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Abstract. Layer dropout (a.k.a. stochastic depth) has been shown to enable faster training, higher accuracy,
and robustness to zero-shot layer pruning in both language and vision transformers. However, as models
and datasets have scaled, dropout—particularly layer dropout—has largely disappeared from large language
models (LLMs) pre-training recipes. While some prior work has reported that dropout can degrade accuracy,
no comprehensive study has quantified, let alone mitigated, this effect. In this study, we show that layer
dropout should be used in state-of-the-art LLM training, establishing best practices and scaling analysis for
both training and post-training benefits. Concretely, with optimal layer distribution, time schedule, and
optimizer hyperparameters, we observe that at the same training FLOPs layer dropout leads to lower loss.
For a given number of training steps, LLMs can achieve lower or similar validation loss while saving upto
25% of training FLOPs. Moreover, layer dropout enables significant post-training optimizations, such as
early exit, intermediate-layer skipping, and self-speculative decoding, yielding up to 1.5x inference speedup
with negligible accuracy loss. Across more than 2400 training experiments, spanning models from 271M to
8.2B parameters and datasets up to 160B tokens, we demonstrate that these findings extend reliably to
large-scale training regimes. All pre-training experiments were run on Cerebras CS-3 systems.
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Figure 1: Layer dropout as a unified mechanism for efficient LLM training and inference. (Left)
Layer dropout skips layers stochastically during pre-training, leading to faster training, and with our proposed
configuration, does so without sacrificing validation loss. (Center) Trained models gain zero-shot “elastic
depth,” degrading gracefully under early exit and layer skipping. (Right) This robustness carries over to
post-training adapters and self-speculative decoding for lossless inference speedup.
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1 Introduction

Pretraining large language models (LLMs) demands extraordinary computational resources (Narayanan et al.,
2021; Meng et al., 2025), where small improvements in time-to-accuracy can save millions of dollars (Coleman
et al., 2019; Shen et al., 2024) and reduce carbon emissions (Acun et al., 2023; Wang et al., 2025).

Historically, regularization techniques improved validation accuracy for given training budgets by reducing
overfitting and stabilizing optimization (Moradi et al., 2020; Wang & Manning, 2013; Murugan & Durairaj,
2017). Dropout was widely adopted in convolutional networks (Hinton et al., 2012) and early transform-
ers (Vaswani et al., 2017). However, as LLMs scaled to billions of parameters and trillions of tokens, dropout
has been largely abandoned (Raschka, 2025). Models trained for a single epoch over massive datasets
have little opportunity for classical overfitting, and empirical evidence suggests activation dropout degrades
performance under these conditions (Liu et al., 2025).

One type of dropout, Layer Dropout, also known as Stochastic Depth (Huang et al., 2016), can provide
benefits beyond regularization. Unlike activation dropout or unstructured sparsity, which typically do not
translate into wall-clock speedups due to sparse-kernel overheads, skipping entire transformer blocks yields
structured sparsity that can reduce active training FLOPs almost linearly with the dropout rate (Zhang &
He, 2020; Elkerdawy et al., 2021). It also encourages robustness to reduced-depth execution at inference time,
enabling a single pretrained model to dynamically adapt to different latency and compute budgets without
retraining. This supports zero-shot depth-wise optimizations such as elastic depth (Fan et al., 2020), early
exit (Elhoushi et al., 2024), and intermediate layer skipping (Huang et al., 2016; Cai et al., 2021).

Despite layer dropout’s promise, its role in state-of-the-art LLM pretraining has never been established
through a comprehensive evaluation at scale. Existing evidence is fragmented across model families, dataset
sizes, and implementation conventions. Many reported degradations may reflect suboptimal schedules or
hyperparameters, rather than fundamental limitations. This leaves a basic unresolved question: should layer
dropout be used in modern large-scale LLM training, and if so, how should it be configured to preserve accuracy
while delivering training and deployment benefits?

We provide the first unified experimental study of layer dropout in LLMs, systematically varying (i) optimizer
hyperparameters, (ii) depth-wise distribution and granularity of layer sparsity, and (iii) temporal dropout
schedules, across fixed architecture and data. Across 2400+ training runs spanning 271M to 3.9B parameters
and up to 116B tokens, we identify configurations that reliably improve training and inference efficiency. Our
contributions are:

1. Improved Compute—Accuracy Trade-offs: Properly configured layer dropout reduces training
FLOPs while achieving validation loss competitive with, and in several cases superior to, dense baselines
at scale.

2. Joint Optimization Framework: We identify key interactions between dropout configurations,
schedules, and optimizer hyperparameters that mitigate degradations observed in prior work.

3. Depth-Elastic Inference: The average training dropout rate predicts zero-shot robustness to early exit
and layer skipping without retraining.

4. Scaling Analysis and Best Practices: We analyze performance across model and data scales,
recommending a progressively increasing distribution across depth paired with a decreasing schedule
across steps, yielding up to 256% training FLOPs savings and up to 1.5x inference speedup.

2 Related Work

Dropout granularity and scope. Dropout encompasses a family of techniques that differ in the granularity
at which stochastic sparsity is applied. Prior work distinguishes activation-level dropout, weight-level dropout
(e.g., DropConnect (Wan et al., 2013)), and structured dropout that operates on groups of parameters such
as channels, layers, or blocks (Salehin & Kang, 2023). In this paper, we focus exclusively on structured,
depth-wise dropout—i.e., stochastic removal of entire transformer blocks during training—commonly referred
to as layer dropout or stochastic depth (Huang et al., 2016). We do not study neuron-level or weight-level
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dropout, which induce fine-grained sparsity and are known to interact differently with hardware efficiency
and optimization dynamics.

Dropout in large-scale LLM pretraining. As language models scaled to billions of parameters and
trillion-token datasets, explicit regularization techniques—including activation dropout—have largely disap-
peared from state-of-the-art pretraining recipes. Early decoder-only models such as GPT-3 (Brown et al.,
2020) and OPT (Zhang et al., 2022) retained the dropout settings inherited from Vaswani et al. (2017),
while later models such as PaLLM (Chowdhery et al., 2022) applied dropout only during finetuning, and
LLaMA-style models no longer explicitly document its use. Recent empirical studies further suggest that
activation dropout can degrade performance in single-epoch, large-data regimes (Liu et al., 2025), reinforcing
the prevailing view that dropout is unnecessary or harmful at scale. At the same time, dropout has been
shown to remain beneficial in multi-epoch or data-limited settings (Xue et al., 2023), indicating that its
utility is highly regime-dependent.

Importantly, techniques originally introduced as regularizers may persist in modern LLM training for reasons
unrelated to overfitting prevention. Weight decay, for example, has been shown to primarily influence
optimization dynamics rather than classical generalization in large-scale pretraining (D’Angelo et al., 2024).
This motivates re-examining dropout—particularly structured variants—without assuming that its value
must stem from regularization in the traditional sense.

