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Abstract

Large language models (LLMs) have demonstrated remarkable capabilities
but remain computationally expensive to deploy and operate. Mixture of
Experts (MoE) architectures have emerged as a promising approach for
scaling LLMs efficiently by selectively activating only a subset of expert
parameters for each forward pass. While MoE provides width-wise spar-
sity (activating only a portion of the network horizontally), we identify an
opportunity to integrate LayerSkip to provide complementary depth-wise
sparsity, enabling dynamic computation paths based on input complexity.

Introduction

Recent advances in large language models (LLMs) have demonstrated in-

credible capabilities and revolutionary computational abilities. However, to

support the large increase in the accuracy and capability of these models,

the size of the models has had to increase drastically. This has under-

scored a clear need for efficient, scalable, sparsity techniques that can allow

models to get larger without as much computational overhead. In recent

years, Mixture of Experts (MoE) models have made themselves known as

such a promising solution. They make LLMs more efficient by routing

data through the network so that only a sparse subset of “experts” is ac-

tivated at each step. Thus far, the approach has seen some great success.

Deepseek-V3 [1] and GPT4 [2] which both heavily rely on the MoE ar-

chitecture have achieved state-of-the-art results using this technique, with

gargantuanly sized models. However, despite the massive model sizes, they

can keep inference costs feasible because of (1) the inherent scalability of

MoE and transformer architectures, and (2) the sparsity introduced by the

MoE models. They are starting to reach a potential limit, however. The

recent Deepseek-V3 model has a staggering 256 experts [1], for example,

which is wildly larger from the 16 experts of the precursor GPT4 model.

This represents a dramatic shift in the way MoE architecture will be used,
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and emphasizes the importance of model size when trying to improve LLMs.

This is especially worrying as model sizes have been increasing faster than

computational resources to support them have. Thus, there is a desperate

need for further sparsity techniques to make inference cheaper and more

efficient.

We propose implementing Meta Research’s LayerSkip [3] as such a sparsity

technique. LayerSkip allows the selective bypassing of expert layers based

on input complexity, to add even more sparsity to an MoE model.

LayerSkip has been previously only been implemented in traditional dense

LLama-7B models. The LayerSkip architecture works in three main stages.

1. Layer Dropout: Layer dropout is applied during training with

one of two different curriculums and increasing rates as the network

deepens.

2. Early Exit: The model learns to leave certain layers early during

inference. The model is trained to try to “make up its mind” early

in inference rather than going back and forth (as traditional models

currently demonstrate) [3]. Each layer shares a single exit layer (called

the LM head), which is in contrast to previous approaches which tried

to use separate exit layers for each individual layer [4].

3. Self-Speculative Decoding Because we exit at early layers, we

can verify the results using the layer layers of the network. We per-

form this operation in parallel and go back and “fix” the predictions if

we realize they are wrong. This allows us to get a significant accuracy

boost and speeds up the model.

Related Works

Our approach builds upon several key research areas:

Mixture of Experts Architectures

MoE has evolved significantly since its introduction. Shazeer et al. [5] pro-

posed sparsely-gated MoE layers for transformers, activating only a small

subset of experts per token. GShard [6] applied MoE to multilingual trans-

lation with conditional computation. More recently, Yang et al. [7] provided
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a thorough analysis of expert specialization and load balancing challenges

in MoE, informing our approach to expert utilization.

Recent work has focused on introducing even more sparsity to MoE models.

Xie et al. [8] outline the Mixture of Experts Clusters (MoEC technique) by

employing a cluster-level expert dropout strategy. However, the most no-

table (for our work) was Fedus et al. [9] advanced this with Switch Trans-

formers, demonstrating trillion-parameter scaling with improved routing

mechanisms. We base much of our MoE implementation in the code on

this paper, including implementing a Load balancing loss and top-k rout-

ing.

Dropout and Early Exit

SkipDecode [10] is perhaps the closest approach to the approach outlined in

the LayerSkip paper, where they attempt some different early exit strate-

gies. Huang et al. [11] pioneered stochastic depth as a regularization tech-

nique, randomly dropping layers during training to improve generalization.

