
Proceedings of the 2024 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies (Volume 1: Long Papers), pages 4425–4438

June 16-21, 2024 ©2024 Association for Computational Linguistics

Memory Augmented Language Models through
Mixture of Word Experts

Cicero Nogueira dos Santos, James Lee-Thorp, Isaac Noble
Chung-Ching Chang, David Uthus

Google Research
cicerons,jamesleethorp,isaacn,ccchang,duthus@google.com

Abstract
Scaling up the number of parameters of lan-
guage models has proven to be an effec-
tive approach to improve performance. For
dense models, increasing their size proportion-
ally increases their computational footprint.
In this work, we seek to aggressively de-
couple learning capacity and FLOPs through
Mixture-of-Experts (MoE) style models with
large knowledge-rich vocabulary based rout-
ing functions. Our proposed approach, dubbed
Mixture of Word Experts (MoWE), can be
seen as a memory augmented model, where
a large set of word-specific experts play the
role of a sparse memory. We demonstrate that
MoWE performs significantly better than the
T5 family of models with similar number of
FLOPs in a variety of NLP tasks. Moreover,
MoWE outperforms traditional MoE models
on knowledge intensive tasks and has similar
performance to complex memory augmented
approaches that often require to invoke custom
mechanisms to search the sparse memory.

1 Introduction

Increasing the parameter count of language mod-
els has been a primary driver of increased model
quality (Raffel et al., 2020; Kaplan et al., 2020;
Brown et al., 2020). This is particularly apparent
on knowledge intensive tasks, such as TriviaQA
(Joshi et al., 2017), where language models with
more parameters and learning capacity benefit from
soaking up world knowledge from their pretraining
data (Chowdhery et al., 2022; Touvron et al., 2023).
However, increasing the model size also increases
the cost of training and serving the model.

In this work, we build on the Mixture-of-Experts
(MoE) paradigm to design a neural net architec-
ture that enjoys the quality benefits from scaling
the parameter count but remains FLOPs and la-
tency efficient. Our proposed approach, which
we name Mixture-of-Word-Experts (MoWE), fol-
lows two design principles: (1) a very large num-
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Figure 1: MoWE vs T5.1.1 on TriviaQA: MoWE-
Base and MoWE-Large perform as well as T5.1.1-XL
and T5.1.1-XXL, respectively, while using a signifi-
cantly smaller number of FLOPs. T5.1.1 results are
from Roberts et al. (2020).

ber of experts (tens of thousands instead of 32 to
128 normally used in MoEs layers) that (2) are
"word-specific" – that is, they are tied to a large
knowledge-rich vocabulary through a fixed rout-
ing function. Our design principles are based on
the conjecture that using large knowledge-rich vo-
cabularies to perform routing is a principled and
effective approach to induce structured sparseness
in MoE models (Secs. 2.4 and 4.5.1); which as-
sociated to a large number of experts results in
memory augmented language model whose struc-
tured sparse memory is seamlessly integrated to
the main model backbone (Secs. 2.2 and 4.3).

We empirically demonstrate that MoWE signifi-
cantly outperforms T5 models (Raffel et al., 2020)
with a comparable number of FLOPs across a vari-
ety of NLP tasks. Focusing on knowledge intensive
tasks such as TriviaQA (Joshi et al., 2017) and We-
bQuestions (Berant et al., 2013), we show that a
MoWE "Base" sized outperforms T5-XL and a
MoWE "Large" outperforms T5-XXL models (see
Figure 1), while being at least 4.3x and 6.6x faster
to train, respectively. MoWE outperforms vanilla
MoE models (Shazeer et al., 2017; Lepikhin et al.,

4425



Figure 2: MoWE Layer: We replace the FFN layer in a subset of Transformer blocks by a MoWE Layer, which is
a sparse layer that processes tokens using multiple experts (FFNs). Each input token is processed by a single expert
that is selected based on the input token id (at the corresponding sequence position) in the routing vocabulary.

2020; Fedus et al., 2022) on knowledge intensive
tasks, while matching performance on NLP task
suites such as SuperGLUE (Wang et al., 2019a).
Additionally, MoWE also matches or outperforms
recently proposed knowledge augmented models
(Févry et al., 2020; de Jong et al., 2022), while
avoiding invoking any custom mechanism to search
the sparse memory.

The main contributions of this work are:

• We propose a novel neural net architecture
that effectively combines the efficiency of
sparse models with the power of large lan-
guage models to memorize and retrieve world
knowledge; see Table 4 for a downstream peek
at how these memories are used.

• We introduce routing functions based on large
knowledge-rich vocabularies. Additionally,
we propose and validate a new strategy to effi-
ciently train MoE models with: (1) hundreds
of thousands of experts and (2) very unbal-
anced token assignments across experts.

• For knowledge intensive tasks, we present
new efficient sparse models that outperform
significantly slower dense models that use an
order of magnitude more FLOPs.

2 Mixture-of-Word-Experts

2.1 Mixture-of-Experts (MoE) Background

Transformer-based MoE architectures (Lepikhin
et al., 2020; Du et al., 2022; Fedus et al., 2022) are
implemented by replacing the dense Feed Forward
Network (FFN) layer in a subset of Transformer
blocks with a sparse layer of experts. Instead of
using a single FFN to process all inputs, the sparse

layer employs a set of FFNs (the experts). Each to-
ken representation is processed by a single (top-1)
or a subset (top-k) of experts. The promise in MoE
models is to vastly increase the number of parame-
ters in the network without significantly increasing
the amount of computation.