Layer dropout across scale. Layer dropout was originally proposed to stabilize optimization in very deep
residual networks (Huang et al., 2016) and later become standard in large-scale vision models. However, its
optimal strength has been observed to diminish as dataset scale increases: for example, ConvNeXt models
trained on ImageNet-22K require substantially lower dropout rates than those trained on ImageNet-1K (Liu
et al., 2022). A similar pattern appears in language modeling. Progressive Layer Dropout (Zhang & He, 2020)
and LayerDrop (Fan et al., 2020) reported improved convergence and robustness in BERT-era, multi-epoch
settings on relatively small corpora. In contrast, more recent work applying layer dropout to decoder-only
LLMs trained on large token budgets has reported non-negligible accuracy degradation (Elhoushi et al., 2024),
suggesting that naive extensions of earlier recipes may not transfer to modern regimes. To date, the literature
lacks a controlled, large-scale evaluation that reconciles these conflicting findings by systematically varying
dropout configurations and optimizer settings.

Training-aware approaches to depth elasticity. Layer dropout is closely related to a broader class
of training-aware methods designed to enable inference-time efficiency. In compression, approaches such as
Quantization-Aware Training (QAT) consistently outperform post-training quantization by exposing the
model to reduced precision during optimization (Stock et al., 2021). Analogously, depth-aware training
aims to make models robust to reduced depth at inference time. Prior work has explored achieving depth
elasticity via auxiliary losses, routers, or adapters added during or after pretraining, including early-exit
models (Jamialahmadi et al., 2025), routing-based skipping (Jiang et al., 2024; Raposo et al., 2024), and hybrid
speculative decoding schemes (Zhang et al., 2024a). Other approaches train elastic architectures explicitly,
such as Once-for-All (Cai et al., 2020), MatFormer (Devvrit et al., 2024), and Nemotron-Elastic (Taghibakhshi
et al., 2025). While effective, these methods typically introduce architectural changes, additional parameters,
or auxiliary objectives.

Layer dropout occupies a distinct position within this landscape: it induces robustness to depth-wise inference
optimizations directly during pretraining, without modifying the model architecture or introducing additional
losses. Prior work demonstrated that this can enable elastic inference at small scales (Fan et al., 2020), but
whether similar benefits can be realized at modern LLM scales without sacrificing base-model accuracy has
remained unresolved.

3 Methodology

In our experiments, we train decoder-only transformers following the architecture of Celerity models (Bergsma
et al., 2025b): ALiBi position embeddings (Press et al., 2022), squared ReLU activations (Zhang et al., 2024b),

© 2026 Cerebras Systems Inc. All Rights Reserved. 3



Don’t Drop Dropout: Optimizing Layer Sparsity for Efficient LLM Training and Inference

and Llama3 vocabulary (Grattafiori et al., 2024). Specific architectural dimensions for all model sizes are
detailed in the Appendix. Our datasets are obtained from a diverse corpus of natural language text and code.

To develop best practices and quantify the effects of layer dropout, we first identify optimal hyperparameters
for each dropout rate (Sec. 5). We then determine optimal granularity (Sec. 6) and configuration (Sec. 7).
Following Hoffmann et al. (2022), these experiments utilize a compute-optimal budget of 20 tokens-per-
parameter (TPP) at each model size. Subsequently, we evaluate benefits across various depth-wise inference
optimizations (Sec. 8), then quantify accuracy as training scales to larger datasets (Sec. 9). We conclude with
larger-scale runs with aggressive dropout rate to demonstrate its final performance and inference advantages.

4 Preliminary

General Formulation of Layer Dropout We start by denoting residual layer ¢ € {0,...,L — 1}, of an L
layer neural network at training step ¢ € {0,...,T — 1}, as:

H€+1,t _ Hf,t + f@(HZ,t) (1)
where, in the domain of natural language processing, activation tensor H € REXS*X4 B is batch size, S is
sequence length, d is hidden dimension.

When layer dropout is applied with rate p'?, the operation of the layer during training at step ¢ becomes:
HOTLE = HY ol MO (YY) (2

where mask M** € {0,1}# ~ Bernoulli(1 — p**) is a Bernoulli random vector, and 7, is a scaling factor
applied during training. 7.y is defined differently in different layer dropout literature, and we will discuss
our choice later.

The b*" sequence of H during training is now equal to':

Hz’t [b7 :7 ::I’

. . | with probability p, ‘)
H b, :,:] = 3
He’t[bv 5 :] =+ Tf;;infl (Hl’t[bv 5 :])7

with probability 1 — p.

While layer dropout could be implemented during training by executing f(H®?) on all sequences b €
{0,1,..., B — 1} of H, and multiplying its output by M**, a more efficient implementation would be to only
execute f(H’*) on sequences b € {b; | M%t[b;] = 1}. This leads to a saving a portion p of training FLOPs of
the layer.

During inference, dropout is typically disabled and a distinct scaling factor, rﬁval, is applied:

H = H 4ol (HY) (4)
Layer Dropout for a Transformer We denote the operation of layer ¢ € {0,...,L — 1} of an L, layer

transformer model, at time step ¢ € {0,...,T — 1}, during training as:

25 = X5 4 [l (X

XZJrl,t — Zl,t + f{lﬁl(zz,t) (5)

where X, Z € REXSxd_ f£ s the attention layer and f§, is the feed-forward network (FFN).2

LFor neuron dropout, i.e., the default variant of dropout introduced by (Hinton et al., 2012), M € {0, 1}{B><S><d}.

2This is a simplified form that does not refer to layer normalization or different variants of attention and FFN, but the
subsequent formulation generalizes to different transformer variants that include pre-, post-, layer normalization, different
variants or alternatives to attention, FFNs, and mixture of experts, as long as residual connection exists.
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When layer dropout is applied with rate p?, the operation at transformer layer, ¢, step, t, during training
becomes:

Ot _ ~reit 0.t £t
Z =X" + TtramMattnfattn(X )

(6)
Xé+1 K Ze ! + TtralnMﬁfflfffn(Zé t)

and during inference becomes:
0t ~lit £t 0t
Z =X +r attn(X )

eval

X€+1 t ZZ t + Tevalfffn(zz t)

5 Hyperparameters

Background To avoid the “hyperparameter lottery” phenomenon (Dey et al., 2024), and to ensure we
compare against a strong baseline, we systematically optimize learning rate, batch size, and weight decay for
each dropout rate before evaluating configurations. Prior literature offers varying strategies—from coupling
dropout with maz-norm regularization (Hinton et al., 2012) to using learning rates 10x larger than baselines
(Zhang & He, 2020)—yet systematic consensus remains elusive. To our knowledge, this is the first study to
perform joint optimization of these hyperparameters for layer-wise dropout. We tune a small model with
dimensions depth Lpase, width dpase 0n dataset Dyase to determine learning rate npase, weight decay Apase,
initialization opase, ans batch size Bpase, then scale via uP (Yang & Hu, 2021), CompleteP (Dey et al., 2025),
and Power Lines (Bergsma et al., 2025a).

Dropout Scale The scaling parameters 7, and reya) from Equations 2 and 4 require careful consideration.
We define layer density p = 1 — p. The choice of scaling parameters varies across different research work and
frameworks. Moreover, they are occasionally left implicit in published papers, and we often need to inspect
their source code to specify which scaling they use. The original dropout paper (Hinton et al., 2012) used
Ttrain = 1, Teval = p- Standard libraries like PyTorch and TensorFlow use 7iain = 1/p for dropout. For layer
dropout, the first stochastic depth paper (Huang et al., 2016) used rpain = 1, Teval = p; DINOv2 (Oquab
et al., 2024)% used ryain = 1/p, Teval = 1; fairseq* (that implemented Fan et al. (2020)) and torchtune®
(that implemented Elhoushi et al. (2024)) set both to 1. We demonstrate that selecting ryain = 1/p is critical
for stable hyperparameter transfer.

