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Abstract

The computation necessary for training Transformer-based language models has
skyrocketed in recent years. This trend has motivated research on efficient train-
ing algorithms designed to improve training, validation, and downstream perfor-
mance faster than standard training. In this work, we revisit three categories
of such algorithms: dynamic architectures (layer stacking, layer dropping),
batch selection (selective backprop, RHO loss), and efficient optimizers (Lion,
Sophia). When pre-training BERT and T5 with a fixed computation budget us-
ing such methods, we find that their training, validation, and downstream gains
vanish compared to a baseline with a fully-decayed learning rate. We define an
evaluation protocol that enables computation to be done on arbitrary machines
by mapping all computation time to a reference machine which we call refer-
ence system time. We discuss the limitations of our proposed protocol and re-
lease our code to encourage rigorous research in efficient training procedures:
https://github.com/JeanKaddour/NoTrainNoGain.

1 Introduction

Language models are advancing rapidly, surpassing human-level performances in some experimental
setups [11, 47, 99, 19, 12]. These improvements are primarily due to model, data, and training budget
scaling [44, 34, 3]. Training a single state-of-the-art language model requires hundreds of thousands
of GPU hours, costs millions of dollars, and consumes as much energy as multiple average US family
households per year [81, 73, 14, 92, 43].

To remedy this, there is a rapidly growing line of work on efficient training algorithms, which modify
the training procedure to save computation [81, 8, 112, 85, 64, 43]. Specifically, three distinct classes
of such algorithms are dynamic architectures (layer stacking [30] and layer dropping [107]) which
ignore some of the weights during training, batch selection (selective backprop [39] and RHO loss
[66]) which skip irrelevant data, and efficient optimizers (Lion [13] and Sophia [58]) which claim to
convergence faster than Adam(W) [48, 62].

However, we find that the evaluation methodology is not standardized, and there are inconsistencies
in the quantification of a “speed-up”. Two general trends are: comparisons of (1) intermediate
performances throughout training instead of final ones within a pre-defined training budget, and (2)
incomplete speedup metrics, e.g., training progress as a function of the number of iterations (or
epochs) instead of wall-clock computation times despite unequal per-iteration costs.

As pointed out by Dehghani et al. [20], Dahl et al. [17], this can be unfair to baselines, which were
not tuned for efficiency within the same compute budget.

∗Equal contribution, alphabetical order.
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GLUE SuperGLUE
6h 12h 24h 6h 12h 24h

Baseline 77.1 ± 0.2 77.8 ± 0.2 78.3 ± 1.1 57.8 ± 0.9 58.5 ± 1.1 58.6 ± 1.2
Layer stacking 76.8 ± 0.8 78.4 ± 0.4 79.4 ± 0.2 58.6 ± 1.0 57.9 ± 0.7 58.7 ± 2.0
Layer dropping 76.8 ± 0.3 78.1 ± 0.2 78.6 ± 0.1 58.6 ± 0.8 58.5 ± 0.7 58.4 ± 0.8
Selective backprop 75.3 ± 0.6 76.6 ± 0.4 77.9 ± 0.3 57.4 ± 0.4 59.1 ± 0.9 58.5 ± 0.4
RHO loss 75.7 ± 0.1 76.5 ± 1.3 77.8 ± 0.2 57.6 ± 1.1 57.8 ± 0.6 58.7 ± 0.7
Baseline (BF16) 77.0 ± 0.3 77.8 ± 0.2 77.9 ± 0.3 57.6 ± 0.5 57.9 ± 0.5 57.9 ± 0.6
Lion (BF16) 62.0 ± 13.7 72.0 ± 0.5 71.4 ± 0.8 56.1 ± 2.5 57.5 ± 0.2 57.2 ± 2.3
Sophia (BF16) 73.9 ± 1.3 71.1 ± 4.2 72.3 ± 3.8 58.0 ± 0.6 57.8 ± 0.7 57.5 ± 0.7

Table 1: Downstream performance, BERT. Results for efficient training methods on the GLUE and
SuperGLUE dev sets for three budgets (6 hours, 12 hours, and 24 hours) after pre-training a crammed
BERT model [22, 29]. We report average validation of GLUE and SuperGLUE scores across all tasks
(standard deviations for three seeds). We use mixed precision training with BF16 for the optimizer
comparison as we found FP16 precision lead to numerical instabilities (Section 6).

SNI
6h 12h 24h

Baseline 34.2 ± 0.2 38.3 ± 0.4 39.5 ± 0.1
Layer stacking 38.9 ± 0.2 39.2 ± 0.1 38.9 ± 0.2
Layer dropping 31.5 ± 0.3 34.4 ± 0.8 38.0 ± 0.5
Lion 20.8 ± 1.1 30.7 ± 0.4 33.7 ± 0.0
Sophia 26.7 ± 0.8 31.5 ± 0.8 34.1 ± 1.1

Table 2: Downstream performance, T5-Base [77,
69]. SNI [98] test ROUGE-L results (three seeds).

An example for (1) includes learning rate sched-
ules, which can be arbitrarily stretched to im-
prove the final performance while “sacrific-
ing” the quality of intermediate checkpoints
[103, 49, 87]. This can make comparisons of
intermediate performances unfair to baselines.
For (2), additional regularization techniques can
improve the per-iteration convergence at higher
per-iteration costs [5, 27, 42, 17], rendering a
wall-clock time comparison more appropriate.

In this paper, we propose a simple evaluation
protocol for comparing speedups of efficient training algorithms. We use this protocol to evaluate
these algorithms for pre-training Transformer-based language models from scratch. We compare
different training budgets (6, 12, and 24 hours), model architectures (BERT-Base [22] and T5-
Base [77]), and (for batch selection algorithms) datasets (C4 [77], Wikipedia and BookCorpus [111],
and MiniPile [41]). To account for variability in measured wall-clock time on different hardware and
software configurations, we propose a simple measure that we call reference system time (RST).

Our key findings are as follows:

• Training loss (layer stacking, layer dropping, Lion, Sophia): The only approach to con-
sistently outperform the training loss of the fully-decayed learning rate baseline across
budgets and models is layer stacking (Lion matches this performance for certain BERT
training budgets). This improvement reduces as the budget increases to 24 hours.

• Validation loss (selective backprop, RHO loss): Across three training datasets, none of the
batch selection methods outperform the validation loss of the baseline.

• Downstream tasks: For a 24-hour budget, none of the efficient training algorithms we
evaluate improves the downstream performance of the baseline.

• Methods with lower per-iteration costs than the baseline (i.e., dynamic architecture
methods: layer stacking, layer dropping) can slightly improve downstream performance for
lower budgets (6 hours, 12 hours), but the improvement disappears with longer training.

• Methods with higher per-iteration costs (i.e., batch selection methods: selective backprop,
RHO loss, and some efficient optimizer methods: Sophia) are significantly worse than the
baseline in some downstream tasks (GLUE, SNI), for all budgets.

• If we ignore the additional per-iteration computations of the three above methods, the
downstream performance is still matched by the baseline.
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2 Comparing Efficient Training Algorithms

What is the fairest way to compare efficient training algorithms? Ideally, each method should be
given an identical compute budget, and methods that converge to better solutions than a baseline
within this budget achieve a speed-up. Below, we discuss the issues of commonly used metrics to
specify the compute budget, and propose an improved metric.

The Pitfalls of Iterations Specifying a budget in number of training iterations is usually not
suitable because the iteration time can vary between methods.

The Pitfalls of FLOPs While FLOPs count the number of elementary arithmetic operations, they
do not account for parallelizability (e.g., RNNs vs Transformers) or hardware-related details that can
affect runtime. For example, FLOP counting ignores memory access times (e.g., due to different
layouts of the data in memory) and communication overheads, among other things [20, 8].

The Pitfalls of Wall-Clock Time WCT can fluctuate even on the same hardware, for instance,
due to the usage of non-deterministic operations 2, hidden background processes, or inconsequential
configurations, such as the clock rate. Further, we would like a metric that allows researchers to run
on shared compute clusters, where hardware configurations will vary.

Our Proposal: Reference System Time (RST) We propose a simple time measure that will allow
us to standardize any timing result w.r.t. a reference hardware system (e.g., NVIDIA RTX 3090,
CUDA runtime 11.8, PyTorch 2.0, etc.). We define the time elapsed on a reference system as reference
system time (RST). To convert the training run of an arbitrary device to RST, we first record the time
per training iteration on the reference training system.3 Then, we compute the RST by multiplying
the number of iterations run on the arbitrary device by the time per iteration on the reference system.
This way, the time is grounded in practical time units but can be applied to any system.

2.1 The Pitfall of Comparing Intermediate Performances

One difficulty with comparing efficient training methods stems from the importance of the learning
rate schedule to model performance. Various works have demonstrated that deep learning models tend
to reach their maximum performance only once the learning rate has been fully decayed [109, 76]. If
the learning rate schedule is stretched, this can delay the number of iterations required for the model
to reach a given performance threshold since the optimizer keeps “exploring” the local loss basin,
wasting iterations oscillating [33, 42].

This leads to unfair comparisons when the learning rate schedule is not set fairly between methods; a
non-obvious pitfall that has been discussed previously in the literature [50, 20], but which we still
observed in several of the works we evaluated [30, 107, 39, 58]. Consider comparing a baseline
B with an efficient training method X, where both methods are trained for the same number of
iterations, and the learning rate is decayed in terms of the number of iterations. B and X reach a
similar performance at the end of training, but because X completes the iterations in less WCT, a
speed-up is declared.

However, this is not a fair comparison because the training budget was measured in iterations, but the
performance of the models was evaluated at a point specified in WCT, specifically the time it took X
to complete the budget. Thus, B is evaluated at an intermediate point during training when its learning
rate schedule has not been fully decayed. If the learning rate schedule of B had been shortened so it
finished at the same WCT as X, the two methods may have reached similar performances in the same
WCT time. The same problem arises when the budget is specified using different units to the point of
measurement, including the cases where FLOPs are used for the budget.

To avoid this issue, each method should be trained to a fixed budget with the performance measured
at the end of this budget. Importantly, the learning rate and other schedules must be decayed as a
function of the same unit used to measure the budget.