Common MoE implementations replace every
other FFN layer of the Transformer architecture by
a sparse layer that contains between 32 and 128
experts (Lepikhin et al., 2020; Du et al., 2022; Fe-
dus et al., 2022). Tokens are assigned to particular
experts by a routing function that is learned jointly
with the rest of the parameters of the network. Be-
cause of the nature of the one-hot assignments of
tokens to experts, training the routing function is
tricky and typically performed indirectly by rescal-
ing expert outputs by the assignment probability
(the "router confidence") that a given token should
be assigned to a particular expert.

2.2 Mixture-of-Word-Experts (MoWE)
Architecture

Similar to MoE models, MoWE is a Transformer-
based architecture (Vaswani et al., 2017) where
the FFN layer of a subset of Transformer blocks
is replaced by a MoWE Layer, which is a sparse
layer that processes tokens using a pool of experts
(FFNs). In a MoWE layer, a token representation
at position i is processed by a single expert that
is selected based on the id, in the routing vocabu-
lary, of the corresponding input sequence token at
position i. Figure 2 illustrates a MoWE layer.

Routing decisions are driven by a large aux-
iliary vocabulary. There are two tokenizations
of the input: (1) the default tokenization which is
the regular one that defines the input tokens and
their embeddings; and (2) the routing tokenization,
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which is performed using a large auxiliary routing
vocabulary (introduced in Section 2.4). The to-
ken ids resulting from the routing tokenization are
called routing ids. In a MoWE layer, routing con-
sists of mapping routing ids to experts ids through
a hash function. In the extreme case where each
word in the routing vocabulary has its own expert,
the routing id corresponds directly to the expert id,
as illustrated in Figure 2.

Importance of a large pool of experts. A
MoWE layer uses tens or hundreds of thousands of
experts, which are normally smaller (smaller MLP
dimension) than the regular, dense FFN layer. The
goal of using a large number of experts is to encour-
age specialization. With an extremely large number
of experts, each word in the routing vocabulary is
assigned to its own expert. However, we found that
it is more efficient (both in terms of memory and
training signal) to have fewer experts than vocabu-
lary entries and share some experts across multiple
routing ids. Nevertheless, a token with a given id
is always routed to the same expert.

Recent work suggests that Transformers act as
key-value memories (Geva et al., 2021; Dai et al.,
2022; Zhang et al., 2022), and that factual knowl-
edge seems to be stored in the FFNs (Dai et al.,
2022; Meng et al., 2022). We conjecture that the
large routing vocabulary and associated large num-
ber of experts further encourage the MoWE layer
to function as a sparse memory. We find that using
complete words instead of word pieces (see Sec-
tion 2.4) to perform routing is a strong inductive
bias that makes it easier for the experts to special-
ize on specific words. For example, the expert for
the word “Turing” will be activated only when that
word appears in the input, and therefore will be
specialized on content that co-occur with that word.
By using word-specific key-value memories (word
experts), our hope is that MoWE can make it eas-
ier for the model to store and retrieve information
about those words.

2.3 Overcoming the Challenges of using Tens
of Thousands of Experts

Most large scale MoE models are implemented
using the single program, multiple data (SPMD)
parallelism strategy; see, for example, Lepikhin
et al. (2020). Data and experts are cosharded across
devices. Data that is originally on device x but
is assigned, by the routing function, to an expert
on device y must be transferred between devices
through all-to-all communications. Under the sin-

Figure 3: Hierarchical Routing. Tokens are first
routed to buckets that handle routing ids of similar fre-
quency. Inside each bucket, experts are grouped in
blocks, and each token is routed to the block that con-
tains its assigned expert. Inside the block, each token
is routed to and processed by an actual expert.

gle program paradigm on modern accelerators, ex-
perts send and receive the same amount of data and
perform that same amount of computation (same
array shapes on each device). Effectively imple-
menting MoWE using vanilla SPMD poses some
key challenges: (1) The sheer number of experts
brings an unpractical overhead in terms of all-to-
all communication. (2) Word frequency follows a
Zipfian-like distribution. This unbalanced nature of
vocabulary-driven routing requires different word
experts to process orders of magnitude more to-
kens than others. We propose a new strategy that
overcomes these challenges and allows an efficient
implementation of the MoWE layer. Our method
contains three main ingredients:

Expert Blocks. We group experts into blocks
that are sharded across devices. All-to-all commu-
nication is only performed between blocks instead
of between experts. Provided we keep the number
of expert blocks small enough, we can increase
the number of experts without increasing all-to-
all communication costs. For example, if we use
128 blocks with 256 experts each, we end up with
32768 experts. We are able to use expert blocks be-
cause the fixed routing function pre-defines which
block, and which expert inside the block, will pro-
cess a given token.

Frequency Bucketing. To overcome the unbal-
anced word frequency distribution, we compute
the frequency of words in a sample of 2B tokens
from our pretraining data and then split the rout-
ing vocabulary into k buckets, where the words
in each bucket have approximately the same fre-
quency. Each bucket is then handled by a separate
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set of expert blocks. Conceptually, the k MoWE
layers are executed in parallel. With this approach,
experts in different buckets can have different sizes,
different architectures and can support different to-
ken capacities (process a diff. number of tokens)1.

Hierarchical Routing. Given a batch of tokens,
the first step is to route them to frequency buckets.
Next, inside each bucket, each token is routed to
the expert block that contains its assigned expert.
Finally, inside the block, each token is routed to
and processed by an actual expert. Since routing
decisions are based purely on (static) routing ids,
token-to-expert assignments are known beforehand
and the full path through the hierarchical routing
tree becomes trivial. Fig. 3 illustrates this process.

Our proposed strategy allowed us to pretrain
MoWE-Base models with up to 1 million (small)
experts using 16 v3 TPUs. We did not observe any
training instability (e.g. gradient blowup) that are
often reported in the pretraining of regular MoE
models (Zoph et al., 2022); we suspect is a helpful
artifact of our fixed routing scheme.

