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Abstract

Pretrained foundation models offer substantial benefits for
a wide range of downstream tasks, which can be one of
the most potential techniques to access artificial general
intelligence. However, scaling up foundation transformers
for maximal task-agnostic knowledge has brought about
computational challenges, especially on resource-limited de-
vices such as mobiles. This work proposes the first Bi-
nary Pretrained Foundation Transformer (BiPFT) for nat-
ural language understanding (NLU) tasks, which remark-
ably saves 56× operations and 28× memory. In contrast
to previous task-specific binary transformers, BiPFT ex-
hibits a substantial enhancement in the learning capabili-
ties of binary neural networks (BNNs), promoting BNNs
into the era of pre-training. Benefiting from extensive pre-
training data, we further propose a data-driven binarization
method. Specifically, we first analyze the binarization error
in self-attention operations and derive the polynomials of
binarization error. To simulate full-precision self-attention,
we define binarization error as binarization residual poly-
nomials, and then introduce low-rank estimators to model
these polynomials. Extensive experiments validate the ef-
fectiveness of BiPFTs, surpassing task-specific baseline by
15.4% average performance on the GLUE benchmark. BiPFT
also demonstrates improved robustness to hyperparameter
changes, improved optimization efficiency, and reduced re-
liance on downstream distillation, which consequently gen-
eralize on various NLU tasks and simplify the downstream
pipeline of BNNs. Our code and pretrained models are pub-
licly available at https://github.com/Xingrun-Xing/BiPFT.

Introduction
In recent years, pre-trained foundation models (PFM) (Ope-
nAI 2023) have demonstrated impressive emergent intelli-
gence phenomena in various fields such as natural language
processing (Touvron et al. 2023) and computer vision (Kir-
illov et al. 2023; Wang et al. 2023). As the model size and
pre-training data increase, task-agnostic knowledge from
pretraining effectively generalizes to downstream tasks with
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Figure 1: Comparison of training pipelines for binary trans-
formers. FP indicates full-precision. For downstream tasks,
finetuning BiPFT replaces previous task-specific pipelines.

small datasets or open scenes. In natural language under-
standing (NLU) tasks, BERT (Devlin et al. 2018; He, Gao,
and Chen 2023), which uses the transformer encoder archi-
tecture and the bi-directional masked prediction training, is
widely applied. However, the self-attention (Vaswani et al.
2017a; Carlini et al. 2023) and MLP layers in BERT involve
substantial floating-point operations and memory consump-
tion. How to get a compact pretrained foundation model in
computationally limited settings, such as inference at mobile
devices, has become a problem of significant value.

This work aims to propose the first 1-bit pretrained foun-
dation model for NLU tasks with a BERT like architecture.
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Recently, compression methods for BERT include model
pruning (Gordon, Duh, and Andrews 2020; Zhao and Wress-
negger 2023), distillation (Sun et al. 2020; Ding et al. 2023),
and quantization (Kim et al. 2021; Castano et al. 2023).
Model quantization achieves a high degree of model com-
pression without changing the model architecture or the
number of parameters. Notably, 1-bit model quantization is
an extreme case of low-bit quantization. Unlike other low-bit
models, binary neural networks (BNNs) (Courbariaux et al.
2016; Xu et al. 2023) directly utilize the underlying XNOR
and popcount operations instead of numerical ones, thereby
achieving super-linear benefits of bit-width. Compared to
full-precision (FP) model inference, binary models save up
to 64× operations, 32×memory, and between 100 to 1000×
energy consumption (Courbariaux et al. 2016), which are
necessary for modern large pretrained foundation models.