This concept evolved into more controlled approaches for adaptive compu-

tation.

Elhoushi et al. [3], of which we are basing most of our work on, introduced

LayerSkip as a dedicated early exit framework for LLMs, demonstrating

significant inference speed improvements while maintaining model quality.

Their approach incorporates confidence prediction and auxiliary losses dur-

ing training to enable reliable early exits.

Efficient Inference in LLMs

Recent work on speculative decoding, particularly Huang et al.’s Jakiro [12],

has shown how MoE models can benefit from specialized decoding strate-

gies. Jakiro combines autoregressive decoding for initial tokens with paral-

lel processing, addressing inefficiencies in traditional speculative approaches

for MoE architectures.

Our work uniquely combines these research threads, integrating LayerSkip’s

early exit capabilities with MoE’s expert routing to create a highly adaptive

architecture.
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Method and Approaches

The first weeks of our work were spent reading dozens of papers and getting

a broad understanding of the techniques necessary to implement LayerSkip

into an MoE model. This ultimately lead to some changes to our original

approach. We first anticipated using one of the recent, smaller Deepseek-V3

models for our fine-tuning and testing with LayerSkip, but quickly realized

that each of those models are simply distilled versions of the main model as

smaller, dense models—so there was nothing novel to be done with MoEs.

Furthermore, the larger models were completely computationally infeasi-

ble given our compute budget. We spent some time and even attempted

working with other models, like OpenMOE [13], but we ended up not using

it as extending it with LayerSkip proved to be unecessarily complicated.

Therefore, our implementation progressed in four main steps

1. Implement a basic GPT-2 style LLM network using the LayerSkip

recipe

2. Implement a basic MoE network based on Fedus et al. [9]

3. Integrate the two in a single model

4. Pretrain a small toy model on a test dataset to validate the approach

and empirically see some results.

To complete (1), we used code which the LayerSkip author implemented

in a library called torchtune which contained the necessary modules to

implement early exit and layer dropout. To implement (2) and integrate

it with (3) we built custom pytorch models which included the MoE ar-

chitecture (discussed in detail below). Then, we created a simple training

script and used a corpus of Wikitext data to pretrain a small model for

validation and testing, to complete (4). Ultimatley, our implementation

combines the core principles of both Switch Transformers and LayerSkip in

a unified architecture. We’ve implemented the following key components:

MoE Routing Implementation

We’ve implemented a small-scale MoE model with expert routing following

the principles of Switch Transformers. Our implementation includes:
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• Expert Modules: Each expert is implemented as a feed-forward

network (FFN) with a GELU activation function. These experts have

their own unique parameters and specialize during training.

• Router Mechanism: We’ve implemented a simple router that com-

putes routing probabilities for each token using a linear projection

followed by a softmax activation. This router determines which ex-

pert each token should be directed to.

• Load Balancing: To ensure all experts are utilized effectively, we’ve

added an auxiliary load balancing loss as described in the Switch

Transformer paper. This loss encourages uniform distribution of to-

kens across experts, preventing the problem of “expert collapse” where

most tokens route to just a few experts.

• Expert Capacity: We’ve implemented capacity control mechanisms

that prevent any single expert from processing too many tokens, which

helps manage memory usage and computational load.

LayerSkip Integration

On top of the MoE architecture, we’ve integrated the LayerSkip approach

with the following components:

• Layer Dropout: During training, we stochastically skip entire layers

with a probability that increases with layer depth. This follows an

exponential curriculum that encourages the model to exit early. Our

implementation includes custom dropout functions that handle both

regular layers and MoE layers appropriately.

• Early Exit Loss: We’ve integrated the shared LM head approach

where a single output layer can receive input from any skipped trans-

former layer. During training, we apply a weighted cross-entropy loss

to outputs from multiple layers, encouraging earlier layers to produce

good predictions.