2.4 Knowledge-Rich Routing Vocabulary
A straightforward strategy to build a large routing
vocabulary consists in using the pretraining dataset
to train a large vocabulary SentencePiece tokenizer
(Kudo and Richardson, 2018). However, initial ex-
periments indicated that this method is suboptimal
as many words in the vocabulary turn out to be un-
informative – many are just variations of the form
of other words. To build a knowledge-rich routing
vocabulary that contains more informative tokens,
we derive the vocabulary from a knowledge rich
dataset as follows:

(1) Start with the set of all entity and relation
names that appears in a Wikidata dump.

(2) Lowercase and split each name using white
space and a regex to remove punctuation.

(3) Order tokens based on their frequency in the
C4 dataset (Raffel et al., 2020) (version 2.2.0),
which is our pretraining dataset.

(4) Select the top 1M tokens to form our routing
vocabulary.

This strategy increases the likelihood that the
majority of entries in the vocabulary are (sin-
gle word) names – i.e., terms that we want to

1Gale et al. (2023) offers a potential way to avoid some
of this bucket, although there likely remains similar effective
lower bounds to array and bucket shapes to ensure efficiency.

store knowledge about. For example, tokeniza-
tion with a T5.1.1 32K vocabulary breaks down
the word “mathematician” into 5 tokens (“math”,
“e”,“m”,“a”, “tician”), while our 1M routing vo-
cabulary keeps it as a single token; see also Figure
2. Ideally, the two tokenizations should be aligned
as in the figure, but the only hard constraint is that
each token from the default tokenization (which
defines the input sequence) needs to have a routing
id. Appendix D shows more samples of the top
words in the routing vocabulary.

Finally, to allow (a) efficient lookup of routing
ids and (b) the use of the MoWE layer in auto-
regressive scenarios where normally only the initial
part of the word is known, we approximate the
routing tokenization using a hash operation. More
specifically, we use the following steps:

• Offline: (1) we extend the auxiliary vocab-
ulary by concatenating the default T5 32K
vocabulary to it. (2) we tokenize each entry
in the auxiliary vocabulary using the default
tokenizer and build a hash table where the key
is the sequence of (default) token ids and the
value is the routing id (a sequential number).

• Online: given a tokenized input sequence s
composed of n token ids {t1, t2, ..., tn}, we
create the routing id of token ti by first look-
ing up in the hash-table all sub-sequences
{ti−k, ..., ti} for k ∈ [0, 8], and adopt the rout-
ing id of the largest sub-sequence.

3 Experimental Setup

3.1 Tasks and Datasets
We present results on a wide range of NLP tasks.
That said, as our main goal is to assess the perfor-
mance of MoWE on knowledge intensive tasks, we
focus our analysis on closed-book question answer-
ing tasks: TriviaQA (Joshi et al., 2017), WebQues-
tions (Berant et al., 2013) and Natural Questions
(Kwiatkowski et al., 2019). As in Roberts et al.
(2020), our model has no access to external knowl-
edge/text during finetuning and inference. Similar
to Lee et al. (2019); Roberts et al. (2020), we per-
form evaluation by holding out 10% of the training
set as a validation set; models are finetuned on
the remaining 90% of the data. We also check
the performance of MoWE for the claim verifica-
tion task using the FEVER dataset (Thorne et al.,
2018). Finally, to compare our results with regular
MoE Transformer models (Lepikhin et al., 2020;
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Model TriviaQA WebQuestions Natural Questions FEVER SuperGLUE Train Time Ratio
to T5.1.1-Base

T5.1.1-Base 24.2 28.2 25.7 61.3 77.2 1.0
MoWE-Base 39.4 35.7 29.6 66.3 83.5 2.0

T5.1.1-Large 28.2 29.5 27.3 63.0 85.1 3.1
MoWE-Large 44.8 38.8 31.9 68.5 87.4 4.0

T5.1.1-XL 36.0 32.4 29.5 65.9 88.5 8.6
T5.1.1-XXL 42.9 35.6 32.8 67.5 89.9 26.4

Table 1: Comparison of MoWE and T5.1.1 models on five different language processing tasks. We use exact
match for TriviaQA, WebQuestions and Natural Questions. We use accuracy for FEVER and a blended average
of accuracy and F1 scores for the SuperGLUE suite as in (Raffel et al., 2020). T5.1.1. results for TriviaQA,
WebQuestions and Natural Questions are from (Roberts et al., 2020). For each model, we also report the training
time relative to T5.1.1-Base.; estimated by running each model with a batch size of 256 and input (output) sequence
length of 512 (62) on 64 v3 TPUs – the smallest slice that could fit T5-XXL with 256 examples. Note that this
likely underestimates the speed of the smaller models, which would enjoy better utilization on fewer devices.

Zoph et al., 2022), we apply MoWE to SuperGLUE
benchmark (Wang et al., 2019b). We pretrain all
models on the C4 dataset (Raffel et al., 2020).

3.2 MoWE Setup and Hyperparameters.

Following popular (Fedus et al., 2022) and state-
of-the-art (Zoph et al., 2022) Transformer-based
encoder-decoder MoE models, we use T5.1.1 as
the backbone of our MoWE models.