Current binary transformers perform binarization on spe-
cific tasks. Due to their extremely low bit-width, these bi-
nary transformers face significant optimization challenges.
To address this issue, prior binary BERTs rely on optimiza-
tion techniques such as distillation from the full-precision
(FP) teacher and hyperparameter tuning. As illustrated in
Fig. 1 (a), the typical pipeline is complex: it begins by train-
ing a FP teacher for the given task, followed by initializing
and distilling the binary BERT using this FP teacher. Be-
cause of unstable optimization, a hyperparameter search is
usually necessary. We want to ask the question whether a 1-
bit BERT, with initialization and distillation from the down-
stream FP model, is able to achieve similar performance
even without pretraining? We build a strong binary trans-
former baseline and conduct extensive experiments in dif-
ferent training settings (including the distillation, learning
rate, batch size, etc.) and want to find the keypoints to in-
fluence performance. These non-trivial experiments indicate
the weakness of task-specific binary transformers:
Unstability to hyperparameters. Our experiments show
that task-specific binary BERTs have a large performance
variance to different batch sizes and learning rates. The per-
formance heavily relies on hyperparameters tuning and often
requires a small batch size and long training time.
Weakness of learning capabilities. Existing task-specific
binary BERTs (Qin et al. 2022; Liu et al. 2022) also heavily
rely on the distillation from FP teacher. When we replace the
distillation loss with direct training loss, the average perfor-
mance drops by 13.9% on the GLUE benchmark.
This phenomenon suggests the necessity of directly training
1-bit foundational models, rather than initializing a binary
model with its 32-bit task-specific counterpart.

We propose the first Binary Pretrained Foundation Trans-
former, termed BiPFT, promoting BNNs into the era of pre-
training. We start with building a general baseline architec-
ture for binary transformers. Based on this architecture, we
then pretrain a binary foundation model named BiPFT-A and
evaluate the impact of pretraining for BNNs. During pre-
training, we followed the standard masked language model
(MLM) and next sentence prediction (NSP) tasks used in FP
BERTs. In addition, a task-agnostic distillation is also at-
tached to speed up pretraining. In contrast to task-specific
distillation, task-agnostic distillation doesn’t complicate the

downstream pipeline. After pretraining, the learning capa-
bilities of binary transformers are improved significantly,
which enables binary transformers directly finetuned with-
out distillation and hyperparameter tuning. As shown in Fig.
1 (b), given a new task, binary pretrained foundation trans-
formers only require straightforward finetuning, eliminating
the complexity of previous downstream pipelines. Experi-
mental results show that under fair comparison, BiPFT-A
improves 13.9% average performance on the GLUE bench-
mark compared with the baseline model without binary pre-
training. Even when compared to the baseline that employs
additional hyperparameter tuning and distillation, BiPFT-A
still surpasses it by 1.1% with simple finetuning.

With the pretraining phase, we rethink how to effectively
binarize self-attention. Previous works mainly focus on em-
pirically designing more accurate binary operations. For ex-
ample, BiBERT (Qin et al. 2022) designs a Bi-Attention op-
eration to simulate FP self-attention; BiT (Liu et al. 2022)
designs the {0, 1} binarization level and elastic binariza-
tion functions to better simulate FP activations. In contrast
to performing binarization in downstream tasks with very
limited data previously, binary pretrained foundation mod-
els perform binarization in the pretraining phase, making
it possible to use data-driven and data-hungry binarization
methods. Specifically, we analyze the binarization error in
self-attention operations and derive the polynomials of bi-
narization error. To simulate full-precision self-attention, we
indicate binarization error as binarization residual polyno-
mials and then introduce low-rank estimators to model bina-
rization residual polynomials. Low-rank estimators are fully
trained in pretraining, while estimators generalize to data-
limited tasks effectively in downstream. We add the afore-
mentioned residual polynomial estimators to BiPFT-A and
name the new model as BiPFT-B. Experimental results in-
dicate that BiPFT-B enhances performance on GLUE by an
additional 1.6% compared to BiPFT-A.

The contributions of this paper are as follows:
• We propose the first binary pretrained foundation model

and successfully train BNNs throughout the pretraining
and finetuning phases.

• We propose a data-driven binarization method for self-
attention by estimating binarization residual polynomi-
als, further improving binary foundation models.

• We release binary foundation transformers for NLU
tasks. Finetuning on this foundation model for down-
stream tasks significantly simplifies the training process
of BNNs, yielding more robust and accurate results.

Related Work
Most studies of binary neural networks (He et al. 2023;
Kunes et al. 2023; Xing et al. 2022a) focus on convolutional
neural networks in the computer vision field. BNNs are first
proposed by directly binarizing both activations and weights
to the bit-width of 1 and estimating gradient using straight-
through estimators (STE) (Courbariaux et al. 2016). How-
ever, vanilla BNNs encounter performance drop in large-
scale datasets. Many works improve BNN performance from
different perspectives, including model architecture, binary
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parameter optimization and binarization strategy (Martinez
et al. 2020). For example, BiRealNet (Liu et al. 2018) and
CP-NAS (Li’an Zhuo et al. 2020) revise more efficient
binary network architectures. XNOR-Net and Siman (Lin
et al. 2022) focus on optimizing binarization error. ReAct-
Net (Liu et al. 2020) revise binarization and activation func-
tions to improve model capacity. More recently, BCDNet
(Xing et al. 2022b) introduce MLP (Chen et al. 2023) ar-
chitecture to BNNs and achieve high performance.

