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Abstract

The widespread adoption of large language models such as ChatGPT and Bard
has led to unprecedented demand for these technologies. The burgeoning cost of
inference for ever-increasing model sizes coupled with hardware shortages has lim-
ited affordable access and poses a pressing need for efficiency approaches geared
towards high throughput and performance. Multi-input multi-output (MIMO) al-
gorithms such as data multiplexing, offer a promising solution with a many-fold
increase in throughput by performing inference for multiple inputs at the cost of
a single input. Yet these approaches are not currently performant enough to be
deployed in modern systems. We change that by developing MUX-PLMs, a class
of deployable high throughput pre-trained language models (PLMs) trained with
data multiplexing, that can be fine-tuned on any downstream task. Our novel multi-
plexing and demultiplexing modules proficiently entangle and disentangle inputs,
and enable high-performance high throughput MUX-PLMs that are competitive
with vanilla PLMs while achieving 2x/5x inference speedup with only a 1− 4%
performance drop on a broad suite of tasks.

1 Introduction

Language models like ChatGPT OpenAI [2023], PaLM Chowdhery et al. [2022], T5 Raffel et al.
[2020], and CM3 Aghajanyan et al. [2022], have seen unprecedented adoption in diverse sectors
ranging from education and healthcare to manufacturing and marketing. The proficiency of these
tools has led to unprecedented demand for these models, with users facing frequent outages and
capacity limits. Additionally, ever-increasing model sizes and hardware shortages have constrained
models’ ability to handle a very high load of requests, thus limiting large-scale affordable access to
these models. These trends bring into focus the need for high-throughput, high-performance, and
environmentally responsible models that can be deployed at scale.

Multi-input Multi-output architectures (MIMO) Havasi et al. [2021], Ramé et al. [2021], Murahari
et al. [2022] are a promising hardware-agnostic and architecture-agnostic paradigm that perform
inference for multiple inputs simultaneously at the cost of a single input. This efficiency paradigm
is natively geared towards yielding high-throughput models, in addition to being complementary
in approach and motivation to current efficiency methods such as pruning, quantization, and dis-
tillation. Interestingly, MIMO approaches are partly inspired by the human brain’s extraordinary
ability to process multiple inputs and propagate information at a high bandwidth with a few neural
codes Blumhagen et al. [2011], Akam and Kullmann [2014], Pirschel and Kretzberg [2016], Hong
et al. [2016].

Murahari et al. [2022] introduced data multiplexing, a MIMO technique that can enable a many-fold
increase in throughput. The method compresses N different instances into a single “multiplexed”



hidden representation before decompressing it into N independent predictions. While they show the
plausibility of MIMO training, their method leads to a significant drop in performance (20− 30%
points) compared to state-of-the-art models.

In this work, we introduce MUX-PLMs, a class of high-throughput pre-trained language models
trained in a MIMO fashion with data multiplexing to process multiple inputs (2-10) simultaneously
with a forward pass over a single instance. MUX-PLMs offer up to 400% improvement in throughput
over baseline pre-trained models while only being ∼ 4 points and ∼ 2 points worse than baseline
pre-trained language models for text classification and token classification tasks, respectively. MUX-
PLMs, like other pre-trained language models, provide general model initialization that can be
fine-tuned for any downstream task. We demonstrate the effectiveness and generality of our MUX-
PLMs class of pre-trained models by training MUX-BERT and MUX-ELECTRA models, which are
trained with pre-trained objectives adapted from BERT Devlin et al. [2019] and ELECTRA Clark
et al. [2020] respectively, although in a MIMO fashion with data multiplexing.

<latexit sha1_base64="wV+UNzTFnY3Cv00/ZyAkdo4KVO8=">AAACB3icbVBNS8NAEN3Ur1q/qh4FWSyCp5JIUY9FL16ECqYtNKFsttt26W4SdidiCbl58a948aCIV/+CN/+N27QHbX0wzOO9GXbnBbHgGmz72yosLa+srhXXSxubW9s75d29po4SRZlLIxGpdkA0EzxkLnAQrB0rRmQgWCsYXU381j1TmkfhHYxj5ksyCHmfUwJG6pYPPWAPoGSad4A09bQkQuAbt51lWbdcsat2DrxInBmpoBka3fKX14toIlkIVBCtO44dg58SBZwKlpW8RLOY0BEZsI6hIZFM+2l+R4aPjdLD/UiZCgHn6u+NlEitxzIwk5LAUM97E/E/r5NA/8JPeRgnwEI6faifCAwRnoSCe1wxCmJsCKGKm79iOiSKUDDRlUwIzvzJi6R5WnXOqrXbWqV+OYujiA7QETpBDjpHdXSNGshFFD2iZ/SK3qwn68V6tz6mowVrtrOP/sD6/AGKIZpg</latexit>