Our main results are from an architecture with
four MoWE-layers – two in the encoder and two
in the decoder, and each MoWE layer contains
32K experts. We use four MoWE layers as they
offer good accuracy without sacrificing computa-
tional performance due to routing overhead (see
Appendix B.0.1). We place MoWE layers near
the middle of the encoder (decoder) to ensure that:
(1) the MoWE layers receive a representation of
the token that is already somewhat contextualized;
(2) after the MoWE layer, there are still multiple
Transformer Blocks that can benefit from the out-
put of that layer. Parameters are shared across
all MoWE layers with the following goal: (1) it
makes the MoWE layer even more similar to a
memory that is accessed at different points of the
network; (2) we can keep the overall number of
sparse parameters relatively low without the need
to decrease the total and the size of experts. Ad-
ditionally, empirical results indicated that sharing
parameters across the MoWE layers leads to bet-
ter performance. The routing vocabulary has 220

(∼1M) entries and was constructed as described in
Section 2.4. MoWE-Base and MoWE-Large mod-
els have 31B and 45.5B parameters, respectively.
See Appendix A for more details.

Pretraining is performed using the same span

masking approach used in T5 (Raffel et al., 2020).
Following T5 models, our main results use MoWE
models pretrained for roughly 1 trillion tokens –
1M steps, with batch size 2048 and input sequence
length of 512 tokens; the target sequence length is
114. We use the same pretraining hyperparameters
of T5.1.1, and use 64 TPUs v3 for pretraining.

During finetuning for downstream tasks, we
freeze all MoWE experts to avoid both overfitting
and catastrophic forgetting of knowledge acquired
during pretraining (See Appendix B.0.2 for abla-
tions). This is an important distinction to MoE
models, which finetune the experts for the down-
stream tasks. The main hyperparameter that we
tune during finetuning is the learning rate. We
only use cross-entropy loss; no additional auxiliary
losses are used.

4 Experimental Results and Discussion

4.1 Comparison with T5.1.1

In Table 1, we summarize MoWE results on 5
different NLP tasks and alongside T5.1.1 mod-
els. MoWE-Base and MoWE-Large outperform
T5.1.1-Base and T5.1.1-Large, respectively, on all
five tasks. There is a significant gain in perfor-
mance for knowledge intensive tasks – in particu-
lar for TriviaQA, WebQuestions and FEVER. On
TriviaQA, MoWE-Base outperforms T5.1.1-Base
by 15.2 points in exact match, which corresponds
to a 62.8% improvement. On the same dataset,
MoWE-Large outperforms T5.1.1-Large by about
16.6 points. Remarkably, MoWE-Base outper-
forms T5.1.1-XL on all knowledge intensive tasks,
while achieving a 4.3x relative training speedup.
Similarly, on the same tasks, MoWE-Large outper-
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Model # of params # of sparse # of expts Avg. expert Params TQA WQ NQ SG
layers per layer MLP dim. shared?

MoE-Top2-Base 2B 12 32 2048 No 26.5 27.7 25.8 80.2
MoWE-BaseLight 2B 2 8K 141 Yes 30.4 30.8 27.1 81.0
MoE-Top2-Base 29.2B 12 512 2048 No 36.2 31.6 28.5 83.5
MoWE-Base 31B 4 32K 577 Yes 39.4 35.7 29.6 83.5

ST-MoE-L 4.1B 24 32 2816 No 33.8 33.2 29.5 86.9
MoWE-LargeLight 4.1B 2 8K 197 Yes 34.5 34.9 28.9 86.5
MoWE-Large 45B 4 32K 618 Yes 41.5 39.1 30.9 86.3

Table 2: Comparison of MoWE with regular MoE models on TriviaQA (TQA), WebQuestions (WQ), Natural Ques-
tions (NQ) and SuperGLUE (SG). MoE-Top2 models are based on the canonical GShard Top-2 MoE Transformer
(Lepikhin et al., 2020). ST-MoE-L results are from (Zoph et al., 2022).

forms or has competitive results to T5.1.1-XXL,
while achieving a 6.6x relative training speedup.

Despite not being optimized for inference speed,
our current implementation of MoWE already of-
fers significant advantages compared to similar-
performing models in knowledge intensive tasks.
MoWE-Base is approximately 2.7x faster than T5-
XL during inference, while MoWE-Large is 6.1x
faster than T5-XXL.

4.2 Comparison with Regular MoEs

Table 2 compares MoWE models with two MoE
variants: the state-of-the-art ST-MoE-Large (Zoph
et al., 2022) and the canonical GShard Top-2 MoE
Transformer (Lepikhin et al., 2020). Models in
the top (bottom) part of the table use T5-Base (T5-
Large) as the backbone, hence they have # FLOPS
similar to T5-Base (T5-Large). While the *-Base
models were trained for 1M steps, the *-Large mod-
els were trained for 500K steps only to match the
pretraining steps of ST-MoE-L (Zoph et al., 2022).
Table 2 also highlights some architectural differ-
ences between MoWE and regular MoEs. The
latter uses a larger number of sparse layers, each
with a small number of experts and there is no pa-
rameter sharing. In both MoE-Top2 and ST-MoE,
every other layer is a sparse layer. In MoWE, as
experts are tied to the routing vocabulary and we
want to encourage expert specialization, we use a
large number of experts whose params are shared
across a small number of sparse layers. Sharing ex-
pert parameters across the MoWE layers allows the
use of a large number of experts without exploding
the total number of parameters.

In Table 2, we include results for light versions
of MoWE Base and Large that contains 2B and
4.1B parameters, respectively. MoWE-*Light uses
8K (smaller) experts instead of 32K; see Appendix
A.1 for details. Note that this is not the ideal setup

for MoWE because each expert is shared by a large
number of token ids and the average expert size
is also smaller. Nevertheless, MoWE-BaseLight
outperforms MoE-Top2 (2B) in all four tasks, and
MoWE-LargeLight outperforms or achieves similar
performance to ST-MoE-L in all tasks. Compared
to the MoE baselines in Table 2, MoWE-Base and
MoWE-Large perform significantly better on the
knowledge intensive tasks, and achieve comparable
performance on SuperGLUE.

