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Abstract

While transformer models have been highly successful, they
are computationally inefficient. We observe that for each
layer, the full width of the layer may be needed only for
a small subset of tokens inside a batch and that the “effec-
tive” width needed to process a token can vary from layer to
layer. Motivated by this observation, we introduce the Adap-
tive Computation Module (ACM), a generic module that dy-
namically adapts its computational load to match the esti-
mated difficulty of the input on a per-token basis. An ACM
consists of a sequence of learners that progressively refine
the output of their preceding counterparts. An additional gat-
ing mechanism determines the optimal number of learners to
execute for each token. We also propose a distillation tech-
nique to replace any pre-trained model with an “ACMized”
variant. Our evaluation of transformer models in computer
vision and speech recognition demonstrates that substituting
layers with ACMs significantly reduces inference costs with-
out degrading the downstream accuracy for a wide interval of
user-defined budgets.

Introduction
Driven by their constantly improving capabilities, state-of-
the-art neural networks have been experiencing a continued
growth in size in the last decade (Pugliese, Regondi, and
Marini 2021). This progress was made possible by algorith-
mic and model design improvements (in particular with the
introduction of transformer models) and the increasing com-
putational power of modern GPUs. Scaling up the model ar-
chitecture frequently results in improved performance (De-
vlin et al. 2018; Zagoruyko and Komodakis 2016), causing
the size and computational costs of state-of-the-art models
to keep increasing steadily. These escalating costs limit ap-
plications in latency-sensitive and energy-constrained sce-
narios and contribute to higher carbon emissions, exacerbat-
ing environmental concerns (Schwartz et al. 2020; Patterson
et al. 2022).

Several approaches from the literature aim to mitigate this
problem. For example, quantization reduces inference time
by quantizing the weights and activations into low-precision
floating-point (Courbariaux, Bengio, and David 2014) or in-
teger values (Wu et al. 2020; Dettmers et al. 2022). Knowl-
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(a) High-level overview of the Adaptive Computation Module

(b) Example images with computation spatial load maps

Figure 1: ACMs adapt their computational load for each in-
put on a per-token basis by selecting the number of learners
to execute via a trainable gate. In the example on the top, a
background token (green) is allocated fewer learners than a
content-rich token (orange). This results in a spatially vary-
ing computational load, as shown on the bottom.

edge distillation methods (Hinton, Vinyals, and Dean 2015;
Aguilar et al. 2020) can transfer knowledge from an ensem-
ble or single larger model into a smaller network. Finally,
sparsification methods (LeCun, Denker, and Solla 1989;
Han et al. 2015; Hoefler et al. 2021) yield either sparse
weight or sparse activation tensors.

While they incur a slight decrease in downstream model
performance, such methods show that some neural modules
can often be replaced with computationally cheaper alter-
natives. Based on this observation, we argue that in trans-
former models (Vaswani et al. 2017), the representational
capacity of a whole layer is not needed for every input token.
In other words, we hypothesize that the same transforma-
tion could be achieved in a more computationally efficient
manner. To explore this hypothesis, we introduce Adaptive
Computation Modules (ACMs), a neural network module
that adapts its computational burden to match the difficulty
of the current input token. An ACM consists of a sequence
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of learners and a single gating network. The task of each
learner is to improve upon the combined output of previous
learners, while the gating network determines the optimal
number of learners to execute for each input token. Since all
token-level decisions are independent, the resulting model
is a highly granular application of the conditional computa-
tion paradigm (Bengio 2013; Bengio et al. 2015), and thus
allows for spatial adaptability in transformer models (Fig-
urnov et al. 2017; Han et al. 2021). Figure 1 provides an
outline of the proposed model.

To enable the use of a vast range of publicly available
models, we propose a straightforward conversion procedure
in which we: (1) substitute the selected blocks of the model
with ACMs, (2) initialize the learners by distilling knowl-
edge from the substituted blocks, (3) pre-train the gating
networks using artificially generated labels, and (4) train the
entire model in an end-to-end manner.

