A Additional Related Work

KD has been extensively applied to computer vision and NLP tasks [52] since its debut. On the
NLP side, several variants of KD have been proposed to compress BERT [10], including how to
define the knowledge that is supposed to be transferred from the teacher BERT model to the student
variations. Examples of such knowledge definitions include output logits (e.g., DistilBERT [42]) and
intermediate knowledge such as feature maps [48, 1, 63] and self-attention maps [54, 49] (we refer
KD using these additional knowledge as deep knowledge distillation [54]). To mitigate the accuracy
gap from reduced student model size, existing work has also explored applying knowledge distillation
in the more expensive pre-training stage, which aims to provide a better initialization to the student
for adapting to downstream tasks. As an example, MiniLM [54] and MobileBERT [49] advance the
state-of-the-art by applying deep knowledge distillation and architecture change to pre-train a student
model on the general-domain corpus, which then can be directly fine-tuned on downstream tasks
with good accuracy. TinyBERT [20] proposes to perform deep distillation in both the pre-training
and fine-tuning stage and shows that these two stages of knowledge distillation are complementary
to each other and can be combined to achieve state-of-the-art results on GLUE tasks. Our work
differs from these methods in that we show how lightweight layer reduction without expensive
pre-training distillation can be effectively combined with extreme quantization to achieve another
order of magnitude reduction in model sizes for pre-trained Transformers.

B Additional Details on Methodology, Experimental Setup and Results

B.1 Knowledge Distillation

Knowledge Distillation (KD) [16] has been playing the most significant role in overcoming the
performance degradation of model compression as the smaller models (i.e., student models) can
absorb the rich knowledge of those uncompressed ones (i.e., teacher models) [40, 25, 43, 14]. In
general, KD can be expressed as minimizing the difference (L) between outputs of a teacher model
T and a student model S. As we are here studying transformer-based model and that the student
and teacher models admit the same number (denoted as /) of attention heads, our setup focuses on a
particular widely-used paradigm, layerwise KD [20, 62, 3]. That is, for each layer of a student model
S, the loss in the knowledge transferred from teacher T" consist of three parts:

(1) the fully-connected hidden states: Lyiggen = MSE(H®, HT), where H®, HT € R!*dn;
(2) the attention maps: Ly = + S°" MSE(A$, AT), where AS, AT € R,
(3) the prediction logits: Ljoeit = CE(p®, p) where p®, pT' € R¢;

where MISE stands for the mean square error and CE is a cross entropy loss. Notably, for the first
part in the above formulation, H° HT) corresponds to the output matrix of the student’s (teacher’s)
hidden states; [ is the sequence length of the input (in our experiments, it is set to be 64 or 128); d,
is the hidden dimension (768 for BERT},s.). For the second part Af (AiT) is the attention matrix
corresponds to the i-th heads (in our setting, h = 12). In the final part, the dimension c in logit
outputs (p° and p”) is either to be 2 or 3 for GLUE tasks. For more details on how the weight
matrices involved in the output matrices, please see [20].

We have defined the three types of KD: 1S-KD, 2S-KD, and 3S-KD in main text. See Figure 4 for
a visualization. Here we explain in more details. One-Stage KD means we naively minimize the
sum of teacher-student differences on hidden-states, attentions and logits. In this setup, a single
one-time learning rate schedule is used; in our case, it is a linear-decay schedule with warm-up steps
10% of the total training time. Two-Stage KD first minimizes the losses of hidden-states Lpiggen and
attentions Ly, then followed by the loss of logits Liogi;. This type of KD is proposed in [20] and
has been used in [3] for extreme quantization. During the training, the (linear-decay) learning rate
schedule will be repeated from the first stage to the second one; particularly, in [20] they used a x2.5
peak learning rate for Stage-I than that for Stage-II. Finally, Three-Stage KD succeeds the properties
of 1S-KD and 2S-KD. That is, after minimizing the losses of hidden-states Lpjgqen and attentions L,
we add a transition phase: Lhidden + Lai + Liogit> instead of directly optimizing L. The learning
rate schedules will be correspondingly repeated in three times and the peak learning rate of Stage-I is
% 2.5 higher than that of Stage-II and Stage-III.
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Stage-I: Lpiaden + Latt + Liogit

One-Stage >
Two-Stage Stage-I: Lhiggen + Lan > Stage-II: Liogit >
Stage-I: Lhidden + La Stage-III: ‘Clogil
Three-Stage > >

Stage-II: Lpiaden + Latt + Liogit

Figure 4: Three types of knowledge distillation. 1S-KD KD (top red arrow line) involves all the
outputs of hidden-states, attentions and logits from the beginning of the training to the end. 2S-KD
KD (middle red and blue arrow line) separates hidden-states and attentions from the logits part. While
3S-KD KD (bottom red, blue and green arrow line) succeed 2S-KD one, it also adds a transition
phase in the middle of the training.

B.2 Experimental Setup

Similar to [20, 3], we fine-tune on GLUE tasks, namely, MRPC [11], STS-B [7], SST-2 [47],
QNLI [38], QQP [19], MNLI [56], CoLA [55], RTE [9]). We recorded their validation performances
over the training and report the best validation value. The maximum sequence length is set to 64 for
CoLA/SST-2, and 128 for the rest sequence pair tasks. See Table C.1 for the size of each (augmented)
dataset and training batch size. Each independent experiment is ran on a single A100 GPU with a
fixed random seed 42. To understand how much the variance can bring with various random seed, we
include a set of experiments by only varying the random seeds 111 and 222. The results are given in
Table C.16 and Table C.17. We overall find the standard deviation are within 0.1 on the GLUE score.
Note also that we add extra 1 epoch for the warmup training.

The 2-bit algorithm and distillation code are based on the official implementation of [62] > and the 1-bit
algorithm is based only on the binary code® in [3] as explained in the main text. Finally, we comment
on the reproduced result shown in Row 3 of Table 5. We apply the 2S5-KD where Stage-I distillation
requires much longer epochs than Budget-C as ColA requires 50 epochs, MNLI/QQP/QNLI requires
10 epochs, and others 20 epochs. All are trained on augmented datasets; Note that 10-epoch
augmented MNLI/QQP is much longer than 18/36-epoch standard ones. Stage-1I KD is similar to
Budget B but needs to search with three learning rates and two batch sizes.

B.3 Exploration of LoRa

As we see in § 5 (i.e.,Table 6), smaller models is much more brittle on extreme quantization than
BERTy,, especially the 1-bit compression. We now investigate whether adding low-rank (LoRa)
matrices to the quantize weights would help improve the situation. That is, we introduce two low-rank

matrices U € R%*" and V' € R"*%u for a quantized weight W € RnXdou gych that the weight we
used for input is

W=W+UV )

Here U and V' are computed in full precision. In our experiments for the layer-reduced model (Skip-
Bertg), we let r € {1,8}. We use 1S-KD and also include the scenarios for the three budgets and
three learning rates {Se-5,1e-4,5¢-4}. The full results for 1-bit and 2-bit Skip-Bertg are presented in
Table C.11 and Table C.12. Correspondingly, we summarized the results in Table C.9 and Table C.10
for clarity.