To determine the optimal scale factor riain, we follow CompleteP’s Maximal Residual Stream Update
Desideratum (Dey et al., 2025), which facilitates hyperparameter transfer across model depths L

Desideratum 1 (Maximal Residual Stream Update). Each residual block’s weights should contribute
order 1/L to feature movements, and each non-residual block should contribute constant order. More
precisely, for all £ € [L — 1], each block’s parameter update 8° — 6° + A@* should contribute the change
L|AgeH 1|2 € ©(1/L). Moreover, for the embedding and unembedding layers we require %[ AWX||Z € ©(1)
and LIAWLIHL |2 € ©(1).

Since layer dropout reduces the effective depth of the network during training, we treat models with different
dropout rates p as having different effective depths, and apply this desideratum to ensure stable initialization
across these effective depths. Our coordinate checks in Fig. 2 empirically evaluate which scaling factor better
satisfies stable initialization across dropout rates: ry..in = 1 fails, necessitating per-rate tuning, whereas
Ttrain = 1/p largely satisfies these checks, enabling optimal hyperparameters transfer across many layer
dropout rates.

Transfer Test Fig. 3 verifies that 7. = 1/p enables hyperparameter transfer: optimal 7, A, and B
remain constant across dropout rates. Hence, we adopt Table A.2’s transfer rules with ryin = 1/p for all our

upcoming experiments. We set 7eva1 = 1 to ensure that Hﬁjall = E[Hfja}n]

Shttps://github.com/facebookresearch/dinov2/blob/main/dinov2/layers/drop_path.py
4https://github. com/facebookresearch/fairseq/blob/main/fairseq/modules/layer_drop.py
Shttps://github.com/meta-pytorch/torchtune/blob/main/torchtune/modules/layer_dropout.py
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Figure 2: Coordinate Check. Scaling with 7.t = 1/p"* during training with layer dropout yields stable
activation scale across depth density. More details in Sec. B.
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Figure 3: Analysis of hyperparameter transferability on 271M model. We observe that optimal value for each
hyperparameter remains similar across most layer dropout rates with the scaling factor ram = 1/p.

6 Dropout Granularity

6.1 Model Granularity

Background When layer dropout was first introduced by (Huang et al., 2016), it was applied on residual
blocks in CNNs, where each residual block consisted of two convolution-batchnorm pairs, separated by ReLU.
In transformers, each layer consists of 2 residual blocks: an attention residual block followed by a FFN
residual block. An open question is whether to apply layer dropout separately to attention and FFN (i.e., the

Bernoulli mask tensors Mﬁfm and Mﬁffl are sampled independently at each training step, ¢), which we refer

to as Sub-Layer Dropout, or to apply it on the whole transformer layer (i.e., Mﬁ’tttn = Mﬁf’i V¢), which we
refer to as Layer Dropout. Different research work have used different types: DINOv2 (Oquab et al., 2024)
and (Zhang & He, 2020) used sub-layer dropout, while LayerDrop (Fan et al., 2020) and LayerSkip (Elhoushi
et al., 2024) used layer dropout. However, to the best of our knowledge, we are the first to systematically

evaluate a comparison between them.

Analysis In Table 1 we compare layer dropout and sub-layer dropout at various model sizes. The results
clearly show that in terms of accuracy, Layer Dropout is better. Note that as model size increases, loss
degradation introduced by dropout diminishes, which will later encourage us to try larger dropout rates for
larger models. This may be contrary to the notion that finer grain sparsity leads to higher accuracy, but
could be explained by other research work that show that attention and FFN work in tandem (Agarwal
et al., 2026). We leave investigating the reason sub-layer dropout underperforms layer dropout, and also leave
investigating other configurations such as applying dropout only on attention or only on FFN, for future
work.

Finding 1: Layer dropout that drops whole transformer blocks for each sample, leads to higher accuracy results
than sub-layer dropout that drops attention and FFN sub-blocks separately.
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Table 1: Ablating model granularities. Models trained at 20 TPP.

Model Dropout Dropout Train Val

Size Type Rate Loss | %Al Loss | %Al

271M Baseline — 2.293 0.00% 2.294 0.00%
SubLayer 0.1 2.421 4.72% 2.377 3.61%
Layer &+ 0.1 2.419 3.95% 2.367 3.18%

503M Baseline — 2.140 0.00% 2.110 0.00%
SubLayer 0.1 2.260 3.94% 2.174 3.03%
Layer & 0.1 2.178 2.60% 2.170 2.84%

6.2 Tensor Granularity

Background The next open question we tackle is whether it is better to apply layer dropout at batch
granularity, i.e. M%t[b] = M%t Vb, where M*%* ~ Bernoulli(1 — p®?) is drawn once per layer ¢ and step ¢ (so
MP*![b] takes the same value for all sequences b), or at sequence granularity, i.e. M**[b] ~ Bernoulli(1 — p*?)
drawn i.i.d. for each b (so M%[b] is sampled independently for each sequence b).

In literature, this does not seem to have been discussed, and we usually need to resort to the codebases
of different papers to find out which type each has used. The implementation of the pioneer Stochastic
Depth paper® as well as the fairseq’ implementation of LayerDrop used per-batch layer dropout, while
DINOv2 (Oquab et al., 2024)%, timm”, and torchtune'’ implementation of LayerSkip used per-sequence.
To the best of our knowledge, we are the first to systematically compare per-batch and per-sequence layer
dropout.

Analysis Fig. 4 compares the accuracy results of applying layer dropout per batch and per sequence.
The results clearly show that per-sequence leads to better losses. This is in line with the notion that finer
grain sparsity leads to higher accuracy. In terms of compute performance, per-batch layer dropout has the
advantage of not having to load the weights of a layer during a training step. However, if training is compute
bound (i.e., batch size and context length are large enough), per-sequence dropout should lead to speedup
similar to per-batch dropout as both save the same compute FLOPs. A middle ground that could combine
the benefits of not loading weights of per-batch dropout and fine-grain sparsity of per-sequence dropout,
could be satisfied in distributed training where each device drops different batches, or training with gradient
accumulation where a different mini-batch is dropped per gradient accumulation step. We leave exploring
such approaches, as well as comparing with even finer-grain dropout such as per-token or per-neuron, for
future work.

Finding 2: For any given layer dropout rate, dropout per-sequence leads to lower loss than dropout per-batch.

7 Dropout Configurations

7.1 Dropout Distribution

Background Various dropout distributions across layers have been proposed to optimize training efficiency
and model depth. We formalize three primary distributions for dropout rate p at layer ¢:

1. Uniform Distribution: where all layers have the same dropout rate, pﬁﬁiform = Dmax-

Shttps://github.com/yueatsprograms/Stochastic_Depth/blob/master/ResidualDrop.lua
"https://github.com/facebookresearch/fairseq/blob/main/fairseq/modules/layer_drop.py
8https://github.com/facebookresearch/dinov2/blob/main/dinov2/layers/drop_path.py
9https://github.com/huggingface/pytorch-image-models/blob/main/timm/layers/drop.py
Onttps://github.com/meta-pytorch/torchtune/blob/main/torchtune/modules/layer_dropout.py
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Figure 4: Ablating tensor granularity. Models trained at 20 TPP.