4.3 The MoWE Layer is a Sparse Memory

We perform an experiment to assess to what ex-
tent a MoWE model relies on the MoWE layer to
perform the TriviaQA task. In particular, we are
interested in measuring the impact of not process-
ing (skipping) relevant words in the MoWE layer
when the model is generating the answer. We fine-
tuned a MoWE model on TriviaQA and included
the condition that tokens with routing ids >32K
are skipped by the MoWE layer during finetuning
and inference. This is equivalent to use the skip
connection to generate the output for those tokens
in the MoWE layer. We set the threshold to 32K be-
cause the first 32K routing ids roughly correspond
to frequent and less knowledge-driven tokens that
resulted from concatenating the default vocabulary
to the auxiliary one (see Section 2.4).

Selectively Skips some Question TriviaQA EM
Tokens in the MoWE Layer?

No 35.1
Yes 25.6

Table 3: Effect on TriviaQA EM of skipping (not pro-
cessing) tokens with routing id >32K in MoWE layer.

In Table 3, we show that there is a significant
drop of 9 points in EM when tokens with routing
id >32K are skipped in the MoWE Layer. This
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Question Skips highlighted words in the MoWE layer
when generating the answer?
No Yes

What is the name of Adele’s first album? 19 Addiction
Who followed William Taft as US President? Woodrow Wilson James Garfield
Quinsy affects which part of the human body? Tonsils Feet
What country will host the 2022 FIFA World Cup competition? Qatar Brazil
What is Neptune’s main satellite? Triton Uranus
What was the first name of Italian statesman and writer Machiavelli? Niccolo Francois
Almeria, Merlot, and Waltham Cross are which fruit? Grapes Apple

Table 4: Example TriviaQA questions and their respective answers from two configurations of a pretrained MoWE-
Base model depending on whether we skip (not process) the highlighted words in the MoWE layer. The answer
generated by the model can change completely (from correct to incorrect in these cases) by simply not processing
a single relevant word in the MoWe layer. In this experiment, the MoWE model has a single MoWE layer that is
located in the encoder and contains 32K experts.

result indicates that MoWE models rely heavily on
the experts of words that are in our knowledge-rich
vocabulary. In Table 4, we show selected examples
of questions and their respective answers for two
setups: skipping or not highlighted tokens. It is
remarkable that not using a single MoWE expert
makes the model answer the question in a com-
pletely different way. For the MoWE model used
in this experiment, a single expert represents only
0.33% of the estimated total number of activated
parameters. Note that, because the MoWE layer
is frozen during finetuning, all the knowledge that
is being leveraged in the downstream task comes
from the pretraining corpus. These results suggest
that (at least part of) the pretraining world knowl-
edge needed to answer some questions is stored in
the deactivated experts.

4.4 Comparison with Memory Augmented
models

In this section we compare the performance of
MoWE with recently proposed memory augmented
models: Entities as Experts (EaE) (Févry et al.,
2020) and Transformer Over Mention Encodings
(TOME) (de Jong et al., 2022) on two knowledge
intensive tasks. These models were pretrained on
Wikipedia data using entity aware losses, and their
memory component focus primarily on that domain.
To make MoWE models a little more specialized
on Wikipedia domain, which is known to bene-
fit tasks such as TriviaQA, we followed (Roberts
et al., 2020) and used the Salient Span Masking
(SSM) data from (Guu et al., 2020) to perform an
additional number of 40K pretraining steps.

We summarize the experimental results in Table
52. MoWE-Base model outperform EaE on both

2For TriviaQA, we report results for the validation set only

Model TQA FEVER

EaE 43.2 66.1 / 63.6
TOME 1 50.8 70.5 / 67.8
TOME 2 54.6 71.1 / 68.1

MoWE-Base + SSM 44.9 69.1 / 66.9
MoWE-Large + SSM 50.2 70.5 / 68.7

Table 5: Comparison of MoWE with EaE and TOME.
Results for both models are from (de Jong et al., 2022).
Results for TQA are dev, while FEVER is dev/test.
TOME 1 uses two mem. layers and TOME 2 uses two.

datasets. MoWE-Large model outperforms both
baselines on FEVER and has similar or competitive
performance to TOME models on TriviaQA.

EaE and TOME models are arguably more cus-
tomized solutions to these tasks. For example, EaE
and TOME tackle TriviaQA as an entity linking
task, where a closed set of 1M Wikipedia entities
is used for ranking. In contrast, MoWE performs
open-ended answer generation, which is more flex-
ible but also more challenging. Additionally, both
EaE and TOME use specialized training proce-
dures, including adding additional loss functions
and entity or noun phrase chunking, and require
k-nn tools to search relevant embeddings in their
memory. In MoWE models, the “sparse memory”
is integrated into the model backbone and accessed
seamlessly as any other model parameter. As a con-
sequence, MoWE can be trained in a similar fash-
ion to a T5 model with no external tools/models.

4.5 Ablation Study
In this section we present ablation experiments
on different architectural choices of MoWE. Addi-
because the server used to score the test set is no longer active.
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tional ablations can be found in Appendix B.

4.5.1 Effectiveness of Knowledge-Driven
Routing Vocabularies

In this section, we show evidence to support our
conjecture that routing with large knowledge-rich
vocabularies leads to better performance by varying
the size of the routing vocabulary. For the exper-
iments in this section we use a baseline MoWE
model configuration with a fixed T51.1-Base back-
bone with 32K experts, yielding 15.5B sparse pa-
rameters. For vocabularies smaller than 1M, we use
the top-K words (by frequency in C4 dataset) from
our 1M routing vocabulary described in Section
2.4. We report results mainly on the TriviaQA and
Natural Questions datasets and we use F1 metric
instead of exact match because it is slightly less
noisy and highlights the trends more clearly.