Overall, we see that LoRa can boost performance when the training time is short. For instance, as
shown in Table C.9 ( Table C.10) under Budget-A, the average score for 1-bit (2-bit) is 80.81 (82.14)
without LoRa, compared with 81.09 (82.31) with LoRa. However, the benefit becomes marginal
when training is long. Here, under Budget-B, the average score for 1-bit (2-bit) is 81.37 (82.51)
without LoRa, compared with 81.59 (82.41) with LoRa.

https://github.com/huawei-noah/Pretrained-Language-Model/tree/master/TernaryBERT
Shttps://github.com/huawei-noah/Pretrained-Language-Model/blob/master/BinaryBERT/
transformer/utils_quant.py#L347
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Figure 5: Top: The ¢ norm distance between the fp32 SkipBERT{ and its 1-bit counterpart under
Budget-A (green) and Budget-C (red) training recipes (quantizing the fine-tuned 6-layer SkipBERTg
on the RTE task with learning rate 2e-5 and 1S-KD). In each layer, we have 6 linear modules (so there
are six points in each layer). Bottom: Histograms of the binary weight parameters with Budget-A
(green) and Budget-C (red) training recipes (models are the same as the top figure). In addition to the
6 x 6 matrices, the elements of binary weights also include the quantized word embedding matrix.

To further verify the claim of "marginal or none" benefit using LoRa under a sufficient training budget,
we include more experiments for five-/four-layer BERT (Skip-BERT; and Skip-BERT},), and the
results are shown in Table C.13. The observation is similar to what we have found for Skip-BERTj.

Interestingly, we find that in Table C.14, instead of adding these full-precision low-rank matrices,
there is a considerable improvement by continuing training with another Budget-C iteration based on
the checkpoints obtained under Budget-C. Particularly, there is 0.09 in GLUE score’s improvement
for 1-bit SkipBERT5 (from 81.34 (Row 1) to 81.63 (Row 2)) and 0.28 for 1-bit SkipBERT,. On the
other hand, if we trained a 2-bit SkipBERT5/SkipBERT} first and then continue training them into
1-bit, the final performance (see Row 5 and Row 11) is even worse than a direct 1-bit quantization
(see Row 1 and Row 7). In addition to the results above, we also tried to see if continuing training by
adding LoRa (rank=1) matrices would help or not. However, the results are negative.

B.4 Exploration of Smaller Teacher

As shown in previous works, such as [53, 25], there is a clear advantage to using larger teacher
models. Here shown in Table C.15 under Budget-C, we apply 1-/2-bit quantization on Skip-BERTg
and compare the teachers between BERT},,s. and the full-precision Skip-BERTj.

We verify that a better teacher can boost the performance, particularly for 1-bit quantization on the
smaller tasks such as CoLA, MRPC, RTE, and STS-B. However, when adding LoRa, the advantage
of using better teacher diminishes as the gain on average GLUE score decreases from 0.31 (without
LoRa) to 0.11 (with LoRa) on 1-/2-bit quantization.

C Figures and Tables
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Figure 6: Top: The /5 norm distance between the fp32 BERT,s and its 1-bit counterpart under
3S-KD (red) and 1S-KD (green) training recipes (quantizing the fine-tuned 12-layer BERT},,5. on the
RTE task with learning rate 5e-4 and Budget-B). In each layer, we have 6 linear modules (so there
are six points in each layer). Bottom: Histograms of the binary weight parameters with 3S-KD (red)
and 1S-KD (green) training recipes (models are the same as the top figure). In addition to the 12 x 6
matrices, the elements of binary weights also include the quantized word embedding matrix.

Table C.1: Training details. DA is short for data augmentation.
CoLA MNLI MRPC QNLI QQP  RTE SST-2  STS-B

Dev data 1043 9815/9832 408 5463 40430 277 872 1500
Train (noDA) 8551 392702 3668 104743 363846 2490 67349 5749
Train (DA) 218844 392702 226123 4273773 363846 145865 1133834 327384
DA/noDA 25.6 1 61.6 40.8 1 58.6 16.8 56.9
Train batch-size 16 32 32 32 32 32 32 32
Task-agnostic Task-specific Smaller Task-specific Smaller
12L BERT (418MB 6L BERT (255MB 6L BERT (8MB)
FP3_2 (X} step I: Layer Reduction FP32_(1'6X) Step II: 1-bit quantization 1'bit£52x)

L "
: Task-specific Smaller  Task-specific Smaller

Task-agnostic Smaller :
6L BERT (255MB H 6L BERT-half (174MB) 6L BERT-half (11MB)

FP32 (1.6x)

FP32 (2.4) 2-bit (38x)

Existing Works
TinyBERT[20]
BinaryBERT(3]

DynaBERT[17] Weight Splitting | Stage-1 KD: Stage-1l KD
MNLI: ~24 GPU hours i MNLE~24 MNLE: 12GPU  MNLI: ~12 GPU hours

Tuning efforts on learning i  GPU hours to hours to train Tuning efforts on learning
rates and training iterations  train half ternary weight rates and training iterations :

for different stages : width model for different stages

Stage-1 KD Stage-1l KD

General KD
pretraining

§ ~360 GPU hours on
i training on large-
i scale text corpus

Single-stage KD

Ours j
(Lightweight layer reduction) Single-stage KD
MNLI: ~24 GPU hours (2x reduction)

(XtrmC) MNLI: ~24 GPU hours (16x reduction)

Figure 7: An example on the GPU hours comparing between our methods and the existing works.
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Table C.2: 1-bit quantization for BERT,s. with size 13.0MB (x32.0 smaller than the fp32 version).