2. Increasing Layer Distribution (ILD): where dropout rate starts at 0 at the first layer and linearly
increases across layers to reach pnax at the last layer, pfffD = % - pmax (Huang et al., 2016; Oquab
et al., 2024; Zhang & He, 2020; Elhoushi et al., 2024).

3. Alternating Layer Distribution (ALD): where layer dropout is only applied at every other layer,
pffLD = Pmax * lézl(mod 2) (Fan et al., 2020)

where ppax is the maximum dropout rate. Note that p&iD € {0, pmax }, whereas pffD € [0, Pmax]-

For any distribution, the average dropout and corresponding nonembedding FLOPs'! savings at step ¢ are
defined as:

1 _
= FLOPs Savingst =7 ZL:ol pbt 8)

t
Prean

Mathematically, pfyp = 0.5pmax'~ and phyp = LLI{QJ Pmax, Which is &~ 0.5pmay for typical L. To the
best of our knowledge, this study is the first to systematically analyze the differences between these layer

dropout distributions at fixed FLOPs budgets.

Analysis In Table 2, we compare uniform, ILD, and ALD grouped by equivalent FLOPs savings, finding
that non-uniform distributions consistently outperform uniform ones under a fixed average dropout (as well as
fixed FLOPs budget). While ALD is superior at the smallest model size, its advantage diminishes with scale,
whereas ILD’s improvement over uniform widens. Although our ALD results with ppax = 0.2 do not beat the
baseline as reported in the multi-epoch regime of LayerDrop (Fan et al., 2020), the observed reduction in
dropout-induced degradation as models grow encourages further investigation at larger scales.

Finding 3: For the same training FLOPs budget, non-uniform dropout distribution across layers is better than
uniform. As a model scales, ILD is recommended.

7.2 Dropout Schedule

Background While distributions govern sparsity across depth, the temporal schedule determines how
regularization pressure evolves throughout pre-training. Hillier et al. (2024) found decreasing schedules were
better for LLM pre-training, whereas increasing schedules were superior for fine-tuning; however, Liu et al.
(2025) recently claimed both fail in modern regimes. We formalize various time schedules for dropout rate p
at step t over total duration T, where pgist represents a chosen layer distribution:

1. Constant Time Schedule: where dropout rate is constant throughout training steps, p&h an = Phice-

HFor the remaining of the paper, we use the term FLOPs to refer to nonembedding FLOPs.

2Follows from applying the arithmetic series formula Z::Ol a; = %(ao + an—1) to the per-step mean prD =

1 L-1 ¢t _ 1 L-1 _¢ _ Pmax L 0 L—1\ _ 1
fZe:o Pup =T Ze:o LT—1 Pmax= "7 "% (L—l + L—1) = 3 Pmax-
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Table 2: Analysis of Dropout Distributions across layers. Models trained at 20 TPP.

Model Training Max Rate Dropout Val % A
FLOPs Distb.
Savings

0% - - 2.294  0.00%

0.1 Uniform 2331  1.62%
271M 10% 0.2 Alternating ¢  2.323 1.29%
0.2 Increasing 2.328 1.52%

0.2 Uniform 2.369  3.27%
20% 0.4 Alternating “*  2.357 2.76%

04 Increasing 2.363  3.01%

0% - - 2.110 0.00%

0.1 Uniform 2.141 1.48%

503M 10% 0.2 Alternating “*  2.143 1.57%
0.2 Increasing 2.132 1.08%

0.2 Uniform 2174 3.05%

20% 0.4 Alternating 2.169 2.82%
0.4 Increasing “*  2.162 2.48%

0% - - 1.953 0.00%

906M 10% 0.1 Uniform 1.977  1.26%
¢ 0.2 Alternating  1.979  1.36%
0.2 Increasing “*  1.972 1.01%

20% 0.2 Uniform 2.008 2.82%

o 0.4 Alternating  2.004  2.66%
0.4 Increasing “*  1.998 2.34%

2. Increasing Time Schedule (ITS): where dropout rate starts at 0 at the beginning of training and
linearly increases to pfhst at the end of training, pfﬁfs = pgist . (ﬁ)

3. Decreasing Time Schedule (DTS): where dropout rate starts at pﬁist at the beginning of training

and linearly decreases to 0 at the end of training, p%frs = phist - (1 — 77
To compare these schedules fairly, we define the mean training dropout P as the average rate across depth

and time, representing total active training FLOPs savings:

p . L 11 L-1
P = FLOPs Savings, ;. = T 2t=0 (% >t pfvt) (9)

Consequentially, Puniform 1Ts = 0.5Pmax and PiLp 17s = PiLp prs = 0.25pmax ™.

Analysis In Table 3, we group configurations by total FLOPs savings. Across all scales, decreasing schedules
consistently outperforms constant and increasing schedules. Notably, at 5% FLOPs savings for 503M & 906M,
combined ILD and DTS achieves lower validation losses than the dense baseline, demonstrating for the first
time that it is possible to beat the dense baseline with fewer training FLOPs.

13 _ 1 T—-1~L—1 1t Lt ot 1 Lt _z(_ t) : :
PiLp,pTS = T =0 =0 PILD DTS’ where p;jy = p° 5 and ppg =p' (1 — 727 ). Separating the double sum into

independent factors and applying the arithmetic series formula Z:;ol a; = %(ao + an—1) to each, the inner sum over [ evaluates

to %(0 4 1) - pmax and the outer sum over ¢ evaluates to %(1 + 0), yielding the closed form Pir,p prs = i - Pmax-
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Training Max Layer Time 271M 503M 906 M
FLOPs Dropout Dist. Sched.
Savings Val % A Val % A Val % A
0% - - - 2.294 0.00% 2.110 0.00% 1.953 0.00%
5% 0.05 - - 2.311 0.77% 2.124 0.67% 1.963 0.54%
0.1 Increasing - 2310  0.73% 2.121  0.56%  1.961 0.42%
0.2 Increasing Increasing 2325  1.36% 2.139  1.38%  1.979 1.34%
0.2 Increasing  Decreasing “* 2.304 0.46% 2.110 0.03% 1.951 —0.06%
10% 0.1 — — 2.331 1.62% 2.141 1.48% 1.977 1.26%
0.2 Increasing - 2.328 1.52%  2.132 1.08%  1.972 1.01%
0.4 Increasing Increasing 2.357 2.75% 2.172 2.95% 2.014 3.15%
0.4 Increasing Decreasing ¥ 2.312 0.82% 2.116 0.28% 1.955 0.10%
20% 0.2 - - 2.369 3.27% 2.174 3.05% 2.008 2.82%
0.4 Increasing - 2.363 3.01% 2.162 2.48% 1.998 2.34%
0.8 Increasing Increasing 2442 6.46%  2.257  6.99% = 2.090 7.04%
0.8 Increasing Decreasing ©* 2.361 2.93% 2.147 1.75% 1.983 1.55%

Table 3: Ablating dropout time schedule. We group different dropout configurations that have the same
active non-embedding FLOPs reduction induced by layer dropout across all training steps. Models trained at
20 TPP.