2https://pytorch.org/docs/stable/notes/randomness.html
3We average the time required per iteration across 1000 iterations given some model architecture, batch,

sequence length, system configuration, etc.
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3 Experimental Setup

Given this computation measure, we can now evaluate efficient training algorithms under fixed
computation budgets. We conduct experiments using two established and widely used Transformer
language models: BERT [22] and T5 [77]. We choose a single-GPU setting following recent works
[29, 36, 69] to facilitate reproducibility and access for compute-restricted researchers. However, in
principle, our protocol can be run on any hardware and straightforwardly used in a distributed setup.

BERT: Encoder-only. We follow the setup and hyperparameters of Geiping & Goldstein [29]
with minor modifications. We pre-train a BERT-base-like model with 16 layers instead of 12, which
consists of 120M parameters, using a masked language modeling (MLM) objective. We use the
AdamW optimizer [62] with hyperparameters β1 = 0.9, β2 = 0.98, ϵ = 10−12, and weight decay
of 10−2 [62]. Further, we use a one-cycle learning rate schedule [87] with a peak learning rate of
10−3 and gradient clipping of 0.5. The batch size is 1536 sequences, and the sequence length is 128.
We fine-tune and evaluate the pre-trained BERT models using the GLUE [94] and SuperGLUE [95]
benchmarks. For fine-tuning on GLUE, we use the hyper-parameters from Geiping & Goldstein [29].
On SuperGLUE, we tune them using the validation accuracy of BoolQ [15]. We found inconsistencies
in the literature on how to aggregate the SuperGLUE scores; here, we average the following scores:
for CB, we use the F1 score; for the rest (BoolQ, COPA, RTE, WiC, WSC), we use the accuracy.

Algorithm 1 Layer stacking [30]

Input: number of layers L, number of
stacking operations k
Initialize model f ′

0 with L/2k layers
f0 ← Train (f ′

0)
for i← 0, . . . , k − 1 do

f ′
i ← (fi, fi) {Stack layers.}
fi ← Train (f ′

i)

T5: Encoder-Decoder. We pre-train a T5v1.1-Base
[77, 82] model using the original span-corrupting MLM
objective and SentencePiece [52] tokenizer. We follow
Nawrot [69] and use the AdamW optimizer [62] with
tensor-wise LR scaling by its root mean square (RMS),
base learning rate 0.02, no weight decay, cosine sched-
ule with final of 10−5 [63], gradient clipping of 1.0, and
104 warm up steps. We use a batch size of 144 examples,
where each example consists of an input of 512 tokens
and an output of 114 tokens. We evaluate our pre-trained
T5 models on the Super-Natural-Instructions [SNI, 98]
benchmark. To fine-tune the model on SNI, we strictly
follow the hyperparameters of [69, 98]. For both pre-training and fine-tuning, we use TF32 precision.

Dataset. Unless specified otherwise, we use the C4 [77] dataset for less than one epoch (i.e.,
without data repetitions) without sentence curriculum and de-duplication [53, 29]. In Section 5, we
additionally use two other datasets.

Learning-rate schedule. We adjust the learning rate schedule based on the elapsed time conditional
on a time budget (measured in RST), similar to [37, 29], who measure raw WCT.

Hyper-parameter search. For all considered methods, we tune their hyper-parameters based on
the pre-training loss. We list all details about each method’s hyper-parameters, our considered grid
search ranges, and the best values we found in Appendix C.

Reference System. We record the RST on two separate systems for BERT and T5. For BERT, we
choose a single NVIDIA RTX 3090, CUDA 11.7, PyTorch 1.13. For T5, we choose an NVIDIA
A100, CUDA runtime 11.8, PyTorch 2.0.

4 Case Study 1: Dynamic Architectures

4.1 Layer stacking

Layer stacking [30], as summarized in Algorithm 1, replicates a L-layer model into a 2L-layer model
by copying its parameters, effectively warm-starting the stacked model with parameters transferred
from the smaller model. Thereby, it benefits from faster per-iteration times in the early training
phases when using fewer layers. Gong et al. [30] attribute the success of this method to attention
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Figure 1: Training losses, dynamic architecture methods (layer stacking, and layer dropping).
Results are shown for RST budgets of 6 hours ( ), 12 hours ( ), and 24 hours ( ), on C4.

distributions of bottom layers being very similar to attention distributions of top layers, indicating
that their functionalities are similar.

4.2 Layer dropping

Algorithm 2 Layer dropping [107]

1: Input: iterations T , layer keep probability
ᾱ, temperature budget γf > 0, layers L,
functions (self-attention, layer-norm, feed-
forward) fATTN , fLN , fFFN , loss function
L, data (x0,y), output layer fO

2: γ ← γf

T
3: for t← 1 to T do
4: p← 1 {Keep probability.}
5: αt ← (1− ᾱ) exp(−γ · t) + ᾱ
6: pd ← 1−αt

L {Layer decay.}
7: for i← 0 to L− 1 do
8: s ∼ Bernoulli(p) {Keep or drop.}
9: if s == 0 then

10: xi+1 ← xi {Drop.}
11: else
12: x′

i ← xi +
fATTN (fLN (xi))

p

13: xi+1 ← x′
i +

fFFN (fLN (x′
i))

p

14: p← p− pd {Decay prob.}
15: ℓ← L(fO(xL),y)
16: fATTN , fLN , fFFN , fO ← Update(ℓ)

Layer dropping exploits the following observation: the
layers of a network do not contribute equally to the loss
reduction throughout training [35, 6, 106]. It does so by
randomly choosing parts of the model to be skipped during
each training step. Specifically, it replaces a subset of
Transformer blocks with the identity function. As a result,
it reduces the overall computational cost of the model for
each training step because it skips these layers during the
forward and backward passes.

To minimize the impact of layer dropping on the pretrain-
ing loss of the model, Zhang & He [107] employ a time
and depth schedule that determines the probability of drop-
ping each block. The time schedule begins with a zero
probability of dropping each block. Then it increases this
probability throughout the training process until it reaches
a maximum of (1− ᾱ), where the hyperparameter ᾱ = 0.5
as chosen by Zhang & He [107].

The depth schedule ensures that blocks located earlier in
the model are dropped with a lower probability than those
located later/deeper. An important hyperparameter of the
depth schedule in layer dropping is γf , which controls the rate at which the probability of dropping
layers increases. A higher value of γf leads to a quicker increase in the probability. Zhang & He
[107] set γf to 100 in their experiments. We refer the reader to the original work by Zhang & He
[107] for more details.

4.3 Results

Training losses. Figure 1 shows the pre-training losses for the baseline, layer stacking, and layer
dropping on BERT and T5 when given a budget of 24 hours in RST. In both settings, layer stacking
achieves the lowest loss within this budget. The gap between layer stacking and the baseline closes
almost completely as the budget is increased to 24 hours. However, layer dropping is consistently
worse than the baseline throughout training. In both models, the gap between layer dropping and the
baseline is larger than between the baseline and layer stacking at the end of training. Further, layer
dropping introduces additional fluctuations in the loss when training T5, compared to the baseline.

Downstream performance. Figure 2 shows the SuperGLUE downstream performance after using
the baseline and all dynamic architecture methods (layer stacking and layer dropping) to pre-train
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Figure 2: BERT models evaluated on SuperGLUE. The black vertical error bars indicate the
standard deviation over three seeds. The black horizontal line shows the baseline average performance.
For clarity, the individual tasks are plotted against the left-hand axis, while the average accuracy is
plotted against the right-hand axis.

BERT. We evaluate all methods using three different RST budgets (to get a sense of the Pareto-
frontier of budget and performance [75]): 6 hours, 12 hours, and 24 hours. We notice that on specific
SuperGLUE datasets, the efficiency methods have little or even detrimental effect on performance
(CB, WiC, WSC, BoolQ). Across all datasets, COPA appears to have the largest gains from efficient
training. Averaged across all datasets, efficient training methods have little effect. We report the exact
numbers in Table 1 (right). On average, across all budgets, neither layer stacking and layer dropping
significantly improve over the baseline.

We also compare the performance of dynamic architecture methods methods on the T5-base model
evaluated on the SNI benchmark and report the results in Table 2. Here layer stacking significantly
improves over the baseline for 6 and 12 hour budgets. However, given 24 hours for training, the
final accuracy of layer stacking reduces back to the accuracy of the 6 hour model. Here the baseline
significantly improves over all methods. Notably, for all budgets, layer dropping is consistently
outperformed by the baseline.

5 Case Study 2: Batch Selection

Scaling up the size of web-crawled data for pre-training has been one of the major drivers to improve
the capabilities of language models [44, 10]. A line of work has argued that training speed-ups emerge
through the selection of informative examples. They argue that these examples can be identified
from certain statistics collected throughout training [4, 45, 39, 46, 72]. Here, we focus on two such
methods that directly alter the training procedure to steer gradient computations towards informative
samples by subsampling examples from a mega-batch to curate the mini-batch, called batch selection.

5.1 Selective Backprop

Due to its simplicity, we first examine selective backprop [39], described in Algorithm 3. The
high-level idea of selective backprop is to compute the backward pass only on the training examples
with the highest loss. To construct such batches, it first computes the loss of every example in a
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Algorithm 3 Selective backprop [39]

1: Input: iterations T , data {(xi,yi)}Ni=1, loss L,
mini-batch size Bm, mega-batch size BM , num-
ber of inputs to compute loss CDF R, selectivity
β>0, model θ, loss historyH=()

2: for t← 1 to T do
3: Bm ← {} {Initialize mini-batch.}
4: BM ⊂ {(xi,yi)}Ni=1 {Select mega-batch.}
5: {ℓj}BM

j=1 ← L(BM ;θ) {Compute loss.}
6: for j ← 1 to BM do
7: H ← (ℓj ,H) {Add to history}
8: p← CDF(ℓj ;H1,...,R)

β {Selection prob.}
9: s ∼ Bernoulli(p) {Select or not.}

10: if s == 1 then
11: Bm ← Bm ∪ (xj ,yj)
12: if |Bm| == Bm then
13: θ ← Update(θ,Bm) {Backwards pass.}
14: Bm ← {}

Algorithm 4 RHO loss [66]

1: Input: iterations T , train data Dtrain, validation
data Dval, loss L, small model θS trained on
Dval, mini-batch size Bm, mega-batch size BM ,
learning rate η, model θ

2: for (xi, yi) ∈ Dtrain do
3: ℓSi ← L(xi, yi;θ

S) {Small model loss on train}
4: for t← 1 to T do
5: BM ⊂ {(xi,yi)}Ni=1 {Select mega-batch.}
6: {ℓj}BM

j=1 ← L(BM ;θ) {Compute loss.}
7: R ← {ℓj − ℓSj | j ∈ BM}
8: Rtop ← maxBm

(R) {top Bm ofR}
9: θ ← Update(θ,Rtop) {Backwards pass.}

6h 12h 24h
Baseline 2.42 ± 0.00 2.20 ± 0.00 2.10 ± 0.01
Selective backprop 2.73 ± 0.18 2.44 ± 0.06 2.18 ± 0.02
RHO loss 2.61 ± 0.00 2.37 ± 0.00 2.16 ± 0.01

Table 3: Validation losses, batch selection methods
(selective backprop, and RHO loss). Results are shown
for RST budgets of 6, 12, and 24 hours, on C4.