Our approach can significantly decrease the model’s com-
putational footprint without sacrificing performance. We
evaluate our method on the ImageNet-1k (Russakovsky et al.
2015) dataset with Vision Transformer (ViT) models and
on speech recognition with pre-trained Wav2Vec networks
(Baevski et al. 2020), and show that in both cases we achieve
a better performance-efficiency trade-off than other condi-
tional computation methods. We make the following contri-
butions:

• We show that individual layers in transformer models can
be computationally inefficient and that their entire ex-
pressiveness is often needed only for a small subset of
input tokens.

• We introduce ACM, an easy-to-train, modular, and
general-purpose module that offers a granular approach
for reducing the computational cost of transformers.

• We propose a smart initialization strategy for the parame-
ters of ACMs that relies on module-wise knowledge dis-
tillation from pre-trained models.

• We provide an efficient GPU implementation to demon-
strate that ACMs effectively speed up inference.

Related Work
We provide a brief overview of related works, focusing on
our experimental comparison. A longer overview with a
broader outlook can be found in the supplementary material.

Conditional Computation
Conditional computation (CC) refers to the ability of a
model to adapt its computational graph to its input. While
CC can be used for problems such as continual learning (Lin,
Fu, and Bengio 2019), most CC methods adjust their execu-
tion on a per-input basis to significantly reduce their average
computational cost while maintaining performance (Scarda-
pane et al. 2024).

In the following, we focus on CC algorithms that can be
applied to any pre-trained transformer model with minimal
modifications; architecture-specific CC algorithms (e.g., dy-
namic channel selection for CNNs (Chen et al. 2019; Li
et al. 2021)) are discussed in the supplementary material. We

broadly categorize the methods into three groups: early-exits
(EEs) (Teerapittayanon, McDanel, and Kung 2016; Boluk-
basi et al. 2017), mixture-of-experts (MoEs) (Yuksel, Wil-
son, and Gader 2012; Shazeer et al. 2017; Fedus, Dean, and
Zoph 2022), and token dropping (TD) (Rao et al. 2021; Yin
et al. 2022; Meng et al. 2022; Haurum et al. 2023). Finally,
Cai et al. (2024) is a concurrent conditional computation
work that is remarkably similar to the proposed ACMs. In
particular, it also trains a router for each layer and converts
a pre-trained dense model with a three-step method.

Early-exits
In EE models, inputs are allowed to “exit” the architec-
ture at intermediate layers via additional classifier heads that
are trained together with the backbone network (Teerapit-
tayanon, McDanel, and Kung 2016), or as a separate phase
in a layerwise fashion (Han et al. 2021), and the predictions
of multiple heads can be merged with a number of differ-
ent techniques (Teerapittayanon, McDanel, and Kung 2016;
Wołczyk et al. 2021; Scardapane et al. 2020). In EE net-
works, the execution is stopped for the entire input at once,
as opposed to individual tokens as is done in the proposed
ACMs. In addition, designing and placing exit heads is it-
self a non-trivial problem (Teerapittayanon, McDanel, and
Kung 2016), and very little work has been done outside stan-
dard computer vision and natural language processing clas-
sification tasks. In contrast, ACMs are designed to replace
individual blocks in a transformer model in a plug-and-play
fashion.

Token Dropping
TD strategies either prematurely stop execution (Rao et al.
2021; Yin et al. 2022; Haurum et al. 2023) or skip compu-
tation of selected layers (Meng et al. 2022) for individual
tokens that are deemed less relevant or redundant. We can
interpret them as dynamically allocating a variable depth to
each token. Our proposed ACM can be seen as an orthogo-
nal width variant of token dropping, in which each token is
allocated a variable width for each layer in the network.