Conversely, increasing schedule significantly degrades loss. While (Zhang & He, 2020) reported positive
results with an exponential increasing schedule, we do not observe benefits in our large-scale single-epoch
regime. We hypothesize the decreasing schedule’s effectiveness stems from high initial noise at the beginning
of training forcing weight space exploration (reducing bias), while subsequent decay allows settling into a
stable minimum (reducing variance). This can also be viewed as a form of stochastic model growing, where
effective capacity increases smoothly throughout training without explicit re-initialization of conventional
model growing (e.g., (Samragh et al., 2024)). It can also be viewed as a form of curriculum learning (Wang
et al., 2021), that starts training with a hard task of learning using small effective depth and the learning
task gradually becomes easier as effective depth increases.

We leave other schedules such as applying dropout to mid-training, SFT, or continual pre-training for future
work.

Finding 4: For a fixed training FLOPs budget, a schedule decaying from a maximum rate to zero consistently
achieves the highest accuracy, outperforming both constant and increasing schedules across all scales.

Key takeaway 1: The best recommended practice for layer dropout configuration is increasing dropout across
layers and decreasing dropout across time. This leads to the best accuracy for a given training FLOPs budget.

8 Inference Optimizations

A primary motivation for pre-training with layer dropout is to induce robustness to depth-wise optimizations,
including early exit, layer skipping, and layer pruning. We explore techniques that keep pre-trained weights
intact. We categorize such techniques into “Zero-Shot” inference approaches that merely apply autoregressive
decoding inference on a model with fewer layers without any modifications, and “Post-Training” approaches
that add adapters or routers (albeit not modifying the model’s weights) or modify the inference decoding
algorithm. We leave pruning approaches that require fine-tuning or weight modification, e.g., Xia et al. (2024);
Lu et al. (2024), for future work.

© 2026 Cerebras Systems Inc. All Rights Reserved. 10
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8.1 Zero-Shot Inference Benefits

8.1.1 Early Exit

We define early exit at layer ¢/ as executing the embedding layer, transformer layers 0 to ¢ — 1, and the
unembedding layer. This “static early exit” is equivalent to skipping layers ¢ to L — 1. Fig. 5 and A.2
illustrate results for various models. We see that for a model trained without dropout, loss deteriorates
significantly even after exiting one layer earlier, but for a model trained with dropout, loss remains steady
when exiting early for a portion of layers. Throughout all layers, exiting at any layer for a model pretrained
with dropout has lower loss than a model pretrained without, with lower loss for a model pretrained with
higher dropout. Fig. A.2b shows that uniform and ILD exhibit early exit improvements, but ALD does not.

Does a decreasing schedule sacrifice depth robustness by ending training dropout-free? Fig. A.2b says no:
models trained with decreasing schedules significantly outperform zero-dropout baselines at early exit, and
Fig. 5 shows they match - and in some cases exceed - constant schedules when controlling for training FLOPs
— proving that exposure to dropout during early training leaves lasting benefits.

Key takeaway 2: Pre-training with layer dropout not only saves training FLOPs but always leads to better
early exit loss during inference.

Finding 5: For the same pre-training FLOPs budget, decreasing dropout schedule leads to the lowest validation
loss as well as competitive early exit loss.

271M 503M 906M

Val. Loss

1 | I 1
2.5 5.0 7.5 10.0 125 15.0 175 0 5 10 15 20

Exit Layer Exit Layer Exit Layer
Layer Drop Config (Layer, Time)
—— 0.0 —e— 0.1 (Uniform) —e— 0.2 (ILD) 0.2 (Alternating) 0.4 (ILD, DTS)

Figure 5: Early-exit validation loss for different model sizes trained at 20 TPP: no dropout vs. dropout
configurations with 10% FLOPs savings. Additional comparisons in Fig. A.2.

Here, we have covered static early exit where all tokens exit at the same layer. We hypothesize that “dynamic
early exit” where each token exits at a different layer based on a heurestic, router, or an auxiliary model (e.g.,
Schuster et al. (2022)), will lead to better accuracy-throughput tradeoffs on a model pretrained with layer
dropout. However, we leave verifying this hypothesis for future work.

8.1.2 Intermediate Layer Skipping

Layer dropout induces structural robustness enabling models to function when layers are skipped at inference.
As shown in Fig. A.3a, dense baselines exhibit immediate loss spikes when layers are skipped, whereas ALD
facilitates graceful degradation. This zero-shot “elastic” effect allows a 906M model to bridge the gap toward
smaller dense baselines, as shown in Fig. A.3b, providing flexibility typically requiring complex modifications
and/or continual pretraining, like LlamaFlex (Cai et al., 2025) or Flextron (Cai et al., 2024), “for free” within
the standard pre-training recipe.

Ablations at pmax = 0.2 show that while all dropout variants improve skip-robustness, ALD offers superior
retention for non-contiguous skipping (Fig. A.3c). Under iso-FLOP conditions (Fig. 6), ALD maintains lower

© 2026 Cerebras Systems Inc. All Rights Reserved. 11
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Original Model Size
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Figure 6: Intermediate layer skipping loss for models at 20 TPP: baseline vs. dropout configurations with
20% FLOPs savings. Extended results in Fig. A.3.

validation loss than ILD for an equivalent 20% training compute reduction, confirming ALD as optimal for
depth-wise inference elasticity at a fixed budget.

A clear trade-off emerges: ALD excels at skip-robustness but fails at early-exit, while ILD achieves better
base accuracy and early-exit robustness with sub-optimal skip capability. Practitioners should choose based
on deployment needs, and consider ALD with extended training to recover baseline accuracy.

Key takeaway 3: Layer dropout induces an inherent elasticity that allows a larger model to gracefully degrade
to the performance levels of smaller models when layers are skipped, providing a unified architecture for varying
compute constraints.

Finding 6: Average training dropout rate predicts zero-shot robustness to early exit and layer skipping without
retraining.

8.2 Post-Training Inference Benefits

While zero-shot techniques exploit the inherent redundancy of a model, further efficiency gains can be
achieved through targeted post-training modifications that do not alter the pre-trained weights. We define
post-training benefits as those derived from secondary training phases—such as continual pre-training or
fine-tuning—specifically focused on optimizing inference throughput. In this work, we limit our investigation
to “weight-frozen” methods where the transformer backbone remains static, and optimization is achieved by
training auxiliary modules like adapters or routers. This paradigm ensures that the model’s foundational
knowledge is preserved while expanding the Pareto-optimal frontier of its depth-wise flexibility. Here we
cover using adapters and self-speculative decoding, and leave using routers (such as in Jiang et al. (2024)) for
future work.

8.2.1 Early Exit Adapters

Background To evaluate if the structural benefits of layer dropout persist after supervised optimization,
we utilize the Balcony framework for depth-based dynamic inference (Jamialahmadi et al., 2025). Balcony
is a lightweight approach that freezes the pre-trained backbone and inserts additional transformer layers
as “exit adapters” at selected points. These adapters are trained using a self-distillation objective where a
Kullback-Leibler (KL) divergence loss aligns intermediate sub-model outputs with the final layer’s predictions.
While Jamialahmadi et al. (2025) demonstrates that incorporating these adapters directly into the pre-training
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phase leads to even lower early-exit loss compared to post-training addition, such joint training increases the
memory footprint and FLOPs per step, potentially slowing down the pre-training process.