MUX

<latexit sha1_base64="vzyM3NMeoxh+bJrCVyV/KiL7LXU=">AAACCXicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVl8gBuhgmkLbSmT6bQdOpOEmRuxhGzd+CtuXCji1j9w5984TbPQ1gOXezjnXmbu8SPBNTjOt1VYWFxaXimultbWNza37O2dug5jRZlHQxGqpk80EzxgHnAQrBkpRqQvWMMfXUz8xj1TmofBHYwj1pFkEPA+pwSM1LVxG9gDKJlkHSBJ2loSIfDl1Y3XTNO0a5edipMBzxM3J2WUo9a1v9q9kMaSBUAF0brlOhF0EqKAU8HSUjvWLCJ0RAasZWhAJNOdJLskxQdG6eF+qEwFgDP190ZCpNZj6ZtJSWCoZ72J+J/XiqF/1kl4EMXAAjp9qB8LDCGexIJ7XDEKYmwIoYqbv2I6JIpQMOGVTAju7MnzpH5UcU8qx7fH5ep5HkcR7aF9dIhcdIqq6BrVkIcoekTP6BW9WU/Wi/VufUxHC1a+s4v+wPr8Abvomv0=</latexit>

DEMUX

<latexit sha1_base64="UuqbFuRBLDbq3pSCx6RaGxOMbdw=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16CRbBU0lE1GPRi8cK/YI2lM120i7dbMLuRFpC/4oXD4p49Y9489+4bXPQ1gcDj/dmmJkXJIJrdN1vq7CxubW9U9wt7e0fHB7Zx+WWjlPFoMliEatOQDUILqGJHAV0EgU0CgS0g/H93G8/gdI8lg2cJuBHdCh5yBlFI/Xtcg9hgllDUanDWEWgZn274lbdBZx14uWkQnLU+/ZXbxCzNAKJTFCtu56boJ9RhZwJmJV6qYaEsjEdQtdQSSPQfra4feacG2XgmNWmJDoL9fdERiOtp1FgOiOKI73qzcX/vG6K4a2fcZmkCJItF4WpcDB25kE4A66AoZgaQpni5laHjaiiDE1cJROCt/ryOmldVr3r6tXjVaV2l8dRJKfkjFwQj9yQGnkgddIkjEzIM3klb9bMerHerY9la8HKZ07IH1ifPwGFlRQ=</latexit>

Transformer
<latexit sha1_base64="EwTfb49fSogakLCEst/4/mLa9wY=">AAACFHicbVDLSgMxFM3UV62vqks3wSIIQpmRoi6LbtwIFewDOrVk0kwbmswMyR1pGeYj3Pgrblwo4taFO//GTNuFth4IOZxzL8k5XiS4Btv+tnJLyyura/n1wsbm1vZOcXevocNYUVanoQhVyyOaCR6wOnAQrBUpRqQnWNMbXmV+84EpzcPgDsYR60jSD7jPKQEjdYsnriQw8PxklN4nLrARKDm9AZLE1ZIIgW/qrdSgWyzZZXsCvEicGSmhGWrd4pfbC2ksWQBUEK3bjh1BJyEKOBUsLbixZhGhQ9JnbUMDIpnuJJNQKT4ySg/7oTInADxRf28kRGo9lp6ZzCLoeS8T//PaMfgXnYQHUQwsoNOH/FhgCHHWEO5xxSiIsSGEKm7+iumAKELB9FgwJTjzkRdJ47TsnJUrt5VS9XJWRx4doEN0jBx0jqroGtVQHVH0iJ7RK3qznqwX6936mI7mrNnOPvoD6/MHqSGgdg==</latexit>

xMUX

<latexit sha1_base64="GxWUhvB93OAyNMZeloOoQrq5bFM=">AAACFHicbVDLSgMxFM34rPU16tJNsAiCUGakqMuiGzdCBactdMaSSTNtaDIzJHfEMvQj3Pgrblwo4taFO//G9LHQ1gMhh3PuJTknTAXX4Djf1sLi0vLKamGtuL6xubVt7+zWdZIpyjyaiEQ1Q6KZ4DHzgINgzVQxIkPBGmH/cuQ37pnSPIlvYZCyQJJuzCNOCRipbR/7kkAvjPLe8C73gT2AkpMbIM99LYkQ+NprDg3adskpO2PgeeJOSQlNUWvbX34noZlkMVBBtG65TgpBThRwKtiw6GeapYT2SZe1DI2JZDrIx6GG+NAoHRwlypwY8Fj9vZETqfVAhmZyFEHPeiPxP6+VQXQe5DxOM2AxnTwUZQJDgkcN4Q5XjIIYGEKo4uavmPaIIhRMj0VTgjsbeZ7UT8ruablyUylVL6Z1FNA+OkBHyEVnqIquUA15iKJH9Ixe0Zv1ZL1Y79bHZHTBmu7soT+wPn8AjsGgZg==</latexit>

hMUX

the chef ate the meal

MASK chef MASK the meal
<latexit sha1_base64="oLWedUKi3DSeLcbGgAPrLPdx07g=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16CRahp5JIUY8FLx4r2A9oQ9lsJ+3SzSbsTqQl9K948aCIV/+IN/+N2zYHbX0w8Hhvhpl5QSK4Rtf9tgpb2zu7e8X90sHh0fGJfVpu6zhVDFosFrHqBlSD4BJayFFAN1FAo0BAJ5jcLfzOEyjNY/mIswT8iI4kDzmjaKSBXe4jTDFrKkBFueRyNB/YFbfmLuFsEi8nFZKjObC/+sOYpRFIZIJq3fPcBP2MKuRMwLzUTzUklE3oCHqGShqB9rPl7XPn0ihDJ4yVKYnOUv09kdFI61kUmM6I4livewvxP6+XYnjrZ1wmKYJkq0VhKhyMnUUQzpArYChmhlCmuLnVYWOqKEMTV8mE4K2/vEnaVzXvulZ/qFca1TyOIjknF6RKPHJDGuSeNEmLMDIlz+SVvFlz68V6tz5WrQUrnzkjf2B9/gDhNJTq</latexit>