Training Stages learning CoLA MNLI-m/-mm  MRPC  QNLI QQpP RTE SST-2 STS-B Avg.  Avg. w/o
Cost rate Mcce Acc/Acc Fl1/Acc Acc Fl1/Acc Acc Acc  Pear/Spea CoLA
2e-5 44.6 83.1/83.7 88.8/83.1 91.1  87.4/90.7 66.1 928 87.8/87.5 80.33 84.80
One-Stage le-4 50.4 83.7/84.6 90.1/85.3 91.3  88.0/91.1 715 927 88.8/88.4 82.16 86.12
Se-4 423 83.3/84.1 90.0/85.8 89.5 87.8/90.9 729 925 88.1/87.8 81.04 85.89
" Best(above) ~ 504 ~ ~ "8377/84.6 ~  90.0/858 913 8B.0OI.I ~ 729 ~ 92.8 ~ 88.8/884 8238 8637
2e-5 482 83.3/83.8 89.3/84.6 90.7 87.7909 704 925 88.7/88.4 8l.46 85.61
Budget-A  Two-Stage le-4 48.5 83.3/83.4 90.0/85.5 904  87.4/90.7 704 924  88.6/832 8147 85.59
Se-4 16.2 74.9/76.4 89.7/84.8 87.8 85.0/89.0 682 91.6 86.2/86.5 75.01 82.36
Best(above) 485~ '833/83.8  90.0/855 907 87.790.9 704 925 ~ 88.7/884 81359 872
2e-5 493 83.1/83.6 89.5/843 91.0 87.6/90.9 708 924  88.7/883 8157 85.60
Three-Stage le-4 49.0 83.2/83.4 89.7/84.8 909 87.6/90.7 73.6 922  88.8/88.5 81.84 85.95
Se-4 29.5 81.3/81.9 89.1/83.6 884 85.0/80.3 66.1 919 84.1/839 7734 83.32
" Best (above)  49.3 ~ 832/83.4 ~  89.7/848 91.0 87.6/90.9 73.6 924 ~ 88.8/885 81.93 86.01
2e-5 51.8 84.1/84.4 89.6/84.6 90.8 88.0/91.1 70.8 92.8  88.8/88.4 82.13 85.92
One-Stage le-4 55.6 83.9/84.6 90.4/86.0  90.8 88.3/91.3 72,6 93.1  88.9/88.5 82.98 86.40
Se-4 45.7 82.9/83.4 90.4/86.0  89.2 87.7/90.8 72.6 928 87.8/87.5 81.24 85.69
" Best(above) ~ 55.6 ~ ~ 84.1/844 ~ ~ 90.4/86.0 "90.8° 883/9I.3 ~ 726 ~93.I ~ 88.9/885 8298 8640
2e-5 524 84.0/84.5 89.7/85.0 90.5 88.09I.1 722 927 89.2/88.8 8240 86.15
Budget:B  Two-Stage le-4 51.3 83.3/83.6 90.3/85.8 90.2 87.0/90.6 729 925 88.6/838.3 82.09 85.94
Se-4 29.7 78.4/79.6 89.2/843 88.8 83.2/882 69.7 913 84.8/85.1 77.20 83.14
" Best(above) 524~ 84.0/84.5 = 90.3/85.8 905 " 88.0ML.I 729 " 927 ~ 89.2/888 8257 8634
2e-5 53.0 83.8/84.4 90.1/853  90.7 88.0F9I.1 722 932 R89.2/88.8 8254 86.24
Three-Stage le-4 51.5 83.4/83.9 90.4/86.0  90.2 87.9/91.1 726 929  88.7/88.4 82.26 86.10
Se-4 35.6 80.2/80.9 89.1/84.6 885 86.1/89.7 693 90.6 86.4/86.2 7842 83.78
" Best (above)  53.0  83.8/844  90.4/86.0 907 88.09I.1 72,6 932  89.2/888 8267 8638
2e-5 57.3 84.1/84.0 90.7/86.5 91.0 88.2/912 740 93.1 89.2/88.8  83.38 86.64
One-Stage le-4 55.6 84.2/84.4 90.4/86.0 904  88.3/91.3 73.6 93.0 88.8/884 83.03 86.46
Se-4 46.1 82.8/82.9 89.9/86.0 89.5 87.7/90.8 71.1 924  88.2/88.0 81.09 85.46
Best (above) ~ 57.3  84.2/844 ~ 90.7/86.5 91.0 "88.3/91.3 740 ~93.1 ~ 89.2/88.8 8344 8671
2e-5 559 84.2/83.9 90.6/86.5 90.7 883/91.3 733 931 89.2/89 83.12 86.52
Budget-C  Two-Stage le-4 52.0 83.2/83.8 90.9/86.5 90.1  88.0/91.0 740 93.1 87.8/87.8 8239 86.19
Se-4 322 79.3/80.3 90.6/86.5 89.6 85.3/89.1 70.0 912 87.0/86.8 78.36 84.12
" Best(above) ~ 559 © 7 "842/839 " 90.6/86.5 90.7 883/91.3 ~ 740 ~ 93.I ~ 89.2/889 8320 86.61
2e-5 57.1 84.0/84.4 90.6/86.5 90.9 88.IMPI.I 726 929 89.5/89.2 8322 86.49
Three-Stage le-4 53.8 83.5/84.1 90.8/86.8 90.1  88.3/91.3 726 92.8  88.2/87.9 8258 86.18
Se-4 313 80.0/81.3 89.8/85.3 89.2 86.7/90.0 70.8 913 86.4/86.8 78.40 84.29
" Best (above)  57.1  84.0/84.4 ~  90.8/86.8 909 883/91.3 72.6 929  89.5/892 8328 8655

Table C.3: 2-bit quantization for BERT},,s. with size 26.8MB (x 16.0 smaller than the fp32 version).

Training Stages learning CoLA  MNLI-m/-mm MRPC  QNLI QQP RTE SST-2 STS-B Avg.  Avg. w/o

Cost rate Mcc Acc/Acc F1/Acc Acc Fl/Acc Acc  Acc  Pear/Spea CoLA
2e-5 58.0 84.2/84.6 89.8/84.8 91.5 88.4/91.4 722 935 89.4/89.0 8329 86.45
One-Stage le-4 55.8 84.5/85.0 90.9/87.0 91.5 88.4/91.4 740 935 89.6/89.2 83.59 87.06
Se-4 46.1 83.8/84.7 89.6/85.0 909 88.0/91.2 71.8 92.8 88.8/88.4 81.68 86.12

“Best(above) ~ 58.0 ~ ~ 845/85.0 ~  90.9/87.0 915 "88.4/91.4 740 935  89.6/89.2° 8383 87.06
2e-5 56.6 84.3/85.0 91.0/87.3 91.3 883/913 715 935 89.6/89.1 8338 86.72
Budget-A  Two-Stage le-4 523 84.2/84.8 90.2/85.5 91.0 87.9/91.1 722 928 89.4/89.1 82.59 86.38
Se-4 29.0 78.1/78.8 90.3/85.8 903  86.2/89.9 682 91.7 87.6/87.5 77.71 83.80

Best (above)  56.6  84.3/85.0  91.0/873 913 "883/91.3 7227 935  89.6/89.1 8346 86.81
2e-5 58.8 84.3/84.7 90.4/86.8 914 88.0/91.2 72.6 935 89.6/89.1 83.66 86.76
Three-Stage le-4 552 84.1/84.9 90.6/86.3 91.1  87.9/912 740 931 89.2/889 83.23 86.74
Se-4 333 83.1/83.8 88.5/83.6 89.8 86.4/90.0 473 91.2 84.4/84.0 7628 81.65

" Best (above) ~ 58.8 ~ ~ 843/84.7 ~  90.4/86.8  91.4~ "88.0/91.2 ~ 740 ~ 935 ~ 89.6/89.1 8381 8694
2e-5 582 84.6/84.7 91.3/87.7 914 884/914 73.6 933 89.6/89.2 83.83 87.04
One-Stage le-4 56.3 84.3/84.9 90.5/86.3 91.3  88.4/91.4 758 935 89.5/89.1 83.70 87.12
Se-4 47.3 84.0/84.3 90.1/86.3 90.5 88.3/912 726 929  88.7/882 81.98 86.31