Val. Loss GLUE
Baseline 2.21 77.79 ± 0.2
Selective backprop 2.23 77.92 ± 0.1
RHO loss 2.19 77.16 ± 0.4

Table 4: Batch Selection For Free. Re-
sults for a 12-hour RST budget on C4, re-
moving all costs used to select batches.

uniformly-sampled mega-batch. It then samples a high-loss subset of the mega-batch by ranking
points based on their loss percentiles w.r.t. historical losses among recently-seen inputs.

5.2 RHO Loss

Mindermann et al. [66] argue that solely prioritizing high training loss results in two types of examples
that are unwanted: (i) mislabeled and ambiguous data, as commonly found in noisy, web-crawled data;
and (ii) outliers, which are less likely to appear at test time. The authors propose down-weighting
such data via a selection objective called Reducible Holdout (RHO) loss, shown in Algorithm 4.

The authors acknowledge that their method comes with three overhead costs: (1) pre-training a proxy
model using holdout data, (2) one extra forward pass over the entire training set to store the proxy
model’s training losses, and (3) additional forward passes for the batch selection. In our evaluations
we never count the costs of (1) and (2) because, as Mindermann et al. [66] point out, these costs can
be amortized over many training runs. For (1), we pre-train a model for 6 hours of RST on held-out
data, which is enough to reach reasonable performances (Table 1).

Despite Mindermann et al. [66] motivating their method for a scenario where additional workers are
available to perform batch selection, we wondered if it might still provide performance gains even if
this is not the case. Mindermann et al. [66] do not implement or evaluate an algorithm where extra
workers are used to select batches. Because of this, we evaluate RHO loss under two protocols: in the
main results, we count the batch selection costs (3) against the training budget, while in Section 5.4,
we provide a second set of results where we ignore the cost of batch selection.

5.3 Results

We assume that the effects of selecting better training batches should be largely agnostic to whether
we pre-train a BERT or T5 model. Hence, instead of training both architectures, we decide to pre-train
only BERT models and instead vary the datasets and budgets as follows.

For the first set of experiments, we fix the budget to 12 hours and consider three different pre-training
datasets: (i) C4 [77], consisting only of webpage text which, despite being regularly used for pre-

7
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Algorithm 5 Sophia [58]

1: Input: θ1, learning rate {ηt}Tt=1, hyper-
parameters {λ, β1, β2, ϵ, ρ, k}, and GNB-
Estimator

2: Set m0 = 0, v0 = 0, h1−k = 0
3: for t = 1 to T do
4: Compute minibach loss Lt(θt).
5: Compute gt = ∇Lt(θt).
6: mt = β1mt−1 + (1− β1)gt
7: if t mod k = 1 then
8: Compute ĥt = GNB(θt).
9: ht = β2ht−k + (1− β2)ĥt

10: else
11: ht = ht−1

12: θt = θt − ηtλθt (weight decay)
13: θt+1 = θt− ηt · clip(mt/max{ht, ϵ}, ρ)

Algorithm 6 Lion [13]

1: Input: θ1, learning rate {ηt}Tt=1, hyperpa-
rameters {λ, β1, β2}

2: Set m0 = 0
3: for t = 1 to T do
4: Compute minibach loss Lt(θt).
5: Compute gt = ∇Lt(θt).
6: ut = sign (β1mt−1 + (1− β1)gt)
7: mt = β2mt−1 + (1− β2)gt
8: θt+1 = θt − ηtut

training, is known to have quality issues [53], (ii) Bookcorpus and Wikipedia [22], which contain
polished, book(-like) text and MiniPile [41], a subset of the diverse Pile pre-training corpus [28],
containing code, mathematics, books, webpages, and other scientific articles.

Validation loss. To rank the pre-training performances, we compare the validation loss, which is
directly comparable as we use the same inputs for all methods (which is not the case for the training
data). This is shown in Figure 3, which shows the validation loss every 3 hours throughout training.
We find that both batch selection methods do not improve over the baseline.

3 12
2.0

2.5

3.0

3.5

N
L

L

C4

3 12
RST (hours)

WKBC

3 12

MP

Figure 3: Validation losses for differ-
ent datasets. Results for batch selection
methods (selective backprop and RHO
loss) for a 12-hour RST budget.

Downstream performance. Next, we investigate down-
stream performances, fix the C4 corpus as the pre-training
corpus, and vary the budgets (6, 12, and 24 hours). Fig-
ures 2 and 16 show the results on SuperGLUE and GLUE.
We observe very small differences between the methods
and the baseline. On average (Table 1) no batch selection
method significantly outperforms the baseline.

5.4 Ablation: Batch Selection For Free

We want to disentangle whether batch selection methods
fail to improve over the baseline because their gains do not
compensate for their computational overhead. In the pre-
vious section (Section 5.3) and the main results (Table 1),
we accounted for this overhead. Therefore, in those experiments, selective backprop and RHO loss
effectively update the model for fewer iterations than the baseline within the fixed budgets. Here, we
re-run a small number of experiments where batch selection is free, and so we train these models
with the same number of iterations as the baseline.

Specifically, we run an experiment for 12 hours using the C4 corpus and GLUE downstream tasks.
For selective backprop, we choose β = 1, which resulted in ~1.7x of the wall-clock time; while for
RHO loss, we choose a mega-batch size that is 10x larger (15360) than the mini-batch size (1536),
following Mindermann et al. [66], which led to ~5.3x of the original pre-training time. Table 4 shows
the results. We see that RHO loss reaches a slightly better final validation loss but performs worse on
the GLUE downstream tasks than baseline and selective backprop, which does not improve over the
baseline.
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Figure 5: Training losses, efficient optimizer methods (Lion, and Sophia). Results are shown for
RST budgets of 6 hours ( ), 12 hours ( ), and 24 hours ( ), on C4.

6 Case Study 3: Efficient Optimizers

Recently, two efficient optimizers were proposed to replace the ubiquitous Adam(W) optimizers
[48, 62] for language models: Lion [13] and Sophia [58].

Lion [13] is an optimizer symbolically discovered in the vast program space of first-order optimization
primitives. As such, it does not follow any theory-grounded principle that would justify its acceleration
property a priori; however, Chen et al. [13] report empirical speed-ups over AdamW in many settings.

Sophia [58] is a scalable stochastic second-order optimizer primarily designed for and evaluated
on language model pre-training. The authors claim that Sophia achieves a 2x speed-up compared
with AdamW in the number of steps, total compute, and wall-clock time. The authors study two
Hessian estimators, but as of this writing, only open-source the code for the empirically better one
(Gauss-Newton-Bartlett), which we use here.

The baseline in this section simply refers to AdamW [62].

Mixed Precision Training with BF16 vs. FP16 A common practice for training language models
is to use mixed precision training [65]. In initial experiments with BERT, we observed several
numerical instabilities (NaN training losses) during hyper-parameter search after inserting Lion and
Sophia into our training pipelines as drop-in replacements. Our default mixed-precision mode was
FP16, and as noted by other practitioners of Sophia [57], BF16 can sometimes be more stable. Hence;
for the optimizer comparisons with BERT, we report results in BF16; including the baseline (although
we notice that the baseline’s training curves are essentially identical across both modes). For the T5
model, we use the TF32 precision format.

5 10 15 20
RST (hours)

2

3

M
L

M
lo

ss

Baseline
Sophia

Figure 4: BERT Validation
loss when we do not count
Sophia’s Hessian update steps.

RMS-Scaling for T5 Pre-training T5 pre-training [77, 82] typ-
ically employs the Adafactor optimizer [83], which relies on tensor-
wise learning rate scaling determined by the tensor’s root mean
square (RMS). This scaling has been identified as critical for conver-
gence during pre-training when using AdamW [69]. Initial tests with
Lion and Sophia without additional adjustments led to divergence
for higher learning rates or suboptimal performance. This mirrored
the behavior of AdamW without RMS scaling. To address this, we
incorporated RMS scaling into Lion and Sophia for a subsequent
round of experiments, which we outline in Appendix C.6.

6.1 Results

In the case of BERT downstream performances (Table 1), we find
that Lion and Sophia perform about the same as the baseline. Fig-
ure 6 shows the results in more detail. We note that baseline
(AdamW) consistently ranks the highest and has a comparatively
low standard deviation over random seeds.
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Analogous to the batch selection for free ablation in Section 5.4, we also experiment with Sophia
while not counting for Hessian update steps and running for the same number of iterations, as shown
in Figure 4. Surprisingly, we still do not observe any speedup.
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Figure 6: BERT BF16 models evaluated on (Super-)GLUE. The black vertical error bars indicate
the standard deviation over three seeds. The black horizontal line shows the average performance of
the baseline. For clarity, the individual tasks are plotted against the left-hand axis, while the average
accuracy is plotted against the right-hand axis.

7 Conclusion

In this work, we closely examined efficient training algorithms which promised to deliver training
speed-ups. First, we clarify that quantifying a training speed-up without specifying an explicit training
budget can be misleading and that some previous works missed this. To normalize the wall clock
time across different hardware, we introduce the reference system time measure. Then, we put three
classes of algorithms to the test in various pre-training settings of BERT and T5 models. We found
only a few settings where some of the considered algorithms improved over the baseline.

