentation framework for multimodal models, and
opens up various research avenues, such as further advance-
ment of multimodal retrievers and generators.

2. Related work

We discuss related works in detail in §B.

3. Approach

We present a retrieval-augmented multimodal model that can
retrieve and generate both text and images. As illustrated in
Figure 1, given an input multimodal document (i.e., arbitrary
sequence of text/images), we use aretriever that retrieves
relevant multimodal documents from an external memory,
and uses agenerator to refer to the retrieved documents
and make predictions for the input document (i.e., generate
the continuation). We design the multimodal retriever as a
dense retriever with a mixed-modal encoder that can encode
combinations of text and images (e.g., pretrained CLIP;
§3.2). We build the retrieval-augmented generator using the
CM3 Transformer architecture, and we prepend the retrieved
documents to the main input document that we feed into the
generator (§3.3). We describe how we train this model and
use it for text-to-image or image-to-text generation in§3.4.
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Notably, our resulting model,Retrieval-Augmented CM3
(RA-CM3), is the �rst multimodal model that can retrieve
and generatecombinationsof text and images, which is the
most general capability among existing multimodal models
(Table 1). Moreover, while we build on existing techniques
such as CLIP and CM3, we are the �rst to establish a method
to unify them into a performant retrieval-augmented model
through extensive analyses of design choices (§C.3).

3.1. Preliminaries

Retrieval augmented language model. The framework
consists of a retrieval moduleR and a generator moduleG
(e.g., language model). The retrieval moduleR takes an
input sequencex and an external memory of documentsM ,
and returns a list of documentsM � M . The generatorG
then takes the input sequencex and the retrieved documents
M = ( m1; :::; mK ), and returns the targety, wherey is the
continuation ofx in a typical language modeling task.

Causal masked multimodal model (CM3). CM3 (Agha-
janyan et al., 2022) is a Transformer decoder (Vaswani et al.,
2017) model for multimodal documents. Amultimodal doc-
umentis de�ned as an arbitrary sequence of text/images
(e.g., text, image, or their combinations like caption-image
pair). In particular, CM3 formats each multimodal docu-
ment as an HTML sequence, such as “<img alt=[text]
src=[image]> ”, where[text] is a sequence of text tokens,
and[image] is a sequence of image tokens obtained by an
image tokenizer such as VQGAN (Esser et al., 2021), which
maps a raw image into 1024 tokens.

At training time, CM3 either takes the original sequence as
input (e.g.,x input = “Photo of a cat:[image] ”) or converts it
into an in�lling instance by masking some spans and moving
them to the end (e.g.,x input = “Photo of<mask>: [image]
<infill> a cat”), and then optimizes the standard next
token prediction loss for the input,� logp(x input). This pro-
vides a �exible model that learns to perform in�lling besides
standard autoregressive generation. In particular, the model
can perform both image and text generation: for caption-
to-image, CM3 generates a continuation from the prompt
“Photo of a cat:”. For image-to-caption, CM3 generates from
the prompt “Photo of<mask>: [image] <infill> ”.

Our setup. We aim to generalize the retrieval-augmented
language model framework to the multimodal setting. Our
input x + targety will be a multimodal document, and our
memoryM will be a set of multimodal documents. We de-
sign the retrieval moduleR for multimodal data (§3.2), and
design the multimodal generatorG based on CM3 (§3.3).

3.2. Multimodal retrieval

Dense retriever. A retrieverr takes a queryq (e.g., the
input sequencex) and a candidate documentm from the

memoryM , and returns a relevance scorer (q; m). We
follow the Dense Retrieval method (Karpukhin et al., 2020),
in which the retrieverr is a bi-encoder architecture,

r (q; m) = EQ (q)> EM (m) (1)

where the query encoderEQ and memory encoderEM pro-
duce dense vectors for the query and memory document,
respectively (Figure 1b). As our input and memory are mul-
timodal documents, we letEQ andEM bemixed-modal en-
codersthat encode a combination of text and images. While
any mixed-modal encoders could be used in our framework,
we �nd that a simple extension of CLIP (Ramesh et al.,
2021) works well empirically, so we adopt it in our �nal
system. Concretely, as shown in Figure 1b (right), given a
multimodal document, we split it into a text part and an im-
age part, encode the two parts separately using off-the-shelf
frozen CLIP text and image encoders, and then average the
two, with the L2 norm scaled to 1, as the vector represen-
tation of the document. We use this encoding method for
bothEQ andEM . Intrinsic evaluation of this CLIP-based
retriever can be found in §C.1.

Given this retrieverr , we perform Maximum Inner Product
Search (MIPS;§4.1) over the memory to obtain a list of
candidate documents sorted by the relevance score. We then
sample the �nalK retrieved documents from this list.