Figure 4 shows that results progressively im-
prove as we increase the routing vocabulary. These
improvements are more pronounced when training
for longer; see Figure 5. As we increase the size
of the routing vocabulary, we increase the lexical-
based inductive bias injected in the model via the
routing function. For TriviaQA, there is an im-
provement of ∼2 points in F1 when using routing
vocabularies with size above 262K. See Appendix
B for additional ablation experiments on the num-
ber of experts used.
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Figure 4: Performance on TriviaQA with different rout-
ing vocabulary sizes. These models are pretrained for
200K training steps.

4.5.2 Effect of Number of Experts
We present two additional experiments on how
the number of experts affect MoWE performance.
First, we check the impact of varying the num-
ber of experts between 16K, 32K and 64K while
keeping fixed the routing vocabulary to 1M size
and the model size to 15.5B. In all experiments
in this section, we pretrain the models for 200K
steps. In Fig. 6 we see that 32K experts seems to
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Figure 5: Performance on TriviaQA and Natural Ques-
tions with different routing vocabulary sizes. These
models are pretrained for 1M training steps (longer
than Figure 4).

be a sweet spot in terms of number of experts for
MoWE. Using a larger number of smaller experts is
preferable because is is more memory efficient and
also speeds up our lookup table implementation of
Expert Blocks in frequency bucket 4.
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Figure 6: Performance on TriviaQA of different
MoWE-baseline models where we fix the routing vo-
cabulary to 1M size and vary the number of experts.

Next, we evaluate MoWE performance when we
increase the number of experts to match the size of
large routing vocabularies. We keep the total num-
ber of sparse parameters fixed by decreasing the
size of the experts in each experiment. Therefore,
when using 1M experts, the MLP dim of each ex-
pert is 8, while the MLP proj dimension when using
32K experts is 256. To the best of our knowledge,
this is the first time that a Transformer-based MoE
model is trained with up to a million experts. In Fig.
7 we show results for increasing MoWE-baseline
for up to 1M experts. We see a progressive degra-
dation in performance when matching the number
of experts to the size of the vocabulary. We believe
this is mainly due to two factors: (1) the number of
training updates that each experse receive becomes
increasingly sparse; (2) the size of the experts are
decreased.
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Figure 7: Performance on TriviaQA of different
MoWE-baseline models where the number of experts
match the routing vocabulary.

5 Related Work

Sparsely-activated Mixture-of-Experts (MoE)
models (Shazeer et al., 2017) increase parame-
ter count with sublinear increases in computation
cost (FLOPs) by sparsely activating modules ("ex-
perts"). Recently, Transformer-based MoE models
have achieved state-of-the-art performance and ef-
ficiency wins in language (Lepikhin et al., 2020;
Fedus et al., 2022; Du et al., 2022; Artetxe et al.,
2021; Zoph et al., 2022), vision (Riquelme et al.,
2021) and multimodal (Mustafa et al., 2022).

In contrast to the aforementioned MoE mod-
els, MoWE uses tens of thousands of experts; Du
et al. (2022), for example, found diminishing per-
formance in their MoE models beyond roughly 64
or 128 experts. To support more experts, MoWE
uses a fixed routing scheme, unlike vanilla models
which all rely on learned top-k routing mechanisms
to assign tokens→ experts, or Zhou et al. (2022)
who use learned top-k expert→ token assignments.
The MoWE routing function assigns tokens to indi-
vidual experts based on their token id in an auxil-
iary vocabulary. This is reminiscent of Hash Layers
(Roller et al., 2021), which assigns tokens to ex-
perts based on a fixed hash bucketing, with the
difference that many different token ids, based on
the embedding vocabulary, are bucketed together
and assigned to individual experts. As a further
consequence of the increased number of experts,
we freeze the MoWE experts during finetuning to
avoid both overfitting and catastrophic forgetting
of knowledge acquired during pretraining.

In standard SPMD MoE implementations, ex-
perts have fixed capacity buffers and can therefore
only process a fixed fraction of the input tokens, so
most top-k routing models invoke an auxiliary load
balancing loss (Shazeer et al., 2017) to encourage
even distribution of tokens across experts. Because

routing is fixed, MoWE expert capacity buffers can
be sized according to expected token frequency.
Recent work, such as Gale et al. (2023) relaxes
expert buffer constraints with variable expert buffer
"blocks".

MoWE models bridge the gap between MoE
models and Memory augmented models, such as
Mention Memory (de Jong et al., 2022), FILM
(Verga et al., 2021), Entities as Experts (Févry
et al., 2020) and Knowledge Prompts (dos San-
tos et al., 2022), which call a memory bank when
processing inputs. Memory models have proven
effective in knowledge intensive tasks but can have
few drawbacks: (1) They typically require a spe-
cialized training procedure, that differ from dense
models, in order to effectively learn to use the "ex-
ternal" memory. (2) Training data is normally very
domain specific (most cases focus on Wikipedia)
and, as a result, each models can only be applied
to tasks that benefit from that data.

On the other hand, MoWE is simple to train – no
additional losses and no need to learn to search the
memory. It seamlessly integrates with the model
as there is no need to perform search using a near-
est neighbor style tool during inference or train-
ing; the predefined routing avoids this search alto-
gether. MoWE models can be trained on generic
pretraining data (C4 in our case). The link between
memory augmented and MoWE models, is that the
entities are encoded into the model when identified
with particular experts. However, unlike memory
models, the experts/entities are small neural net-
works rather than embeddings.

