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Abstract

Despite their nearly universal adoption for large language
models, the internal workings of transformers are not well
understood. We aim to better understand the impact of re-
moving or reorganizing information throughout the layers of
a pretrained transformer. Such an understanding could both
yield better usage of existing models as well as to make archi-
tectural improvements to produce new variants. We present a
series of empirical studies on frozen models that show that the
lower and final layers of pretrained transformers differ from
middle layers, but that middle layers have a surprising amount
of uniformity. We further show that some classes of problems
have robustness to skipping layers, running the layers in an
order different from how they were trained, or running the
layers in parallel. Our observations suggest that even frozen
pretrained models may gracefully trade accuracy for latency
by skipping layers or running layers in parallel.

Code — https://github.com/floatingbigcat/transformer_
layers_as_painters

1 Introduction
The scale of transformer-based Large Language Models
(LLMs), in the billions of parameters, makes it difficult to
directly understand the models’ behaviour after training. At
the same time, each layer of a pretrained transformer has
an identical architecture as the other layers, with the only
difference being a layer’s position in the hierarchy, and the
values of the layer’s parameters (Vaswani et al. 2017).

We find it helpful to think of the middle layers of a trans-
former by making an analogy to an assembly line of painters.
The canvas (input) is passed along a series of painters. Some
painters specialize in birds, while others are better at painting
wheels. Each painter receives the canvas from the painter be-
low her, then she decides whether to add a few strokes to the
painting or just pass it along to the painter above her (using
the residual connections). In this analogy, each painter uses
the same “vocabulary” for understanding paintings, so that a
painter may receive the painting from a painter earlier in the
assembly line without catastrophe. The painters may also be
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reordered without complete catastrophe (even if parts of the
background get painted after foreground objects, occluding
them), and the painters may even all add their strokes at the
same time (in parallel).

This analogy isn’t meant to be a rigorous theory, but rather
a tool for thinking about a transformer’s layers. Inspired by
this analogy, we test how well some hypotheses hold. In this
paper we perform experiments that help address the following
questions:
1. Do layers use the same representation space? (§3.1)
2. Are all the layers necessary? (§3.2)
3. Are middle layers all doing the same function? (§3.3)
4. Does the layer order matter? (§3.4)
5. Can we run the layers in parallel? (§3.5)
6. Does order matter for some tasks more than others? (§3.6)
7. Does looping help parallelized layers? (§3.7)
8. Which variants harm performance the least? (§3.8)
To answer these questions we perform a series of experiments
on pretrained LLMs. These include experimenting with vari-
ations on the standard transformer execution strategy, and
measuring the impact of these variations on the models’ per-
formance across a variety of benchmarks for both decoder-
only (Llama) and encoder-only (BERT) models. Note that
our experiments never involve finetuning or otherwise adjust-
ing the models’ parameters (with the caveat that the GLUE
evaluation standard procedure includes a finetuning step for
our BERT-Large model)

2 Models and Benchmarks
Our experiments are primarily on two transformer models:
Llama2 (Touvron et al. 2023), and on BERT-Large (Devlin
et al. 2019). (However, we also include results for Mistral-7B
(Jiang et al. 2023) and Pythia-6.9B (Biderman et al. 2023a) in
Appendix A.5 that support the generalization of our results.)
Llama2 is decoder-only. We focus on Llama2-7B, which has
7 billion parameters and 32 layers (each layer having 202 mil-
lion parameters), but also include some scaling experiments
with the 13B (40 layers) and 70B (80 layers) models. BERT
is encoder-only with 24 layers and 340 million parameters.
We used the standard pretrained checkpoints for these mod-
els. In all our experiments the models are frozen: we never
modified the parameters of these models through fine-tuning
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Figure 1: Different execution strategies.

or other methods, with the exception of the BERT evaluation,
which includes a standard fine-tuning step.