Acknowledgments

The authors would like to thank Edoardo Ponti for his feedback on an earlier version of this manuscript.
JK and OK acknowledge support from the Engineering and Physical Sciences Research Council
with grant number EP/S021566/1. OK was supported by G-Research. PN was supported by the
UKRI Centre for Doctoral Training in Natural Language Processing, funded by the UKRI (grant
EP/S022481/1) and the University of Edinburgh, School of Informatics and School of Philosophy,
Psychology & Language Sciences. PM was partially funded by the European Union’s Horizon 2020
research and innovation programme under grant agreement no. 875160, ELIAI (The Edinburgh
Laboratory for Integrated Artificial Intelligence) EPSRC (grant no. EP/W002876/1), an industry
grant from Cisco, and a donation from Accenture LLP; and is grateful to NVIDIA for the GPU
donations. This work was supported by the Edinburgh International Data Facility (EIDF) and the
Data-Driven Innovation Programme at the University of Edinburgh.

10
7922825802https://doi.org/10.52202/075280-1122



References
[1] Abbas, A., Tirumala, K., Simig, D., Ganguli, S., and Morcos, A. S. Semdedup: Data-efficient

learning at web-scale through semantic deduplication. arXiv preprint arXiv:2303.09540, 2023.

[2] Ainslie, J., Lei, T., de Jong, M., Ontan’on, S., Brahma, S., Zemlyanskiy, Y., Uthus, D. C.,
Guo, M., Lee-Thorp, J., Tay, Y., Sung, Y.-H., and Sanghai, S. K. Colt5: Faster long-range
transformers with conditional computation. ArXiv, abs/2303.09752, 2023.

[3] Alabdulmohsin, I. M., Neyshabur, B., and Zhai, X. Revisiting neural scaling laws in language
and vision. Advances in Neural Information Processing Systems, 35:22300–22312, 2022.

[4] Alain, G., Lamb, A., Sankar, C., Courville, A. C., and Bengio, Y. Variance reduction in SGD
by distributed importance sampling. CoRR, abs/1511.06481, 2015.

[5] Anil, R., Gupta, V., Koren, T., Regan, K., and Singer, Y. Scalable second order optimization
for deep learning. arXiv preprint arXiv:2002.09018, 2020.

[6] Arora, S., Cohen, N., and Hazan, E. On the optimization of deep networks: Implicit accel-
eration by overparameterization. In Dy, J. and Krause, A. (eds.), Proceedings of the 35th
International Conference on Machine Learning, volume 80 of Proceedings of Machine Learn-
ing Research, pp. 244–253. PMLR, 10–15 Jul 2018. URL https://proceedings.mlr.
press/v80/arora18a.html.

[7] Bachlechner, T., Majumder, B. P., Mao, H., Cottrell, G., and McAuley, J. Rezero is all you
need: Fast convergence at large depth. In Uncertainty in Artificial Intelligence, pp. 1352–1361.
PMLR, 2021.

[8] Bartoldson, B. R., Kailkhura, B., and Blalock, D. Compute-efficient deep learning: Algorithmic
trends and opportunities. Journal of Machine Learning Research, 24:1–77, 2023.

[9] Brock, A., Lim, T., Ritchie, J. M., and Weston, N. FreezeOut: Accelerate Training by
Progressively Freezing Layers, June 2017. URL http://arxiv.org/abs/1706.04983.
arXiv:1706.04983 [cs, stat].

[10] Brown, T., Mann, B., Ryder, N., Subbiah, M., Kaplan, J. D., Dhariwal, P., Neelakantan, A.,
Shyam, P., Sastry, G., Askell, A., et al. Language models are few-shot learners. Advances in
neural information processing systems, 33:1877–1901, 2020.

[11] Brown, T. B., Mann, B., Ryder, N., Subbiah, M., Kaplan, J., Dhariwal, P., Neelakantan, A.,
Shyam, P., Sastry, G., Askell, A., Agarwal, S., Herbert-Voss, A., Krueger, G., Henighan, T.,
Child, R., Ramesh, A., Ziegler, D. M., Wu, J., Winter, C., Hesse, C., Chen, M., Sigler, E.,
Litwin, M., Gray, S., Chess, B., Clark, J., Berner, C., McCandlish, S., Radford, A., Sutskever,
I., and Amodei, D. Language models are few-shot learners. In NeurIPS, 2020.

[12] Bubeck, S., Chandrasekaran, V., Eldan, R., Gehrke, J., Horvitz, E., Kamar, E., Lee, P., Lee,
Y. T., Li, Y., Lundberg, S., et al. Sparks of artificial general intelligence: Early experiments
with gpt-4. arXiv preprint arXiv:2303.12712, 2023.

[13] Chen, X., Liang, C., Huang, D., Real, E., Wang, K., Liu, Y., Pham, H., Dong, X., Lu-
ong, T., Hsieh, C.-J., et al. Symbolic discovery of optimization algorithms. arXiv preprint
arXiv:2302.06675, 2023.

[14] Chowdhery, A., Narang, S., Devlin, J., Bosma, M., Mishra, G., Roberts, A., Barham, P.,
Chung, H. W., Sutton, C., Gehrmann, S., Schuh, P., Shi, K., Tsvyashchenko, S., Maynez, J.,
Rao, A., Barnes, P., Tay, Y., Shazeer, N., Prabhakaran, V., Reif, E., Du, N., Hutchinson, B.,
Pope, R., Bradbury, J., Austin, J., Isard, M., Gur-Ari, G., Yin, P., Duke, T., Levskaya, A.,
Ghemawat, S., Dev, S., Michalewski, H., Garcia, X., Misra, V., Robinson, K., Fedus, L., Zhou,
D., Ippolito, D., Luan, D., Lim, H., Zoph, B., Spiridonov, A., Sepassi, R., Dohan, D., Agrawal,
S., Omernick, M., Dai, A. M., Pillai, T. S., Pellat, M., Lewkowycz, A., Moreira, E., Child,
R., Polozov, O., Lee, K., Zhou, Z., Wang, X., Saeta, B., Diaz, M., Firat, O., Catasta, M., Wei,
J., Meier-Hellstern, K., Eck, D., Dean, J., Petrov, S., and Fiedel, N. Palm: Scaling language
modeling with pathways, 2022.

11
7922925803 https://doi.org/10.52202/075280-1122

https://proceedings.mlr.press/v80/arora18a.html
https://proceedings.mlr.press/v80/arora18a.html
http://arxiv.org/abs/1706.04983


[15] Clark, C., Lee, K., Chang, M.-W., Kwiatkowski, T., Collins, M., and Toutanova, K. Boolq: Ex-
ploring the surprising difficulty of natural yes/no questions. arXiv preprint arXiv:1905.10044,
2019.

[16] Coleman, C., Yeh, C., Mussmann, S., Mirzasoleiman, B., Bailis, P., Liang, P., Leskovec, J., and
Zaharia, M. Selection via proxy: Efficient data selection for deep learning. In International
Conference on Learning Representations, 2020. URL https://openreview.net/forum?
id=HJg2b0VYDr.

[17] Dahl, G. E., Schneider, F., Nado, Z., Agarwal, N., Sastry, C. S., Hennig, P., Medapati,
S., Eschenhagen, R., Kasimbeg, P., Suo, D., et al. Benchmarking neural network training
algorithms. arXiv preprint arXiv:2306.07179, 2023.

[18] Dao, T., Fu, D., Ermon, S., Rudra, A., and Ré, C. Flashattention: Fast and memory-efficient
exact attention with io-awareness. Advances in Neural Information Processing Systems, 35:
16344–16359, 2022.

[19] Dasgupta, I., Lampinen, A. K., Chan, S. C., Creswell, A., Kumaran, D., McClelland, J. L.,
and Hill, F. Language models show human-like content effects on reasoning. arXiv preprint
arXiv:2207.07051, 2022.

[20] Dehghani, M., Tay, Y., Arnab, A., Beyer, L., and Vaswani, A. The efficiency misnomer. In
International Conference on Learning Representations, 2022. URL https://openreview.
net/forum?id=iulEMLYh1uR.

[21] Dettmers, T. and Zettlemoyer, L. Sparse networks from scratch: Faster training without losing
performance. arXiv preprint arXiv:1907.04840, 2019.

[22] Devlin, J., Chang, M., Lee, K., and Toutanova, K. BERT: pre-training of deep bidirectional
transformers for language understanding. In NAACL-HLT (1), pp. 4171–4186. Association for
Computational Linguistics, 2019.

[23] Dozat, T. Incorporating nesterov momentum into adam. ICLR Workshop track, 2016.

[24] Evci, U., Gale, T., Menick, J., Castro, P. S., and Elsen, E. Rigging the lottery: Making all
tickets winners. In International Conference on Machine Learning, pp. 2943–2952. PMLR,
2020.

[25] Fahlman, S. and Lebiere, C. The cascade-correlation learning architecture. Advances in neural
information processing systems, 2, 1989.

[26] Fan, A., Grave, E., and Joulin, A. Reducing transformer depth on demand with structured
dropout, 2019.

[27] Foret, P., Kleiner, A., Mobahi, H., and Neyshabur, B. Sharpness-aware minimization for
efficiently improving generalization. arXiv preprint arXiv:2010.01412, 2020.

[28] Gao, L., Biderman, S., Black, S., Golding, L., Hoppe, T., Foster, C., Phang, J., He, H., Thite,
A., Nabeshima, N., et al. The pile: An 800gb dataset of diverse text for language modeling.
arXiv preprint arXiv:2101.00027, 2020.

[29] Geiping, J. and Goldstein, T. Cramming: Training a Language Model on a Single GPU in One
Day, December 2022. URL http://arxiv.org/abs/2212.14034. arXiv:2212.14034 [cs].

[30] Gong, L., He, D., Li, Z., Qin, T., Wang, L., and Liu, T. Efficient Training of BERT by
Progressively Stacking. In Proceedings of the 36th International Conference on Machine
Learning, pp. 2337–2346. PMLR, May 2019. URL https://proceedings.mlr.press/
v97/gong19a.html. ISSN: 2640-3498.

[31] Guo, C., Zhao, B., and Bai, Y. Deepcore: A comprehensive library for coreset selection in
deep learning. In International Conference on Database and Expert Systems Applications, pp.
181–195. Springer, 2022.

[32] Guu, K., Lee, K., Tung, Z., Pasupat, P., and Chang, M.-W. Realm: Retrieval-augmented
language model pre-training, 2020.

