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Abstract
The widespread adoption of large language
models such as ChatGPT and Bard has led
to unprecedented demand for these technolo-
gies. The burgeoning cost of inference for ever-
increasing model sizes coupled with hardware
shortages has limited affordable access and
poses a pressing need for efficiency approaches
geared towards high throughput and perfor-
mance. 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 mul-
tiple 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 lan-
guage models (PLMs) trained with data mul-
tiplexing, that can be fine-tuned on any down-
stream task. Our novel multiplexing and demul-
tiplexing modules proficiently entangle and dis-
entangle inputs, and enable high-performance
high throughput MUX-PLMs that are competi-
tive with vanilla PLMs while achieving 2x/5x
inference speedup with only a 1− 4% perfor-
mance 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 manu-
facturing and marketing. The proficiency of these
tools has led to unprecedented demand for these
models, with users facing frequent outages and ca-
pacity limits. Additionally, ever-increasing model
sizes and hardware shortages have constrained
models’ ability to handle a very high load of re-
quests, thus limiting large-scale affordable access
to these models. These trends bring into focus the
need for high-throughput, high-performance, ef-
ficient, and environmentally responsible models

that can be deployed at scale to meet the quickly
growing demand.

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 ap-
proach and motivation to current efficiency meth-
ods such as pruning, quantization, and distilla-
tion. Interestingly, MIMO approaches are partly
inspired by the human brain’s extraordinary abil-
ity to process multiple inputs and propagate in-
formation at a high bandwidth with a few neural
codes (Blumhagen et al., 2011; Akam and Kull-
mann, 2014; Pirschel and Kretzberg, 2016; Hong
et al., 2016; Friedrich et al., 2004).

Murahari et al. (2022) introduced data multiplex-
ing, 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 multiplex-
ing to process multiple inputs (2-10) simultane-
ously 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 clas-
sification and token classification tasks, respec-
tively. MUX-PLMs, like other pre-trained lan-
guage models, provide general model initializa-
tion that can be fine-tuned for any downstream
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<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>
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the chef cooks the meal

the chef walk the meal

<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

<latexit sha1_base64="82iJvDRh4RJsfWvspHMJy3OpPwY=">AAAB/3icbVDLSgNBEJyNrxhfUcGLl8Eg5BR2JajHgBePUfKCJITZSScZMju7zPQGw5qDv+LFgyJe/Q1v/o2Tx0ETCxqKqm66u/xICoOu++2k1tY3NrfS25md3b39g+zhUc2EseZQ5aEMdcNnBqRQUEWBEhqRBhb4Eur+8Gbq10egjQhVBccRtAPWV6InOEMrdbInLYQHTCrhEBS9B9QCRkxOOtmcW3BnoKvEW5AcWaDcyX61uiGPA1DIJTOm6bkRthOmUXAJk0wrNhAxPmR9aFqqWACmnczun9Bzq3RpL9S2FNKZ+nsiYYEx48C3nQHDgVn2puJ/XjPG3nU7ESqKERSfL+rFkmJIp2HQrtDAUY4tYVwLeyvlA6YZRxtZxobgLb+8SmoXBe+yULwr5kr5RRxpckrOSJ545IqUyC0pkyrh5JE8k1fy5jw5L8678zFvTTmLmWPyB87nD4ofll4=</latexit>

Token Retrieval
<latexit sha1_base64="DSs/otLGM3tGcbw7Y+b2owP1uy4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukfVH1Lqu1Zq1Sv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPfYuMvg==</latexit>
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<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>
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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). Output predictions are
shown above the system head with highlighted predictions contributing to the gradient update; violet indicates a
correct prediction while orange indicates an incorrect prediction. Red highlighted tokens in the input indicate a
position that has been masked.

task. We demonstrate the effectiveness and gener-
ality of our MUX-PLMs class of pre-trained mod-
els by training MUX-BERT and MUX-ELECTRA
models, which are trained with pre-trained objec-
tives adapted from BERT (Devlin et al., 2019) and
ELECTRA (Clark et al., 2020) respectively, al-
though in a MIMO fashion with data multiplexing.