Mixture-of-Experts
In MoEs, selected modules of a model are replaced by an
independent set of blocks called experts, which are selec-
tively activated for each token by an additional routing net-
work (Puigcerver et al. 2023). MoEs have been successfully
developed for replacing MLP layers in transformer mod-
els (Shazeer et al. 2017; Riquelme et al. 2021), attention
layers (Zhang et al. 2022), entire blocks (Tan et al. 2023),
and adapters (Zadouri et al. 2023). Although MoEs are typ-
ically trained from scratch or fine-tuned from existing mod-
els (Zadouri et al. 2023), a small number of works have in-
vestigated moefication procedures (Zhang et al. 2021; Qiu,
Huang, and Fu 2023). Importantly, in MoEs, each token is
allocated a fixed amount of compute depending on the rout-
ing strategy (e.g., top-k routing (Riquelme et al. 2021)).
ACM can be seen as a modification of MoEs in which the
experts are ordered, and thus, the complexity of the rout-
ing problem is drastically reduced. The gating network de-
cides how many learners instead of which experts to execute,
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Figure 2: Architecture of an ACM block: the output is the
sum of k learners, where k is determined on a per-token
basis by a small gating network g. The learners are executed
in parallel. In the example, only the first two learners are
executed, and the computation of the third (greyed out) is
skipped.

therefore allowing for a variable amount of computation on
a per-token basis. A concurrent work of Jain et al. (2024) de-
fines nested experts, which results in a dynamic model sim-
ilar to ACMs.

Method
An ACM is a conditional computation block that adapts
its execution cost for each processed token via a trainable
gating layer. In this paper, instead of training an ACM-
based model from scratch, we focus on converting any pre-
trained transformer network into an equivalent “ACMized”
version, i.e. one having similar accuracy while achieving a
pre-defined computational budget on average. To this end,
we propose an effective weight pre-initialization scheme.
First, we substitute a subset of layers of the base model
(e.g., MLPs or MHA projections) with an ACM of similar
size. The ACMs are then trained independently but in paral-
lel, first with a per-layer reconstruction loss to initialize the
learners and then using a cross-entropy loss to initialize the
gates. The actual training consists of fine-tuning the model
in an end-to-end manner to allow it to adapt its weight to
the dynamic inference setting. In the supplementary mate-
rial, we demonstrate that this setup significantly speeds up
the training of the ACMized networks in all cases.

Adaptive Computation Module
Our ACM module aims to allow the model to work well with
any required computational budget while still ensuring effi-
cient execution on GPUs, a property most of the dynamic
width methods lack (Li et al. 2021). Given an input token
z, consider a set of N homogeneous modules, sn(z;ϕ(n)),
n ∈ {1, ..., N}, each module having weights ϕ(n). We refer
to these modules as learners. In an ACM, each learner pro-
gressively refines the prediction of the previous ones such
that the k-th output of the ACM block, k ∈ {1, ..., N}, is
given by:

h(z, k;ϕ) =

k∑
n=1

sn(z;ϕ(n)) (1)

All intermediate outputs h(z, 1;ϕ), . . . , h(z,N ;ϕ) are valid
choices for the output of the ACM: a larger value for k yields
a more accurate result at the cost of a higher computational
burden, while k = 1 means that only a single learner is ex-
ecuted. Note that once k is known for a token, the learners
can be executed in parallel.

For any token z, k should be chosen as the smallest pos-
sible value that guarantees good network performance. To
this end, at the beginning of the ACM block, we add a
small trainable gating network g with weights ω to select
the number of learners k to be executed. In practice, the
gating network returns N real-valued outputs, which are
then discretized into a one-hot gating choice vector with the
Gumbel-Softmax trick (Jang, Gu, and Poole 2016) to retain
differentiability:

νn =
exp((log(g(z;ω))n + γn)/T )∑
n exp((log(g(z;ω))n + γn)/T )

. (2)

In Equation (2), γ1, ..., γN are i.i.d samples from
Gumbel(0, 1), and T is softmax temperature. In the forward
pass, we discretize ν into a one-hot vector ν̂, but the contin-
uous values are used directly for gradient computation in the
backward pass. The complete ACM architecture is outlined
in Figure 2.