12
7923025804https://doi.org/10.52202/075280-1122

https://openreview.net/forum?id=HJg2b0VYDr
https://openreview.net/forum?id=HJg2b0VYDr
https://openreview.net/forum?id=iulEMLYh1uR
https://openreview.net/forum?id=iulEMLYh1uR
http://arxiv.org/abs/2212.14034
https://proceedings.mlr.press/v97/gong19a.html
https://proceedings.mlr.press/v97/gong19a.html


[33] He, H., Huang, G., and Yuan, Y. Asymmetric valleys: Beyond sharp and flat local minima.
Advances in neural information processing systems, 32, 2019.

[34] Hoffmann, J., Borgeaud, S., Mensch, A., Buchatskaya, E., Cai, T., Rutherford, E., Casas, D.
d. L., Hendricks, L. A., Welbl, J., Clark, A., et al. Training compute-optimal large language
models. arXiv preprint arXiv:2203.15556, 2022.

[35] Huang, G., Sun, Y., Liu, Z., Sedra, D., and Weinberger, K. Q. Deep networks with stochas-
tic depth. In Computer Vision–ECCV 2016: 14th European Conference, Amsterdam, The
Netherlands, October 11–14, 2016, Proceedings, Part IV 14, pp. 646–661. Springer, 2016.

[36] Irandoust, S., Durand, T., Rakhmangulova, Y., Zi, W., and Hajimirsadeghi, H. Training a
Vision Transformer from scratch in less than 24 hours with 1 GPU, November 2022. URL
http://arxiv.org/abs/2211.05187. arXiv:2211.05187 [cs].

[37] Izsak, P., Berchansky, M., and Levy, O. How to train bert with an academic budget. arXiv
preprint arXiv:2104.07705, 2021.

[38] Izsak, P., Berchansky, M., and Levy, O. How to Train BERT with an Academic Budget,
September 2021. URL http://arxiv.org/abs/2104.07705. arXiv:2104.07705 [cs].

[39] Jiang, A. H., Wong, D. L.-K., Zhou, G., Andersen, D. G., Dean, J., Ganger, G. R., Joshi,
G., Kaminksy, M., Kozuch, M., Lipton, Z. C., and Pillai, P. Accelerating Deep Learning by
Focusing on the Biggest Losers, October 2019. URL http://arxiv.org/abs/1910.00762.
arXiv:1910.00762 [cs, stat].

[40] Kaddour, J. Stop wasting my time! saving days of imagenet and bert training with latest
weight averaging. arXiv preprint arXiv:2209.14981, 2022.

[41] Kaddour, J. The minipile challenge for data-efficient language models. arXiv preprint
arXiv:2304.08442, 2023.

[42] Kaddour, J., Liu, L., Silva, R., and Kusner, M. J. When do flat minima optimizers work?
Advances in Neural Information Processing Systems, 35:16577–16595, 2022.

[43] Kaddour, J., Harris, J., Mozes, M., Bradley, H., Raileanu, R., and McHardy, R. Challenges and
Applications of Large Language Models, July 2023. URL http://arxiv.org/abs/2307.
10169.

[44] Kaplan, J., McCandlish, S., Henighan, T., Brown, T. B., Chess, B., Child, R., Gray, S.,
Radford, A., Wu, J., and Amodei, D. Scaling laws for neural language models. arXiv preprint
arXiv:2001.08361, 2020.

[45] Katharopoulos, A. and Fleuret, F. Not all samples are created equal: Deep learning with
importance sampling. In International conference on machine learning, pp. 2525–2534.
PMLR, 2018.

[46] Kawaguchi, K. and Lu, H. Ordered sgd: A new stochastic optimization framework for empirical
risk minimization. In International Conference on Artificial Intelligence and Statistics, pp.
669–679. PMLR, 2020.

[47] Kiela, D., Bartolo, M., Nie, Y., Kaushik, D., Geiger, A., Wu, Z., Vidgen, B., Prasad, G.,
Singh, A., Ringshia, P., et al. Dynabench: Rethinking benchmarking in nlp. arXiv preprint
arXiv:2104.14337, 2021.

[48] Kingma, D. P. and Ba, J. Adam: A method for stochastic optimization. arXiv preprint
arXiv:1412.6980, 2014.

[49] Kleinberg, B., Li, Y., and Yuan, Y. An alternative view: When does sgd escape local minima?
In International conference on machine learning, pp. 2698–2707. PMLR, 2018.

[50] Kolesnikov, A., Beyer, L., Zhai, X., Puigcerver, J., Yung, J., Gelly, S., and Houlsby, N. Big
Transfer (BiT): General Visual Representation Learning, May 2020. URL http://arxiv.
org/abs/1912.11370. arXiv:1912.11370 [cs].

13
7923125805 https://doi.org/10.52202/075280-1122

http://arxiv.org/abs/2211.05187
http://arxiv.org/abs/2104.07705
http://arxiv.org/abs/1910.00762
http://arxiv.org/abs/2307.10169
http://arxiv.org/abs/2307.10169
http://arxiv.org/abs/1912.11370
http://arxiv.org/abs/1912.11370


[51] Komatsuzaki, A. One epoch is all you need. arXiv preprint arXiv:1906.06669, 2019.

[52] Kudo, T. and Richardson, J. Sentencepiece: A simple and language independent subword
tokenizer and detokenizer for neural text processing. arXiv preprint arXiv:1808.06226, 2018.

[53] Lee, K., Ippolito, D., Nystrom, A., Zhang, C., Eck, D., Callison-Burch, C., and Carlini, N.
Deduplicating training data makes language models better. arXiv preprint arXiv:2107.06499,
2021.

[54] Lee, K., Ippolito, D., Nystrom, A., Zhang, C., Eck, D., Callison-Burch, C., and Carlini,
N. Deduplicating Training Data Makes Language Models Better, March 2022. URL http:
//arxiv.org/abs/2107.06499. arXiv:2107.06499 [cs].

[55] Lengellé, R. and Denoeux, T. Training mlps layer by layer using an objective function for
internal representations. Neural Networks, 9(1):83–97, 1996.

[56] Li, C., Zhuang, B., Wang, G., Liang, X., Chang, X., and Yang, Y. Automated Progressive
Learning for Efficient Training of Vision Transformers. In 2022 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 12476–12486, New Orleans, LA, USA,
June 2022. IEEE. ISBN 978-1-66546-946-3. doi: 10.1109/CVPR52688.2022.01216. URL
https://ieeexplore.ieee.org/document/9879421/.

[57] Liu, H. Does this work with 16-mixed precision. https://github.com/Liuhong99/
Sophia/issues/16, 2023. GitHub repository issue.

[58] Liu, H., Li, Z., Hall, D., Liang, P., and Ma, T. Sophia: A Scalable Stochastic Second-order
Optimizer for Language Model Pre-training, May 2023. URL http://arxiv.org/abs/
2305.14342. arXiv:2305.14342 [cs, math].

[59] Liu, S. and Wang, Z. Ten lessons we have learned in the new" sparseland": A short handbook
for sparse neural network researchers. arXiv preprint arXiv:2302.02596, 2023.

[60] Liu, Y., Agarwal, S., and Venkataraman, S. Autofreeze: Automatically freezing model blocks
to accelerate fine-tuning. CoRR, abs/2102.01386, 2021.

[61] Longpre, S., Yauney, G., Reif, E., Lee, K., Roberts, A., Zoph, B., Zhou, D., Wei, J., Robinson,
K., Mimno, D., and Ippolito, D. A Pretrainer’s Guide to Training Data: Measuring the Effects
of Data Age, Domain Coverage, Quality, & Toxicity, May 2023. URL http://arxiv.org/
abs/2305.13169. arXiv:2305.13169 [cs].

[62] Loshchilov, I. and Hutter, F. Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101, 2017.

[63] Loshchilov, I. and Hutter, F. SGDR: Stochastic gradient descent with warm restarts. In
International Conference on Learning Representations, 2017. URL https://openreview.
net/forum?id=Skq89Scxx.

[64] Menghani, G. Efficient deep learning: A survey on making deep learning models smaller,
faster, and better. ACM Computing Surveys, 55(12):1–37, 2023.

[65] Micikevicius, P., Narang, S., Alben, J., Diamos, G., Elsen, E., Garcia, D., Ginsburg, B., Hous-
ton, M., Kuchaiev, O., Venkatesh, G., and Wu, H. Mixed precision training. In International
Conference on Learning Representations, 2018. URL https://openreview.net/forum?
id=r1gs9JgRZ.

[66] Mindermann, S., Brauner, J. M., Razzak, M. T., Sharma, M., Kirsch, A., Xu, W., Höltgen, B.,
Gomez, A. N., Morisot, A., Farquhar, S., et al. Prioritized training on points that are learnable,
worth learning, and not yet learnt. In International Conference on Machine Learning, pp.
15630–15649. PMLR, 2022.

[67] Mocanu, D. C., Mocanu, E., Stone, P., Nguyen, P. H., Gibescu, M., and Liotta, A. Scalable
training of artificial neural networks with adaptive sparse connectivity inspired by network
science. Nature communications, 9(1):2383, 2018.

14
7923225806https://doi.org/10.52202/075280-1122

http://arxiv.org/abs/2107.06499
http://arxiv.org/abs/2107.06499
https://ieeexplore.ieee.org/document/9879421/
https://github.com/Liuhong99/Sophia/issues/16
https://github.com/Liuhong99/Sophia/issues/16
http://arxiv.org/abs/2305.14342
http://arxiv.org/abs/2305.14342
http://arxiv.org/abs/2305.13169
http://arxiv.org/abs/2305.13169
https://openreview.net/forum?id=Skq89Scxx
https://openreview.net/forum?id=Skq89Scxx
https://openreview.net/forum?id=r1gs9JgRZ
https://openreview.net/forum?id=r1gs9JgRZ


[68] Narang, S., Chung, H. W., Tay, Y., Fedus, W., Fevry, T., Matena, M., Malkan, K., Fiedel, N.,
Shazeer, N., Lan, Z., et al. Do transformer modifications transfer across implementations and
applications? arXiv preprint arXiv:2102.11972, 2021.