Our work is the first to introduce MIMO archi-
tectures to PLMs. To enable this, we first develop
a new demultiplexing module, RSA-demux (Fig-
ure 2), that randomly initializes and learns private
key vectors to recover the multiple outputs from
a multiplexed representation. Secondly, we intro-
duce a new Contextual Multiplexer module (Fig-
ure 3) that uses a cross-instance attention-based
mechanism to aggregate context across the set of
multiplexed instances, which seems to be particu-
larly effective for token-level tasks. Thirdly, our
three-stage training algorithm (Figure 1) enables
stable and efficient training of MUX-PLMs.

Importantly, MUX-PLMs are complementary to
existing state-of-the-art model compression tech-
niques. We hope our work validates MIMO archi-
tectures as a promising complementary direction
to existing efficiency techniques. Consequently,
we hope future research develops MIMO architec-
tures in tandem with other efficiency approaches,
leveraging the best of both paradigms. We will pub-
licly release our models and code to promote open-
source research on the next generation of MIMO

architectures for large language models.

2 Related Work

Efficient Inference with Transformers Recent
methods in NLP rely heavily on transfer learning
through Transformer-based (Vaswani et al., 2017)
language models trained on large text corpora us-
ing self-supervised objectives, such as autoregres-
sive (Radford and Narasimhan, 2018) or masked
language modeling (Devlin et al., 2019). Prior
analysis on pre-training language models has ob-
served power-law scaling of model performance
with respect to model size (Kaplan et al., 2020),
leading the community to develop ever-larger lan-
guage models. It is also generally recognized that
pre-trained language models are significantly over-
parameterized; effectively learning a subnetwork
that utilizes only a relatively small number of their
total parameters (Voita et al., 2019; Michel et al.,
2019; Gordon et al., 2020; Prasanna et al., 2020).

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 struc-
tured 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 (Mura-
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hari 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. Past
work has also focused on unstructured pruning for
both task finetuning (Chen et al., 2020; Sanh et al.,
2020) and pre-trained (Zafrir et al., 2021; Jiang
et al., 2022) language model settings, but don’t
increase model throughput due to hardware limits.

Multi-input Multi-output Models While prun-
ing, quantization, and distillation seek to reduce
overparameterization by reducing models’ repre-
sentational capacity, other lines of work seek to
exploit overparameterization in other ways. Multi-
input Multi-output (MIMO) architectures (Havasi
et al., 2021; Ramé et al., 2021; Murahari et al.,
2022) train models using mixed-instance represen-
tations, 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 con-
volutional 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 si-
multaneous inference for language tasks, thereby
improving inference throughput many-fold. Cur-
rently, MIMO architectures have only been used in
a limited setting, achieving middling performance.
Our work training PLMs with a potent MIMO
architecture, data multiplexing, dramatically im-
proves inference throughput while preserving high
accuracy for downstream tasks.

3 Methodology

We briefly introduce readers to the data multiplex-
ing MIMO architecture (Murahari et al., 2022),
which we denote T-MUX. We then detail our
novel approach to train MUX-PLMs to yield high-
throughput and performant language models.

3.1 T-MUX: Data multiplexing with
Transformer

Data multiplexing allows parallel processing of
multiple sequences with a single forward or back-
ward pass through the model (M ) and requires
two crucial components, multiplexer, and demulti-
plexer.

Multiplexer The multiplexer module (MUX)
combines an ordered set of multiple inputs –
X1:N =

(
x1, . . . ,xN

)
into a single superimposed

representation (xMUX). If xi ∈ Rd, the multiplexer
is a transformation (MUX : RN×d → Rd) such that
xMUX = MUX

(
X1:N

)
.