Design of the ACM blocks Any network architecture with
the required input and output dimensionality can play the
role of a learner. For simplicity, in this paper, we always
use two dense layers with a GELU activation function in be-
tween. Since we replace selected modules of a pre-trained
model with ACMs, we always pick N and the size of a sin-
gle learner such that the entire ACM module has approxi-
mately the same computational cost and the number of pa-
rameters as the substituted block. This is straightforward to
achieve as the cost of a learner scales linearly with its hid-
den dimensionality. However, the output dimension has to
be the same as in the replaced module. This results with out-
put layer biases taking a larger share of learner parameters
as we increase N . To avoid this effect, we simply eliminate
them from our architecture.

For the gating network, we also use a two-layer network
and determine its hidden dimensionality such that the to-
tal computational cost of gating is around 1% of the over-
all model cost. When feasible – such as the module being
placed under a residual connection – we set the minimum
number of executable learners to 0 so that even the compu-
tation of the first learner can be skipped.

ACM weight initialization
The costs of training large models are constantly increas-
ing (Strubell, Ganesh, and McCallum 2019). On the other
hand, there is a large number of publicly available pre-
trained models, so the capability of adapting them is a de-
sired property for new methods. Since ACMs are designed to
replace individual modules, we initially train them by distill-
ing the knowledge from the corresponding trained modules
that are being substituted. Specifically, we propose the fol-
lowing scheme. A trained static model f(·) is cloned, and se-
lected modules (e.g., every MLP module) are replaced with
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ACMs in that cloned model fACMized(·). Each learner from
every ACM is initialized randomly. For each sample xi from
a mini-batch B forwarded through the original model, we
save every input token zli,j and output token oli,j of each l-th
module that was replaced in the copied model. Then, every
ACM is trained independently and in parallel by minimiz-
ing the mean squared error (MSE) applied for every possible
choice of k:

L(ϕ) = 1

|B|SLN
∑
i,j,l,n

∥∥h(zli,j , n;ϕl)− oli
∥∥2 (3)

where S is token sequence length, and L is the number of
substituted modules. Note that the gating network is not
needed in this phase. The effectiveness of this training ap-
proach can be tested by setting a fixed k for every ACM in
the model and evaluating the model on the validation set.

With learners being able to reliably imitate the replaced
modules, we subsequently freeze them and train the gating
networks in a similar, layer-wise approach. We frame the
problem as a classification task and generate artificial labels
with the following heuristic. First, we consider the outputs of
all learners and compute the distance to the original output:

dli,j(n) = ∥h(zli,j , n;ϕ)− oli,j∥2 (4)

The target label is then set as:

tli,j = min

{
n ∈ {2, ..., N}

∣∣∣∣∣ dli,j(n)

dli,j(n− 1)
≥ τ

}
, (5)

where τ is a threshold hyperparameter. In other words, we
select the smallest number of learners such that the relative
improvement from adding one more learner is lower than
the threshold τ . With these labels, the gating networks are
trained using standard cross-entropy loss:

L(ω) = 1

|B|SLN
∑
i,j,l,n

−tli,j,n log(ν
l
i,j,n). (6)

End-to-end training
In the third phase, we finetune the entire model end-to-end to
allow it to adapt its weights to the dynamic inference setting.
To make the model more predictable in terms of its compu-
tational cost, we add an auxiliary loss term that penalizes for
any deviation from the given target budget βtarget on average:

Lb(θ) =

∥∥∥∥∥ 1

|B|
∑
i

∑
j

∑
l k

l
i,jp

l∑
j

∑
l Npl

− βtarget

∥∥∥∥∥
1

, (7)

where pl is the computational cost of a single learner from
layer l and βtarget ∈ (0, 1) is the targeted computational
budget. This term still allows for the allocation of different
amounts of computational resources to samples of varying
complexity and only requires to be close to βtarget on aver-
age. It also affects the computational cost of future training
steps, potentially accelerating the training process.