" Best(above) 582 84.6/84.7 = 91.3/8777 914 884914 758 935  89.6/892° 8410 8734
2e-5 58.4 84.3/84.9 90.5/86.3 914 88.4/913 740 935 89.7/89.4 8376 86.93
BudgetB  Two-Stage le-4 53.6 84.0/84.6 91.1/87.3 91.0 88.0/91.2 733 935 89.0/88.6 83.06 86.74
Se-4 347 81.5/82.3 90.1/85.5 90.5 855/89.2 71.1 91.6 87.6/87.4 79.33 84.91

Best (above) 584 843/849  OI.1/873 914 88.4/91.3 740 935  89.7/89.4 8387 87.05
2e-5 59.6 84.5/84.7 90.9/86.5 91.3  883/91.3 733 933  §9.7/89.3 83.80 86.82
Three-Stage le-4 55.9 84.6/84.8 90.7/86.5 91.1  88.3/91.4 744 933  89.3/89.0 8348 86.92
Se-4 353 81.4/81.8 89.9/85.5 90.6 86.9/902 729 91.6 87.8/87.6 79.68 85.22

" Best(above) ~ 59.6 ~ ~ 84.6/84.8 ~  90.9/86.5 913 "883/91.4 ~ 744 ~ 933 ~ 89.7/893" 8396  87.00
One-Stage 2e-5 59.9 84.7/84.4 91.0/86.7 914 88.4/91.4 740 935 89.6/89.2 84.00 87.01
Budget-C ~ Two-Stage 2e-5 59.9 84.9/84.7 91.2/87.3 912 882/91.3 733 935 89.7/89.4 83.98 86.99
Three-Stage 2e-5 59.6 84.7/84.3 91.0/87.0 91.2 88.4/91.3 744 937 89.6/89.2 83.98 87.03
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Table C.4: Results without data augmentation. Details of Table 4 for 1-bit quantization on BERT e
with three learning rates.

Cost learning CoLA MNLI-m/-mm  MRPC  QNLI QQP RTE SST-2 STS-B Avg.  Avg. w/o
rate Mcce Acc/Acc F1/Acc Acc F1/Acc  Acc  Acc  Pear/Spea all CoLA
Budeet-A 2e-5 473 83.1/83.7 87.2/80.1 90.8  87.4/90.7 66.8 922  85.5/853 80.02 84.11
Olrjle—gseta ve le-4 48.9 83.7/84.6 89.0/83.6 91.0 88.0/91.1 715 925 87.6/87.5 8l1.61 85.70
g Se-4 38.1 83.3/84.1 88.4/83.6 90.1 87.8/909 69.7 92.0 85.0/85.0 79.64 84.84

Best (above) ~ 489~ ~ " 83.77/84.6 ~  89.0/83.6 91.00 88.0/91.1 ~7[.5 ~ 925  87.6/87.5 81.61 8570

Budget-C 2e-5 55.0 84.1/84.0 90.0/85.0  90.7 88.2/912 733 929 88.2/879 82.71 86.18
One—gSta o le-4 52.9 84.2/84.4 89.2/85.0 904  88.3/91.3 729 927 87.7/87.7 82.39 86.08
g Se-4 422 82.8/82.9 88.7/83.6 898 87.7/90.8 71.1 914  87.0/86.8 80.18 84.92

Best (above)  55.0 84.2/84.4 90.0/85.00 90.7 88.3/91.3 733 929 88.2/879 8278 86.25

Table C.5: Details of Table 5: Layer reduction with different learning rates (i.e., the 2nd column).

Model Learning CoLA MNLI-m/-mm  MRPC  QNLI QQP RTE SST-2 STS-B Avg.  Avg. w/o
(MB) rate Mce Acc/Acc F1/Acc Acc F1/Acc Acc Acc Pear/Spea CoLA
BERT-base n/a 59.7 84.9/85.6 90.6/86.3  92.1 88.6/91.5 722 932 90.1/89.6 83.95 86.98

Se-5 53.6 84.3/84.3 90.4/86.3 912 88.5/91.5 679 932  89.2/88.8 8239 85.99
TinyBERTj le-4 544 84.6/84.3 90.1/85.8 915 88.4/91.5 68.6 933 89.1/89.0 8257 86.09

Se-4 45.1 84.1/84.2 90.1/85.8 913 88.5/91.5 69.7 932 89.1/88.7 81.56 86.11
Se-5 55.1 84.4/84.4 90.4/86.0 913 88.3/914 708 93.0 89.4/89.0 82.87 86.34
MiniL.Ms le-4 554 84.2/84.5 89.5/85.3 91.3 88.4/91.5 70.8 932 89.4/80.0 82.84 86.28

Se-4 49.5 84.1/83.9 90.7/86.5 914 88.5/91.5 71.8 933  89.1/88.7 8234 86.45

Se-5 56.9 84.5/84.9 89.7/84.8 91.7 88.5/915 71.8 935  89.8/89.4 8327 86.56
Skip-BERTg le-4 56.6 84.6/84.7 90.4/85.8 91.8 88.5/91.6 72.6 935 89.7/89.4 83.43 86.79
Se-4 48.5 84.3/84.2 90.0/85.5 91.5 88.6/91.6 71.5 935 89.4/88.9 82.22 86.44

Se-5 579 84.3/85.1 89.8/84.8 914 883/914 722 933 89.2/88.9 83.29 86.46
Skip-BERT5 le-4 56.7 84.2/84.8 90.1/85.5 914 88.3/91.4 722 932 89.2/88.8 83.18 86.49
Se-4 53.6 84.1/84.4 90.1/85.5 914 885/91.5 704 933  88.6/88.2 82.53 86.15

Se-5 533 83.0/83.3 89.9/85.0 90.8 88.1/91.3 70.0 932  88.8/88.4 82.08 85.67
Skip-BERT}, le-4 522 83.2/83.4 90.0/85.3  90.7 88.2/91.3 70.0 935 88.6/88.3 82.02 85.75
Se-4 46.8 82.9/83.0 89.6/85.0 904 87.8/91.0 679 93.1  88.3/87.8 80.93 85.20

Table C.6: Selection for student networks from their teacher networks (fine-tuned BERT},56¢ ). The
following results follow the same hyperparamters and the learning rate Se-5.

Layer CoLA MNLI-m/-mm  MRPC  QNLI QQP RTE SST-2 STS-B Avg.  Avg. w/o
Selection Mcc Acc/Acc F1/Acc Acc F1/Acc Acc  Acc  Pear/Spea all CoLA
BERT-base fp32  59.7 84.9/85.6 90.6/86.3 92.1 88.6/91.5 722 932  90.1/89.6 83.95 86.98
(1) Skip-6 56.9 84.5/84.9 89.7/84.8 91.7 885915 71.8 935 89.8/89.4 8327 86.56
(2) Top-6 52.0 83.9/84.2 90.0/85.3 91.5 88.2/913 693 93.0 88.2/87.9 82.08 85.84
(3) Bottom-6 51.2 83.2/83.6 89.5/84.6  90.1 87.8/90.9 679 927 89.5/89.1 81.50 85.29

Table C.7: Compare between different stages KD. All learning rate set to be 5e-5.