We used standard benchmarks for both decoder-only
LLMs (for Llama2) and for encoder-only LLMs (for BERT).
For Llama2, we use ARC (science exam questions) (Clark
et al. 2018), HellaSwag (commonsense) (Zellers et al. 2019),
GSM8K (Math Word Problems) (Cobbe et al. 2021),Wino-
Grande (Winograd Schema Challenge) (Sakaguchi et al.
2019), and LAMBADA (word prediction) (Paperno et al.
2016). This last, LAMBADA, measures perplexity and is
closest to the raw token-prediction used during training. For
Llama2, we include the normalized median of the bench-
marks, where we scale each benchmark with 0 being the
performance of random (or max-class) guessing and 1 being
the performance of the full Llama2 model. For BERT, we
used tasks from the GLUE benchmark (Wang et al. 2018) and
followed their evaluation protocol, including reporting the
unnormalized average of the benchmarks. Note that standard
BERT evaluation includes a fine-tuning step (Devlin et al.
2019), so our BERT model has a chance to adapt to the new
configuration. Therefore, we also include results from an
evaluation where an additional output layer can adapt, but the
model itself is frozen. These results are in Appendix A.9, and
more details of the GLUE benchmark are given in Appendix
A.8.

3 Experiments
The original motivation behind our experiments came from
the question of whether multiple layers could be somehow
be merged into a single (possibly larger) layer. (Such merg-
ing could potentially be automated (Akiba et al. 2024).) We
hypothesized, perhaps because of the use of residual connec-
tions during training, that the middle layers of a neural net-
work may use a common representation space. (This is not the
case for standard multi-layer perceptrons, where there is noth-
ing to encourage a common representation or permutational
consistency across layers.) The possibility of layers sharing
a common representation has downstream implications for
conditional computation (e.g. (Pagliardini et al. 2024)) or
for dynamically inserting new knowledge into pretrained
transformer models.

3.1 Do Layers “Speak the Same Language”?
To answer whether different layers have a shared representa-
tion space, we test whether transformers are robust to skip-
ping specific layers or switching the order of neighboring

layers. For example, in Llama2-7B, layer 6 normally expects
the output from layer 5. Would layer 6 behave catastrophi-
cally if it were given layer 4’s output instead? In Figure ??,
we see that, with the important exception of the first and last
few layers, Llama2-7B’s layers are fairly robust to skipping
or even switching layers (e.g., feeding layer 4’s output to
layer 6, then sending layer 6’s output to layer 5, then to layer
7).

This experiment would suggest that the middle layers 1.
share a representation space and 2. have a separate represen-
tation space from the “outer” (first and last few) layers. To
further test this hypothesis, following previous work (Fried-
man et al. 2023; Kornblith et al. 2019; Simoulin and Crabbé
2021; Godey, Éric de la Clergerie, and Sagot 2024; Xue et al.
2023), we measured the average cosine similarity between
the activations of hidden states of different layers of our mod-
els (Llama2-7B, Llama2-13B, and BERT-Large) across our
benchmarks. In Figure 3, we show that this consistency holds
among all the middle layers. For example, the activation in
the fourth layer from the bottom has a high similarity to the
fourth layer from the top. For the 40 layers of Llama2-13B,
we see that the layers form four or five distinct similarity
groups: Layer 0, layers 1-3, the middle layers, then the final
layer or two.

This suggests that the model may have three distinct repre-
sentation spaces for the “beginning”, “middle”, and “ending”
layers. Note that in the 13B model, the number of “beginning
layers” is 3 while the 7b is 2, the “ending layers” is 1 or
2 and 7b is clearly 2. So the number of “beginning layers”
seems to grow as the total number of layers increases. (In
Appendix A.3 we further show that these three classes are
consistent across different model scales, with the beginning
and middle layers growing proportionally to the total number
of layers.) Also note that a high cosine similarity may suggest
a shared representation space, but a low similarity is more
indicative that the spaces are not shared. However, the fact
that the matrix for Llama2-7B in Figure 3 aligns neatly with
the performance shown in Figure ?? is stronger evidence that
the semantics of the representation space is actually shared,
at least for the middle layers. Based on this, we answer this
subsection’s question with:

Yes, the middle layers seem to share a common repre-
sentation space.
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Figure 2: Results for Open-LAMBADA from skipping layer N (blue), and from switching layer N with N + 1 (green) of
Llama2-7B. Skipping early layers has a catastrophic effect, while the model is much more robust to skipping middle layers.

Figure 3: Avg. cosine similarity between the hidden states of all 32 layers of Llama2-7B (top) and all 40 layers of Llama2-13B.