Pretraining
<latexit sha1_base64="YMsxORc1qROyZt/Sshecb25Lu40=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4hkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzCRBP6JDyUPOqLFSo9IvltyyuwBZJ15GSpCh3i9+9QYxSyOUhgmqdddzE+NPqTKcCZwVeqnGhLIxHWLXUkkj1P50ceiMXFhlQMJY2ZKGLNTfE1MaaT2JAtsZUTPSq95c/M/rpia88adcJqlByZaLwlQQE5P512TAFTIjJpZQpri9lbARVZQZm03BhuCtvrxOWpWyd1WuNqql2m0WRx7O4BwuwYNrqME91KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AH8PjL8=</latexit>

2

the chef cooks the meal

the chef walk the meal
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3 Finetuning (NER)

Figure 1: Illustrating the training process for MUX-PLMs. MUX-PLMs are first primed for MIMO
style training with a token-retrieval auto-encoding task, where the model is trained to output the
tokens in the N inputs. MUX-PLMs are then pre-trained by adapting standard pre-training objectives
(BERT in this example), to MIMO style training with data multiplexing. The resulting MUX-BERT
model, similar to standard PLMs, provides a general model initialization that can be fine-tuned on
any downstream task (NER in this example).

2 Related Work

Efficient Inference with Transformers The ubiquity of pre-trained language models, their growing
size, and over-parameterization has inspired extensive research on improving inference efficiency.
This includes methods such as structured pruning Liu et al. [2019], Wang et al. [2020], Lagunas
et al. [2021], Xia et al. [2022], Yang et al. [2022], knowledge distillation Hinton et al. [2015], Sanh
et al. [2019], Sun et al. [2020], Jiao et al. [2020], Yin et al. [2021], quantization Zafrir et al. [2019],
Shen et al. [2020], and data multiplexing Murahari et al. [2022]. These approaches assume that
PLMs are highly over-parametrized and attempt to approximate a large function by learning a smaller,
compressed, version of the original model.

Multi-input Multi-output Models Multi-input Multi-output (MIMO) architectures Havasi et al.
[2021], Ramé et al. [2021], Murahari et al. [2022] train models using mixed-instance representations,
i.e. Zhang et al. [2018], in order to obtain predictions for multiple instances simultaneously. Unlike
efficiency methods, Havasi et al. [2021] and Ramé et al. [2021] try to obtain better performance
by inducing multiple subnetworks in a single convolutional model to perform “ensembling for free”
during inference. Data multiplexing, introduced in DataMUX Murahari et al. [2022], aims to improve
model efficiency by training Transformer models with mixed-instance representations to perform
simultaneous inference for language tasks, thereby improving inference throughput many-fold. Our
work training PLMs with a potent MIMO architecture, data multiplexing, dramatically improves
inference throughput while preserving high accuracy for downstream tasks.

3 MUX-PLMs: Data multiplexing for high-throughput language models

We propose MUX-PLMs, a class of high-throughput pre-trained Transformer-based language models
trained in a MIMO fashion with data multiplexing. To demonstrate the viability and the generality of
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Figure 2: Illustrating our novel RSA-inspired demultiplexing module. The module is initialized with
N key vectors which are used to demultiplex the transformed multiplexed representations (hMUX ).
The keys are concatenated with hMUX and are processed with an MLP to generate the demultiplexed
output representations (h1 · · ·h4).

this class of models, we pre-train Transformer models with objectives based on BERT and ELECTRA,
to get MUX-BERT and MUX-ELECTRA respectively. MUX-PLMs are trained with our three stage
training algorithm (Figure 1). Firstly, MUX-PLMs are trained with the token retrieval task in T-MUX,
which is an auto-encoding setup to decode all the tokens in the multiplexed input. This simple auto-
encoding task is critical to prime the model for MIMO-style data multiplexing. The MUX-PLMs are
then pre-trained with standard pre-training objectives but adapted to MIMO-fashioned training with
data multiplexing. MUX-PLMs show significant throughput improvement over standard pre-trained
LMs while matching their downstream task accuracies. Finally, MUX-PLMs, like other pre-trained
language models, provide general model initialization that can be fine-tuned for any downstream task.