# Model #-Stage CoLA MNLI-m/-mm  MRPC  QNLI QQP RTE SST-2  STS-B Avg.  Avg. w/o
(255.2MB)  Same Budget = Mcc Acc/Acc F1/Acc Acc Fl1/Acc Acc  Acc  Pear/Spea all CoLA
1 One 53.6 84.3/84.3 90.4/86.3 912 885915 679 932  89.2/88.8 82.39 85.99
2 TinyBERTg Two 55.3 84.2/84.2 89.9/85.3 91.1 88.4/91.4 686 929 89.2/889 8247 85.86
3 Three 54.2 84.2/84.4 89.9/85.0 91.3 885915 708 93.1  89.2/88.8 82.63 86.19
4 One 55.1 84.4/84.4 90.4/86.0 91.3  88.3/91.4 708 93.0 89.4/89.0 82.87 86.34
5  MiniLMg-v2 Two 53.8 84.4/84.5 90.7/87.3 912 88.3/91.3 679 93.1  89.7/89.3 82.58 86.18
6 Three 54.0 84.4/84.6 89.1/853 91.3 88.5/91.5 704 930 89.6/89.2 82.68 86.26
7 One 56.9 84.5/84.9 89.7/84.8 91.7 885915 718 935 89.8/89.4 83.27 86.56
8  Skip-BERTg Two 56.0 84.1/84.2 89.7/84.8 915 882913 71.8 933  89.4/89.1 82.93 86.30
9 Three 553 84.4/84.6 89.7/84.8  91.7 88.5/91.5 722 93.6 89.6/89.2 83.08 86.55
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Table C.8: 1-/2-bit quantization of smaller model.

Model size CoLA MNLI-m/-mm  MRPC QNLI QQP RTE SST-2 STS-B Avg.  Acc.
# #-layer bit (MB) Mcce Acc/Acc Fl1/Acc Acc Fl/Acc Acc  Acc  Pear/Spea all drop
1 TinyBERT,[62] 32 2552(x1.6) 54.1 84.5/84.5 91.0/87.3 91.1 88.0/91.1 71.8 93.0 89.8/89.6  83.02 -
2 Y 6 2 16.0(x26.2) 53.0 83.4/83.8 91.5/88.0 899 87.2/90.5 71.8 93.0 86.9/86.5 8226 -0.76
3 XTC-BERT, 32 2552(x1.6) 569 84.4/84.8 90.1/85.5 913 88.4/91.4 722 932 90.3/90.0 83.33 -
4 SIX 6 T T160(x262)  53.8 7 T 836842 T 90.5/863° "90.6  88291.3 T 73.6 ~ 93.6 ~ 89.0/8877 8289 ~ 044
5 1 80(x52.3) 523 83.4/83.8 90.0/85.3 89.4 87.9/91.1 68.6 93.1 88.4/88.0 81.71 -1.51
6 XTC-BERT- 32 228.2(x1.8) 56.7 84.2/84.8 90.1/85.5 914 88.3/91.4 722 932 89.2/88.8 83.18 -
7 FIVE T2 142(x293) 339 833841 90.4/86.0 904 882/91.2 718 93.0 88.4/88.0 8246 -0.72°
8 1 7.1 (x58.5) 522 82.9/83.2 89.9/85.0 885 87.6/90.8 693 929 87.3/87.0 81.34 -1.84
9 yreperr, (32 _20120<20) 522 $3.2/834 900853 907 8820013 700 935 SS6/883 8202
10 FOUR 4 2 126(x33.2) 503 82.5/83.0 90.0/85.3 89.2 87.8/91.0 69.0 928 87.9/87.4 8122 -0.90
11 1 6.3 (x66.4) 48.3 82.0/82.3 89.9/85.5 877 86.9/90.4 639 924 87.1/86.7 79.96 -2.01
Table C.9: 1-bit quantization for Skip-BERT.
# Cost LoRa CoLA MNLI-m/-mm  MRPC  QNLI QQP RTE SST-2 STS-B Avg.  Avg. w/o
(Y/N) Mcc Acc/Acc F1/Acc Acc F1/Acc Acc Acc  Pear/Spea CoLA
1 N 479 82.9/83.2 90.5/86.3 89.7 87.8/909 657 927 88.0/87.6 80.81 84.92
2 Budget-A Y (DIM=1) 48.1 82.9/83.2 89.4/84.3 89.6 87.6/90.8 653 924  88.1/87.7 80.52 84.58
3 Y (DIM=8)  49.7 83.4/83.6 89.8/85.0 899 87.5/90.8 66.8 92.8 87.8/87.5 81.09 85.01
4 N 50.3 83.2/83.7 90.9/86.8 89.3 87.9/91.0 67.1 927 88.2/88.0 81.37 85.25
5 Budget-B Y (DIM=1) 499 83.3/83.8 90.5/86.0 89.3 88.0/91.1 67.5 927 88.3/87.9 81.32 85.25
6 Y (DIM=8)  50.9 83.2/83.7 90.3/85.8 894 88.1/91.2 69.0 928  88.3/88.0 81.59 85.42
7 N 51.9 83.1/83.6 90.5/86.0 89.3 88.2/91.2 69.0 93.1 88.1/87.7 81.70 85.42
8 Budget-C Y (DIM=1) 52.0 83.2/83.8 89.8/86.0 894 88.0/91.1 69.3 93.0 88.2/88.0 81.78 85.50
9 Y (DIM=8)  52.6 83.3/83.8 89.9/85.5 89.2 882/91.2 693 928 882/879 81.77 85.41
Table C.10: 2-bit quantization for Skip-BERTj.
# Cost LoRa CoLA  MNLI-m/-mm  MRPC  QNLI QQP RTE SST-2 STS-B Avg.  Avg. w/o
(Y/N) Mcce Acc/Acc F1/Acc Acc F1/Acc Acc Acc  Pear/Spea CoLA
1 N 51.8 83.8/83.7 90.2/85.8 90.6 88.2/91.3 704 932  88.7/88.3 82.14 85.94
2 Budget-A Y (DIM=1) 514 83.7/84.2 90.3/85.8 90.5 88.2/91.3 70.8 935 88.9/88.5 82.23 86.09
3 Y (DIM=8) 51.6 83.6/84.2 90.6/86.3 90.7 88.2/91.3 71.1 93.1 88.9/88.5 82.31 86.15
4 N 52.7 83.8/84.5 90.0/85.3 903 88.4/914 726 93.0 89.0/88.6 82.51 86.24
5 Budget-B Y (DIM=1) 53.6 83.6/83.9 90.5/86.0 90.2 88.4/91.4 71.1 932 88.9/88.5 82.43 86.04
6 Y (DIM=8) 53.3 83.9/84.4 90.3/85.8 90.2 88.3/91.3 70.8 93.0 89.0/88.7 82.41 86.05
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Table C.11: 1-bit quantization for Skip-BERTj.