To ensure MUX is an order-preserving
transformation,T-MUX samples a vector (vi ∈ Rd)
from a standard multivariate Gaussian and applies
the Hadamard product (element-wise multiplica-
tion) with the corresponding input representation
(xi) before summing up vectors for all positions.

xMUX = MUX
(
X1:N

)
=

1

N

N∑

i=1

xi ⊙ vi

vi ∈ Rd ∼ N (0, I)

(1)

The model processes the multiplexed representa-
tion and emits a multiplexed hidden state – hMUX =
M
(
xMUX

)
. To multiplex Transformers’ sequenced

inputs
(
xi =

(
xi
1, . . . ,x

i
L

))
of length L, T-MUX

applies the same vi to all L positions of instance i.

xMUX = MUX
(
X1:N

)
=

(
1

N

N∑

i=1

xi
1 ⊙ vi, . . . ,

1

N

N∑

i=1

xi
L ⊙ vi

)

(2)

Demultiplexer A prediction needs to be made
for each instance in X1:N , and T-MUX’s demul-
tiplexer module (DeMUX) achieves this by sep-
arating the superimposed output (hMUX) into N
output representations corresponding to the input
(h1, . . . ,hN ).

hi = DeMUX
(
hMUX,pi

)

hi
j = DeMUX

(
hMUXj ,p

i
) (3)

The vector pi ∈ Rd is dynamically generated
for each instance (i) with the help of a prefix that is
added to the input and re-used for all positions in
the instance. They add a prefixi to xi, represented
by the following pattern, where ϵi is a special token,
and pi is set to be the output corresponding to token
i in the prefix.

prefix1 = [ϵ1, ϵpad, . . . , ϵpad]

prefix2 = [ϵpad, ϵ2, ϵpad, . . . , ϵpad]

· · ·
prefixN = [ϵpad, . . . , ϵpad, ϵN ]
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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).
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x4

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

xMUX

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

the chef cooks the meal

<latexit sha1_base64="oVPk618V8E12zzvLW03Ectn2edA=">AAACDHicbVDLSsNAFJ3UV62vqks3g0VwVRIRdVl0YZcV7APaUG4mk3bsZBJmJmIJ/QA3/oobF4q49QPc+TdO2iy09cDA4ZxzuXOPF3OmtG1/W4Wl5ZXVteJ6aWNza3unvLvXUlEiCW2SiEey44GinAna1Exz2oklhdDjtO2NrjK/fU+lYpG41eOYuiEMBAsYAW2kfrnS0/RBp9eQKMVA4Dr4EIL0cUNGd5RkoYlJ2VV7CrxInJxUUI5Gv/zV8yOShFRowkGprmPH2k1BakY4nZR6iaIxkBEMaNdQASFVbjo9ZoKPjOLjIJLmCY2n6u+JFEKlxqFnkiHooZr3MvE/r5vo4MJNmYgTTQWZLQoSjnWEs2awz6Q5mI8NASKZ+SsmQ5BAtOmvZEpw5k9eJK2TqnNWPb05rdQu8zqK6AAdomPkoHNUQ3XUQE1E0CN6Rq/ozXqyXqx362MWLVj5zD76A+vzB17Km9U=</latexit>

Gaussian Hadamard Projection

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

Transformer

<latexit sha1_base64="AaeU8bMtT64k4CKOutQt8NVK4vo=">AAACCnicbVA9SwNBEN3zM8avqKXNahBsDHcS1DKYRrsI+YIkhL3NJFmyt3fszonhSG3jX7GxUMTWX2Dnv3HzUWjig4HHezPMzPMjKQy67reztLyyurae2khvbm3v7Gb29qsmjDWHCg9lqOs+MyCFggoKlFCPNLDAl1DzB8WxX7sHbUSoyjiMoBWwnhJdwRlaqZ05aiI8YFLUoTFnt8ogUxxoWTNluqEOQI/amaybcyegi8SbkSyZodTOfDU7IY8DUMglM6bhuRG2EqZRcAmjdDM2EDE+YD1oWKpYAKaVTF4Z0ROrdKhdbUshnai/JxIWGDMMfNsZMOybeW8s/uc1YuxetRKhohhB8emibiwphnScC+0IDRzl0BLGtbC3Ut5nmnG06aVtCN78y4ukep7zLnL5u3y2cD2LI0UOyTE5JR65JAVyQ0qkQjh5JM/klbw5T86L8+58TFuXnNnMAfkD5/MHKfCbNg==</latexit>