Retrieval strategy. We discuss three key factors in ob-
taining/sampling informative retrieved documents for the
generator in practice.

Relevance: The retrieved documents need to be relevant
to the input sequence; otherwise, the retrieved documents
do not provide useful information for modeling the main
input sequence (see§C.3 for the ablation study). The dense
retriever score based on CLIP captures this relevance factor.

Modality: While existing works on retrieval (Chen et al.,
2022b) typically retrieve either an image or text only for the
generator, we �nd that retrieving a multimodal document
that consists of both images and text leads to better generator
performance (see§C.3). Our intuition is that a multimodal
document can be more informative because the text and
image within it can contextualize each other. Hence, in our
�nal system, we retrieve the raw multimodal documents that
keep both images and text for the generator.

Diversity: We �nd that ensuring diversity in retrieved docu-
ments is important. First, simply sampling or taking the top
K from the document list based on the relevance score can
result in duplicate or highly similar images or text, leading to
poor generator performance. This is especially important in
the multimodal setting because even when two multimodal
documents are not duplicates by themselves, the images or
text contained in them can be duplicates, hurting the gen-
erator performance. To avoid redundancy, when we take
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documents from the top of the list, we skip a candidate if
it is too similar (e.g., relevance score> 0:9) to the query
or to the documents we already retrieved. Second, to fur-
ther encourage diversity, we also propose Query Dropout,
which drops some tokens of the query used in retrieval (e.g.,
20% of tokens). This technique serves as regularization
for training, and leads to further improvement in generator
performance. Hence, our �nal system uses these two tech-
niques (Avoid Redundancy + Query Dropout) for training,
and uses Avoid Redundancy for inference. See§C.3 for
detailed analysis.

3.3. Multimodal generator

We use CM3 as the base of our multimodal generatorG.
To incorporate the retrieved documentsM = ( m1; :::; mK )
into the generator, we prepend them to the main input se-
quencex, and feed the resulting sequence(m1; :::; mK ; x)
to the Transformer (Figure 1c). In other words, the retrieved
documents are in-context examples for the main input.

To train the generator, we optimize the following loss:

L = L main + �L retr (2)

= � logp(x j m1; :::; mK ) � � logp(m1; :::; mK ) (3)

whereL main andL retr are the CM3 token prediction loss for
the main input sequencex and for the retrieved documents
(m1; :::; mK ), respectively. Here we propose optimizing
the two loss terms jointly, with� � 0. Existing retrieval-
augmented models (e.g., Lewis et al. 2020b) typically only
optimize the loss for the main sequence,L main (i.e., � = 0 ).
However, as the Transformer computes logits for tokens in
the retrieved documents when it computes logits for tokens
in the main sequence, we can easily include the loss for the
retrieved documents,L retr. Thus,� > 0 offers an effect
analogous to increasing the batch size (the number of to-
kens involved in optimization) without much extra compute,
and boosts training ef�ciency. This technique is especially
useful in the multimodal modeling setting, because each
image takes many tokens (e.g., 1024 tokens), and� = 0
would throw away computation used for the image tokens
in retrieved documents. In practice, we �nd� = 0 :1 works
well. See §C.3 for detailed analysis.

3.4. Training and inference

Training. Given a full input documentx, we use either
its text part or its image part as the queryq for retrieving
documents (§3.2). We then optimize the generator token
prediction loss over the whole concatenated sequence (Equa-
tion 2) by standard teacher forcing. We only use the text or
image part as the query because (1) retrieving documents
based on the full input document could make the generator's
token prediction task too easy during training, and (2) this
training setting is close to the typical inference scenarios of

text-to-image and image-to-text generation.

Since our off-the-shelf CLIP-based retriever already per-
forms well, we �x the retriever and only train the generator
in this work. An interesting future research direction would
be the exploration of co-training or �ne-tuning the retriever.

Inference. Our method takes an input sequence (prompt)
x, usesx as the query for retrieval, and then lets the gen-
erator take the retrieved documents as part of the input to
decode the continuation ofx. For instance, for text-to-image
generation, promptx takes the source caption, and the con-
tinuation will be the target image. For image-to-text, prompt
x takes the source image, and the continuation will be the
target caption. Thus, the retriever only uses the prompt as a
query and never sees the ground-truth continuationy to be
evaluated, ensuring no information leakage.

4. Experiments

To experiment with our proposed approach, we train models
using the LAION mutlimodal dataset (§4.1), and evaluate on
the MS-COCO image and caption generation tasks (§4.2).
We show that our retrieval-augmented model (RA-CM3)
signi�cantly improves both image and text generation per-
formance (§4.3). We then analyze the scaling laws and
key design choices of our model (§C.2, C.3). Finally,§5
presents qualitative results and capabilities of our model,
such as knowledge intensive generation and in-context learn-
ing.