Training LoRa learning CoLA MNLI-m/-mm  MRPC  QNLI QQP RTE SST-2 STS-B Avg.  Avg. wlo
Cost rate Mcce Acc/Acc Fl1/Acc Acc F1/Acc Acc Acc  Pear/Spea CoLA
Se-5 45.6 82.6/83.0 89.3/84.3 89.7 87.5/90.8 635 924 87.6/87.3 79.94 84.24
N le-4 479 82.9/83.2 89.4/84.6 894 87.8/909 643 924 83.0/87.6 80.40 84.46
Se-4 40.6 81.9/82.6 90.5/86.3 884 87.6/90.8 657 927 86.9/86.7 79.54 84.41
" Best(above) ~ 47.9 ~  82.9/832 ~  90.5/86.3 897 87.8/90.9 657 927 ~ 88.0/87.6 80.81 8492
Se-5 46.9 82.9/83.2 88.9/83.6 89.6 87.6/908 632 924 87.7/87.4 80.03 84.18
Budget-A Y (DIM=1) le-4 48.1 82.6/83.5 89.4/84.3 89.2 87.6/90.8 653 923  88.1/87.7 8047 84.51
Se-4 39.3 82.1/82.8 89.2/84.3 88.6 87.5/90.7 650 922  87.0/86.8 79.11 84.09
" Best (above) ~ 48.1 ~  "829/832 ~ " 89.4/843 " "89.6 87.6/90.8 653 ~ 924 " 88.1/87777 8052 8458
Se-5 49.7 82.8/83.5 88.7/83.1 899 R875/90.8 668 927 87.7/87.4 80.78 84.66
Y (DIM=8) le-4 49.6 83.4/83.6 89.8/85.0 894 87.6/90.8 657 92.8 87.8/87.5 80.90 84.81
Se-4 384 82.3/83.0 89.4/84.1 889 87.6/90.8 664 920 86.8/86.6 79.19 84.29
" Best (above) ~ 49.7 ~ " "83.4/83.6 ~ ~ 89.8/85.0 89.9° "87.5/90.8 ~66.8 ~ 92.8 ~ 87.8/875 81.09 ~ 8501
Se-5 50.3 83.1/83.7 89.2/84.1 893 87.9/91.0 66.8 92.7 83.2/88.0 81.02 84.86
N le-4 49.7 83.2/83.7 90.9/86.8 88.8 87.9/91.0 67.1 927 88.1/87.8 8123 85.18
Se-4 45.0 81.9/81.9 89.1/84.3 88.1 87.4/90.7 66.1 925 85.9/85.7 79.60 83.92
" Best(above) ~ 50.3 83.2/83.7 90.9/86.8 893 87.991.0 67.1 927  88.2/88.0° 8137 8525
Se-5 49.4 83.0/83.6 89.7/85.0 893 88.1/91.0 675 927 883/879 81.09 85.05
Budget-B Y (DIM=1) le-4 49.9 83.3/83.8 90.5/86.0  88.8 88.0/91.1 67.1 924  882/879 81.18 85.09
Se-4 41.8 81.8/82.5 89.7/84.8 88.0 87.7/90.8 639 92.1 86.0/85.9  79.08 83.74
" Best(above) ~ 499~ "833/83.8 90.5/86.0 893 88.0P9L.T 67.5 927 88.3/879 8132 8525
Se-5 50.9 83.2/83.7 90.3/85.8 894 879/91.0 69.0 92.8 883/88.0 8157 85.40
Y (DIM=8) le-4 50.6 83.2/83.4 89.7/84.8 89.1 88.1/91.2 675 92.8 83.1/87.9 81.19 85.01
Se-4 41.7 82.2/82.8 89.2/84.1 88.6 87.7/90.8 653 92.1 86.0/85.7 79.29 83.99
" Best(above) ~ 50.9 ~  83.2/83.7 ~ ~ 90.3/85.8 894 881912 69.0 ~ 92.8 ~ 88.3/88.0° 8159 8542
Se-5 51.9 82.9/83.6 90.2/85.8 893 88.2/91.2 69.0 93.1 88.1/87.7 81.66 85.38
N le-4 50.3 83.1/83.6 90.5/86.0 889 87.9/91.0 679 92.7 87.6/87.4 8123 85.10
Se-4 44.4 81.7/81.9 89.6/84.6 884 87.5/90.7 646 929 87.1/87.0 79.59 83.99
“ Best(above) ~ 51.9 ~ ~ "83.1/83.6 ~ ~ 90.5/86.0 893" 882/91.2 69.0 ~ 93.1 ~ 88.1/8777 8170 8542
Se-5 52.0 83.2/83.8 89.8/86.0 894 R79/91.0 693 93.0 832/88.0 8177 85.49
Budget-C Y (DIM=1) le-4 48.9 83.2/83.5 90.4/85.8 89.1 88.0/91.1 686 925 87.8/87.5 81.17 85.20
Se-4 42.5 81.8/82.3 89.5/84.6 884 87.6/90.7 657 925 87.1/86.8 79.51 84.14
" Best(above) ~ 52.0 ~ 83.2/83.8 89.8/86.0 894 88.091.1 69.3 93.0 88.2/88.0 81.78 8550
Se-5 52.6 83.3/83.8 89.9/855 892 88.I1MPI.I 693 92.8 882/879 8176 85.40
Y (DIM=8) le-4 50.2 83.0/83.8 89.9/85.5 89.0 88.2/91.2 69.0 927 87.9/87.6 8137 85.26
Se-4 43.0 82.1/82.5 90.2/85.5 88.7 87.5/90.7 675 924  87.2/86.9 79.96 84.58

Best (above) ~ 52.6 83.3/83.8 89.9/855 89.2° 8820912 693 928 882/879 81.77 85.41

Table C.12: 2-bit quantization for Skip-BERT¢ with various learning rates.

Training LoRa learning CoLA MNLI-m/-mm  MRPC QNLI QQpP RTE SST-2 STS-B Avg.  Avg. w/o

Cost rate Mcce Acc/Acc F1/Acc Acc F1/Acc Acc Acc  Pear/Spea CoLA
Se-5 50.8 83.8/83.7 90.0/85.3 904 88.2/91.3 704 932 88.6/882 8194 85.84
N le-4 51.8 83.6/84.2 90.2/85.8 90.6 88.2/91.3 704 929 88.7/88.3 82.14 85.94
Se-4 41.4 83.2/83.5 90.1/85.5 89.8 87.9/91.0 682 925 87.8/87.4 80.32 85.19

" Best(above) ~ 5.8 83.8/83.7 90.2/85.8 90.6 882/91.3 704 932 ~ 88.7/883 8214 8594
Se-5 514 83.7/84.2 90.3/85.8 905 882913 70.8 935 83.8/884 8222 86.07
Budget-A Y (DIM=1) le-4 51.2 83.7/84.0 90.3/85.8 904 88.1/91.2 70.8 929 88.9/88.5 82.10 85.96
Se-4 43.8 83.6/83.5 89.6/84.8 89.5 87.8/91.1 693 927 87.8/87.5 80.68 85.29