3.2 Are All the Layers Necessary?
To further test whether the reorientation space for middle
layers is truly shared (in addition to having close cosine
similarity), we experiment with skipping layers. That is, we
send the output of the N th layer directly into the input of
layer N + M (where M > 1), thereby “skipping” M → 1
layers, as illustrated in Figure 1a. Recall that we perform no
fine-tuning during our experiments. Our experiments are to
see if layer N +M can make sense of activations from layer
N , though it was trained only on inputs from layerN+M→1.
For this (and related) experiments, we execute the first and
last N → 1 layers as normal, skipping (or later modifying)
layers N + 1 through T →N , where T is the total number
of layers in the model. Figure 4 shows that performance for
many of our benchmarks has graceful degradation for both
Llama2-7B and BERT-Large. (Note that the number of layers
skipped is inversely proportional to N , so the plot goes from
few skipped layers to many skipped layers when read from
left to right.) This result suggests that the answer to whether
all the layers are necessary is:

No, at least a few middle layers can be dropped without
catastrophic failure.
In Appendix A.1, we analyze the layer skipping behavior

across model sizes, revealing a surprisingly uniform pattern

in the importance of middle layer partitions. Furthermore,
in Appendix A.2, we demonstrate that fine-tuning can en-
hance performance when skipping fewer layers but becomes
harmful when skipping too many.

3.3 Are Middle Layers All Doing the Same Thing?
If the middle layers share a common representation space,
does this mean that these layers are redundant? To test this,
we reran the “Skip” experiments from the previous subsec-
tion, but instead of skipping the middle layers, we replaced
their weights with those of the center layer, effectively loop-
ing on this layer for T → 2N + 1 times, where T is the total
number of layers (32 for Llama2-7B, 24 for BERT-Large).
(See illustration in Figure 1b.)

In Figure 5, we see that the benchmarks quickly decay as
the number of replaced layers increases, and Figure 11 shows
that this variation is the most catastrophic of all we tried,
significantly worse than just skipping layers1. Therefore, we
answer our question with:
No, sharing weights among middle layers is catas-

trophic, indicating that the middle layers are performing
different functions.

1In Appendix A.4, we further explore why skipping is better
than recycling the center-most layer.

25221



Figure 4: Top: Skipping layers N to 32-N for Llama2-7B,
normalized per benchmark (median). Bottom: Skipping lay-
ers N to 24-N for BERT, with unnormalized average.

3.4 Does the Layer Order Matter?
The previous experiments suggest that middle layers share
a representation space but perform different operations on
this space. Another question is how much the order of these
function matters. We performed two sets of experiments to
test this. First, is running the middle layers in reverse order
from how they were trained2. Specifically, we take the output
of layer T →N and send it into the input of T →N → 1, then
the output of this layer into T → N → 2 and so on down to
layer N , then send the output of this layer to the last T →N
layers. (See Figure 1c.) In the second variation we ran the
middle layers in a random order (and averaged the results
over 10 seeds).

The results for Reversed and Random Order are shown in
Figures 6 and 7, respectively, each showing graceful degrada-
tion. Figure 11 shows that both of these methods outperform
Skipping the layers, suggesting that layers are still able to
contribute even when run on different input sources (i.e., dif-
ferent layers) from how they were trained. Therefore, we
answer this subsection’s question as:

Somewhat. Both randomizing and reversing the middle
layer order has graceful degradation.
Interestingly, Random Order outperforms Reverse Order

as can be seen more clearly in Figure 11. One possible ex-
2Again, we emphasize that there is no fine-tuning, so the layers

can’t merely adapt to the new order.

Figure 5: Replacing M middle layers with the center layer
(16 for Llama, 12 for BERT) for Llama2-7B (top, normalized
benchmarks). and BERT (unnormalized average).

planation is that Reverse the exact opposite of the order in
which the layers were trained. So any random order will have
at least as much consistency (in that layer i is after layer j,
where i > j) as totally reversing the order.
3.5 Can We Run the Layers in Parallel?
If the presence of the layers (i.e., that they’re not Skipped)
is more important than the order in which they’re executed,
we may ask whether we can run the layers independently
from an early input and merge their results, as illustrated
in Figure 1d. To answer this, we ran an experiment where,
instead of skipping layers N through T →N , we ran these
middle layers in parallel, then sent their averaged result to
the final N layers.
Figure 8 shows graceful degradation for all benchmarks

except the GSM8K math word problems. In Figure 11 this
variation (“Parallel Layer”) outperforms skipping layers, but
curiously does worse than running the layers in reverse order.
In subsection 3.6, we further explore which benchmarks are
most affected by our changes, so we answer this subsection’s
questions with:
Yes, except for our math-heavy benchmarks.