In the natural language processing field, BinaryBERT
(Bai et al. 2021), BiBERT (Qin et al. 2022) and BiT (Liu
et al. 2022) binarize full-precision BERT model in specific
tasks. TBT (Liu et al. 2023) and DQ-BART (Li et al. 2022)
distill binary and low-bit generation models in specific tasks.
However, previous binary transformers heavily rely on task-
specific distillation. There is no foundation model directly
pretrained with binary parameters and activations.

Compared with post-training quantization (PTQ), BNNs
adopt quantization-aware training (QAT). Although some
PTQ methods are well-known for language models such as
OPTQ (Frantar et al. 2022) and SmoothQuant (Xiao et al.
2023), they cannot achieve 1-bit width.

Methodology
Build Binary Baseline Architecture
We define a baseline model as the benchmark of binary
transformers and introduce pretraining of the baseline model
in the next section. Existing task-specific binary transform-
ers often use different binarization, training and evaluation
methods, making it challenging to compare the general per-
formance. To build a general baseline, we follow the bina-
rization design of BiTs as much as possible, while replac-
ing their specific training and evaluation settings with com-
mon ones. The differences between our baseline and BiTs
are shown in the Appendix A of our extended version (Xing
et al. 2023) in detail. We briefly introduce the basic binary
operations in the baseline as follows:
Binary linear. Binary linear layers compose the most ba-
sic operations in a binary transformer, which indicates bi-
narizing both weights and activations to the bit-width of 1.
In forward propagation, FP weights W and activations A
are initially binarized to WB and AB using the binarization
function QB. Consequently, linear layers can be carried out
as a matrix multiplication with XNOR and popcounting (⊗):

Linear(A) ≈ QB(W)QB(A) = α(WB ⊗AB). (1)

The simplest QB is the symbolic function, sign:

QB(x) = sign(x) =

{
−1, if x < 0

+1, if x ≥ 0
, (2)

In backward propagation, gradient can’t be directly calcu-
lated through the sign. Straight-through estimators (STE)
are used to estimate gradient:

∂ sign(x)

∂x
≈
{
1 if |x| ≤ 1

0 otherwise
. (3)

Many works make efforts to find more effective binarization
functions. BiTs binarize weights by QB,w, and binarize ac-
tivations by QB,a respectively:

Q
(−1,+1)
B,w (W) =

‖W‖l1
nW

sign
(
W −W

)
, (4)

Q
(−1,+1)
B,a (A) = αsign (A− β) , (5)

where α, β are trainable parameters. Omitting scaling fac-
tors, both weights and activations have the same binarization
level {−1,+1}. Different from BiTs, we remove the {0, 1}
binarization level in linear layers because different binariza-
tion levels need special transformation to avoid the ternary
value problem. All linears are binarized as Eq.4, 5 in our
general baseline.
Binary self-attention. FP self-attention is defined as cas-
caded matrix productions between the query, key and value:

Attention(Q,K,V) = softmax

(
QKT

√
dk

)
V. (6)

Binary self-attention also consists of two steps: calculating
self-attention map, Att, and reweight value with binarized
attention map respectively:

Att ≈ softmax

(
Q

(−1,+1)
B,a (Q)Q

(−1,+1)
B,a (KT)

√
dk

)
, (7)

Attention(Q,K,V) ≈ Q
(0,+1)
B,a (Att)Q

(−1,+1)
B,a (V), (8)

where the binarization function for the attention map is de-
fined as follows in BiTs:

Q
(0,+1)
B,a (A) = α

⌊
Clip

(
A− β
α

, 0, 1

)⌉
, (9)

bClip (x, 0, 1)e =
{
0, if x < 0.5

1, if x ≥ 0.5
.