Contextual multiplexer T-MUX’s multiplexer multiplexes tokens independent of 1) tokens in the
same position in other instances and 2) other tokens in the instance, which could lead to suboptimal
representations. We, therefore, explore a contextual multiplexing scheme that aggregates context both
from tokens in the same instance and tokens in the same position of other instances. We first use a sin-
gle transformer layer TRANSctx to get contextual representations hi

ctx = TRANSctx
(
xi
1, . . . ,x

i
L

)
)

of length L. We apply a hadamard product with a multivariate gaussian vi to all L positions.

gi
ctx = hi

ctx ⊙ vi (1)

We generate multiplexed representations, xMUX, by applying another transformer layer TRANSinst
across encoded representations from N instances at each position from 1 to L. This is done by
transposing gctx and applying TRANSinst.

xMUX = TRANSinst
(
g⊤

ctx

)
(2)

RSA demultiplexer The demultiplexer in T-MUX requires a prefix whose length scales linearly
with the number of instances (N ), thus reducing the effective context length during pre-training, which
degrades performance Ainslie et al. [2020], Zaheer et al. [2020], Beltagy et al. [2020]. Furthermore,
it decreases throughput during inference for large N because the model must process an extra prefix
of length N for each of the N instances. To address these issues, we draw inspiration from the
RSA cryptosystem Rivest et al. [1978] to randomly initialize and learn N (private) key vectors
(k1, . . . ,kN , ki ∈ Rd) which are keys that can be used to demultiplex the output representation
(Figure 2).

hi = DeMUX
(
hMUX,ki

)
hi
j = DeMUX

(
hMUXj ,k

i
) (3)

Akin to RSA, vi and ki can be treated as the keys for multiplexing (encryption) and demultiplexing
(decryption) while ensuring that, unlike T-MUX, the input sequence length does not change and
thereby leading to an improvement in throughput. Importantly, this architecture ensures that the keys
better transfer across the different stages of training as they are no longer conditioned on the input
instances.
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Table 1: Average GLUE and token-
level classification scores for the BASE
(L=12, H=768) configuration, across ELEC-
TRA, BERT, and MUX-PLMs for N ∈
{1, 2, 5, 10}. ‡ indicates our models and
↗ indicates throughput increase w.r.t. to
a vanilla BERTBASE model. All models are
evaluated on 5 seeds with mean and max
scores reported.

Model N
GLUE Token ↗

Mean (std) Max Mean (std) Max

BERT 1 85.4 (0.0) 85.4 95.8 (0.0) 95.8 1.0×
ELECTRA 82.1 (0.0) 82.1 95.3 (0.0) 95.3 1.0×
T-MUX

2
60.4 (0.6) 61.8 81.4 (0.1) 81.5 1.9×

MUX-BERT‡ 82.5 (0.6) 83.4 95.2 (0.1) 95.4 2.0×
MUX-ELEC‡ 82.5 (0.4) 83.1 95.0 (0.0) 95.1 2.0×
T-MUX

5
59.7 (0.6) 60.6 81.3 (0.2) 81.5 4.4×

MUX-BERT‡ 80.3 (0.4) 80.9 93.6 (0.1) 93.6 4.9×
MUX-ELEC‡ 79.8 (0.6) 80.5 93.4 (0.0) 93.5 4.9×
T-MUX

10
58.1 (0.5) 59.1 79.7 (0.2) 80.0 8.4×

MUX-BERT‡ 77.8 (0.6) 78.8 91.6 (0.1) 91.8 9.8×
MUX-ELEC‡ 78.2 (0.6) 79.0 91.7 (0.1) 91.8 9.7×

Table 2: MUX-PLMs (variants are
underlined) are complementary to existing
efficiency methods, while being competi-
tive standalone. Contrary to existing meth-
ods, MUX-PLMs do not use additional un-
labelled and task-specific data and can be
easily fine-tuned for any downstream task
without architectural modifications.

Model ↗ QNLI QQP SST2
BERT 1.0× 90.5 91.2 91.7
MUX-BERT (N=2) 2.0× 88.2 90.4 90.6
MUX-BERT (N=5) 4.9× 85.6 88.8 86.9

Use additional unlabelled or task-specific data
DistilBERT6 2.0× 89.2 88.5 91.3
Block Pruning 2.7× 89.7 - 91.2
Prune OFA 1.0× 90.3 91.2 91.5
Hybrid Approaches
MUX-BERT (N=2) + CoFi 4.0× 88.4 90.4 90.0
TinyBERT6 2.0× 91.1 91.1 93.0
CoFi 2.7× 91.3 - 93.0
AutoTinyBERT 4.3× 89.7 89.9 91.4
MobileBERT 2.3× 91.0 - 92.1

4 Results

4.1 MUX-PLMs outperform PLMs and T-MUX

Table 1 shows that both MUX-BERT and MUX-ELECTRA outperform T-MUX at all levels of
multiplexing (N ), with improvements between 12 and 20 points on GLUE and token-classification
tasks respectively. Furthermore, MUX-PLMs’ efficient RSA-inspired demultiplexing method allows
it to achieve faster throughput than T-MUX, increasing it by over 16% for N = 10.