Cross-Instance Transformer

<latexit sha1_base64="seLnnuR19kMlrdHK2xKwAzeZCLg=">AAACBnicbVDLSgMxFM34rPVVdSlCsAhuLDNS1GW1G91VsA9oS8mkt21oJjMkd8QydOXGX3HjQhG3foM7/8b0sdDWA4HDOfckucePpDDout/OwuLS8spqai29vrG5tZ3Z2a2YMNYcyjyUoa75zIAUCsooUEIt0sACX0LV7xdHfvUetBGhusNBBM2AdZXoCM7QSq3MQQPhAZOiDo05uVEGmeJAL22EdWHYymTdnDsGnSfelGTJFKVW5qvRDnkcgEIumTF1z42wmTCNgksYphuxgYjxvr28bqliAZhmMl5jSI+s0qadUNujkI7V34mEBcYMAt9OBgx7ZtYbif959Rg7F81EqChGUHzyUCeWFEM66oS2hQaOcmAJ41rYv1LeY5pxtM2lbQne7MrzpHKa885y+dt8tnA1rSNF9skhOSYeOScFck1KpEw4eSTP5JW8OU/Oi/PufExGF5xpZo/8gfP5A5h2mTY=</latexit>

Cross-Instance Average

Figure 3: Illustrating our attention-based multiplexing
module. The module generates contextual representa-
tions for instances x1 · · ·x4 with a Transformer layer
and then applies a hadamard product between the con-
textual representations and the corresponding multivari-
ate gaussian to generate instance-conditioned represen-
tations. The final multiplexed representations are gener-
ated by first applying another Transformer layer, which
attends across the instances for all the positions in the
sequence, and then averaging across the instances.

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

We propose MUX-PLMs, a class of high-
throughput pre-trained Transformer-based lan-
guage models trained in a MIMO fashion with
data multiplexing. To demonstrate the viability
and the generality of 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 (Fig-
ure 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 mul-
tiplexed 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 multiplex-
ing. MUX-PLMs show significant throughput im-
provement over standard pre-trained LMs while
matching their downstream task accuracies. Fi-
nally, 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 to-
kens in the instance, which could lead to subop-
timal 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
(Figure 3). We first use a single 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 gaus-
sian vi to all L positions.

gi
ctx = hi

ctx ⊙ vi (4)

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 trans-
posing gctx and applying TRANSinst.

xMUX = TRANSinst

(
g⊤

ctx

)
(5)

RSA demultiplexer The demultiplexer in T-
MUX requires a prefix whose length scales lin-
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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 1: Average GLUE and token-level classifica-
tion scores for the BASE (L=12, H=768) configura-
tion, across ELECTRA, BERT, and MUX-PLMs for
N ∈ {1, 2, 5, 10}. ‡ indicates our models and ↗ indi-
cates throughput increase w.r.t. to a vanilla BERTBASE

model. All models are evaluated on 5 seeds with mean
and max scores reported.

early with the number of instances (N ), thus reduc-
ing the effective context length during pre-training,
which degrades performance (Ainslie et al., 2020;
Zaheer et al., 2020; Beltagy et al., 2020). Further-
more, it decreases throughput during inference for
large N because the model must process an ex-
tra 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 ran-
domly 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
) (6)

Akin to RSA, vi and ki can be treated as the
keys for multiplexing (encryption) and demulti-
plexing (decryption) while ensuring that, unlike
T-MUX, the input sequence length does not change
and thereby leading to an improvement in through-
put. 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.

4 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 E.

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 sim-
plify 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 in-
stead, use the RSA demultiplexing module. Refer
to Appendix B and C 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 prun-
ing 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 random-
ized 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.

5 Results

5.1 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’ effi-
cient RSA-inspired demultiplexing method allows
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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

Table 2: MUX-PLMs (variants are underlined) are com-
plementary to existing efficiency methods, while being
competitive standalone. Contrary to existing methods,
MUX-PLMs do not use additional unlabelled and task-
specific data and can be easily fine-tuned for any down-
stream task without architectural modifications. The
inference speedups (↗) are reported against BERTBASE.

it to achieve faster throughput than T-MUX, in-
creasing 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 pa-
rameters and activations with a larger number of
instances, thus improving throughput and degrad-
ing 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 parame-
ter to control the performance-throughput trade-off.
We explore this further in Section 5.3 and Figure 4.