After binarization, values in the attention map become
{0, 1} and formulate hard attention (omitting scaling fac-
tors). However, in Eq. 8, matrix production between
AttB ∈ {0,+1}n and VB ∈ {−1,+1}n can’t directly be
implemented by XNOR and popcount at inference, which
needs ternary operations in domain {−1, 0,+1}. It con-
sumes double binary operations to transform ternary to bi-
nary operations:

Att(0,1)VB = (AttB ⊗VB + 1⊗VB) >> 1, (10)

where AttB,VB ∈ {−1,+1}n, >> is bitshift, and AttB
is constructed by directly replacing 0 as -1 in Att(0,1).

Pretrain Binary Transformers
In this section, we propose pretrained foundation trans-
formers based on the baseline architecture, termed BiPFT-
A. We use simple but efficient pretraining tasks following
the vanilla BERT and task-agnostic distillation (Wang et al.
2020). The pretraining tasks in BERT include masked lan-
guage model and next sentence prediction. Additionally, in-
spired by the phenomenon that task-agnostic distillation im-
proves pretraining efficiency in small models, we add dis-
tillation loss for both token and sentence-level features. In
summary, the pretraining objectives of BiPFTs include:
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method BP dist. HS binarization
BiT % ! ! direct binarization
baseline∗ % ! ! direct binarization
baseline % % % direct binarization
BiPFT-A ! % % direct binarization
BiPFT-B ! % % error estimatation

Table 1: Summarization of proposed models, where BP in-
dicates binary pretraining; dist. indicates task-specific distil-
lation; HS indicates hyperparameter search in specific tasks.

Masked Language Model (`MLM): MLM objective is de-
fined as minimizing the cross-entropy loss between the real
and the prediction of masked tokens. Following BERTs, we
randomly select 15% of the input tokens. Among these cho-
sen tokens, 80% are swapped with [MASK], 10% are main-
tained as they are, and the remaining 10% tokens are substi-
tuted with a token randomly picked from the vocabulary.
Next Sentence Prediction (`NSP): NSP is defined as a bi-
nary classification task, where the objective is to predict if
two segments appear consecutively in the source text. Fol-
lowing BERTs, we construct positive samples by selecting
sequential sentences from the text corpus and negative sam-
ples are by pairing sentences from separate documents. The
probability of positive and negative samples is equal.
Task-agnostic Distillation (`logit, `rep): previous works
(Hinton, Vinyals, and Dean 2015) has shown minimizing KL
divergency between model logits of the student and teacher
achieves better performance than direct training. Following
task-agnostic distillation (Sun et al. 2020; Wang et al. 2020),
we distill logits in the last layer during pretraining. To im-
prove convergency, we additionally apply L2 loss to distill
hidden states layer by layer.
We use the aforementioned objectives to jointly train binary
transformers in extensive pretraining data:

`total = `MLM + `NSP +
1

n

n∑
i=1

`irep + `logit . (11)

After pre-training, task-agnostic knowledge significantly
enhances the learning ability of the baseline models in var-
ious downstream tasks. As shown in Fig. 1 (b), once pre-
training finished, we finetune the binary foundation model in
various downstream tasks the same as full-precision cases,
which bridges the training gap between full-precision and
binary foundation models.

Estimate Binarization Polynomials
With the help of the pretraining phase, we explore how to
better simulate self-attention with binary representations. To
make full use of pretraining data, we investigate data-driven
binarization methods. In this section, we first analyze bina-
rization errors in self-attention and then propose binarization
error estimators to achieve accurate binary self-attention. We
add binarization error estimators to baseline architecture and
pretrain this binary transformer as BiPFT-B. A summariza-
tion of proposed models is shown in Table 1.

Self-attention involves cascaded multiplications, making
it challenging for previous empirical binarization designs:
Dynamic binary value. Previous BNNs focused on a more
accurate simulation of matrix multiplication between real-
valued weights and activations, where activations are dy-
namic values changing with input, and weights are fixed pa-
rameters. However, in self-attention, both items of matrix
multiplication are dynamic values changing with inputs.
Cascaded multiplications. Self-attention has cascaded ma-
trix multiplications. The error accumulation caused by direct
binarization affects the accuracy of binary features. For in-
stance, binarization errors from the matrix multiplication of
keys and queries undoubtedly impact the following reweight
between attention scores and values.