Moreover, MUX-PLMs provide a significant boost in throughput (N times faster) when com-
pared to PLMs, without a significant loss in performance. For example, MUX-ELECTRA
(N = 2) is 0.4 points better and only 0.3 points worse than ELECTRA for GLUE and TOKEN tasks
respectively, while being 2× faster. Similarly, MUX-BERT (N = 2) is within 3 and 0.6 points of
BERT for GLUE and TOKEN tasks respectively, while being significantly faster. We also observe
that as N increases, MUX-PLMs’ throughput is significantly better, though performance compared to
PLMs can degrade. This is because a large N implies that MUX-PLMs must parallelly process more
instances, thus having to share network parameters and activations with a larger number of instances,
thus improving throughput and degrading performance. For example, the gap between ELECTRA
and MUX-ELECTRA on TOKEN for N = 2 is 0.2 points and increases to 3.5 points for N = 10,
which shows that N serves as a parameter to control the performance-throughput trade-off.

4.2 Comparing MUX-PLMs with other model compression methods

We compare our MUX-PLM models with other efficient learning methods, such as pruning and
distillation, in Table 2. Contrary to other methods, our vanilla MUX-PLMs achieve competitive
performance and significant throughput improvement without additional unlabeled and task-specific
data, and can be easily fine-tuned on any downstream task without any architectural modifications
(unlike pruning). For instance, when compared to DistilBERT, MUX-BERT (N = 2) does 1 point
worse on QNLI and 2 points better on QQP while being equally fast.

More broadly, methods like CoFi, AutoTinyBERT, and MobileBERT show that combining qualita-
tively different efficiency paradigms is a promising approach towards efficient models. For example,
CoFi combines structured pruning and knowledge distillation, and AutoTinyBERT combines knowl-
edge distillation and neural architecture search. This places importance on discovering new efficiency
paradigms that dovetail with existing ones We demonstrate its complementary nature by combining it
with pruning. We perform structured pruning using CoFi (sparsity of 0.6) on our MUX-PLMs. The
resulting pruned model is 2× faster than the original MUX-PLM while being as performant. We
believe that the best combination of efficiency techniques is largely hardware and use-case dependent
and we hope that MIMO architectures evolve in tandem with other approaches.
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A Appendices

B Experimental Setup

Datasets We pre-train all models on Wikipedia Foundation and Bookscorpus Zhu et al. [2015]. We
evaluate on all datasets from the GLUE benchmark Wang et al. [2018], which are CoLA Warstadt
et al. [2019], SST-2 Socher et al. [2013], MRPC Dolan and Brockett [2005], QQP qqp, STS-B Cer
et al. [2017], MNLI Williams et al. [2018], QNLI Wang et al. [2018], RTE Wang et al. [2018], and
WNLI Levesque et al. [2012]. We also evaluate on token classification tasks such as named entity
recognition Sang and Meulder [2003] and POS tagging Grünewald et al. [2021]. We don’t report
average over WNLI and CoLA as these are the two smallest tasks in GLUE and we observe high
variance across different seeds. All numbers are reported on the dev split. We report scores for all
tasks in Appendix F.

Models We experiment with ELECTRA and BERT pre-training objectives and present the pre-
trained multiplexed models MUX-BERT and MUX-ELECTRA for N = 2, 5 and 10. To simplify
training, we use a random generator to train MUX-ELECTRA models, presented as an ablation
in Clark et al. [2020], instead of using a smaller masked LM. Except where otherwise noted, we
do not use the contextual MUX module, but instead, use the RSA demultiplexing module. Refer to
Appendix C and D for implementation details.

Baselines We run experiments to compare our models against T-MUX, from Murahari et al. [2022]
and baseline PLMs - ELECTRA and BERT, across three different model configurations (SMALL,
BASE, and LARGE). We also provide a comparison to results reported in recent PLM pruning and
distillation papers in Table 2.

Multi-run evaluation We evaluate all models across 5 random seeds to reduce variance for smaller
datasets which is caused by the randomized order in which we multiplex instances in the batch. We
report both the average and maximum scores across seeds in Table 1 to understand the importance of
ordering the multiplexed instances and report average across seeds for all other results.

C Pre-training Details

We report all pre-training related hyper-parameters in Table 3. We primarily use the HuggingFace
Transformers implementations for BERT and ELECTRA based models. All pre-training experiments
were run on 8 A100 GPUs with distributed training. We run a small hyper-parameter search over
over two learning rates. All pre-trained models are primed with the token retrieval task introduced
in Murahari et al. [2022]. We train on the Wikipedia and Bookscorpus datasets for up to 10000
training steps with a learning rate of 1e− 4, and with a sequence length of 512.

For MUX-ELECTRA models, we don’t train a generator as in the original ELECTRA work, but
only use uniform-random token replacement. This is similar to what was used in ablations in
ELECTRA Clark et al. [2020]. The generator randomly replaces 15% of tokens in the input with
other tokens in the vocabulary.

D Fine-tuning Details

We report all the fine-tuning related hyper-parameters in Table 4. We run a small hyper-parameter
search on the learning rate, batch size and number of training steps for different tasks. All models
were trained with half-precision. We report numbers on the validation split. For GLUE tasks, we
use the default metrics in Wang et al. [2018] and use F1 for the token-level tasks. All fine-tuning
experiments were trained on 1 V100 GPU.