5.2 Comparing MUX-PLMs with other model
compression methods

We compare our MUX-PLM models with other
efficient learning methods, such as pruning and dis-
tillation, in Table 2. Contrary to other methods,
our vanilla MUX-PLMs achieve competitive per-
formance and significant throughput improvement

Config Model GLUE Token ↗

SMALL

BERT 80.6 94.0 5.9×
T-MUX 59.5 81.8 8.7×
MUX-BERT‡ 79.0 93.3 11.5×

BASE

BERT 85.4 95.8 1.0×
T-MUX 60.4 81.4 1.9×
MUX-BERT‡ 82.5 95.2 2.0×

LARGE

BERT 85.8 95.6 0.3×
T-MUX 61.7 80.9 0.6×
MUX-BERT‡ 84.1 95.2 0.6×

Table 3: Changing the model size for MUX-BERT
(N = 2) models. Across different model sizes, MUX-
BERT outperforms T-MUX and achieve higher through-
put (indicated under ↗ column). ‡ = our models.

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 Distil-
BERT, MUX-BERT (N = 2) does 1 point worse
on QNLI and 2 points better on QQP while be-
ing equally fast and not requiring any additional
unlabeled data.

More broadly, methods like CoFi, AutoTiny-
BERT, and MobileBERT show that combining
qualitatively different efficiency paradigms is a
promising approach towards efficient models. For
example, CoFi combines structured pruning and
knowledge distillation, and AutoTinyBERT com-
bines knowledge distillation and neural architec-
ture search. This places importance on discovering
new efficiency paradigms that dovetail with exist-
ing ones, rather than making incremental changes
to current techniques.

Given that MIMO architectures like data mul-
tiplexing propose a novel direction towards effi-
ciency, we demonstrate its complementary nature
by combining it with pruning. We perform struc-
tured 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 archi-
tectures evolve in tandem with other approaches.

5.3 Effect of varying model size

In this section, we show that our multiplexing
techniques work on a host of model sizes and
report results for MUX-BERT on three models
sizes, SMALL, BASE, and LARGE for N = 2 (Ta-
ble 3). We report results for other values of N
in the appendix. MUX-BERT’s performance is
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close to that of BERT for all model sizes while
having a significantly better throughput (the gap
is less than 0.7 points for TOKEN tasks and 2.9
points for GLUE for close to twice the throughput).
Multiplexing works effectively on all model sizes,
with the drops with respect to BERT being 1.6 and
1.7 points on GLUE for SMALL and LARGE re-
spectively. MUX-BERT’s throughput is always
≈ 2× that of BERT, which shows that a spectrum
of MUX-PLM model sizes can be multiplexed dur-
ing pre-training with competitive performance and
with significantly higher throughput.
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Figure 4: (Top) BERT GLUE performance and through-
put and (Bottom) BERT Token task performance and
throughput, for N ∈ {1, 2, 5, 10} with the SMALL,
BASE, and LARGE configurations (illustrated as S/B/L).
All multiplexed models lie either on or very close to the
Pareto frontier (shown in grey).

Pre-trained models typically have a performance-
computational efficiency trade-off, with larger mod-
els having better performance but worse compu-
tational efficiency. MUX-PLMs offers a similar
trade-off, with large N leading to better through-
put but lower performance. To understand this
trade-off, we plot the performance and through-
put of BERT and MUX-BERT for different model
sizes and draw the pareto-optimal envelope (Fig-
ure 4). For any model on the envelope, no model

Model Mux (N ) MNLI QQP

No Ens Ens ∆ No Ens Ens ∆

MUX-BERT
2 80.6 81.2 + 0.6 90.4 90.8 + 0.4
5 77.2 78.8 + 1.6 88.8 89.7 + 0.9
10 73.6 74.8 + 1.2 86.9 87.7 + 0.8

MUX-ELEC
2 80.3 80.8 + 0.5 90.6 90.9 + 0.3
5 77.0 78.4 + 1.4 89.1 89.9 + 0.8
10 74.6 76.0 + 1.4 87.6 88.3 + 0.7

Table 4: Ensembling results for MUX-BERT and MUX-
ELECTRA models for N ∈ {2, 5, 10}. Ens denotes
Ensembling. Ensembling improves performance for all
the models, with the gains increasing with increasing N.
This suggests that the multiplexing approach can be nat-
urally adapted to load-balancing applications, where the
ensembling strategy can be changed based on demand.