To find where binarization errors occur in self-attention,
we first compare the differences before and after binariza-
tion; then define the residual polynomials ignored previ-
ously; and finally, we use low-rank estimators to model these
residuals. In order to decompose the binarization error, we
define binarization residuals of the query, key, and value
items as well as their weights:

Q∗ def
= Q−QB, K∗ def

= K−KB , V∗ def
= V −VB,

W∗ = W −WB . (12)

According to Eq. 6, we first focus on the attention score be-
tween keys and queries. The full-precision Q and K can be
decomposed into the sum of their binarized parts, QB and
KB, and their binarization residuals, Q∗ and K∗. As shown
in Eq. 13, in the simplified polynomials, the first term can
be represented as directly binarized multiplication between
Q and K, while the other three terms constitute the quanti-
zation error:

Ascore = QKT (13)
= (QB +Q∗)(KT

B +K∗T)

= QBK
T
B +QBK

∗T +Q∗KT
B +Q∗K∗T︸ ︷︷ ︸

residual polynomials

.

Previous binary operations are mainly designed for linear or
convolutional layers in computer vision, with a lack of con-
sideration for the multiplication between activations in self-
attention. Directly replacing real matrix multiplication with
binarized matrix multiplication after quantization overlooks
the residual polynomials in Eq. 13, leading to binarization
errors. Towards accurate binary self-attention, we propose
data-driven estimators to model these binarization residual
polynomials. We indicate residual polynomials in Eq. 13 as
A∗

score and model these items by low-rank estimators:

A∗
score = AWqW

∗T
k AT +AW∗

qW
T
k A

T

+ AW∗
qW

∗T
k AT

≈ Awqw
∗T
k AT +Aw∗

qw
T
k A

T

+ Aw∗
qw

∗T
k AT, (14)

where W
(∗)
q,k ∈ RC×C, w(∗)

q,k ∈ RC×1 and C donates

hidden size of the transformer. In Eq. 14, w(∗)
q,k are train-
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Quant E-W-A Size (MB) FLOPs (G) STS-B MRPC RTE QQP QNLI SST-2 COLA MNLI-m/mm Avg.
BERTbase 32-32-32 418 22.5 88.8 86.5 66.8 91.4 91.3 92.9 55.8 83.4/83.6 82.3
Q-BERT 2-8-8 43.0 6.5 – 68.3 52.7 – – 84.6 – 76.6/77.0 –
Q2BERT 2-8-8 43.0 6.5 4.4 68.4 52.7 67.0 61.3 80.6 0 47.2/47.3 47.7
TernaryBERT 2-2-8 28.0 6.4 – 87.5 68.2 90.1 – – 50.7 83.3/83.3 –
BinaryBERT 1-1-8 16.5 3.1 88.6 85.5 72.2 91.2 91.5 92.6 53.4 84.2/84.7 82.7
BinaryBERT 1-1-4 16.5 1.5 87.2 83.3 65.3 91.2 90.9 92.3 44.4 83.9/84.2 79.9
Finetuning with task-specific distillation
BinaryBERT 1-1-1 16.5 0.4 6.1 68.3 52.7 66.2 51.5 53.2 0 35.6/35.3 41.0
BiBERT 1-1-1 13.4 0.4 33.6 72.5 57.4 84.8 72.6 88.7 25.4 66.1/67.5 63.2
Baseline∗ 1-1-1 14.7 0.4 53.4 76.0 56.7 85.5 84.2 85.7 21.9 74.8/75.4 68.1
Finetuning without task-specific distillation
Baseline 1-1-1 14.7 0.4 19.7 70.3 57.0 78.0 60.2 79.7 16.5 58.8/58.7 55.4
BiPFT-A 1-1-1 14.7 0.4 79.0 74.0 60.6 82.8 80.3 85.6 19.8 70.3/70.8 69.2
BiPFT-B 1-1-1 14.9 0.4 80.2 76.2 66.1 83.7 81.7 86.2 22.9 69.5/70.6 70.8
BinaryBERT 1-1-2 16.5 0.8 6.5 68.3 52.7 79.9 52.6 82.5 14.6 62.7/63.9 53.7
BiT 1-1-2 14.7 0.8 82.2 78.4 58.1 87.1 89.3 90.8 32.1 82.1/82.5 75.0
BiPFT-B 1-1-2 14.9 0.8 87.0 84.1 66.1 89.0 86.6 88.1 36.2 77.0/76.9 76.8

Table 2: Comparison of BERT quantization methods on the GLUE dev set. The E-W-A refers to the bit-width of embeddings,
weights and activations. The baseline and baseline∗ are described in Table 1, which have almost the same architecture as BiT
but evaluated in our common settings.