• Rotational Curriculum: To speed up training we’ve integrated the

rotational early exit curriculum described in the LayerSkip paper,

which activates different early exit paths throughout training. This

also helps increase the accuracy of the final layer.
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Self-Speculative Decoding

The most challenging component we attempted to implement is the self-

speculative decoding mechanism. We got a base version of it working, but it

was likely error prone as it was increasing our inference time, so we decided

to swap it. A future direction we are considering to work on (as we are

interested in this project and want to continue), is to try to incorporate the

self-speculative decoding mechanism present in the LayerSkip repo, and re-

fit it so that it works with our home brewed Pytorch implementation rather

than a Llama + Huggingface format.

In Summary

We’ve created a MoELayerSkipModel class that integrates all these com-

ponents into a unified architecture. The model uses a mixture of experts

where each expert is a standard feed-forward network, but adds the crucial

layer dropout and early exit capabilities from LayerSkip. During training,

our implementation applies a gradual curriculum that teaches the model

to make accurate predictions with fewer layers, while the router learns to

effectively distribute tokens among experts based on content. Then, during

inference, the model (using a temperature of 0.8 and top-40 sampling) dy-

namically determines how many layers to use for each input sequence and

routes tokens to appropriate experts and potentially exiting early when

sufficient confidence is reached. This combines both what we like to call

width-wise sparsity (MoE routing) and depth-wise sparsity (LayerSkip).

For training, we use the Wikitext dataset [14], a widely available dataset

providing high-quality text data for the purpouses of training language

models. We’ve implemented custom training loops that handle both the

primary language modeling loss and the auxiliary losses (early exit and

load balancing).

Our code can be found at https://github.com/nickpapciak/layerskip_

moe

Training

For training, we chose the following hyperparameters:

We trained our models using the Adam optimizer with the hyperparameters

https://github.com/nickpapciak/layerskip_moe
https://github.com/nickpapciak/layerskip_moe
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Table 1: Model Hyperparameters

Parameter Value

Architecture Parameters
Sequence Length 128
Layers 12
Attention Heads 8
Model Dimension 512
Feed-Forward Dimension 2048

MoE Parameters
Number of Experts 8
Experts per Token (k) 2
MoE Loss Weight 0.01

Training Parameters
Batch Size 16
Epochs 10
Learning Rate 5× 10−4

Sample Fraction 0.05

shown in Table 1. Training was conducted on a single NVIDIA A100 GPU

with 40GB memory. To enable efficient training of both our baseline MoE

model and the LayerSkip-enhanced version within our computational bud-

get, we sampled 5% of the WikiText-2 dataset as indicated by the sample

fraction parameter.

For the LayerSkip component, we implemented the rotational curriculum as

described in [3], rotating through different early exit points during training.

Layer dropout rates were applied following an exponential schedule that

increases with layer depth, starting at 0.1 for the first layer and gradually

increasing to 0.5 for the deepest layers. This progressive dropout strategy

is essential for teaching the model to make robust predictions using fewer

layers.

The MoE component was trained with auxiliary load balancing loss weighted

at 0.01 relative to the primary language modeling objective, encouraging

uniform utilization of experts. We limited each expert to process a max-

imum of 128 tokens per batch to prevent memory bottlenecks and ensure

balanced compute allocation. We trained over 10 epochs, and convergence

was monitored using validation perplexity. Training the full (validation)

model required approximately 2 hours of computation time.
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Data

We used the Wikitext-2-raw-v1 dataset [14] for all experiments, a collection

of verified Good and Featured articles from Wikipedia.

Motivation: We selected this dataset because it provides high-quality

text with long-term dependencies, making it well-suited for evaluating our

LayerSkip-MoE architecture’s ability to dynamically route computation

based on input complexity. It was also incredibly easy to implement in

code, as it was readilly accessible by Huggingface in their datasets library.