Analysis As shown in Fig. 7, models pre-trained with layer dropout consistently outperform dense baselines
across all model scales—270M, 503M, and 906M—even when exit adapters are only added post-training.
Our proposed method offers a more efficient alternative to joint adapter pre-training: by incorporating layer
dropout, we improve the loss of earlier layers without increasing the memory footprint or computational
overhead during pretraining. In fact, layer dropout actively reduces training FLOPs while inducing a
permanent structural robustness that auxiliary training can leverage but cannot fully replicate on a standard
dense model. Furthermore, models trained with higher dropout rates demonstrate a superior “head-start”
for adapter training, reaching lower validation losses at earlier layers than their low-dropout counterparts,
confirming that depth-aware pre-training is a prerequisite for maximizing the efficacy of post-training
strategies.

= No Dropout 0.4 (ILD, DTS) = No Dropout 0.4 (ILD, DTS)

= No Dropout 0.4 (ILD, DTS)

= 0.2 (ILD) 0.4 (ILD) = 0.2 (ILD) 0.4 (ILD) <0 == 0.2 (ILD) 0.4 (ILD)

Layer 2 Layer 3 Layer 7 Layer 10 Layer 13 Layer 2 Layer 4 Layer 9 Layer 13 Layer 17 Layer 3 Layer 6 Layer 12 Layer 17 Layer 23

(a) 270M (L = 13) 20 TPP. (b) 503M (L = 17) 20 TPP. () 906M (L = 23) 20 TPP.

Figure 7: Early exit losses for models pre-trained with different dropout configurations, followed by freezing
their weights and training early exit adapters as proposed by Balcony (Jamialahmadi et al., 2025). Models
pre-trained with dropout always lead to better early exit losses even after adding exit adapters.

8.2.2 Self-Speculative Decoding

Background Speculative decoding accelerates autoregressive inference by using a fast “draft” model to
predict tokens that are validated in parallel by a larger “target” model, enabling lossless speedup (Leviathan
et al., 2023). Self-speculative methods, such as Draft & Verify, use a subset of the target model’s own layers
to act as the drafter (Zhang et al., 2024a). The effectiveness of this approach depends on identifying a subset
of layers that is small enough for high throughput yet accurate enough to maintain high token acceptance
rates.

Analysis We hypothesized that the structural elasticity induced by layer dropout enables the discovery of
more efficient subsets. While Zhang et al. (2024a) used Bayesian optimization to find draft layers, we also
apply other search methods: genetic algorithms, hill climbing, and simulated annealing, and select the search
result that leads to highest speedup. Results in Table 4 confirm this showing models pre-trained with higher
layer dropout obtain higher speedups during self-speculative decoding. For such models, search methods are
able to find a subset of layers that achieve better trade offs of acceptance rate, «, and draft decoding time,
Tpratt. We leave for future work the evaluation of other self-speculative techniques like LayerSkip (Elhoushi
et al., 2024), which uses early exit for drafting, and Kangaroo (Liu et al., 2024), which employs early exit
with adapters trained in a similar manner to Balcony (Jamialahmadi et al., 2025).
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Model Dropout . .
Size TPP Config. Self-Speculative Decoding

T ra.
Speedup «@ #rgf;

0 1.01x 92% 0.65

970M 20 0.2 (ILD) 1.20x 86% 0.55
0.4 (ILD) 1.35% 89% 0.48

0.4 (ILD, DTS) 1.22x 73% 0.57

0 1.03x 90% 0.66

S04M 20 0.2 (ILD) 1.22x 89% 0.53
0.4 (ILD) 1.43x 97% 0.42

0.4 (ILD, DTS) 1.20x 90% 0.52

0 1.06x 94% 0.66

906M 20 0.2 (ILD) 1.32x 98% 0.49
0.4 (ILD) 1.40x 97% 0.48

0.4 (ILD, DTS)  1.29x  95% 0.52

Table 4: Self-speculative decoding speedup across model scales using Draft & Verify (Zhang et al., 2024a) on
XSUM (Narayan et al., 2018). « € [0, 1] is acceptance rate for draft length v =5, Tp,as is time to decode a
single token for the selected subset of layers, and Trrarget for the full model.

9 Scaling Analysis

In the preceding sections, we demonstrated that for compute-optimal pre-training at 20 TPP, specific layer
dropout configurations—mnotably ILD+DTS—mnot only minimize degradation but can actually surpass the
dense baseline in terms of validation accuracy. However, many ideas in architecture or pretraining in literature
may perform well on small scale but fail to generalize at large scale, rendering them impractical to train
foundational models. Hence, a critical question for modern foundational models is whether such benefits
persist as the model is trained far beyond the compute-optimal point.

Inspired by the predictable scaling frameworks established for model size and data budget (Hestness et al.,
2017; Kaplan et al., 2020; Hoffmann et al., 2022), and the recent investigation into how precision interacts
with data scale (Kumar et al., 2024), we extend our analysis to high-TPP regimes. Our goal is to develop
a scaling analysis that quantifies how the regularization and structural benefits of layer dropout evolve
as the model exhausts its inherent redundancy through prolonged training. This allows us to predict the
performance of sparse-trained models at the trillion-token scale typical of state-of-the-art LLMs.

Our recommended ILD+DTS configuration demonstrates that loss degradation remains remarkably stable as
shown in Fig. 8, typically staying within ~ 0.50% of the baseline even at high TPP. These results indicate
that layer dropout does not impede scaling performance. Instead, the stability observed suggests a robust,
compute-efficient pre-training pathway that maintains structural benefits as we scale to training budgets of
typical modern foundational LLMs.

10 Large-Scale Runs

To conclude the empirical evaluation, this section presents scaling of our optimized layer dropout recipe to
models exceeding the 1B parameter threshold with aggressive dropout rates. This analysis serves to validate
our primary hypotheses: that larger model architectures exhibit inherently higher robustness to structural
sparsity and that aggressive dropout rates are the primary enabler for depth-wise inference flexibility.

Pushing the Limits of Structural Sparsity While previous studies often limited dropout rates to
conservative values, such as 0.1 or 0.2 (Vaswani et al., 2017; Radford et al., 2019), we subject our 1.8B, 3.9B,

© 2026 Cerebras Systems Inc. All Rights Reserved. 14



Don’t Drop Dropout: Optimizing Layer Sparsity for Efficient LLM Training and Inference

2.7 -

2.6 -

2.5-

2.4 -

2.3 -

Val. Loss

2.2 -
2.1-
2.0 -

21 22

503M

23

TPP

Dropout
—— 0.0
—— 0.2
—— 0.4

0.8

24 25 26

Figure 8: Validation loss across TPP for ILD with DTS, showing competitive performance with dense

baselines as tokens-per-parameter increase.

Table 5: Training larger models with aggressive dropout preserves accuracy while accelerating training and

inference.
Model Size 1.8B 3.9B | 8.2B
TPP 20 20 20 20 20
Max Dropout 0 0.6 0 0.8 0.99
Layer Dist. - Inc. - Inc. Inc.
Time Sched. - Dec. - Dec. | Dec.
FLOPs Savings 1 0% 15% | 0% 20% | 25%
Val. Loss | 1.849 1.836 |1.732 1.745 | 1.663
Skip Alt. Layers | 4.260 2.282 | 6.446 2.129 | 1.991
Early Exit @ 0.75L | 3.943 2.329 | 3.834 2.143 | 1.777
Spec. Decode Speedup 17|1.10x 1.34x | 1.02x 1.54x | 1.55%

8.2B models to aggressive regimes with pyax values of 0.6, 0.8, and 0.99, respectively. Taking 3.9B model as
an example, the training initialization is significant: the effective depth of the model begins at only 0.6L'%,
with the final layer being skipped 80% of the time. Despite this substantial reduction in early-training active

14 Effective depth of a model with L layers at iteration ¢ for ILD+DTS configuration is 25;01(1 — Pmazx %) = %L =

(1 — 0.5pmaz)L.