Speedup calculation For all models, we calculate throughput (samples/second) on a single V100
GPU and report throughput gains with respect to the BERTBASE model. We calculate throughput
by averaging across 3 different trials (1 trial = 200 mini-batches) and use a batch size of 128 and a
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Hyperparameter MUX-BERT MUX-ELECTRA
SMALL BASE LARGE BASE

Number of layers 4 12 24 12
Hidden Size 512 768 1024 768

FFN intermediate hidden size 2048 3072 4096 3072
Attention heads 8 12 16 12

Attention head size 64 64 64 64
Mask percent 15 15 15 N/A

Learning Rate Decay Linear Linear Linear Linear
Warmup steps 10000 10000 10000 10000
Learning Rate [1e-4, 5e-5] [1e-4, 5e-5] [1e-4, 5e-5] [1e-4, 5e-5]

Adam ϵ 1e-6 1e-6 1e-6 1e-6
Adam β1 0.9 0.9 0.9 0.9
Adam β2 0.999 0.999 0.999 0.999

Attention Dropout 0.1 0.1 0.1 0.1
Dropout 0.1 0.1 0.1 0.1

Batch Size 256 256 256 256
Sequence Length 512 512 512 512

Train Steps 1M 1M 1M 1M

Table 3: Pre-train hyper-parameters for MUX-BERT and MUX-ELECTRA models. We only report
results for the Base configuration for MUX-ELECTRA models.

Hyperparameter Value
Learning Rate [2e-5, 5e-5]
Adam ϵ 1e-8
Adam β1 0.9
Adam β2 0.999
Learning rate decay Linear
Warmup fraction 0.1
Attention Dropout 0.1
Dropout 0.1
Weight Decay 0
Batch Size [32, 128] for SMALL/ BASE, [16, 64] for LARGE
Train Steps 2000 for RTE and WNLI

10000 for MRPC, COLA and STSB
20000 for NER, SST2, QNLI and POS
[20000, 100000] for MNLI and QQP

Sequence Length 128

Table 4: Fine-tune hyperparameters

sequence length of 128 following prior work Xia et al. [2022]. We measure throughput for sequence-
classification tasks on QQP and measure throughput for token-level classification tasks on named
entity recognition.

E Analysis details

E.1 Ensembling results setup

We find that multiplexing the same instance by duplicating the instance N times leads to worse
performance. This is likely because this input configuration is very out of distribution from what the
multiplexed models are trained on. To address this, we randomly permute the instances in the batch
after duplicating the instances N times. This ensures that the input to the multiplexer lies in a similar
distribution to what the model was trained on.
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Model Size N MNLI QQP QNLI MRPC WNLI STSB RTE SST2 COLA GLUE GLUE−WNLI, COLA

SMALL

1 77.86±0.0 88.99±0.0 84.00±0.0 77.70±0.0 56.34±0.0 84.25±0.0 62.45±0.0 88.88±0.0 43.48±0.0 73.77 80.59
2 75.09±0.1 88.88±0.1 84.31±0.2 79.75±0.7 50.99±8.1 82.65±0.3 55.52±1.5 87.04±0.7 30.64±1.7 70.54 79.03
5 70.50±0.1 86.39±0.1 81.23±0.2 74.26±1.0 54.65±3.3 79.90±0.2 58.56±1.9 82.57±0.3 12.78±1.6 66.76 76.20
10 61.98±0.1 80.85±0.1 63.47±0.3 70.69±0.9 56.62±4.3 36.93±1.0 53.57±1.8 80.39±0.4 1.10±2.2 56.18 63.98

BASE

1 84.24±0.0 91.19±0.0 90.54±0.0 87.75±0.0 56.34±0.0 89.18±0.0 63.18±0.0 91.74±0.0 58.79±0.0 79.22 85.40
2 80.59±0.1 90.36±0.1 88.17±0.1 83.77±1.4 50.70±7.0 85.84±0.1 58.19±1.6 90.62±0.6 55.61±1.6 75.98 82.51
5 77.18±0.2 88.79±0.1 85.58±0.1 80.10±0.6 53.52±2.5 84.28±0.2 59.13±1.2 86.88±0.4 12.33±2.4 69.75 80.28
10 73.62±0.3 86.94±0.1 82.08±0.3 78.63±0.6 52.68±6.0 81.62±0.2 58.27±2.4 83.44±0.6 0.00±0.0 66.36 77.80

LARGE

1 85.79±0.0 91.46±0.0 92.29±0.0 83.82±0.0 56.34±0.0 89.53±0.0 66.06±0.0 91.40±0.0 57.79±0.0 79.39 85.76
2 83.23±0.2 90.85±0.1 90.66±0.2 84.90±0.8 56.34±0.0 88.22±0.2 59.21±0.9 91.38±0.4 57.89±1.5 78.08 84.06
5 79.55±0.2 89.37±0.1 87.41±0.2 83.77±1.1 54.93±0.0 85.86±0.3 57.26±2.0 88.65±0.7 46.66±0.9 74.83 81.70
10 35.45±0.0 63.18±0.0 50.54±0.0 68.38±0.0 56.90±5.2 82.81±0.2 52.13±1.9 50.92±0.0 1.87±4.6 51.35 57.63

Table 5: We show the full GLUE results for MUX-BERT. We report the mean accuracy and standard
deviation over 5 seeds. Extrema and values within their standard deviation are emphasized for each
model size.