While Lb does not prevent diversity of gating choices, it
does not encourage it. In practice, we find that the gating net-
works collapse to a state where the same number of learners

is chosen for every input token, effectively turning our dy-
namic model into a static one. To prevent this behavior and
encourage diversity, we add two additional loss terms. The
first auxiliary loss term maximizes the average normalized
entropy of gating choices taken for tokens in a single image:

Le(θ) =
1

|B|L
∑
i,l

∑
n an log(an)

log(N)
, (8)

where:

ali,n =

∑
j ν̂

l
i,j,n∑

n

∑
j ν̂

l
i,j,n

(9)

represents a distribution between N choices in batch B for
the l-th ACM aggregated for an entire sequence of tokens
from sample i. The intuition behind this loss is that not ev-
ery input region is equally important; hence, a non-uniform
distribution of computation is required.

Finally, entire images may exhibit different difficulty lev-
els, and enforcing diversity of gating choices for a single
image at a time may not be enough. We address this with the
second auxiliary loss, which is defined as:

Ld(θ) =
1

|B|2
∑
i

∑
m

∥bi − bm∥1 , (10)

where:

bi =

∑
j

∑
l k

l
i,j∑

j

∑
l N

(11)

denotes the fraction of learners executed on sample i. It en-
courages the model to distribute its computational budget
between easy and hard examples. The final loss that is min-
imized for classification tasks is given by:

L(θ) = 1

|B|
∑
i

∑
c

−yi,c log(ŷi,c) + αbLb(θ)

+ αeLe(θ) + αdLd(θ),

(12)

where {(xi, yi)}|B|
i=1 are samples from the current mini-batch

B, and αb, αe, αd are hyperparameters for weighting the dif-
ferent terms. In practice, we always use αb = 0.1, αe =
0.05, and αd = 0.05. In the analysis section, we present
an ablation study that demonstrates the necessity of apply-
ing the proposed auxiliary losses and shows the positive im-
pact of their interplay. Note that the auxiliary losses are task-
agnostic, allowing ACMs to be used for any other task than
classification.

Experiments
Due to the widespread availability of pre-trained weights,
we evaluate our method on popular image classification and
speech recognition tasks. The aim of the evaluation is to
compare the performance-efficiency trade-offs of different
methods. To measure the computational efficiency, we track
the number of FLOPs used by the model for each eval-
uated sample and report the averaged result. The source
code for our experiments is available at https://github.com/
bartwojcik/adaptive computation modules.
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Figure 3: Performance-efficiency trade-offs of different con-
ditional computation methods as measured on the ImageNet-
1k dataset. ACM-based ViT-B achieves the Pareto frontier
for a wide range of computational budgets.

Computer Vision
We select a ViT-B (Dosovitskiy et al. 2020) model pre-
trained on ImageNet-1k (Russakovsky et al. 2015) from
the torchvison library1 as the base model for all meth-
ods. We compare ACMized models with three conditional
computation techniques, each one coming from a different
group: A-ViT (Yin et al. 2022) (Token Dropping), MoEfi-
cation (Zhang et al. 2021) (Mixture-of-Experts), and Zero
Time Waste (Wołczyk et al. 2021) (Early Exiting). For the
sake of a fair comparison, we assume the same training data
budget of 100 epochs for every method.