[69] Nawrot, P. nanot5: A pytorch framework for pre-training and fine-tuning t5-style models with
limited resources. ArXiv, abs/2309.02373, 2023.

[70] Nawrot, P., Tworkowski, S., Tyrolski, M., Kaiser, L., Wu, Y., Szegedy, C., and Michalewski, H.
Hierarchical transformers are more efficient language models. ArXiv, abs/2110.13711, 2021.

[71] Nawrot, P., Chorowski, J., La’ncucki, A., and Ponti, E. Efficient transformers with dynamic
token pooling. ArXiv, abs/2211.09761, 2022.

[72] Park, D., Papailiopoulos, D., and Lee, K. Active learning is a strong baseline for data subset
selection. In Has it Trained Yet? NeurIPS 2022 Workshop, 2022.

[73] Patterson, D., Gonzalez, J., Hölzle, U., Le, Q., Liang, C., Munguia, L.-M., Rothchild, D., So,
D. R., Texier, M., and Dean, J. The carbon footprint of machine learning training will plateau,
then shrink. Computer, 55(7):18–28, 2022. doi: 10.1109/MC.2022.3148714.

[74] Paul, M., Ganguli, S., and Dziugaite, G. K. Deep learning on a data diet: Finding important
examples early in training. In Ranzato, M., Beygelzimer, A., Dauphin, Y., Liang, P., and
Vaughan, J. W. (eds.), Advances in neural information processing systems, volume 34, pp.
20596–20607. Curran Associates, Inc., 2021. URL https://proceedings.neurips.cc/
paper_files/paper/2021/file/ac56f8fe9eea3e4a365f29f0f1957c55-Paper.pdf.

[75] Portes, J., Blalock, D., Stephenson, C., and Frankle, J. Fast Benchmarking of Accuracy vs.
Training Time with Cyclic Learning Rates, November 2022. URL http://arxiv.org/abs/
2206.00832. arXiv:2206.00832 [cs].

[76] Rae, J. W., Borgeaud, S., Cai, T., Millican, K., Hoffmann, J., Song, F., Aslanides, J., Henderson,
S., Ring, R., Young, S., et al. Scaling language models: Methods, analysis & insights from
training gopher. arXiv preprint arXiv:2112.11446, 2021.

[77] Raffel, C., Shazeer, N., Roberts, A., Lee, K., Narang, S., Matena, M., Zhou, Y., Li, W., and
Liu, P. J. Exploring the limits of transfer learning with a unified text-to-text transformer. J.
Mach. Learn. Res., 21:140:1–140:67, 2020.

[78] Sandler, M., Zhmoginov, A., Vladymyrov, M., and Miller, N. Training trajectories, mini-batch
losses and the curious role of the learning rate. arXiv preprint arXiv:2301.02312, 2023.

[79] Sanyal, S., Kaddour, J., Kumar, A., and Sanghavi, S. Understanding the effectiveness of early
weight averaging for training large language models. arXiv preprint arXiv:2306.03241, 2023.

[80] Schmidt, R. M., Schneider, F., and Hennig, P. Descending through a crowded valley -
benchmarking deep learning optimizers. In Meila, M. and Zhang, T. (eds.), Proceedings
of the 38th International Conference on Machine Learning, volume 139 of Proceedings
of Machine Learning Research, pp. 9367–9376. PMLR, 18–24 Jul 2021. URL https:
//proceedings.mlr.press/v139/schmidt21a.html.

[81] Schwartz, R., Dodge, J., Smith, N. A., and Etzioni, O. Green ai, 2019.

[82] Shazeer, N. Glu variants improve transformer, 2020.

[83] Shazeer, N. and Stern, M. Adafactor: Adaptive learning rates with sublinear memory cost,
2018.

[84] Shazeer, N. M., Mirhoseini, A., Maziarz, K., Davis, A., Le, Q. V., Hinton, G. E., and Dean,
J. Outrageously large neural networks: The sparsely-gated mixture-of-experts layer. ArXiv,
abs/1701.06538, 2017.

[85] Shen, L., Sun, Y., Yu, Z., Ding, L., Tian, X., and Tao, D. On efficient training of large-scale
deep learning models: A literature review. arXiv preprint arXiv:2304.03589, 2023.

15
7923325807 https://doi.org/10.52202/075280-1122

https://proceedings.neurips.cc/paper_files/paper/2021/file/ac56f8fe9eea3e4a365f29f0f1957c55-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/ac56f8fe9eea3e4a365f29f0f1957c55-Paper.pdf
http://arxiv.org/abs/2206.00832
http://arxiv.org/abs/2206.00832
https://proceedings.mlr.press/v139/schmidt21a.html
https://proceedings.mlr.press/v139/schmidt21a.html


[86] Shen, S., Walsh, P., Keutzer, K., Dodge, J., Peters, M., and Beltagy, I. Staged Training
for Transformer Language Models. In Proceedings of the 39th International Conference on
Machine Learning, pp. 19893–19908. PMLR, June 2022. URL https://proceedings.mlr.
press/v162/shen22f.html. ISSN: 2640-3498.

[87] Smith, L. N. and Topin, N. Super-convergence: Very fast training of neural networks using
large learning rates, 2018.

[88] Sorscher, B., Geirhos, R., Shekhar, S., Ganguli, S., and Morcos, A. S. Beyond neural scaling
laws: beating power law scaling via data pruning. arXiv preprint arXiv:2206.14486, 2022.

[89] Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., and Salakhutdinov, R. Dropout: a
simple way to prevent neural networks from overfitting. The journal of machine learning
research, 15(1):1929–1958, 2014.

[90] Tay, Y., Dehghani, M., Abnar, S., Chung, H. W., Fedus, W., Rao, J., Narang, S., Tran, V. Q.,
Yogatama, D., and Metzler, D. Scaling laws vs model architectures: How does inductive bias
influence scaling?, 2022.

[91] Tay, Y., Dehghani, M., Bahri, D., and Metzler, D. Efficient transformers: A survey. ACM
Computing Surveys, 55(6):1–28, 2022.

[92] Touvron, H., Lavril, T., Izacard, G., Martinet, X., Lachaux, M.-A., Lacroix, T., Rozière, B.,
Goyal, N., Hambro, E., Azhar, F., Rodriguez, A., Joulin, A., Grave, E., and Lample, G. Llama:
Open and efficient foundation language models, 2023.

[93] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, Ł., and
Polosukhin, I. Attention is all you need. Advances in neural information processing systems,
30, 2017.

[94] Wang, A., Singh, A., Michael, J., Hill, F., Levy, O., and Bowman, S. R. Glue: A multi-
task benchmark and analysis platform for natural language understanding. arXiv preprint
arXiv:1804.07461, 2018.

[95] Wang, A., Pruksachatkun, Y., Nangia, N., Singh, A., Michael, J., Hill, F., Levy, O., and
Bowman, S. Superglue: A stickier benchmark for general-purpose language understanding
systems. Advances in neural information processing systems, 32, 2019.

[96] Wang, P., Panda, R., Hennigen, L. T., Greengard, P., Karlinsky, L., Feris, R., Cox, D. D.,
Wang, Z., and Kim, Y. Learning to grow pretrained models for efficient transformer training.
In The Eleventh International Conference on Learning Representations, 2023. URL https:
//openreview.net/forum?id=cDYRS5iZ16f.

[97] Wang, X., Chen, Y., and Zhu, W. A survey on curriculum learning. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 44(9):4555–4576, 2021.

[98] Wang, Y., Mishra, S., Alipoormolabashi, P., Kordi, Y., Mirzaei, A., Arunkumar, A., Ashok, A.,
Dhanasekaran, A. S., Naik, A., Stap, D., Pathak, E., Karamanolakis, G., Lai, H. G., Purohit, I.,
Mondal, I., Anderson, J., Kuznia, K., Doshi, K., Patel, M., Pal, K. K., Moradshahi, M., Parmar,
M., Purohit, M., Varshney, N., Kaza, P. R., Verma, P., Puri, R. S., Karia, R., Sampat, S. K.,
Doshi, S., Mishra, S., Reddy, S., Patro, S., Dixit, T., Shen, X., Baral, C., Choi, Y., Smith, N. A.,
Hajishirzi, H., and Khashabi, D. Super-naturalinstructions: Generalization via declarative
instructions on 1600+ nlp tasks, 2022.

[99] Wei, J., Wang, X., Schuurmans, D., Bosma, M., Chi, E., Le, Q., and Zhou, D. Chain of thought
prompting elicits reasoning in large language models. arXiv preprint arXiv:2201.11903, 2022.

[100] Wu, X., Dyer, E., and Neyshabur, B. When do curricula work? arXiv preprint
arXiv:2012.03107, 2020.

[101] Xie, S. M., Pham, H., Dong, X., Du, N., Liu, H., Lu, Y., Liang, P., Le, Q. V., Ma, T., and Yu,
A. W. DoReMi: Optimizing Data Mixtures Speeds Up Language Model Pretraining, May
2023. URL http://arxiv.org/abs/2305.10429. arXiv:2305.10429 [cs].

16
7923425808https://doi.org/10.52202/075280-1122

https://proceedings.mlr.press/v162/shen22f.html
https://proceedings.mlr.press/v162/shen22f.html
https://openreview.net/forum?id=cDYRS5iZ16f
https://openreview.net/forum?id=cDYRS5iZ16f
http://arxiv.org/abs/2305.10429


[102] Xie, S. M., Santurkar, S., Ma, T., and Liang, P. Data selection for language models via
importance resampling, 2023. URL https://arxiv.org/abs/2302.03169.

[103] Xing, C., Arpit, D., Tsirigotis, C., and Bengio, Y. A walk with sgd. arXiv preprint
arXiv:1802.08770, 2018.

[104] Xue, F., Fu, Y., Zhou, W., Zheng, Z., and You, Y. To Repeat or Not To Repeat: Insights from
Scaling LLM under Token-Crisis, May 2023. URL http://arxiv.org/abs/2305.13230.
arXiv:2305.13230 [cs].

[105] Yao, X., Zheng, Y., Yang, X., and Yang, Z. Nlp from scratch without large-scale pretraining:
A simple and efficient framework. In International Conference on Machine Learning, pp.
25438–25451. PMLR, 2022.

[106] Zhang, C., Bengio, S., and Singer, Y. Are all layers created equal? arXiv preprint
arXiv:1902.01996, 2019.