Model Size N MNLI QQP QNLI MRPC WNLI STSB RTE SST2 COLA GLUE GLUE−WNLI, COLA

SMALL

1 77.86 88.99 84.00 77.70 56.34 84.25 62.45 88.88 43.48 73.77 80.59
2 75.21 89.01 84.61 80.64 61.97 82.97 58.12 87.84 33.08 72.61 79.77
5 70.66 86.46 81.60 75.74 61.97 80.24 60.65 83.49 15.57 68.49 76.98
10 62.17 80.93 63.85 71.81 63.38 38.20 55.96 80.96 2.63 57.77 64.84

BASE

1 84.24 91.19 90.54 87.75 56.34 89.18 63.18 91.74 58.79 79.22 85.40
2 80.82 90.47 88.28 86.03 66.20 86.06 60.65 91.51 56.93 78.55 83.40
5 77.66 88.89 85.70 81.13 59.15 84.47 60.65 87.50 15.79 71.22 80.86
10 74.04 87.03 82.45 79.41 63.38 81.89 62.45 84.29 0.00 68.33 78.79

LARGE

1 85.79 91.46 92.29 83.82 56.34 89.53 66.06 91.40 57.79 79.39 85.76
2 83.40 90.94 90.96 86.27 56.34 88.50 60.29 91.86 60.50 78.78 84.60
5 79.69 89.43 87.81 84.80 57.75 86.49 60.65 89.45 47.56 75.96 82.62
10 35.46 63.18 50.89 68.38 61.97 83.04 55.60 50.92 7.55 53.00 58.21

Table 6: We show the full GLUE results for MUX-BERT. We report the maximum accuracy over 5
seeds. Extrema are emphasized.

F Task performance breakdown for all variants

N MNLI QQP QNLI MRPC WNLI STSB RTE SST2 COLA GLUE GLUE−WNLI, COLA

1 81.49±0.0 90.73±0.0 89.73±0.0 75.98±0.0 56.34±0.0 87.73±0.0 57.76±0.0 91.51±0.0 56.79±0.0 76.45 82.13
2 80.29±0.2 90.58±0.1 88.39±0.2 83.73±0.7 57.18±2.1 86.80±0.1 58.77±1.1 88.65±0.4 51.92±1.7 76.26 82.46
5 76.99±0.2 89.08±0.0 85.40±0.3 80.25±1.6 56.90±4.5 84.27±0.2 57.26±1.0 85.09±1.0 26.89±1.2 71.35 79.76
10 74.62±0.2 87.63±0.1 82.70±0.2 77.89±0.7 50.99±4.9 81.96±0.5 59.86±2.1 82.71±0.5 27.76±2.3 69.57 78.20

Table 7: We show the full GLUE results for MUX-ELECTRABASE. We report the mean accuracy and
standard deviation over 5 seeds. Extrema and values within their standard deviation are emphasized
for each model size.
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N Retreival Rate MNLI QQP QNLI MRPC WNLI STSB RTE SST2 COLA GLUE GLUE−WNLI, COLA

2

0.0 83.23±0.2 90.85±0.1 90.66±0.2 84.90±0.8 56.34±0.0 88.22±0.2 59.21±0.9 91.38±0.4 57.89±1.5 78.08 84.06
0.1 83.55±0.3 90.90±0.1 90.58±0.2 85.49±1.1 56.34±0.0 88.28±0.2 57.76±1.4 90.69±0.8 59.36±1.4 78.11 83.89
0.2 83.50±0.1 90.96±0.1 90.69±0.2 84.95±0.5 56.34±0.0 88.28±0.2 58.34±1.6 90.69±0.5 59.17±1.5 78.10 83.92
0.5 83.41±0.2 90.91±0.0 90.47±0.1 85.25±0.5 56.34±0.0 88.02±0.1 59.35±1.6 89.52±0.6 59.41±2.0 78.08 83.85

5

0.0 79.55±0.2 89.37±0.1 87.41±0.2 83.77±1.1 54.93±0.0 85.86±0.3 57.26±2.0 88.65±0.7 46.66±0.9 74.83 81.70
0.1 79.49±0.1 89.34±0.1 87.25±0.3 81.81±1.3 53.24±1.6 85.80±0.2 55.60±2.4 88.19±0.7 47.60±1.0 74.26 81.07
0.2 79.37±0.1 89.42±0.1 87.23±0.3 82.40±1.1 54.93±0.0 85.85±0.2 55.38±2.6 87.84±0.8 43.58±1.2 74.00 81.07
0.5 79.24±0.1 89.30±0.1 87.21±0.3 82.06±1.7 56.34±0.0 85.97±0.2 52.27±4.0 88.58±0.6 47.01±2.3 74.22 80.66

10

0.0 35.45±0.0 63.18±0.0 50.54±0.0 68.38±0.0 56.90±5.2 82.81±0.2 52.13±1.9 50.92±0.0 1.87±4.6 51.35 57.63
0.1 35.45±0.0 63.18±0.0 50.65±0.2 68.38±0.0 54.93±5.0 4.45±1.5 51.48±2.4 50.92±0.0 1.34±1.8 42.31 46.36
0.2 35.45±0.0 63.18±0.0 50.21±0.5 68.43±0.8 54.65±4.2 0.23±1.5 52.35±2.0 51.72±0.4 0.29±2.7 41.83 45.94
0.5 35.45±0.0 63.18±0.0 50.43±0.4 68.38±0.0 56.06±0.6 82.01±0.6 52.71±0.0 50.92±0.0 1.51±1.7 51.18 57.58

Table 8: GLUE results for MUX-BERTLARGE when using a retrieval auxiliary objective during MLM
pretraining with different trade-off rates to the MLM objective. We report the average accuracy over
5 seeds. Extrema and values within their standard deviation are emphasized for each value of N.