6 Conclusions

We presented MoWE, a novel neural net architec-
ture effectively bridging the efficiency of sparse
MoE models with the knowledge retrieval capabil-
ities of memory-augmented models. By leverag-
ing a large, knowledge-rich vocabulary for rout-
ing and employing tens of thousands of word-
specific experts, MoWE demonstrates significant
performance gains on knowledge-intensive tasks.
Our findings highlight the effectiveness of lexical-
driven routing and the potential of word experts as a
form of sparse, integrated memory within language
models, opening doors for future research. Future
investigations could analyze the properties of word
experts, explore integration within decoder-only
models, and extend MoWE to other modalities and
languages.
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7 Limitations

Due to the limited computational budget allocated
for this project, we were not able to test MoWE
models beyond the Large size (880M dense param-
eters; 45.5B total parameters). Nevertheless, we
believe that the trend in terms of improvement from
MoWE-large to MoWE-XL should be consistent
with the improvements with see from T5-Large to
T5-XL.

We have not explored potential properties that
might emerge in the word experts. For example, are
experts of related words somewhat similar? Can
we use a matrix similarity metric to find relevant
nearest neighbors of a given expert? We believe
this is an interesting research direction and leave it
to future work.

We have not explored the use of MoWE-layers
in decoder-only models. We focused on T5-
based models for ease of comparison with popular
(base/large) MoE models (Lepikhin et al., 2020;
Zoph et al., 2022).

Our experiments are limited to NLP tasks, and
English datasets. Given the successful trend of
Transformers in vision (Dosovitskiy et al., 2020)
and other modalities, and also across multiple lan-
guages (e.g. (Xue et al., 2020)), we believe our re-
sults will extend across language and other modali-
ties.
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A MoWE Setup

Our main experiments on MoWE-Base and MoWE-
Large use an architecture with four MoWE-layers
in total. There are two in the encoder and two in
the decoder, and parameters are shared across all
MoWE layers. Those layers are placed at Trans-
former blocks 5 and 10 in the Base model, and at
blocks 9 and 17 in the Large model. We placed
MoWE layers towards the middle of the encoder
(decoder) because: (1) they receive a representa-
tion of the token that is already somewhat contex-
tualized; (2) after the MoWE layer, there are still
multiple Transformer Blocks that can benefit from
the output of that layer. Unless otherwise informed,
each MoWE layer contains 32K experts and the
routing vocabulary has ~1M entries. The routing
vocabulary used in our experiments was derived
from the Wikidata dump previously used by Agar-
wal et al. (2021).

Our current implementation of MoWE was
coded in Jax (Bradbury et al., 2018) on top of the
T5X (Roberts et al., 2022) framework. 3

Some additional configurations are provided in
the following sections.

A.1 Configuration of Frequency Buckets,
Expert Blocks and Experts

We split the vocabulary into four different fre-
quency buckets. Token frequency was computed
using a sample from our pretraining dataset. The
MoWE layer does not process the top 16 most fre-
quent tokens in the routing vocabulary, i.e. those
tokens ids are never routed to an expert. These to-
kens are punctuation marks and other non-content
words and we estimate they can represent up to

3https://github.com/google-research/t5x
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Configuration Bucket 1 Bucket 2 Bucket 3 Bucket 4

Num. of routing ids covered 128 880 1024 ∼ 220

Num. of Expert Blocks 128 128 128 128
Num. of Experts per Block 1 7 8 235
Total Num. of Experts 128 896 1024 30080
Expert MLP dimension (Base) 2048 2048 1024 512
Expert MLP dimension (Large) 2816 2816 1536 512

Table 6: Configuration of experts and blocks in the four frequency buckets used in MoWE-Base (31B) and MoWE-
Large (45B). A routing vocabulary of 1M token ids is considered.

Configuration Bucket 1 Bucket 2 Bucket 3 Bucket 4

Num. of routing ids covered 128 880 1024 ∼ 220

Num. of Expert Blocks 64 64 64 64
Num. of Experts per Block 1 1 1 128
Total Num. of Experts 64 64 64 8192
Expert MLP dimension (Base) 2048 2048 2048 96
Expert MLP dimension (Large) 2816 2816 2816 136

Table 7: Configuration of experts and blocks in the four frequency buckets used in the MoWE-BaseLight and
MoWE-LargeLight that we refer in Section 4.2.

28% of the tokens in a batch. This speeds up the
training time and does not hurt downstream per-
formance, as these tokens are not content words.
The configuration of the four frequency buckets is
described in Table 6. Using this configuration, we
get a model with ~31B parameters in the case of
the Base model and ~45.5B sparse parameters in
the case of the Large model. The difference in the
number of parameters is due to the use of different
MLP projection dimensions (see Table 6) and the
token embedding size, which is 768 in Base and
1024 in Large.

Notice in Table 6 that for buckets 1 to 3 we
use one expert per token. In this configuration,
in bucket 4 the experts are shared for multiple to-
kens. This bucket contains mainly low frequency
tokens, which are the majority in the vocabulary.
Additionally, due to the large number of experts
in this bucket, the Expert Blocks are implemented
as lookup tables. Although we believe the current
configuration is not optimal and can be improved,
it already produces efficient models.

In Table 7, we detail the configuration of the four
frequency buckets and respective expert number
and sizes for the MoWE-BaseLight and MoWE-
LargeLight that we refer in Section 4.2.

A.2 Additional Hyperparameters

For pretraining MoWE models, we used the default
T5X hyperparamters for T5.1.1. Unless otherwise
mentioned, pretraining is performed for roughly 1
trillion tokens – 1M steps, with batch size 2048

and input sequence length of 512 tokens; the target
sequence length is 114.

For downstream task we normally use batch
sizes of 256 or 512. For most datasets, a learn-
ing rate of 2e-4 and dropout rate of 0.05 gave the
best results. The main exception is SuperGLUE
and Fever datasets, which work better with LRs
between 1e-3 and 5e-4.