able parameters and used as approximations of W
(∗)
q,k re-

spectively. In that case, the original dense matrix multiplica-
tions AW

(∗)
q,k are approximated as low-rank multiplications

Aw
(∗)
q,k. We set the rank number as 1 to save 768× opera-

tions in the base-sized BERT, which will not introduce much
additional cost. As a result, low-rank multiplications approx-
imate residual polynomials ignored by direct binarization. In
BiPFT-B, Eq. 7 in the baseline model is replaced by Eq. 15:

Att ≈ softmax

(
QBK

T
B +A∗

score√
dk

)
. (15)

We apply a similar analysis to the reweight multiplication
in Eq. 8. We decompose full-precision value V into binary
VB and its resdual V∗. Binarization residual polynomial
can be represented as Att(AW∗

v):

Attention(Q,K,V) = AttV (16)
= Att(VB +V∗)

= AttVB +Att(AW∗
v).

In contrast to decomposing attention map, Att, we directly
use binarized attention map, AttB, because binary attention
map formulates hard attention that we don’t want to break.
In BiPFT-B, Eq. 8 in the baseline is replaced by Eq. 17:

Attention(Q,K,V) ≈ AttBVB +AttB(Aw∗
v). (17)

Experiments
Experiment Settings
In this work, we pursue aligning training settings between
binary and full-precision (FP) transformers in both pretrain-
ing and finetuning phases, which is helpful to bridge the
training gap between binary and FP transformers.

We keep the pretraining settings of BiPFTs similar to
BERTs. In detail, we train the same architectured binary
BERT models in the base size with 110M parameters. We
quantize weights and embeddings in transformers to the bit-
width of 1 and quantize activations to the bit-width of 1

and 2 respectively. In pretraining, we use the BooksCorpus
(Zhu et al. 2015) and English Wikipedia (Devlin et al. 2018)
as training data, including 800M and 2500M words respec-
tively. The same as BERTs, lists, tables, and headers are ig-
nored in Wikipedia. In preprocessing, we follow the BERT
and use the WordPiece tokenizer (Devlin et al. 2018) with a
30522 vocabulary size. The max length of each sentence is
set to 128 tokens. And the batch size is set to 512 in one step.
There are total 5 × 105 steps in pretraining which include
about 3 epochs of all data. The same as full-precision con-
ditions, we train binary models with an AdamW optimizer
with a 2 × 10−4 peak learning rate and 0.01 weight decay.
A linear learning rate schedular with 5000 steps warm-up
is also used. Our experiments show these common hyperpa-
rameters for most full-precision pretraining BERTs are gen-
eral and robust enough for binary transformer pretraining.

In downstream tasks, we use the GLUE benchmark (Wang
et al. 2018) to evaluate NLU performance. There are 8 sub-
sets including CoLA, STS-B, MRPC, RTE, QQP, MNLI,
QNLI. In finetuning, we also keep the same FP settings. In
detail, we keep a constant 2 × 10−5 learning rate and 32
batchsize for all the subsets, and we keep the same training
epochs as previous BiBERTs and BiTs. Notice that, we don’t
adapt to the best learning rate or batchsize for GLUE subsets
like previous state-of-the-art works, which can improve per-
formance a lot for BNNs but may result in overestimation of
performance given new tasks.

Main Results
Table 2 shows comparisons with previous state-of-the-art
BERTs in some low-bit quantization and binary. More de-
tailed robustness and pretraining analysis are reported in Fig.
2, 3, 4 respectively.
Performance of BiPFT-A. We summarize methods in Table
1, where the baseline, baseline∗ and BiPFT-A share the same
architecture; additional estimators are attached in BiPFT-B.

We use baseline∗ to implement the previous task-specific
pipeline in Fig. 1 (a). Baseline∗ uses the same hyperparame-
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Figure 2: Comparisons of BiPFT-A and baselines in differ-
ent batch sizes. Up: baseline with task-specific distillation;
down: baseline without task-specific distillation.
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Figure 3: Pertraining performance in different training steps.

ters searched by BiTs and is trained with a distillation, while
evaluated in the common settings. Baseline∗ is competitive
to surpass BiBERT by 4.9% on average.