N Mux Strategy MNLI QQP QNLI MRPC WNLI STSB RTE SST2 COLA GLUE GLUE−WNLI, COLA

2
MUX-BERT 80.59±0.1 90.36±0.1 88.17±0.1 83.77±1.4 50.70±7.0 85.84±0.1 58.19±1.6 90.62±0.6 55.61±1.6 75.98 82.51
DataMUX 81.64±0.2 90.67±0.1 88.39±0.2 84.17±0.4 56.34±0.0 86.36±0.2 60.87±0.7 90.50±0.4 53.74±1.0 76.96 83.23
Attention 81.32±0.2 90.65±0.0 88.77±0.1 80.88±0.6 56.34±0.0 86.25±0.1 56.90±1.2 91.06±0.2 47.15±1.1 75.48 82.26

5
MUX-BERT 77.18±0.2 88.79±0.1 85.58±0.1 80.10±0.6 53.52±2.5 84.28±0.2 59.13±1.2 86.88±0.4 12.33±2.4 69.75 80.28
DataMUX 76.32±0.1 89.13±0.1 84.22±0.3 78.38±0.9 59.44±3.5 81.78±0.4 54.15±1.3 86.17±0.4 28.32±0.8 70.88 78.59
Attention 77.16±0.1 88.71±0.0 84.33±0.1 70.49±0.6 54.08±3.2 80.37±0.3 54.44±2.5 81.95±0.3 34.67±1.2 69.58 76.78

10
MUX-BERT 73.62±0.3 86.94±0.1 82.08±0.3 78.63±0.6 52.68±6.0 81.62±0.2 58.27±2.4 83.44±0.6 0.00±0.0 66.36 77.80
DataMUX 72.74±0.1 87.88±0.1 82.28±0.2 77.30±0.5 56.34±0.0 78.07±0.4 55.31±1.2 82.36±0.3 13.56±3.0 67.32 76.56
Attention 71.83±0.2 88.00±0.0 81.46±0.2 73.53±0.5 53.24±5.4 82.95±0.2 52.71±0.0 81.28±0.4 32.84±0.6 68.65 75.97

Table 9: GLUE results for MUX-BERTBASE using alternative multiplexing-demultiplexing strategies.
We report the average accuracy over 5 seeds. Extrema and values within their standard deviation are
emphasized for each value of N.

Model Size N MNLI QQP QNLI MRPC WNLI STSB RTE SST2 COLA GLUE GLUE−WNLI, COLA

SMALL
2 61.48±0.2 80.33±0.0 60.05±0.2 68.43±0.5 56.34±0.0 15.02±0.4 51.12±0.6 79.75±0.3 8.22±0.7 53.42 59.45
5 58.35±0.2 77.50±0.1 57.17±0.3 68.38±0.0 56.34±0.0 11.31±0.3 51.70±1.3 77.78±0.3 6.02±0.7 51.62 57.46
10 53.63±0.2 77.03±0.1 51.22±0.3 68.38±0.0 57.46±6.3 12.40±1.3 52.35±2.7 50.92±0.0 0.00±0.0 47.04 52.28

BASE
2 63.29±0.3 81.42±0.1 60.35±0.4 68.38±0.2 56.90±5.8 17.65±1.0 51.19±1.7 80.78±0.5 9.62±1.5 54.40 60.44
5 60.67±0.2 79.42±0.1 59.77±0.2 69.61±0.8 53.80±7.3 14.92±1.8 52.71±0.8 81.15±0.6 10.35±1.7 53.60 59.75
10 59.07±0.2 78.22±0.1 57.99±0.5 68.38±0.0 60.28±3.0 11.83±0.6 53.07±1.1 78.35±1.1 7.40±1.7 52.73 58.13

LARGE
2 64.64±0.2 82.10±0.1 60.21±0.2 69.95±0.9 56.34±0.0 21.62±0.4 52.71±0.0 80.34±0.9 8.72±2.1 55.18 61.65
5 60.78±0.3 78.56±0.1 60.19±0.3 69.51±0.5 56.34±0.0 17.33±1.1 52.71±0.0 78.28±0.8 10.63±2.7 53.81 59.62
10 48.79±0.6 68.41±0.1 55.76±0.8 68.58±0.6 58.59±3.3 8.38±1.1 54.95±0.9 64.82±1.0 3.48±3.9 47.97 52.81

Table 10: GLUE results for T-MUX with the original training recipe and implementation from
Murahari et al. [2022]. We report the average accuracy and standard deviation over 5 seeds. Extrema
and values within their standard deviation are emphasized for each model size.
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