" Best(above) ~ 51.4 " 7837/842 " " 90.3/858 905" 882/91.3 ~70.8° ~ 93.5 ~ 88.9/885 8223 " 86.09
Se-5 51.6 83.6/84.2 90.1/853 90.7 882913 7I.I 93.0 88.9/885 82.19 86.01
Y (DIM=8) le-4 51.0 83.6/84.1 90.6/86.3 90.3  883/91.3 71.1 93.1  88.8/88.5 82.18 86.08
Se-4 43.8 83.3/83.7 89.3/84.1 89.8 88.1/91.2 69.0 922  88.0/87.7 80.57 85.16

" Best(above) ~ 51.6 ~ ~ "83.6/84.2 ~ ~ 90.6/86.3 "90.7 882913 ~71.1" ~ 93.I ~ 88.9/885 8231 " 86.15
Se-5 52.5 83.5/84.3 89.7/84.8 903 88.3/91.3 715 93.0 89.0/88.6 8224 85.96
N le-4 52.7 83.8/84.5 90.0/85.3 90.1 88.4/914 726 93.0 83.9/88.6 8248 86.20
Se-4 452 83.3/83.4 89.7/85.0 89.9 88.0/91.1 69.0 92.7 88.3/87.9 80.88 85.34

" Best(above) ~ 527~ "838/84.5 90.0/853 903 884/91.4 726 93.0 89.0/88.6 8251 8624
Se-5 528 83.6/83.9 90.0/85.3 902 88.4/91.3 71.1 93.1 83.9/885 8224 85.92
Budget-B Y (DIM=1) le-4 53.6 83.6/83.8 90.5/86.0 89.9 88.4/914 71.1 932  83.8/88.4 8238 85.98
Se-4 46.1 83.1/83.9 89.7/85.0 89.7 88.0/91.1 682 929 88.1/87.9 80.90 85.25

" Best(above) ~ 53.6 83.6/839 90.5/86.0 902  88.4/91.4 TI.I 932 ~ 88.9/885 8243  86.04
Se-5 533 83.9/84.4 89.8/850 902 883/913 70.8 93.0 889/885 8231 85.94
Y (DIM=8) le-4 53.1 83.9/84.0 90.3/85.8 90.1  88.4/91.3 70.8 929  89.0/88.7 8232 85.98
Se-4 48.7 83.2/83.5 89.7/85.5 90.0 88.3/91.3 704 92.8 83.0/87.7 8149 85.59

Best (above) ~ 53.3 83.9/84.4 90.3/85.8  90.2° 883/91.3 708 93.0 89.0/8387 8241 86.05

Table C.13: LoRa and quantization of five-/four-layer model.The learning rate is 2e — 5

#- #- loRa size CoLA MNLI-m/-mm  MRPC  QNLI QQp RTE SST-2  STS-B Avg.  Avg. wlo
layer bit Y/N (MB) Mcc Acc/Acc F1/Acc Acc Fl1/Acc Acc  Acc  Pear/Spea all CoLA
32 228.2(x1.8) 56.7 84.2/84.8 90.1/85.5 914 883/914 722 932 89.2/88.8 83.18 86.49
] N 7.0(x585) 522 ~ 829/832  89.9/85.0 885 87.6/90.8 693 929  873/87.0 8134 8499
Five Y 73(x574) 518 81.8/81.9 90.2/85.5 88.6 87.1/90.3 68.6 92.8 87.5/87.2 8098 84.62
B 727 TN 142(x29.3) 539 833841 90.4/86.0 904 882/91.2 718 930 88.4/88.0 8246  86.02
Y 14.6 (x28.7) 542 83.5/83.9 90.4/86.0  90.0 83.0/91.1 729 93.1  88.5/83.1 82.58 86.12
32 201.2(x2.1) 522 83.2/83.4 90.0/85.3 90.7 882/91.3 70.0 935 88.6/8383 82.02 85.75
B 717 TN 63(x66.4) 483 82.0/82.3 89.9/855 877 86.9/90.4 639 924 ~ 87.1/86.7 7996 8391
Four Y 6.4(x65.2) 485 81.5/80.8 89.8/85.3 87.6 86.9/90.3 643 928 87.0/86.7 79.79 83.70
B 727 TN 1266(x332) 503 8235/83.0 90.0/85.3 892 87RMQL.0 69.0 92.8  87.9/874 8122 8509
Y 12.8 (x32.6) 49.8 82.8/82.6 90.1/85.5 89.1 87.8/91.0 686 929 87.9/87.5 81.13 85.05
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Table C.14: More quantization of five-/four-layer model.