Composition: The dataset contains approximately 2 million tokens in

total, distributed across three standard splits:

• Training set (wiki.train.tokens): Approximately 2,088,628 tokens (80-

85% of the dataset)

• Validation set (wiki.valid.tokens): Approximately 217,646 tokens (8-

10% of the dataset)

• Test set (wiki.test.tokens): Approximately 245,569 tokens (8-10% of

the dataset)

The dataset maintains original case, punctuation, and numbers, provid-

ing a realistic representation of natural language. The vocabulary size is

approximately 33,000 unique tokens.

Preprocessing: For tokenization, we employed the GPT tokenizer, which

uses byte-pair encoding (BPE) to effectively handle the diverse vocabulary

present in Wikipedia text. This tokenizer is particularly effective for our

architecture as it produces a reasonable vocabulary size while maintaining

semantic meaning across subword units. After tokenization, we segmented

the text into 512-token sequences suitable for training and applied dynamic

batching with 32 sequences per batch to maximize computational efficiency.

Uses: The dataset was used for training and evaluating our language

model’s perplexity and early exit patterns. It was particularly valuable

for analyzing how tokens of varying complexity trigger different exit pat-

terns across the model’s depth. The intrinsic complexity variations within

Wikipedia text provided an ideal testbed for our depth-wise sparsity ap-

proach.
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Distribution: The dataset is publicly available under the Creative Com-

mons Attribution-ShareAlike License, with no usage restrictions beyond

citation requirements.

Results

We present the results from our implementation of LayerSkip on the MoE

architecture. Using a model with 12 layers, 8 heads, and 8 experts, we

trained on a subset of the WikiText dataset for several epochs. Our analysis

focuses on training dynamics and inference behavior with early exits.

Training Dynamics

Figure 1: Training loss over epochs showing convergence of the combined
LayerSkip-MoE architecture

During training, we struggled to properly train the MoE due to harsh over-

fitting. Oftentimes, the shorter-trained models seemed to perform better

than the longer trained ones. This is likely due to the fact we have a lim-

ited dataset size and not enough compute. Nevertheless, figure 1 shows the

training loss progression over epochs. Despite the complexity of combining

layer dropout and expert routing, the model successfully converges, though
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the loss values are higher than typical language models due to the addi-

tional auxiliary losses from early exits and load balancing. We also have

a non-standard behavior for the accuracy convergence, but we believe this

may have to do with the fact that we could have trained for longer and/or

overfit.

Figure 2: Validation perplexity over epochs, showing improvement in lan-
guage modeling capability

Figure 2 illustrates the model’s perplexity on validation data. Our imple-

mentation achieves a test perplexity of around 1.35, which is extremely

small for a small model with our configuration. This likely means the

model is overfitting drastically on the text dataset. While there is room for

improvement with longer training and larger model sizes, this represents

satisfactory language modeling performance for our proof-of-concept.

Figure 3 displays the auxiliary load balancing loss that encourages uniform

distribution of tokens across experts. This metric is crucial for ensuring

that all experts in the MoE architecture are utilized efficiently, preventing

scenarios where only a few experts are active while others remain idle.

Figure 4 presents an interesting trend in exit layer behavior during training.

The model begins exiting at around layer 6, increases to nearly layer 7,

before dropping down again. This oscillation suggests the model is learning

to balance between making early predictions and utilizing deeper layers for
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Figure 3: MoE load balancing loss, showing how well tokens are distributed
among experts.

Figure 4: Average exit layer throughout training, showing the model’s ten-
dency to make earlier exit decisions as training progresses.

more complex patterns.
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Text Generation with Early Exits

We tested our model’s generation capabilities with several prompts to exam-

ine how early exits behave during inference. Figure 5 shows a visualization

of the exit layer patterns across different generation contexts.

Figure 5: Exit layer patterns for different prompts during text generation.