Since MoEfication requires models using ReLU activa-
tion functions, we first replace GELU activations with Re-
LUs and finetune the model for 80 epochs, as described by
Zhang et al. (2021). The remaining 20 epochs are used for
training the routers. For Zero Time Waste, we train the early-
exit heads for 95 epochs and then train the ensembles for 5
epochs. For the ACMized ViT, we replace every MLP mod-
ule and every linear projection in each MHA with an ACM
module (the self-attention mechanism itself is not affected).
Module-wise representation distillation is performed for 2
epochs, followed by 1 epoch for pre-training of the gating
networks and 97 epochs of end-to-end finetuning of the en-
tire model. We set the number of learners N to 4 in every
ACM. While MoEfication and Zero Time Waste can be eval-
uated with different numbers of selected experts and early
exit confidence thresholds, A-ViT and ACMs need to be
trained multiple times with different values of hyperparam-
eters that approximately determine the final average compu-
tational budget. We emphasize that our A-ViT implementa-
tion includes fixes for two issues raised by GitHub users23,
which may affect the final performance of A-ViT. The au-
thors of A-ViT have not yet addressed them at the time of
writing this article.

1https://pytorch.org/vision/stable/models.html
2https://github.com/NVlabs/A-ViT/issues/4
3https://github.com/NVlabs/A-ViT/issues/13
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Figure 4: Performance-efficiency trade-offs of different
conditional computation methods as measured on the
CommonVoice-es dataset. The model’s performance is re-
ported in terms of Word Error Rate (WER). ACMs achieve
lower WER for every evaluated computational budget.

We present the results in Figure 3. As projections in MHA
are responsible for around 30% of the model cost, MoEfica-
tion seems to be hindered by the fact that it reduces only
the cost of the MLP layers. A-ViT shows a gap in perfor-
mance in relation to the pre-trained model, while Zero Time
Waste is competitive only for higher computational budgets.
ACMized ViT displays favorable performance for a wide
range of computational budgets, and its advantage is espe-
cially significant below 12.5 GFLOPs.

Speech-to-Text
For speech recognition tasks, we use the XLS-R-300M
(Babu et al. 2021), a pre-trained Wav2Vec2 model (Baevski
et al. 2020), fine-tuned on selected languages from the Com-
monVoice dataset (Ardila et al. 2020). Speech-to-text mod-
els introduce additional complexities for dynamic computa-
tion methods, as each token is decoded individually. Since
A-ViT and Zero Time Waste were not designed for this set-
ting, we restrict our baseline methods to MoEfication, the
only task-agnostic method among those three.

We assume an equal training data budget of 10 epochs
for all approaches. In the case of MoEfication, we substitute
GELUs with ReLUs and train for eight epochs, followed by
two epochs of router training. For ACMs, we replace ev-
ery MLP block within the model with an ACM module with
N = 4. We subsequently perform five epochs of module-
wise distillation, one of training the gating networks, and
four epochs of end-to-end finetuning. We present results
in Figure 4. We see that even if only the MLP blocks are
ACMized, our method still obtains a better performance-
efficiency trade-off than MoEfication.

Analysis
Dynamic models allocate variable amounts of compute for
different samples or input regions. In this section, we pro-
vide motivation for our method, examine the distribution of
computational load, and show that the introduced auxiliary
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MHA Q-proj             MLP    

Figure 5: Color-coded errors of a 4-learner ACM plotted
after performing module-wise representation distillation for
modules from eight block of a ViT-B pre-trained model. To-
kens are sorted along the Y-axis of the plot by their average
error. For most input tokens, the same transformation can be
performed by a considerably smaller module consisting of
only two or three learners, thus justifying the use of ACMs.

losses are needed. In the supplementary material, we show
the impact of the proposed pre-training stages and investi-
gate the effect of changing the number of learners N .

Computational Inefficiency of Static Modules
To justify the use of ACMs, we make the following experi-
ment. First, we perform module-wise distillation from a se-
lected static module of an ImageNet-1k pre-trained ViT-B
into 4 learners, just as we describe in the Method section.
After convergence, we randomly select 5000 sample im-
ages from the validation dataset and forward them through
the original model to save every input token zi,j and out-
put token oi,j . For every possible number of learners used
n ∈ {1, ..., N}, we are interested in how well the learn-
ers imitate the output of the original module. For this, as
in training, we use MSE:

∥∥h(zli,j , n;ϕl)− oli
∥∥2. The result-

ing tensor of MSE values has size (5000, 197, 4), where 197
is the sequence length specific to ViT-B with patch size set
to 16. Since ACMs process each token independently, we
flatten the first two dimensions and then sort the tokens by
the average error for readability. Figure 5 shows the result-
ing color-coded error visualizations for selected modules.
We emphasize that the four learners have approximately the
same cost and number of parameters as the original static
module being substituted.