has both better accuracy and throughput. Users
would only choose models on the envelope be-
cause for every model within the envelope, there
always exists a model on the envelope which has
both better performance and throughput. We note
that all multiplexed models lie either on or very
close to the Pareto frontier, for both TOKEN and
GLUE tasks. This suggests that given an accuracy
threshold, MUX-PLM models will usually be faster
than PLMs. For instance, if we wanted the highest
throughput model with a performance ≥ 77% on
GLUE, the optimal BERT model is the SMALL con-
figuration with a throughput of 2815 (in/s), but for
the MUX-BERT model would be the N = 2 with
the SMALL configuration, achieving a significantly
higher throughput of 5539 (in/s).

5.4 Ensembling MUX-PLMs

As opposed to feeding N different instances to
MUX-PLMs to improve throughput, we consider
an alternate setting where we feed the same in-
stance N times and build an ensemble by averag-
ing the N class logits to make a single prediction.
We randomly permute the batch, after duplicating
the instance N times, to prevent distribution shift.
We use the BASE size models for N ∈ {2, 5, 10}
for both MUX-BERT and MUX-ELECTRA (Ta-
ble 4). The ensemble model does significantly
better than the non-ensemble variant on both
MNLI and QQP for all values of N (e.g., 1.6 and
0.9 points on N = 5 MUX-BERT for the two
tasks). We note that the improvement over the non-
ensemble variant (∆) is better for higher N , due to
the larger ensemble size. This result shows that non-
ensemble variants are faster but perform slightly
worse, while the ensemble variant performs better
but is slower. A spectrum of models lie between
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Mux (N) Model Mux Demux GLUE Token

2
MUX-BERT Non-contextual RSA-DeMUX 82.5 95.2
Ablation 1 Non-contextual Prefix 83.2 95.3
Ablation 2 Contextual RSA-DeMUX 82.3 95.3

5
MUX-BERT Non-contextual RSA-DeMUX 80.3 93.6
Ablation 1 Non-contextual Prefix 78.6 38.9
Ablation 2 Contextual RSA-DeMUX 76.8 94.2

10
MUX-BERT Non-contextual RSA-DeMUX 77.8 91.6
Ablation 1 Non-contextual Prefix 76.6 25.6
Ablation 2 Contextual RSA-DeMUX 76.0 93.3

Table 5: Ablation analysis for MUX-BERT (base con-
figuration) for N ∈ {2, 5, 10}. Across most configura-
tions, the prefix demultiplexing variant performs worse
than our proposed approach and fails to converge for
token-level tasks for N ∈ {5, 10} (underlined numbers).
The new contextual multiplexing variant (Contextual)
outperforms Non-contextual on token-level tasks.

these two extremes, where only a fraction of the
N multiplexed representations can be ensembled,
allowing users to trade off performance and speed.

6 Analysis

6.1 Ablation study

We analyze multiplexing and demultiplexing com-
ponents of MUX-PLMs and report the results in
Table 5. We consider two variants, one which uses
the prefix demultiplexing proposed in T-MUX in-
stead of our proposed RSA-DeMUX and another
which uses Contextual multiplexing instead of Non-
contextual. We note that Variant 1, which uses pre-
fix demultiplexing, performs worse than our MUX-
BERT, other than for N = 2. In fact, Variant
1 does not converge for TOKEN tasks for N = 5
and N = 10 and performs 1.7 and 1.2 points worse
on GLUE when compared to MUX-BERT.

Variant 2 uses Contextual multiplexing which
takes into account other tokens present in the in-
stance and also tokens present in the same position
of other instances. This variant performs better than
Non-contextual for TOKEN tasks (almost over 1.7
points on TOKEN for N = 10) but performs worse
for GLUE tasks. We believe that Contextual multi-
plexing’s better performance in TOKEN is because
the model needs to make a prediction for every
single position in the instance, which requires it
to efficiently multiplex all token positions in the
output. However, for GLUE tasks, the model needs
to make a prediction only for the [CLS] token, for
which Non-contextual multiplexing suffices.