3.6 Does the Order Matter for Some Tasks More
Than Others?

Note that abstract (ARC) or mathematical (GSM8K) reason-
ing benchmarks have the steepest decline for most variants,
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Figure 6: Top: Reversing M middle layers for Llama2-7B,
normalized across different Benchmarks. Bottom: Reversing
layers for BERT-Large, unnormalized average.

including Reversed, Skip, and Parallel. One interpretation is
that step-by-step reasoning tasks are more sensitive to layer
order than “semantic” tasks like Winogrande or HellaSwag
(Commonsense). This is because reasoning involves both
structure and semantics to perform well compared with tasks
like HellaSwag where semantics are enough to complete the
task. This would be consistent with the hypothesis that some
degree of order-dependent reasoning is happening within a
single pass of the model. In our Painter analogy, a semantic
task would be analogous to painting a collage, where ordering
is less dependent, where a reasoning task might be more like
painting a precise architectural scene. Regardless of whether
the analogy holds, we empirically conclude that:

Yes! Mathematical and reasoning tasks are more order
dependent than “semantic” tasks.

In Appendix A.7 we show a specific example that indicates
that errors for GSM8K may come from arithmetic errors.

3.7 Does Looping Help Parallelized Layers?
Following the Painter analogy, it’s conceivable that some
layers only “add” to the painting when given the appropriate
input. For example, the “wheel” painter will be more likely
to draw some wheels if she sees the body of a car first. In
transformer terms, layers might only contribute to a forward
pass –as opposed to “passing” the input forward via the resid-
ual connection– when given the appropriate input. If this is

Figure 7: Randomizing layer order forM middle layers for
Llama2-7B (top) and BERT (bottom). Each point is the aver-
age of 10 random seeds.

the case, then iterating the parallelized layer from the pre-
vious experiment should improve performance compared to
a single execution of the parallelized layer. We test this by
feeding the mean output of the parallelized layer back into
the same layer for a fixed number of iterations, as shown in
Figure 1e.
In Figure 9, we show the results for looping the paral-

lelized layer 3 times. As can be seen in Figure 11, this method
(Looped Parallel 3X) significantly improves on a single itera-
tion (Parallel Layer). The one exception is when the starting
layer N is 15 for Llama2-7B or 11 for BERT (the left-most
cases for each, where only a single layer is affected). In this
case, the Looped Parallel 3X model is equivalent to repeating
only the middle layer 3 times, while the Parallel Layer for
this point is equivalent to the full model.
We also repeated the same experiment for different num-

bers of iterations. In Figure ??, we show performance for
Llama2-7B as a function of the number of parallelized layers
M and the number of iterations. The highest performing loop
iterations for each M is shown by a red box. With the excep-
tion of M = 29 and M = 31 (parallelizing nearly all the
layers), the optimal number of iterations is roughly linearly
proportional to the number of parallelized layers. Therefore,
we answer that:

Yes, with the optimal number of iterations proportional
to the number of parallelized layers.

25223



Figure 8: Running M layers (Layers (T → M)/2 to (T →
M)/2) in parallel for Llama2-7B (top) and BERT (bottom)

3.8 Which Variants Are Least Harmful?
Finally, in Figure 11 we compare all the different variants in
our experiments on a single plot, showing the median (for
Llama2) or average (for BERT) performance over all the
benchmarks. Middle Repeat –replacing a period of middle
layers with exactly the same number of copies of the middle-
most layer– does worst by far, quickly degrading to random
baseline performance. On the other hand, looped-parallel and
random layer order have the shallowest degradation, with the
former the best variant for both BERT and Llama2-7B. So
we answer:

Repeating a single layer is worst. Randomizing the
layer order and looped-parallel do the least damage.
These experiments generally show graceful degradation,

but we still have the question of why the layers are somewhat
robust to most of our perturbations. We offer a few sugges-
tions in the Discussion section, but leave a full explanation
for future work.

4 Related Work
A transformer layer contains a pair of multi-head attention
(MHA) and feed-forward network (FFN), and almost all of
the prior works focused on finding a combination of them
that works best, or reducing the parameter count in one way
or another. Our work offers an additional perspective, in that
we also investigate parallelizing and reusing layers.

Figure 9: RunningM layers in parallel, looping 3 times for
Llama2 (top) and BERT (bottom).