1.8B

T 22-

1.6- I I 1 1

0 1 2 3

Training FLOPs

Max. Dropout Rate
— 0.0 0.6

le20

30- 3.98
2.8-
2.6-
224~
T 2.2-
2.0-
1.8-
1.6- I I 1 1
0.0 0.5 1.0 1.5 2.0

e le21
Training FLOPs

Max. Dropout Rate
— 0.0 0.8

Figure 9: Validation loss versus training FLOPs for larger model sizes at aggressive maximum dropout rates
for 20 TPP. At the same training FLOPs, training with layer dropout leads to better loss.
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capacity, the models converge to results that are competitive with, or superior to, the dense baselines in both
validation loss (as shown in Table 5) and downstream task performance (as shown in Table A.3).

Furthermore, Figure 9 shows that training with dropout is not only faster, but also achieves lower loss for a
given FLOP budget throughout most of training under aggressive maximum dropout rates. Based on trends
across model sizes, we project that larger models will exhibit even greater robustness to high dropout rates,
yielding increasingly pronounced validation loss improvements over dense baselines as scale increases.

Unlocking Inference Efficiency The operational advantages of this depth-aware pre-training are most
evident in the inference benchmarks in Table 5. The 3.9B model exhibits a 1.54x speedup in self-speculative
decoding, a task where the dense baseline fails to provide significant gain, resulting in a 1.02x regression.
This confirms that the elasticity induced by aggressive dropout is a prerequisite for effective speculative
drafting at these scales. Furthermore, the model shows high resilience to static pruning; skipping alternate
layers results in a cross-entropy loss of 2.129 for the dropout-trained model, whereas the dense baseline’s loss
increases to 6.446. Figures A.2c and A.3d show detailed results for skipping intermediate layers and early
exit of those models.

Key takeaway 4: At the multi-billion parameter scale, aggressive layer dropout (pmax = 0.99) facilitates up to
25% savings in cumulative training FLOPs while largely preserving baseline generalization performance, unlocking
zero-shot inference speedups of up to 1.55x.

11 Limitations

While our results establish a robust framework for layer dropout at scale, our work has multiple limitations:

e Hyperparameter Transfer: In our plots in Fig. 3, although optimal learning rate, n, and weight
decay, A, remained largely the same for small to medium dropouts, they reduced for aggressively high
dropouts. Improving transferrability to such high dropouts would improve our accuracy results further.
Our transfer analysis was primarily validated for constant dropout schedules. Extending these rules to
the decreasing schedules identified as optimal could potentially yield further accuracy improvements at
high TPP budgets.

e Alternative Granularities: We focused exclusively on transformer-level dropout to induce depth-wise
robustness. Whether other granularities, such as attention-head or neuron-level dropout, can induce
similar structural resilience remains an open question.

e Comparison with Learned Depth Optimization: This study did not compare structured layer
dropout against learned depth-aware mechanisms such as Mixture-of-Depths (Raposo et al., 2024). Inves-
tigating the trade-offs between stochastic layer removal and dynamic, routing-based depth optimization
is a compelling direction for future work.

e Cross-Architecture Generalization: While we validated results up to 8.2B parameters, the interaction
between aggressive layer dropout and alternative architectures, such as Mixture-of-Experts (MoE) or
non-transformer models, has not yet been explored.

e Scaling Laws for Maximum Dropout: We have not yet developed comprehensive scaling laws to
predict the maximum dropout rate (pmax) that can be applied without incurring accuracy degradation
relative to the dense baseline.

e Scaling Analysis for Inference Benefits: We have not quantified the different inference benefits
(early exit loss, skipping intermediate layer loss, early exit adapter loss, and self-speculative decoding
speedup) as TPP increases.
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12 Conclusion

In this study, we have demonstrated that layer dropout is not only a viable technique for the modern large-scale
pre-training regime but a powerful mechanism for architectural flexibility. By systematically exploring dropout
distributions and schedules, we have shown that a depth-aware training approach—specifically utilizing an
increasing distribution across layers coupled with a decreasing schedule over time—can maintain, and in some
cases surpass, dense baseline accuracy while significantly reducing training FLOPs, and unlocking zero-shot
inference elasticity and speedups. This approach is non-invasive and orthogonal to existing architectural and
training optimizations, making it easily adoptable in standard LLM pre-training stacks.

Our “Hero Runs” on 1.8B, 3.9B, and 8.2B models reveal that as architectures grow larger, their natural
resilience to aggressive dropout rates grow, with our recommended recipe unlocking zero-shot inference
speedups of up to 1.55x. This inherent elasticity bridges the performance gap between discrete model sizes
and enables high-efficiency deployment strategies, such as self-speculative decoding, that may fail on standard
dense models.

Our findings suggest a generalized training curriculum: progressively increasing a model’s effective capacity
throughout training yields superior results. While this work focused on increasing effective depth via layer
dropout, this “model growing” strategy can be extended to other dimensions—such as model width—and
granularities—such as quantization bit-widths, or unstructured sparsity—using similar spatial distributions
and temporal schedules. We envision this framework as a foundational pillar for efficient large-scale pre-
training, encouraging the re-adoption of layer dropout as a primary enabler for flexible model growth.

Future work can also include deducing the optimal maximum dropout rates for specific model scales and
data budgets to maximize the Pareto frontier of training and inference efficiency, as well as investigating
“learned” depth-aware training mechanisms, where the model dynamically identifies optimal skipping paths
rather than relying on stochastic selection.
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Appendix

Glossary

Alternating Layer Distribution (ALD) A dropout distribution where dropout is not applied on the
first layer, but is applied on alternating layers proceeding that. It is expressed mathematically as:
0,
PALD = Pmax * Le=1(mod 2)- 8

Constant Time Schedule A temporal schedule for layer dropout where the dropout rate remains constant
. . . . 0.t o
throughout training. It is expressed mathematically as p.. . = Ddist- S

Decreasing Time Schedule (DTS) A temporal schedule for layer dropout where the dropout rate is at
its maximum at the start of pre-training and decays linearly to zero by the final training step. It is
expressed mathematically as p%tTS = pfhst . (1 — %) In this work, we demonstrate that this schedule
helps stabilize early training while allowing the model to settle into a dense state for final convergence.
9

FFN Feed Forward Networks. 4

Increasing Layer Distribution (ILD) A layer dropout configuration where the dropout rate starts at 0
for the first layer, i.e., p®=° = 0, and linearly increases across layers to a maximum dropout rate. It
is mathematically expressed as: pffD = % - Pmax- S

Increasing Time Schedule (ITS) A temporal schedule for layer dropout where the dropout rate starts at
zero and increases linearly to its maximum by the final training step. It is expressed mathematically

Lt 0 t C
as Prrs = Pdist - (T) 9

Layer Dropout A form of dropout where entire layers of a neural network (e.g., transformer blocks) are
randomly skipped during training. Unlike standard dropout, which zeroes out individual activations,
layer dropout operates at the structural level, reducing the effective depth of the network on each
forward pass. In the context of transformers, we use this term to indicate applying layer dropout on
the granularity of a whole transformer block. 2, 6, 23

Stochastic Depth An alternative term for Layer Dropout. 2

Sub-Layer Dropout In the context of transformers, refers to applying layer dropout on attention and FFN
blocks independently. 6

Uniform Distribution A layer dropout configuration where dropout rates of all layers are set to the same
value, and can be mathematically expressed as pﬁﬁiform = Pmax- 1
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A Experimental Settings

Hidden Dim. Layers

Model D T Heads Head Size FFN Mult.
271M 640 13 10 64 8
504M 896 17 14 64 8
906 M 1152 23 9 128 8
1.8B 1536 30 12 128 8
3.9B 2048 40 16 128 8
8.2B 2688 52 21 128 8

Table A.1: Model architectures used in the experiments.