To evaluate binary BERT performance in general settings,
we remove task-specific hyperparameter search and distilla-
tion. The baseline model withdraws 12.8% average accuracy
dramatically, which indicates the weakness of binary BERT
itself. This indicates the performance heavily relies on spe-
cial training settings in task-specific binary BERTs.

After pretraining, BiPFT-A improves 13.9% compared
with baseline; even if compared with baseline∗ with addi-
tional distillation and hyperparameter search, BiPFT-A sur-
passes 1.1%. This is the first time BNNs get rid of FP teach-
ers and achieve better accuracy, which indicates pretraining
significantly improves the learning ability of BNNs.
Performance of BiPFT-B. We report the performance of
BiPFT-B in Table 2. With the estimation of binarization
residual polynomials, BiPFT-B further improves 1.6% av-
erage performance compared with BiPFT-A. This indicates
a large amount of pretraining data helps BNNs learn how
to binarization in downstream. In total, the binary pretrained
foundation model exceeds 15.4% average performance com-
pared with baseline, which narrows 57.2% performance gap
from the binary baseline to the FP BERT. In the setting of
2-bit activations, we also observe higger performance.

Figure 4: Comparisons of BiPFT-A and baselines in differ-
ent learning rates. Up: baseline with task-specific distilla-
tion; down: baseline without task-specific distillation. We set
the base learning rates for baselines according to searched
results of BiTs for every task; we set learning rates for
BiPFT-A from {5× 10-6, 1× 10-5, 2× 10-5}.

In RTE, MRPC and STS-B datasets, there are 2.5k,
3.7k and 7k data respectively and they are relatively small
datasets in GLUE. We observe BiPFT-B has more signif-
icant improvements than relatively big subsets, which are
9.1%, 5.9% and 60.5% in RTE, MRPC and STS-B. Even if
compared with distilled baseline∗, BiPFT-B surpasses 9.4%,
0.2% and 26.8% on average respectively. This indicates
knowledge distillation is hard to make up the performance
drop caused by the missing binary pretrained foundation
models, in small downstream datasets.
Efficiency analysis. In Table 2, we compare operations and
memory usage between FP and low-bit models. Compared
with FP BERTs in base size, BiPFTs-B saves 56× opera-
tions and 28× memory for the 1-bit activations, while saves
28× operations and 28× memory for 2-bit activations.
Robustness analysis of binary transformers. We select
three datasets, RTE, MRPC, STS-B and analyze robustness
in different training settings. In Fig. 2, we compare BiPFT-A
and baseline models in different batchsize settings to eval-
uate the robustness of pretraining in different batchsizes. In
Fig. 4, we compare BiPFT-A and baselines in different learn-
ing rate settings to evaluate the robustness of pretraining in
different learning rates. More detailed results are shown in
Appendix B of our extended version (Xing et al. 2023).

Our observations are mainly in three aspects. Firstly,
in Fig. 2 (up), compared with baseline∗ with distillation,
BiPFT-A keeps almost higher performance stably in differ-
ent batchsizes. Although task-specific distillation achieves
at most 76.0% acc. in MRPC in batchsize 8, performance
drops dramatically when training batchsize increases. The
small batchsize makes it more challenging for parallel com-
putation. Secondly, in Fig. 4 (up), we train baseline∗ and
BiPFT-A in different learning rates and evaluate the variance
of results. In different learning rates, pretraining helps to
stabilize performance significantly. Because of unstable per-
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Model KQ↑ AttV↑ LoRA QQP QNLI SST-2 CoLA STS-B MRPC RTE MNLI-m/mm Avg.
FP-BERTbase – – – 91.4 91.3 92.9 55.8 88.8 86.5 66.8 83.4/83.6 82.3
W/o pretraining
Baseline % % – 78.0 60.2 79.7 16.5 19.7 70.3 57.0 58.8/58.7 55.4
Baseline ! ! – 78.2 60.6 79.5 11.1 19.5 70.3 55.6 59.5/59.7 54.9
Ablation in architectures
BiPFT-A % % – 82.8 80.3 85.6 19.8 79.0 74.0 60.6 70.3/70.8 69.2
BiPFT-A % ! – 84.0 81.5 85.9 19.4 79.4 73.8 63.2 70.5/71.0 69.9
BiPFT-A ! % – 83.7 81.7 85.7 21.3 79.3 76.2 62.8 70.0/70.9 70.2
BiPFT-B ! ! – 83.7 81.7 86.2 22.9 80.2 76.2 66.1 69.5/70.6 70.8
Ablation in ranks
BiPFT-B-rank1 ! ! – 83.7 81.7 86.2 22.9 80.2 76.2 66.1 69.5/70.6 70.8
BiPFT-B-rank2 ! ! – 83.3 80.9 87.3 18.7 78.8 73.5 65.3 69.4/70.4 69.7
BiPFT-B-rank4 ! ! – 83.4 81.6 86.2 18.9 76.9 75.0 61.0 69.7/70.4 69.2
Comparison with LoRA
BiPFT-A % % ! 83.5 81.4 85.3 18.1 80.7 76.5 62.8 70.1/70.9 69.9
BiPFT-B ! ! ! 81.9 79.3 83.9 16.5 79.4 73.3 59.9 68.3/69.8 68.0
BiPFT-B ! ! % 83.7 81.7 86.2 22.9 80.2 76.2 66.1 69.5/70.6 70.8