(Kim et al. 2024) showcased that pruning entire transform-
ers layers can reduce latency without a considerable drop in
performance. This is in line with the findings in (Bhojanapalli
et al. 2021). Also, both the works noted that the performance
drop is substantial if we drop the first few entire transformer
layers. Hence there is an agreement that the first few trans-
formers layers are crucial for performance. One implication
of this observation is that many of these layers would be
carrying redundant information, and this was shown by (Kim
et al. 2024) who removed these layers, and noticed the change
in the PPL score. The authors then removed these layers in
one-shot, and retrained the model with LoRA to make up for
the lost performance,

One aspect where (Bhojanapalli et al. 2021) and (Kim et al.
2024) observations differ though is the fine-grained units.
(Bhojanapalli et al. 2021) observed that removing MLP layers
have lesser impact on performance compared to removing an
entire transformer layer, whereas (Kim et al. 2024) observed
that this behavior is very much dependent on the size of the
models. They noted that removing individual MHA and FFN
modules results in better downstream task accuracy but worse
PPL compared to removing entire transformer layers when
the model has more than 5B parameters. For smaller models
than 5B, layer-level pruning achieves superior results. While
(Kim et al. 2024) did a successful job on pruning the models,
the authors observed an (un)interesting side effect of the
same. The pruned models perform worse when responding to
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Figure 10: Looping parallelized layers of Llama2-7B, iter-
ating from 1 to 28 times. For each number of parallelized
layers, the best iteration number is marked by a red box.

factual questions or generating long responses. The authors
couldn’t make up for the lost performance on these tasks even
after retraining the models, suggesting that while much of
the information stored in these layers was redundant, some
parts of it were required for critical tasks e.g. factual Q&A.
The experiments of ShortGPT (Men et al. 2024) corrob-

orate the findings of ShortenedLlama, exploiting the redun-
dancy in LLMs to derive a pruning technique. Denseformer
(Pagliardini et al. 2024) had similar findings where they found
that modules even after applying DWA had cosine similar-
ity with original transformer modules, suggesting both that
there is some redundant information flow, and that this can
be leveraged for sparsity.

More recently, (Freiberger et al. 2024) explores layer shuf-
fling during training to enhance robustness of the models,
while (Dutta, Gupta, and Agarwal 2024) proposes an algo-
rithm that can be used for efficient pruning of transformers.
(Lad, Gurnee, and Tegmark 2024) explores the robustness
of transformer-based LLMs by deleting or swapping layers.
(Zou et al. 2024) focuses on efficient inference by splitting
layers in groups, running them in parallel or bypassing them.
On a similar note, (Flynn et al. 2024) focuses on pruning
transformers in different ways (entire attention blocks, ffn,
etc.). Our work is more closely related to (Lad, Gurnee, and
Tegmark 2024) and (Flynn et al. 2024) where the ablations in-
volve frozen models. We present a super set of such ablations
for the frozen transformer models.

5 Discussion
In this paper, we examined several questions raised by the
Layers as Painters analogy. Among our more interesting find-
ings are: 1. There are three distinct classes of layers (with
Middle being the largest). 2. The middle layers have some
degree of uniformity (but not redundancy). And 3. Execution
order matters more for math and reasoning tasks than seman-
tic tasks. We welcome future theoretical analysis of layer
behaviors in transformer architectures based on our empirical
findings.

We leave a full explanation for why transformers are robust

Figure 11: Average benchmark scores for different variations
for Llama2-7B (top) and BERT-large (bottom).

to our variations for future work. One possible hypothesis
is that the residual connections during training are neces-
sary for the layers to share a common representation. It’s
already known that residual connections are useful to help
address the vanishing gradient problem (He et al. 2015), and
that transformers trained without these connections perform
worse than without. However, it would be interesting to rerun
our variations on models without residuals, and see if our
variations destroyed whatever meager gains full non-residual
models achieved.

We also plan to “thaw” our models and investigate if trans-
formers take to adjust to the variations in the paper via fine-
tuning. If these models were fine-tuned with new architec-
tures, the performance would probably be even better. It is
worth noting that Parallel and Skip both have potentially
lower latencies than the full model (assuming enough mem-
ory to execute the layers simultaneously). For example, the
latency for the Parallel Layer for Llama2-7B for N=8 should
be about half that of normal Llama2-7B. Though the aim of
this paper is to better understand layers in transformer-based
LLMs as opposed to introducing new models, our results
suggest simple methods to easily trade accuracy for latency
gains. Our results also suggest that a routing mechanism
for executing frozen layers may be used here, analogous to
Switch Transformers (Fedus, Zoph, and Shazeer 2022).
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