Table A.2: Summary of SP, pP, and CompleteP with layer dropout rate for a transformer model. Terms related

to

(introduced by puP Yang & Hu (2021)), depth (introduced by CompleteP Dey et al. (2025)), data size
(introduced by Bergsma et al. (2025a)), and dropout (introduced in this paper) controls are highlighted in

)

green, brown, and purple respectively. Additional tunable parameters are highlighted in blue. Hidden refers to all
linear layers in the transformer backbone. Layer density, p is the complement of layer dropout, p such that p=1—p .

Parameterization Base Training Scaled Training
Width dbase dbase :
Depth Lbase Lbase mr
Dataset Size Dyase Dyase - mp
Layer Density 1 p
Model Size Npase = g(dbasea Lbase) N = g(dbase : s Lbase VLL)
Tokens per Parameter TPPrase = Dbase/Nvase TPP = Dpage - /N
Batch Size Bbase BbaSe : /]][l))] )
Timescale (AdamW) TEMAp, .. TEMA = TEMA e * (710 —)
Emb. Init. Var. 02 o 02 o
Emb LR (AdamW) Tbase Tbase
Pre-LN Init. Var. 02 e 0P so
Pre-LN LR (AdamW) Tbase Tlbase
Hidden Init. Var. TP ase Tpase *
Hidden LR (AdamW) Thase Tbase *
Hidden Bias LR (AdamW) Nbase Mbase
Bhase Brase

Hidden WD (AdamW)

Nbase TEM Ay, .0 Pbase

0.4
Mbase TEMA Dbase 17105

Attention Residual

X!+ faren (XY

Xt mp ol faren (XY

FFN Residual Z' + faa(ZY) Zh+mp e faa(ZY
Final-LN Init. Var. 02 o 02 o

Fln&l—LN LR (AdamW) Tbase Tbase

Unemb. Init. Var. 02 e 02 e

Unemb. LR (AdamW) Tbase Mbase

Unemb. Fwd. XLWInemb XLWInemb i

AdamW e (Residual blocks) €base €base * cmy
AdamW e (Emb. & Unemb.)  é€pase €base *

B Coordinate Check

Fig. 2 and Fig. A.1 show coordinate check plots for uniform and non-uniform dropouts respectively. They
show Frobenius norm of activations after merged residual streams from attention and FFN blocks across a 40

layer model after 10 training steps, using CompleteP (that scales residuals by Lbfse), 7l i for layer £.
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Figure A.1: Coordinate Check passing for non-uniform distribution.

C Additional Results

C.1 Downstream Tasks

Table A.3: Downstream task performance benchmarks.

| Training Config. | Downstream Tasks 1
. Layer FLOPs .
Size TPP BBH PIQA SIQA Hella. Wino. ARC-c ARC-e OBQA Lamb. COPA RACE
Dropout Sav. 1
271IM 20 |0 0% 0.083 0.593 0.358 0.293 0.500 0.224 0.415 0.274 0.226  0.580 0.265
271M 20 [0.2 (ILD) 10% 0.095 0.579 0.349 0.285 0.505 0.224 0.399 0.262 0.218 0.580 0.273
271M 20 |0.4 (ILD, DTS) 10% 0.106 0.584 0.358 0.290 0.523 0.241 0.409 0.274 0.229  0.600 0.269
271M 20 |0.4 (ILD) 20% 0.128 0.584 0.345 0.283 0.499 0.234 0.400 0.266 0.223 0.610 0.253
503M 20 |0 0% 0.178 0.594 0.360 0.316 0.515 0.246 0.441 0.282 0.280 0.560 0.279
503M 20 |0.2 (ILD) 10% 0.198 0.592 0.357 0.306 0.497 0.234 0.446 0.272 0.290 0.620 0.266
503M 20 |0.4 (ILD, DTS) 10% 0.162 0.586 0.361 0.309 0.516 0.239 0.443 0.274 0.281 0.670 0.268
503M 20 |0.4 (ILD) 20% 0.167 0.596 0.358 0.301 0.499 0.241 0.434 0.270 0.283  0.640 0.263
906M 20 |O 0% 0.206 0.611 0.360 0.353 0.493 0.242 0.493 0.286 0.337 0.660 0.286
906M 20 |0.2 (ILD) 10% 0.220 0.607 0.386 0.343 0.510 0.242 0.477 0.288 0.339 0.670 0.300
906M 20 |0.4 (ILD, DTS) 10% 0.226 0.609 0.365 0.353 0.527 0.257 0.484 0.272 0.345  0.680 0.305
906M 20 |0.4 (ILD) 20% 0.221 0.613 0.357 0.334 0.513 0.245 0.471 0.274 0.330 0.650 0.292
1.9B 20 |0 0% 0.251 0.640 0.385 0.404 0.528 0.282 0.543 0.290 0.398 0.670 0.313
1.9B 20 |0.6 (ILD, DTS) 15% 0.241 0.636 0.376 0.400 0.5241 0.282 0.533 0.282 0.389 0.670 0.299
3.9B 20 |0 0% 0.272 0.666 0.399 0.473 0.555 0.312 0.597 0.356 0.479  0.650 0.325
3.9B 20 |0.8 (ILD, DTS) 20% 0.270 0.668 0.402 0.462 0.563 0.317 0.585 0.324 0.480 0.680 0.329

8.2B 20 |0.99 (ILD, DTS) 25% |0.291 0.699 0.407 0.523 0.566 0.360 0.634 0.356  0.529 0.700 0.356
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C.2 Zero-Shot Inference Benefits

C.2.1 Early Exit
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(a) Ablating different maximum dropout values for Linear Distribution.
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(b) Ablating different dropout configurations for the same maximum dropout of 0.2.
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(c¢) Larger model sizes with aggressive maximum dropout rates.

Figure A.2: Comparison of early-exit validation losses for models trained with different dropout configurations.
All models trained with 20 TPP.
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C.2.2 Intermediate Layer Skipping
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(c) Ablating different dropout configurations for the same

maximum dropout of 0.2.
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(d) Larger model sizes with aggressive maximum dropout

rates.

Figure A.3: Comparison of intermediate layer skipping validation losses for models trained with different
dropout configurations. All models trained with 20 TPP.

© 2026 Cerebras Systems Inc. All Rights Reserved.

27