[107] Zhang, M. and He, Y. Accelerating training of transformer-based language models with
progressive layer dropping. In Larochelle, H., Ranzato, M., Hadsell, R., Balcan, M., and Lin,
H. (eds.), Advances in neural information processing systems, volume 33, pp. 14011–14023.
Curran Associates, Inc., 2020. URL https://proceedings.neurips.cc/paper_files/
paper/2020/file/a1140a3d0df1c81e24ae954d935e8926-Paper.pdf.

[108] Zhang, M. R., Lucas, J., Hinton, G., and Ba, J. Lookahead Optimizer: k steps forward, 1 step
back, December 2019. URL http://arxiv.org/abs/1907.08610. arXiv:1907.08610 [cs,
stat].

[109] Zhang, S., Roller, S., Goyal, N., Artetxe, M., Chen, M., Chen, S., Dewan, C., Diab, M., Li, X.,
Lin, X. V., Mihaylov, T., Ott, M., Shleifer, S., Shuster, K., Simig, D., Koura, P. S., Sridhar, A.,
Wang, T., and Zettlemoyer, L. OPT: Open Pre-trained Transformer Language Models, June
2022. URL http://arxiv.org/abs/2205.01068. arXiv:2205.01068 [cs].

[110] Zhu, C., Ni, R., Xu, Z., Kong, K., Huang, W. R., and Goldstein, T. Gradinit: Learning to
initialize neural networks for stable and efficient training. Advances in Neural Information
Processing Systems, 34:16410–16422, 2021.

[111] Zhu, Y., Kiros, R., Zemel, R. S., Salakhutdinov, R., Urtasun, R., Torralba, A., and Fidler, S.
Aligning books and movies: Towards story-like visual explanations by watching movies and
reading books. In ICCV, pp. 19–27. IEEE Computer Society, 2015.

[112] Zhuang, B., Liu, J., Pan, Z., He, H., Weng, Y., and Shen, C. A survey on efficient training of
transformers. arXiv preprint arXiv:2302.01107, 2023.

[113] Zhuang, J., Tang, T., Ding, Y., Tatikonda, S. C., Dvornek, N., Papademetris, X., and Dun-
can, J. AdaBelief Optimizer: Adapting Stepsizes by the Belief in Observed Gradients. In
Advances in Neural Information Processing Systems, volume 33, pp. 18795–18806. Curran
Associates, Inc., 2020. URL https://proceedings.neurips.cc/paper/2020/hash/
d9d4f495e875a2e075a1a4a6e1b9770f-Abstract.html.

[114] zhuofan xia, Pan, X., Jin, X., He, Y., Xue’, H., Song, S., and Huang, G. Budgeted training for
vision transformer. In The Eleventh International Conference on Learning Representations,
2023. URL https://openreview.net/forum?id=sVzBN-DlJRi.

17
7923525809 https://doi.org/10.52202/075280-1122

https://arxiv.org/abs/2302.03169
http://arxiv.org/abs/2305.13230
https://proceedings.neurips.cc/paper_files/paper/2020/file/a1140a3d0df1c81e24ae954d935e8926-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/a1140a3d0df1c81e24ae954d935e8926-Paper.pdf
http://arxiv.org/abs/1907.08610
http://arxiv.org/abs/2205.01068
https://proceedings.neurips.cc/paper/2020/hash/d9d4f495e875a2e075a1a4a6e1b9770f-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/d9d4f495e875a2e075a1a4a6e1b9770f-Abstract.html
https://openreview.net/forum?id=sVzBN-DlJRi


A Limitations and Future Work

Firstly, while we ran extensive ablations within the 6-, 12-, and 24-hour training regimes, it is possible
that our results do not generalize to much longer ones. We justify this choice for two reasons. Firstly,
all downstream task performances observed are only a few percentage points worse than state-of-
the-art performances; e.g., our 24-hour BERT model reaches ~79% / 58.5% on GLUE/SuperGLUE,
while fine-tuning the original BERT-base model4 reaches 80.9% / 60.8%, respectively. Similarly,
our 24h-T5 model reaches 39.5% on SNI, while using the original checkpoint, reaches 41.0% [69].
Secondly, we argue that an efficient training method should work well specifically in settings with
limited budgets.

Next, as illustrated in Appendix B, there is an abundance of efficient training algorithms, and
rigorously evaluating all of them is prohibitively expensive. Hence, one limitation of this work
remains that we did not consider other efficiency-promoting algorithms, and we hope to explore more
in future work.

Another limitation is our sole focus on language model pre-training. Investigating approaches for (i)
efficient fine-tuning of (large) language models or (ii) pre-training on other data-intensive modalities
such as images and video remains promising too. We expect that our experimental protocol utilizing
RSTs will benefit future works doing so.

B Related Work

B.1 Efficient Training Algorithms

There is an abundance of proposals for efficient training; surveys of these can be found in [8, 85, 43].
We roughly categorize them into architecture-centric, data-centric, optimization-centric, and others.

Architecture-centric strategies. These decide how to avoid forward/backward passes of specific
weights in the network. The idea of gradually growing a network to accelerate training, as in layer
stacking, dates back to the 90s [25, 55]. There are a number of follow-ups to the layer stacking paper
[30], including automated stacking using elastic supernets [56] loss- and training-dynamics preserved
stacking [86] and stacking small pre-trained models to train larger models [96].

Methods akin to layer dropping include FreezeOut [9], LayerDrop[26] (which focuses on network
sparsity), and AutoFreeze [60]. In these methods, forward/backward passes for specific layers
are skipped based on either a pre-determined schedule [9, 26] or based on statistics from prior
forward/backward passes [60].

While not the focus of this work, a similar motivation can also be found in dynamic sparse training
methods, which aim to identify relevant sub-networks during training and promote the prunability of
the network [67, 21, 24]. However, these approaches do typically not lead to training speedups since
unstructured sparsity is not GPU-friendly, which is why we do not consider them here [59].

Data-centric strategies. Besides batch selection methods, which subsample relevant data from a
mega-batch throughout training as discussed in Section 5, there are a number of other approaches
aiming to either order or subsample training data. We did not consider them in our experiments since
they either have a different motivation than training efficiency or are not directly suitable for a drop-in
modification of the training procedure. However, we briefly summarize three classes of such work.
Firstly, one of the oldest classes of data-selection strategies for training is curriculum learning (for a
recent survey, see Wang et al. [97]). We do not consider curriculum learning here as it has already
been extensively evaluated [100], and because it was initially motivated to improve generalization
rather than achieve efficiency gains. Secondly, task-specific retrieval [32, 105] use task-specific data
to retrieve similar data from a large unsupervised corpus. Different from the task-agnostic batch
selection methods we consider here, these methods are specifically designed to improve downstream
task performance. Lastly, another line of work tries to subsample the entire dataset decoupled from
the training procedure by various scoring heuristics [16, 31, 74, 54, 88, 1, 102, 101, 61], and we
believe that further investigating such can be a promising direction for future work.

4https://huggingface.co/bert-base-uncased
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Figure 7: Layer stacking grid search: we tune the intervals at which the model is doubled. The
notation "stacking (a, b)" signifies that the model’s size was doubled once at a hours and then again
at b hours, measured using RST.

Optimization-centric strategies. Lots of optimizers have been proposed with the goal of speeding
up convergence [23, 108, 113]; yet, Schmidt et al. [80] report that none of them consistently outper-
forms Adam(W) [48, 62] when put to a rigorous test. Instead of modifying the training procedure,
another line of work observed intermediate performance speedups by averaging weights along the
training trajectory post-hoc training [40]; however, such gains arise primarily through effectively
lowering the learning rates without directly intervening in the training process [78, 79], which is
different to the in this work considered methods which do intervene.

Others. These include ways to improve the faster computation of Transformer building blocks
[91, 18, 70], allocate compute conditioned on the input [84, 71, 2], network initialization [7, 110].

B.2 Efficient Training Meta-Studies

Budget-centric recipes. A different line of work investigates budget-centric training recipes, for
example, for academic settings with multiple GPUs [38, 114], or hard time constraints such as
training on a single GPU for one day [36, 29, 69]. Our work adopts some of the recipes proposed by
Geiping & Goldstein [29], Nawrot [69] and aims to complement them by investigate (other) speedup
techniques.

Empirical Meta-Studies of Training Transformer-based models. Narang et al. [68] study Trans-
former modifications across implementations and applications, finding that most do not meaningfully
improve performances. Similarly, Tay et al. [90] study the scaling properties of various Transformer-
based architectures (some of which are designed for efficiency), concluding that the original Trans-
former proposed by Vaswani et al. [93] has the best scaling behavior. Dehghani et al. [20] discuss
how common cost indicators of machine learning models have different pros and cons and how
they can contradict each other. Further, they show how training time can be gamed. Our work is
heavily inspired by Dehghani et al. [20] and aims to complement it in two ways: (1) by proposing to
normalize WCT across different systems (using RST) and (2) by a thorough experimental study in
the case of pre-training Transformer-based language models.

Closest to our work is the concurrent work by Dahl et al. [17], who exhaustively discuss various
pitfalls of benchmarking neural network optimizers. Among other considerations, they propose to
benchmark algorithms within a fixed runtime budget, a practice we agree with and use in our work
too. We believe our work additionally complements theirs by other methods beyond optimizers.
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Figure 8: Grid search performed on the hyperparameter γf for layer dropping in a 24-hour budget
setting. For the T5 model with layer dropping we also test smaller learning rate (1e− 2), because
we observe instabilities with the original one (2e− 2). We mark runs with learning rate = 2e− 2
with a ∗. The upper plots depict the training loss for each method, while the lower plots showcase the
average number of active layers.

C Hyper-Parameter Search

C.1 Layer stacking: When To Stack

Figure 7 illustrates that layer stacking has relatively low sensitivity to different stacking RST hour
times, namely {(2.4, 7.2), (3, 7.2), (7.2, 9.6)}, with {(2.4, 7.2), (3, 7.2)} yielding similar perfor-
mance and (7.2, 9.6) slightly underperforming. For our experiments in Section 4.3, for both BERT
and T5, we choose (3, 7.2), as it maintains the same stacking step

all training steps ratio proposed by Gong et al. [30].