N
MUX-ELECTRA MUX-BERT

Best ticket Worst ticket ∆ Best ticket Worst ticket ∆

2 83.1 82.0 1.1 83.4 81.8 1.6
5 80.5 78.9 1.6 80.9 79.7 1.2
10 79.0 77.3 1.7 78.8 77.0 1.8

Table 6: We consider 5 random seeds for every model
variant, which can be viewed as lottery tickets as the
seeds control the composition of N instances. We
present the difference between the worst and the best-
performing ticket across GLUE tasks and regularly see
a ≥ 1 point difference.

6.2 Effect of data sampling strategies during
inference

During inference, our MUX-PLMs sample N in-
stances uniformly at random from the evaluation
set. However, other data-sampling strategies such
as clustering similar instances based on word-
overlap could improve performance. We explore
the effect of composition of N instances on the
performance of MUX-PLMs in Table 6. For
each model variant, we consider 5 random seeds
which can be viewed as lottery tickets (Frankle and
Carbin, 2018). Since the random seed controls the
composition of N instances, we measure the differ-
ence (∆) between the best-performing ticket and
the worst-performing ticket and average the perfor-
mance for all the GLUE tasks. ∆ is consistently
greater than 1 point for all values of N for both
MUX-ELECTRA and MUX-BERT, and illustrates
the importance of the composition of N instances.
An improved data sampling strategy could lead to
improvements and we leave this to future work.

7 Conclusion

We introduce MUX-PLMs, a class of high-
throughput pre-trained language models trained
with data multiplexing, a multi-input multi-output
(MIMO) architecture. Our MUX-PLMs models,
trained with novel MIMO modules, are competitive
with state-of-the-art PLMs on several downstream
tasks while achieving a many-fold increase in infer-
ence throughput. MUX-PLMs, similar to standard
PLMs, can be fine-tuned on any downstream task
to yield high-throughput, high-performance mod-
els. We hope our work inspires future research in
MIMO architectures for PLMs as a complementary
efficiency paradigm to existing approaches.
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8 Limitations

Our MUX-PLMs class of high-throughput high-
performance pre-trained models demonstrates the
efficacy of the MIMO paradigm for language mod-
els. However, MUX-PLMs need MIMO-style train-
ing for both pre-training and fine-tuning. It would
be more efficient to introduce MIMO-style training
only during the fine-tuning stage as it would al-
low stakeholders to rapidly create high-throughput
models from any off-the-shelve pre-trained model.
We conducted initial experiments in this setting but
faced issues getting models to converge and per-
form well. This setting is incredibly challenging as
off-the-shelf pre-trained models have been trained
to only process one instance at a time and intro-
ducing our novel multiplexing and demultiplexing
modules would create a large distribution shift for
the model. We hope that future work focuses on
innovative solutions to address these limitations.
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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 7: Pre-train hyper-parameters for MUX-BERT and MUX-ELECTRA models. We only report results for the
Base configuration for MUX-ELECTRA models.

A Appendices

B Pre-training Details

We report all pre-training related hyper-parameters in Table 7. 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.

C Fine-tuning Details

We report all the fine-tuning related hyper-parameters in Table 8. 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 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.
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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 8: Fine-tune hyperparameters

D Analysis details

D.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.

D.2 Muxology setup
To analyze the hidden states of pre-trained MUX-BERT models at different layers, we take the average
absolute value of hidden states and every layer for both multiplexed and baseline models, across different
configurations. To analyze the entropies of the attention distributions at different layers, we calculate the
attention distribution across different attention heads for each position in the sequence length. To measure
how peaky the attention distribution is likely to be, we calculate the entropies of the attention distributions
at all positions and average across all the positions and across all the attention heads to get the average
entropy for all layers. We conduct this analysis on WikiText-103 and average across all the samples in the
evaluation split.

E Task performance breakdown for all variants
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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 9: 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 10: We show the full GLUE results for MUX-BERT. We report the maximum accuracy over 5 seeds. Extrema
are emphasized.

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 11: 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.

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 12: 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.
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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 13: 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 14: 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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