B Additional Ablation Experiments

In this section we present additional ablation exper-
iments on different architectural choices of MoWE.
In all experiments, we pretrain the models for 200K
steps.

B.0.1 Impact of the number of MoWE
Layers

In Table 8, we show the impact of using a different
number of MoWE-Layers in encoder and decoder.
All models were trained for 200K steps. We can
see in Table 8 that going from one to two layers in
the encoder gives a significant gain in EM (31.0 ->
31.6). However, going from 2 to 3 layers does not
give improvements on EM. Adding MoWE layers
to the decoder improves the performance, specially
when using 2 layers in the encoder.

In Table 9 we show results on using different
expert sizes in each of the four bucket sizes. A
single MoWE layer is used, and it is located in the
encoder. We start with a configuration where the
experts in Bucket 1 has experts with MLP dimen-
sion 512, and sequentially half the value for the
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# MoWE Layers EM F1
Encoder Decoder

1 0 31.0 36.3
2 0 31.6 36.9
3 0 31.5 37.1
1 1 31.4 36.7
2 1 32.4 37.5
2 2 33.1 38.4

Table 8: Impact of the number of MoWE layers on Triv-
iaQA for Base model. Expert parameters are shared
across MoWE layers.

next consecutive bucket. This results in a model
with 3.9B sparse params, whose performance on
TriviaQA is presented in the firs row of Table 9.
The the following rows, we consecutively double
the size of the expert in each bucket, which doubles
the total number of sparse parameters. There is
a consistent improvement of 1 point in EM when
doubling the model size. We believe the increase
would be larger if we pretrained the model for 1M
steps instead of 200K steps.

# sparse MLP Dim. of Experts EM F1
params in each Frequency Bucket

B1 B2 B3 B4

3.9B 512 256 128 64 28.5 33.7
7.8B 1024 512 256 128 29.6 34.8

15.5B 2048 1024 512 256 30.0 35.3
31.0B 2048 2048 1024 512 31.0 36.3

Table 9: Impact on TriviaQA EM and F1 of using dif-
ferent expert sizes in the four different buckets.

B.0.2 Freezing vs Unfreezing Experts During
Finetuning

MoWE-Base on TriviaQA gets EM of 37.7 when
freezing the experts during finetuning. When we
allow the update of experts during finetuning, EM
drops by 5 points to 33.5.

C Metrics and Baseline Setup

We use the following metrics in our experiments:
for TriviaQA, WebQuestions and Natural Ques-
tion we mostly report results in terms of Exact
Match (EM), except for some ablation experiments,
where we report results in terms of F1. For Fever
dataset, we report the accuracy in both validation
and test sets. For SuperGLUE, following previous
works (Raffel et al., 2020; Xue et al., 2022), we
finetune MoWE models on a mixture of all tasks in
the benchmark, select the best result per task and

present the average validation set scores over all
tasks.

We use the MoE-Top2 implementation from
T5X framework in our comparative experiments.
Dense and sparse layers are interleaved, which re-
sults in a total of 12 sparse layers: 6 in the encoder
and 6 in the decoder. We use Top-2 routing and
most hyperparameters are default, except for expert
dropout (0.3) and learning rate during finetuning,
which we set to 5e-4 for QA tasks and Fever. For
SuperGLUE, we follow the recomendation from
ST-MoE paper and used a larger learning rate (1e-
3) and small batch size (256), except for the model
with 512 experts, for which we used batch size of
512. https://github.com/google-research/t5x/

D Example of Entries from Knowledge
Rich Vocabulary

Top 50 word, by frequency in C4, in the rout-
ing vocabulary: ’isn’, ’aren’, ’. . . ’, ’3d’, ’1st’,

’whilst’, ’copyright’, ’creates’, ’2nd’, ’tells’, ’adds’,
’wet’, ’3rd’, ’·’, ’likes’, ’filling’, ’yours’, ’’̂, ’ac-
cordance’, ’4th’, ’amongst’, ’sees’, ’20th’, ’mp3’,

’5th’, ’woods’, ’19th’, ’tx’, ’toy’, ’solely’, ’thinks’,
’21st’, ’sits’, ’asks’, ’10th’, ’receives’, ’worlds’,
’6th’, ’singles’, ’blues’, ’tops’, ’inn’, ’lean’, ’mills’,
’7th’, ’ranges’, ’bears’, ’newer’, ’8th’, ’node’.

In the top 50 words by frequency, we still see
many words that are variations of common words,
like "sees". However, the quality of the vocabu-
lary improves significantly later in the rank. For
instance, this are the top 50 after position 6000
of 1M: ’consignment’, ’billboards’, ’primal’, ’dis-
crepancy’, ’callback’, ’freeware’, ’horticulture’,

’jb’, ’s8’, ’aspirants’, ’commemorative’, ’brisk’,
’arched’, ’pondering’, ’fluff’, ’diwali’, ’landline’,
’wilder’, ’apocalyptic’, ’patchwork’, ’airs’, ’stag-
nant’, ’412’, ’watery’, ’hospitalization’, ’mccoy’,

’serbian’, ’paprika’, ’headsets’, ’deserts’, ’pulley’,
’orthopaedic’, ’disparity’, ’egyptians’, ’painfully’,
’kenyan’, ’bale’, ’condemnation’, ’deportation’, ’in-
cline’, ’perfumes’, ’undergraduates’, ’favoured’,

’pvp’, ’bbb’, ’lyons’, ’fremont’, ’eurozone’, ’afl’,
’monogram’.

More work can definitely be done to improve
the routing vocabulary, but we wanted to keep it
simple for our experiments.
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