4.1. Training setup

Data. To train our model, we use LAION (Schuhmann
et al., 2021), an open-sourced dataset that consists of text-
image pairs collected from the web. Following the prepro-
cessing step of Stable Diffusion (Rombach et al., 2022),
we cleaned a subset of LAION1 and obtained 150M text-
image pairs in total. Following CM3, we format each text-
image pair as an HTML document, “<img alt=[text]
src=[image]> ”, where[image] is a sequence of 1024 im-
age tokens obtained by tokenizing the raw image using
VQGAN (Esser et al., 2021; Gafni et al., 2022). These
150M documents are used as our model's �nal training data.

We also use the same 150M documents for our external
memoryM .

Implementation. In our retrieval moduleR, we use the
off-the-shelf CLIP model (ViT-L/14 ) (Radford et al., 2021)
for both the query and memory encodersEQ andEM . We
use FAISS (Johnson et al., 2019) to index the external mem-
ory M (Flat Index) and perform MIPS-based retrieval.

1We �lter out images with watermark probability above 0.5,
unsafe probability above 0.5, or resolution below 256� 256.
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Approach Model type
MS-COCO FID (#)

Not �netuned Finetuned

Retrieval Baseline - 17.97 -

KNN-Diffusion (Ashual et al., 2022) Diffusion 16.66 -
Stable Diffusion(Rombach et al., 2022) Diffusion 12.63 -
GLIDE (Nichol et al., 2021) Diffusion 12.24 -
DALL-E 2 (Ramesh et al., 2022) Diffusion 10.39 -

Imagen(Saharia et al., 2022) Diffusion 7.27 -
Re-Imagen(Chen et al., 2022b) Diffusion 6.88 5.25

DALL-E (12B) (Ramesh et al., 2021) Autoregressive � 28 -
CogView (4B)(Ding et al., 2021) Autoregressive 27.1 -
CogView2 (6B)(Ding et al., 2022) Autoregressive 24.0 17.7
Parti (20B)(Yu et al., 2022) Autoregressive 7.23 3.22

Vanilla CM3 Autoregressive 29.5 -
RA-CM3 (2.7B) (Ours) Autoregressive 15.7 -

Table 2.Caption-to-image generation performance on MS-
COCO. Our retrieval-augmented CM3 signi�cantly outperforms
the baseline CM3 with no retrieval, as well as other models such as
DALL-E (12B parameters). Moreover, our model achieves strong
performance with much less training compute than existing mod-
els; see Figure 2 for details.

Figure 2.Image generation quality vs training computefor our
RA-CM3 model and baseline models.x-axis is the amount of
training compute used in terms of A100 GPU hours.y-axis is
the MS-COCO FID score (the lower, the better). Our retrieval-
augmented method achieves signi�cantly better training ef�ciency
than existing works under a similar autoregressive Transformer
paradigm (e.g., CM3, DALL-E, Parti).

For our generatorG, we use a Transformer (Vaswani et al.,
2017) of 2.7B parameters. The sequence length is 4096,
which can take up to 3 documents. For each input document
x, we retrieveK � Uniform( f 0; 1; 2g) documents and
prepend them tox. At inference time, we may also retrieve
and addK > 2 documents via ensemble (see §5.4).
The model is trained from scratch for �ve days on 256 A100
GPUs. Our implementation is in PyTorch (Paszke et al.,
2019) using Metaseq (Zhang et al., 2022). We use model
parallelism over 4 GPUs and a batch size of 16 sequences
per GPU. The optimization uses a linear learning rate decay
with 1500 warmup steps, a peak learning rate of 1e-4, a
gradient clipping of 1.0, and the Adam optimizer with� 1 =
0:9, � 2 = 0 :98 (Kingma & Ba, 2015).

Approach CIDEr ( " )

Retrieval Baseline 84.1

DALL-ESmall (Wang, 2021) 20.2
ruDALL-E-XL (Forever, 2021) 38.7
minDALL-E (Kim et al., 2021) 48.0
X-LXMERT (Cho et al., 2020) 55.8
Parti(Yu et al., 2022) 83.9
Flamingo (3B; 4-shot)(Alayrac et al., 2022) 85
Flamingo (80B; 4-shot)(Alayrac et al., 2022) 103

Vanilla CM3 71.9
RA-CM3 (2.7B) (Ours) 89.1

Table 3.Image-to-caption generation performance on MS-
COCO (with no �netuning). Our retrieval-augmented CM3 signif-
icantly outperforms the baseline CM3 with no retrieval. Moreover,
our model outperforms other strong models such as Parti (20B
parameters) and Flamingo (3B; 4-shot), despite using just� 3B
parameters and 2-shot in-context examples.