Table 3: Ablation studies for BiPFTs. KQ↑ indicates adding estimators for key and query as Eq. 14; AttV↑ indicates adding
estimators for value as Eq. 17.

formance, previous binary transformers have to perform hy-
perparameter search for different tasks, which can be ineffi-
cient and unstable. Thirdly, binary transformers heavily rely
on distillation. When without pretraining, there are weak
learning capabilities as shown in Fig 2 (down), 4 (down). In
MRPC dataset, binary classification accuracy directly drops
to 68.4% which is similar to encounter model degeneration
or random choice; in STS-B dataset, the pearson and spear-
manr close to 0%. These phenomena indicate task-specific
binary transformers have a high risk to lost learning ability
once removing FP teachers.
Pretraining time analysis. Fig. 3 shows the average GLUE
performance of BiPFTs in different pretraining steps. In
early pretraining time, downstream performance improves
with more training steps. For the base-sized binary BERTs
with 110M binary parameters, 1× 105 pretraining steps are
enough for fully pretraining, where the batch size is 512.
This confirms enough training time for binary transformers.

Ablation Studies
Table 3 shows ablation studies for BiPFTs. More ablations
for initialization are shown in Appendix C of our extended
version (Xing et al. 2023).
Ablation in architectures. In BiPFT-B, we estimate bina-
rization residual polynomials in two steps according to Eq.
14, 17 respectively. As shown in Table 3, with pretraining,
it improves average performance when using estimators in
Eq. 14 or Eq. 17 alone. When combining the estimations
in both Eq. 14 and 17 together, it carries out the best and
totally improves 1.6% performance on average. This con-
firms that low-rank multiplications have the capacity to learn
to estimate binarization residual polynomials from queries,
keys and values accordingly. However,data-driven binariza-
tion polynomial estimators are data-hungry. When without
pretraining, estimators can’t achieve better performance.

Ablation in ranks. We use the low-rank matrix multipli-
cations as binarization polynomial estimators. By default,
we use rank number 1 to reduce computational cost. To in-
vestigate the influence of ranks, We revise the rank number
in Eq. 14 as 2 and 4. In Table 3, increasing the rank can’t
improve performance, which indicates larger ranks may en-
counter overfitting to binarization residual polynomials.

Comparison with LoRA. Because we use low-rank bina-
rization estimators to improve binary multiplications be-
tween queries, keys and values, one potential idea could be
whether we can use LoRA (Hu et al. 2022) to improve lin-
ear layers in self-attention. As shown in Table 3, although
adding LoRA to binary transformers alone improves results,
LoRA is less efficient compared with low-rank estimators
of binarization residual polynomials. Moreover, when we
both add LoRA and binarization polynomial estimators, it
encounters unstable performance in our experiments, be-
cause of overfitting of low-rank parameters. As a result, low-
rank estimators of binarization polynomials are more effi-
cient and explicable for binary self-attention.

Conclusion

This work proposes the first binary pretrained foundation
model for NLU tasks, promoting BNNs to the era of pre-
training. This provides a lot of conveniences to finetune
accurate, robust and training efficient binary transformers
in downstream tasks. In the future, we think it would be
meaningful to pretrain binary foundation models for natural
language generation (NLG) tasks like current GPT (Brown
et al. 2020) and LLama (Touvron et al. 2023), instead of
downstream binary models. General knowledge is able to
significantly improve the learning capabilities of BNNs.
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