#  Model size CoLA MNLI-m/-mm  MRPC  QNLI QQP RTE SST-2  STS-B Avg.  Avg. w/o
Mcc Acc/Acc F1/Acc Acc F1/Acc Acc  Acc  Pear/Spea CoLA
1 1-bit SkipBERT5; 7.1 (x58.5)  52.2 82.9/83.2 89.9/85.0 885 87.6/90.8 693 929 87.3/87.0 81.34 84.99
Continue with above using another one-stage
2 1-bit 7.1(x58.5) 528 83.0/83.4 89.8/84.8 89.6 87.8/91.0 693 932 87.6/87.3 81.63 85.24
3 l-bit+LoRal 7.3(x57.4)  53.0 83.0/83.5 89.5/84.6 89.6 87.9/91.0 693 932 87.6/87.3 81.64 8523
"4 "2-bit SkipBERT; ~ 14.2(x29.3) ~ 53.9 =~ 833841 =~ 90.4/86.0 904~ "882/91.2 ~71.8 ~ 93.0 88.4/8.0 8246  86.02
Continue with above using another one-stage
5 I-bit 7.1(x58.5)  49.7 82.4/83.0 89.9/85.3 882 87.8/90.9 668 92.7 86.4/86.1 80.60 84.46
6 l-bit+LoRal 73(x57.4) 486 82.6/83.1 89.9/85.0 882 87.7/90.8 66.4 929  86.5/86.2 80.46 84.44
7  1-bit SkKipBERT; 6.3 (x66.4) 483 82.0/82.3 89.9/85.5 877 86.9/90.4 639 924 87.1/86.7 79.96 83.91
Continue with above using another one-stage
8  1-bit 6.3 (x66.4)  49.8 82.4/82.3 89.5/84.8 884 87.6/90.8 63.5 929 87.2/86.9 80.23 84.04
9  l-bit+LoRal 6.4(x652)  49.6 82.4/82.1 89.6/85.0 885 87.5/90.8 63.5 93.1 87.2/86.9 80.24 84.08
~ 10 2-bit SkipBERT, ~12:6(x332) ~ 503~ 825/83.0  90.0/853 892 878910 69.0 92.8  87.9/874 8122 8509
Continue with above using another one-stage
11 1-bit 6.3 (x66.4)  46.2 81.8/82.0 89.1/84.6 872 87.3/90.6 632 925 85.7/854 79.31 83.45
12 I-bit+LoRal 6.4 (x65.2) 479 81.4/82.0 89.4/85.0 87.1 87.4/90.6 643 929  85.7/854 79.66 83.63
Table C.15: Compare between teachers: a twelve-layer BERT},,¢ Vs a six-layer SkipBERT.
#- LoRa (Size) Teacher CoLA MNLI-m/-mm MRPC QNLI QQP RTE SST-2 STS-B Avg.  Avg. w/o
bit Y/N (MB) Mcce Acc/Acc F1/Acc Acc F1/Acc Acc Acc  Pear/Spea CoLA
N (8.0MB) BERTh 523 83.4/83.8 90.0/85.3 89.4 87.9/91.1 686 93.1 88.4/83.0 81.71 85.39
Skip-BERTs ~ 52.0 83.2/83.5 89.7/85.0 893  87.791.0 675 932 87.9/87.6 8140 85.08
it ] Difference +03° ~  +0.2/+03° " +03/40.3  +0.1 +02/40.1 " +1.1 ~ -0.1 ~ +0.5/+04 40317 +031
Y (8.1MB) BERTh 521 83.3/84.0 89.9/85.5 895 88.0O9I.1 682 930 885/88.1 8I1.69 85.39
. Skip-BERT; 524 83.2/83.5 90.4/85.8 89.1 87.8/91.0 682 93.1 87.9/87.6 81.58 85.22
T Difference ~ ~ ~ ~ <03~~~ +0.I/405 ~ ~ -05/-0.3 ~ +0.1 +02/40. ~ 0.0~ -0.1" ~ +0.6/+0.5 +0.1T ~ " +0.17
N (16.0MB) BERThc 53.8 83.6/84.2 90.5/86.3  90.6  88.2/91.3 73.6 93.6  89.0/88.7 82.89 86.53
. Skip-BERT; ~ 54.5 83.7/83.8 90.5/86.0 903  88.1/912 715 933 88.8/884 82.57 86.07
bt Difference  ~ <07~ -0.1/404 " +0.0/403 = 403 +0.1/40. “+2.1° 0.3 ~ +0.2/+0.3° 4032~ +046
Y (16.2MB) BERThc 552 83.7/84.4 90.3/86.0  90.5 882913 718 932 89.0/88.6 82.79 86.24
Skip-BERT;  54.3 83.7/83.8 90.4/86.0 904 88.0/912 72.6 932 88.9/838.5 82.68 86.22
T Difference 09 00406 ~ -0.1/40.0 +0.1 +0240. ~-0.8 ~+0.0  +0.I/40.1 +0.1T ~  +0.02

Table C.16: 1-bit quantization with various random seeds (learning rate here all set to be 2e-5).

Model KD Random CoLA MNLI-m/-mm MRPC QNLI QQP RTE SST-2 STS-B Avg.
Cost #-Stage seed Mcc Acc/Acc F1/Acc Acc F1/Acc Acc Acc Pear/Spea
fp32 54.2 84.25/84.38  89.85/85.05 91.3 88.49/91.45 70.8 93.1 89.18/88.79 82.64
42 50.5 82.72/82.95  89.08/84.07 89.3  87.72/90.82 650 92.7 87.93/87.64 80.66
111 49.6 82.75/83.15  89.04/84.07 89.4  87.8/90.97 650 924  87.95/87.75 80.59
One 222 48.4 82.72/83.08  89.11/84.07 89.4 87.61/90.84 64.6 92.7 88.14/87.75 80.43
Ave. above ~ 49.5 = 82.73/83.06 ~ 89.08/84.07 ~89.4 ~ 87.71/90.88° 649 92.6 ~88.01/87.71 80.56
TinyBERT std above 0.9 0.01/0.08 0.03/0 0.0 0.08/0.07 0.2 0.1 0.09/0.05 0.09
Budget-B 42 488 82.58/82.81  88.74/83.58 892 87.75/90.87 650 924  88.2/87.82 80.37
111 48.9 82.84/83.31 88.93/83.82  89.0  87.72/90.87 643  92.7 88.4/88.06  80.45
Two 222 48.6 82.72/83.27 89.56/84.8 889 87.68/90.89 657 92.6  88.2/87.87 80.62
Ave.above ~ 48.8 ~  82.71/83.13° ~ 89.08/84.07 ~ 89.0 ~ 87.72/90.88° 65.0 92.6 ~88.27/87.92 8048
std above 0.1 0.11/0.23 0.35/0.53 0.1 0.03/0.01 0.6 0.1 0.09/0.1 0.10
fp32 54.0 84.42/84.58  89.13/85.29 91.3 88.53/91.46 704 93.0 89.56/89.19 82.67
42 482 83.03/83.24  88.47/8333 892 87.85/90.87 643 92.6 88.37/88.06 80.34
MiniLM, 111 47.7 83.2/83.42 88.56/82.84  89.4  87.76/90.9 653 92.6 88.48/88.17 80.43
Budgerh  Thee 222 472 8338344 SO.04/8382 894 87889097 64.6 926 885823 8043
Ave. above ~ 47.7 83.2/83.37 88.69/83.33  89.3  87.83/90.91 647 92.6  88.47/88.15 80.40
std above 0.4 0.13/0.09 0.25/0.4 0.1 0.05/0.04 0.5 0.0 0.08/0.07 0.04
fp32 56.1 84.37/84.53  90.52/86.03 91.6 88.34/91.42 737 935 89.3/88.92  83.39
42 ST 82.79/83.59  89.95/85.05 89.4 88.0I/91.07 67.5 929 88.09/87.73 81.28
SKipBERT; ~ Three 111 50.7 82.96/83.2 90.02/85.54  89.4 87.96/91.04 679 929 88.35/87.99 81.32
e 200 SIS 83028358 90548627 894 879101 672 926 88238798 8143
Ave. above ~ 5I.2 82.92/83.46  90.17/85.62 89.4 ~ 87.96/91.04 675 9238 88.22/87.9  81.35
std above 0.4 0.1/0.18 0.26/0.5 0.0 0.04/0.03 0.3 0.2 0.11/0.12 0.06

Table C.17: 2-bit quantization with various random seeds (learning rate here all set to be 2e-5).

Model KD Random CoLA MNLI-m/-mm MRPC QNLI QQP RTE SST-2 STS-B Avg.
Cost #-Stage seed Mce Acc/Acc F1/Acc Acc Fl1/Acc Acc  Acc Pear/Spea
42 53.2 83.67/83.79  91.25/87.25 90.4  88.42/91.4 722 93.6 88.77/88.36 82.70
SkipBERT;  Three 111 533 83.63/83.59  90.91/86.76  90.4  88.32/91.38 722 935  88.65/88.32 82.60
BN 222 541 83658427 90828652 906 8820914 715 936  SS.6U/8838 8270
Ave. above  53.6 83.65/83.88 90.99/86.84 90.4 8834/9139 720 935 88.7/88.35  82.66
std above 0.4 0.02/0.29 0.19/0.3 0.1 0.06/0.01 0.3 0.1 0.05/0.02 0.05
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