Baseline. For our baseline, we train a vanilla CM3 with no
retrieval augmentation, using the same model architecture,
training data, and amount of compute, for fair comparison.
Since RA-CM3's external memory consists of the same
training data, the total information accessible to RA-CM3
and vanilla CM3 are controlled to be the same.

4.2. Evaluation setup

For the main evaluation, we use the standard benchmark,
MS-COCO (Lin et al., 2014), to evaluate both text-to-image
and image-to-text generation. We evaluate our trained model
with no further �netuning.

For text-to-image, following prior works (Ramesh et al.,
2021; Nichol et al., 2021), we generate images for the MS-
COCO validation set captions and measure the FID score
(Heusel et al., 2017) against ground-truth images. To gener-
ate an image for each caption, we sample 10 images from
the model and then take the top image based on the CLIP
score (Radford et al., 2021) with respect to the input caption,
as done in Aghajanyan et al. (2022).

For image-to-text, following prior works (Alayrac et al.,
2022), we generate captions for the MS-COCO validation
set images and measure the CIDEr score (Vedantam et al.,
2015) against ground-truth captions. To generate an caption
for each image, we sample 32 captions from the model and
take the top caption based on perplexity (Fried et al., 2022).

4.3. Main results

Caption-to-image generation. Table 2 shows the caption-
to-image generation performance on MS-COCO. The met-
ric is FID score, where lower is the better. Our retrieval-
augmented CM3 achieves an FID score of 16 without �ne-
tuning, signi�cantly outperforming the baseline CM3 with
no retrieval (FID 29) and other models such as DALL-E
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Figure 3.Text-to-image generation involving world knowledge.Our retrieval-augmented model (RA-CM3) can generate correct images
from entity-rich captions thanks to the access to retrieved images in the context. For example, RA-CM3's outputs faithfully capture the
visual characteristics of various entities (e.g., the shape and painting of Ming Dynasty vase, the amount of Callanish standing stones). On
the other hand, baseline models without retrieval capabilities (vanilla CM3, Stable Diffusion) tend to struggle, especially when the caption
involves rare entities (e.g., “Ming Dynasty vase”, “Oriental Pearl tower”, “Dragon and Tiger Pagodas”).

(FID 28), which is 3x bigger than our model. This sug-
gests that retrieval augmentation provides signi�cant help
in generating higher-quality images.

To also factor in training ef�ciency, Figure 2 visualizes the
image generation performance (y-axis: FID score) vs the
amount of compute used in model training (x-axis: normal-
ized A100 GPU hours) for our RA-CM3 model and baseline
models. We �nd that existing models in the autoregressive
Transformer paradigm follow a negatively sloped line in
this chart (the blue dots and line in Figure 2). RA-CM3 is
located signi�cantly below this line, i.e., obtaining a bet-
ter FID with less training compute. This suggests that the
proposed retrieval-augmented method achieves signi�cantly
better training ef�ciency than existing works.

Our intuition is that retrieval augmentation allows the model
to focus on learning how to use the retrieved documents
in the context rather than �tting all the documents into the
parameters of the model, speeding up the training process.

Image-to-caption generation. Table 3 shows the image-
to-caption generation performance on MS-COCO, with no
�netuning. The metric is the CIDEr score, where the higher
is the better. Our retrieval-augmented CM3 achieves a
CIDEr score of 89, signi�cantly outperforming the baseline
CM3 with no retrieval (CIDEr 72). Moreover, RA-CM3
outperforms other strong models such as Parti (20B param-
eters) and Flamingo (3B; 4-shot), despite using just� 3B

parameters and 2-shot in-context examples.

These results con�rm that our model can perform both
image and text generation well, offering the �rst uni�ed
retrieval-augmented multimodal model (Table 1).

4.4. Analysis

We analyze the scaling laws of RA-CM3 in§C.2 and the
key design choices of RA-CM3 in §C.3.

5. Qualitative results

We show novel qualitative capabilities of our RA-CM3, such
as knowledge-intensive multimodal generation (§5.1) and
multimodal in-context learning (§5.2, 5.3, 5.4). While GPT-
3 (Brown et al., 2020) and Flamingo (Alayrac et al., 2022)
showed in-context learning for text-to-text or image-to-text
generation, we show that RA-CM3 can do in-context learn-
ing for both text (§5.4) and image (§5.2, 5.3) generation.

5.1. Knowledge-intensive multimodal generation

Because of the retrieval capability, RA-CM3 is especially
good at tasks that require world knowledge or composition
of knowledge (knowledge-intensive generation). Figure 3,
4 show example outputs from RA-CM3. For each caption,
the output images were obtained by sampling 256 images
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