C.2 Layer dropping: How to Drop

In Figure 8, we observe that different choices of γf yield comparable performance for both the BERT
and T5 models. However, the layer dropping training curves for the T5 model are notably spikier than
those of the baseline, suggesting that the layer dropping method demonstrates less stability during
training with this architecture. As a result, we also tested a smaller learning rate (1e− 2), in contrast
to the original training rate (2e− 2), which ultimately yielded better results. The parameters selected
for our experiments in Section 4.3 were γf = 20, lr = 1e− 2 for T5 and γf = 100 for BERT.

C.3 Selective backprop: Selectivity Scale

We tune the selectivity scale β, where β ∈ {1, 2, 3}. Jiang et al. [39] use 33% and 50% selectivity
in their experiments, which approximately corresponds to β = {1, 2}, respectively. We find that
the larger the β value, the worse the pre-training performance. Note that the higher the β value, the
more forward passes selective backprop needs to perform in order to collect enough samples for a
backward pass, which decreases the total number of parameter update steps within the RST budget.
For the experiments in Section 5.3, we chose β = 1, as it consistently achieves the best performance.

C.4 RHO loss: Mega-batch Size

RHO loss requires one additional hyper-parameter, the size of the mega-batch, from which the
mini-batch then gets subsampled from. We tune this hyper-parameter in Figure 10a and similar to
Appendix C.3, we find that the larger this size gets, the worse the validation loss. We started tuning
it based on BCWK, and given the clear hierarchy we observed; we decided not to tune it on other
datasets and simply set it to 2x (3072).

Another implicit set of hyper-parameters is how to pre-train the proxy/irreducible loss models. Here,
we follow suggestions by Mindermann et al. [66] and choose the same architecture as the target model.
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Figure 9: Selective backprop grid search: we tune the β hyperparameter. Each plot shows the
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(b) Validation losses for training the RHO loss
proxy/holdout model across three datasets.

We split all datasets into 20% proxy model pre-training, ~1% proxy model validation, and ~79%
target model pre-training set (later, during target model pre-training, we further split the remaining
79% into train and validation set). For BCWK and C4, we train for 12 hours; for MP, we train for 6
hours only since it is much smaller and we want to avoid over-fitting. Other than varying the dataset
splits and training budgets, we use the same hyper-parameters from Section 3.

Figure 10b shows the validation loss during proxy model pre-training; none of the models over-fit,
and all of them reach reasonable losses. For reference, one may compare their values with the baseline
in Figure 9, which shows the validation losses using data from the same dataset sources.

C.5 Lion: Learning Rate (LR) And Weight Decay (WD)

The authors of Lion provide the following guidelines [13, page 14]:

“The default values for β1 and β2 in AdamW are set as 0.9 and
0.999, respectively, with an ϵ of 1e − 8, while in Lion, the

default values for β1 and β2 are discovered through the pro-
gram search process and set as 0.9 and 0.99, respectively.”

We adopt these default β1, β2 hyper-parameters. Next, we look at LR and WD (also from [13]).
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Architecture LR WD
BERT-Base-like {1e-4, 3e-4, 5e-4, 7e-4} {0.03, 0.05, 0.07, 0.1}

T5-Base {5e-4, 7.5e-4, 1e-3, 2.5e-3, 5e-3, 2e-2} {0.0}

Table 5: Grid Search Space for Lion.
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Figure 11: Lion grid search for both the BERT and T5 model. Training loss over time during
pre-training.

“Based on our experience, a suitable learning rate for Lion is typically
3-10x smaller than that for AdamW. Note that the initial value, peak
value, and end value of the learning rate should be changed simul-
taneously with the same ratio compared to AdamW. We do not mod-
ify other training settings such as the learning rate schedule, gra-

dient and update clipping. Since the effective weight decay is lr ∗λ;
update+=w ∗ λ; update *= lr, the value of λ used for Lion is 3-10x
larger than that for AdamW in order to maintain a similar strength.”

To recap (details in Section 3), for AdamW, we use base LRs of 1e-3 and 0.02, respectively. For
BERT, we use a WD of 0.01, while we disable it for T5 respectively.

Hence, following the above guidelines, we define the grid search space as described in Table 5.

For BERT, we determine a LR of 7e-4 and a weight decay of 0.1 to be best, as illustrated in Figure 11a.
For T5, we do not use any weight decay (following Raffel et al. [77], Shazeer [82]) and find an LR of
7.5e-4 to yield the best performance, as shown in Figure 11b. For all optimizers, we follow Nawrot
[69] to integrate RMS-LR scaling to facilitate convergence.

C.6 Sophia: Learning Rate (LR), Weight Decay (WD) and ρ

The official code repository 5 suggests the following:

5https://github.com/Liuhong99/Sophia/blob/main/README.md

22
7924025814https://doi.org/10.52202/075280-1122



2.5 5.0 7.5 10.0
RST (hours)

2.5

3.5

M
L

M
lo

ss

2.5 5.0 7.5 10.0
RST (hours)

200

1900

W
ei

g
h
ts

L
2

N
o
rm

baseline
ρ=0.01
ρ=0.03
ρ=0.05
ρ=0.1

Figure 12: Inserting Sophia as Drop-in Replacement (FP16) for BERT resulted in NaN Losses.
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Figure 13: Lowering LR to 1e-4 of Sophia for BERT Slows Down Convergence (FP16).

“Choose lr to be about the same as the learning rate that you would use
for AdamW. Some partial ongoing results indicate that lr can be made

even larger, possibly leading to a faster convergence. Consider choosing
ρ in [0.01, 0.1]. ρ seems transferable across different model sizes. We
choose rho = 0.03 in 125M SophiaG. The (Ir, rho) for 355M, Sophia-
G is chosen to be (5e − 4, 0.05) (more aggressive and therefore, even

faster!) Slightly increasing weight decay to 0.2 seems also helpful.”

First, we followed the above guidelines, replaced AdamW with Sophia, and simply tuned ρ ∈
{0.01, 0.03, 0.05, 0.1}. All of these runs led to NaN losses, which we illustrate in Figure 12. Next,
we lowered the learning rate to 1e-4, which mitigated the instabilities but resulted in much slower
convergence, as shown in Figure 13.

We then decided to switch from FP16 to BF16, which improved training stability. Further, we
manually tuned the LR, WD, and ρ values, as shown in Figure 14. Since we noticed a strong negative
correlation between ρ and the training loss, we decided to stick to ρ = 0.01. The best performance
was achieved with an LR of 4e-4 and a WD of 0.015. We follow Nawrot [69] to integrate RMS-LR
scaling to facilitate convergence, as for all optimizers.

For T5, we vary the learning rate within the range of {2e−2, 5e−3, 2.5e−3, 1e−3, 7.5e−4, 5e−4},
and ρ in {5e−2, 1e−2}. Figure 15 show the results; similar to BERT, we observe better performance
with a smaller ρ. The best performance comes with ρ = 1e− 2 and LR of 1e-3.

We acknowledge that there are additional hyper-parameters like ϵ and k that we did not tune because
we followed the author’s suggestions. Future work may investigate their effects on the training
speed-ups too.
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Figure 14: Sophia grid search for BERT (BF16). Training loss over time during pre-training.
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Figure 15: Sophia grid search for the T5 model. Training loss over time during pre-training.

D Additional Results

D.1 Training BERT, Evaluating on GLUE

We notice that on specific GLUE datasets, the efficiency methods have little effect on performance
(MNLI, SST-2, QNLI, QQP, MRPC). Across all datasets, CoLA appears to have the largest gains
from efficient training. Averaged across all datasets, efficient training methods have little effect. We
report the exact numbers in Table 1 (left) for layer stacking and layer dropping. In these experiments,
layer dropping barely outperforms the baseline given a 6-hour RST budget. For a 12-hour budget,
both stacking and layer dropping inch above the baseline, and stacking only produces more accurate
results than the baseline and layer dropping for a 24-hour budget. In our study, we also compare
the performance of the efficient methods on the T5-base model evaluated on the SNI benchmark
and report the results in Table 2. From our observations, layer stacking is particularly noteworthy,
demonstrating superior performance in a 6-hour training period, significantly outperforming the other
methods. However, as the training budget is increased to 12 hours, the gap between baseline and
layer stacking starts to diminish. In a 24-hour training scenario, baseline exhibits a marginally better
performance than layer stacking, highlighting the efficacy of the baseline method given sufficient
training time. Notably, both baseline and layer stacking consistently outperform layer dropping across
all the time budgets.

D.2 Layer dropping on small datasets

The layer dropping paper [107] trains on the Bookcorpus+Wikipedia dataset for 186 epochs, while the
original BERT paper trains for only 40 epochs [22]. They do not report results for the baseline trained

24
7924225816https://doi.org/10.52202/075280-1122



baseline stacking layer drop selective backprop RHOLoss

40

77

100

6
h
rs

40

78

100

1
2
h
rs

MNLI SST-2 STSB RTE QNLI QQP MRPC CoLA avg
40

78

100

2
4
h
rs

75

85

70

80

70

80

Figure 16: BERT models evaluated on GLUE. The black vertical error bars indicate the standard
deviation over three seeds. The black horizontal line shows the average performance of the baseline.
For clarity, the individual tasks are plotted against the left-hand axis, while the average accuracy is
plotted against the right-hand axis.
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(b) Motivation behind selective backprop (SB) [39].

with a schedule based on fewer epochs. Given the possibility of overfitting due to the high number
of epochs layer dropping’s similarity to dropout [89], and dropout’s known efficacy for language
model pre-training with repeated data [104], we raise the question of whether layer dropping acts as
a regularizer.

Note that given the abundance of pre-training data for language models, even the largest and most-
expensively-trained models [34, 14, 92] are typically trained within a one-epoch regime, which has
been shown to improve performance over training for multiple epochs on a smaller dataset [51, 77].
Hence, we exhaust the compute budget before passing through all available training data more than
once. In contrast, Zhang & He [107] use a smaller dataset and thus complete 186 epochs during
training. Thus, their training setup likely corresponds to an overfitting regime.
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To investigate this, we repeat the experiment with a truncated training dataset, resulting in the
experiment performing roughly 180 epochs. The result is shown in Appendix D.1. The plot confirms
our suspicion: when the baseline training procedure overfits, layer dropping can help mitigate this,
preventing the validation loss from increasing as training time increases.
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