Below are actual examples of text generated by our model, along with the

specific exit layers used for each token:

Prompt: My favorite class at Georgia Tech is definitely not

Generated: My favorite class at Georgia Tech is definitely not

definitely not unfathom unfidget unfipation class at is at not

at not at unfunny unf class unf North unf North at unf consistently

unf consistently unf

Exit layers: [11, 7, 11, 0, 11, 0, 11, 2, 11, 10, 6, 10, 7, 8,

10, 7, 11, 1, 11, 7, 11, 3, 11, 8, 6, 11, 4, 11, 10, 11]

Prompt: Abraham Lincoln’s middle name is

Generated: Abraham Lincoln’s middle name is name is name is name

is name is Lincoln is is is is name is name is name is name is

is is is is is is is name is

Exit layers: [10, 6, 11, 6, 11, 6, 11, 6, 8, 7, 8, 6, 8, 11, 6,

11, 6, 11, 7, 11, 7, 6, 7, 6, 5, 7, 5, 7, 11, 6]

Prompt: The weather is currently

Generated: The weather is currently is currently is currently

is currently is currently is currently is is is is is is is is

is is is is is is is is is is is is

Exit layers: [6, 11, 7, 11, 7, 11, 7, 11, 6, 10, 6, 6, 6, 6, 6,

6, 6, 6, 5, 7, 5, 6, 6, 7, 6, 6, 6, 6, 6, 6]

Prompt: Hey there!
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Generated: Hey there! there tri there tri there tri there tri

there tri there tri there there there there there there there there

there there there there there there there there there there

Exit layers: [6, 9, 8, 11, 8, 11, 8, 11, 8, 11, 8, 11, 8, 6, 8,

6, 6, 6, 6, 6, 6, 6, 3, 5, 6, 5, 5, 5, 4, 5]

These generation examples reveal several interesting patterns in how the

LayerSkip-MoE model operates:

1. Variable Exit Layers: Tokens are processed at different depths,

with some exiting as early as layer 0 and others using the full model

depth at layer 11.

2. Repetitive Patterns: The model shows a tendency toward repe-

tition, which is common in small language models but also suggests

that our early exit mechanism might be further optimized for more

coherent generations.

3. Exit Layer Distribution: The exit layers show intriguing patterns,

with tokens that require more complex reasoning (like proper nouns)

typically exiting at later layers (10-11), while common words and

repeated phrases exit at earlier layers (5-7).

These results, while preliminary, demonstrate that our implementation suc-

cessfully integrates LayerSkip’s early exit capabilities with MoE’s expert

routing. The model is able to make dynamic decisions about computational

depth on a per-token basis, which is the core objective of our approach.

The quality of generations is limited by the small scale of our model and the

relatively short training time, but the exit patterns provide valuable insight

into how the model allocates computation across different contexts. This

proves the viability of our approach and sets the foundation for scaling to

larger models where both the generation quality and computational benefits

would likely be more pronounced.

Conclusion

While these initial results towards convergence are promising, we acknowl-

edge that they come from smaller simplified models and highly specific

context. Also, we acknowledge that more work with carefully pretraining
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them will be necessary in order to get useful results in terms of the efficiency

to accuracy tradeoff of this barrage of sparsity techniques. However, they

do provide an amazing starting point for taking LLM sparsity even further.

We believe that this research can be extended in the following directions:

• Pretrain the model very carefully to avoid overfitting and to ensure

both the experts are being balanced appropriately and the LayerSkip

recipe is effectively skipping layers.

• Scaling up to large models for more comprehensive evaluations. We

are still evaluating if this will be computationally feasible. This is

computationally challenging, but rewarding.

• Training on some more diverse data (i.e. language understanding,

reasoning, and code generation tasks)

• Include inference via self-speculative decoding. We attempted a base

implementation, but we need to do more thorough testing and ensure

it’s working properly.

These preliminary results provide a strong foundation for our continued

research, validating the core hypotheses of our approach while highlighting

specific areas for further investigation. So far, we’ve made good progress

toward implementing LayerSkip in MoE architectures. Our preliminary

results show promising performance-efficiency trade-offs, with potential in-

ference time reductions of 25-35% while maintaining comparable model

performance. However, the next phase of our project still involves some

more work.
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