The results show that 1) only a small subset of tokens re-
quire the full processing power of the entire module, and for
a majority of tokens, and 2) tokens usually exhibit varying
levels of difficulty, thus warranting the use of conditional
computation on a per-token basis.

Qualitative Analysis
A dynamical model should take advantage of the fact that
images exhibit different difficulty levels for classification.
By extracting the gating choices being done by every ACM
for each patch, we can plot a heatmap that indicates which
regions the model was focused the most on. This map should
correlate with the meaningful regions of the image. Figure 6

Figure 6: Computational load heatmaps for the model
trained with βtarget = 0.6. The model allocates its compu-
tational budget to semantically meaningful patches.
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Figure 7: For each input audio token (red waveforms), we
show the average number of learners that were activated in
the ACMized model for βtarget = 0.25 (blue bars). We can
see that this model also learned to allocate its computational
budget to important regions of the input.

shows that the model indeed learns to allocate its computa-
tional budget to those regions. We show that this effect is
not exclusive to vision by performing a similar analysis for
audio in Figure 7. We provide additional examples in the
supplementary material.

Ablation Study
Being able to dynamically allocate computation when solv-
ing a task is the core feature of ACMized models. The aux-
iliary losses are necessary for the dynamism to emerge. We
empirically demonstrate this in Figure 8 by training multi-
ple runs differing only in the loss terms applied during the
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Figure 8: Effects of training with different combinations of enabled auxiliary losses. The computational load heatmap is ren-
dered over the original image (top row). The histograms (bottom row) show the distribution of the total computational cost
spent by the model on images from the validation set. Only combining all the proposed terms provides the desired diversity of
the allocated computational budget.

end-to-end training phase. For each run, we visually analyze
their intra-sample computational load distribution and gen-
erate a histogram of the total computation spent on every
sample.

As expected, ACMs may converge to a solution in which
always the same learners are used when only Lb is applied.
The inclusion of Le helps in diversifying between different
regions of the input, but overall the computation spent on
each image is mostly the same. Applying Ld instead of Le
diversifies the distribution of compute spent on every image,
but the gating choices for different regions of the input are
not diverse on its own. Only by enabling all the proposed
losses can we achieve the desired effect of the model focus-
ing on semantically meaningful patches and having a high
variability of computational budget allocation.
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Figure 9: Latency of a 128-sample batch processed by a
single ACM layer on an A100 GPU. The gating network
is included in the measurements, but we replace the gating
choices with samples from a random distribution to achieve
the desired average number of executed learners. ACMs
have negligible overhead, and latency scales linearly with
the average number of executed learners.

Hardware speedup

Due to their design, ACMs are inherently well-suited for
parallel execution on GPUs. Specifically: (1) once gating
decisions are determined, the execution of learners can oc-
cur in parallel; (2) tokens can be reordered without any ad-
ditional copying when they are loaded from or stored to
the main GPU memory by the kernel; (3) when tokens are
sorted by the number of selected learners, the computation
for each group is standard matrix multiplication for which
GPUs are highly optimized for; (4) the hidden dimension-
ality of each learner is deliberately large to maximize GPU
utilization. We implement the ACM forward pass with GPU
kernels written in Triton (Tillet, Kung, and Cox 2019) and
employ several optimizations including configuration auto-
tuning and kernel fusion.

In Figure 9 we evaluate our implementation by measuring
the wall-clock time of execution of a single ACM module
from the ViT-B-based model. The overhead in respect to a
static MLP is negligible. Moreover, the wall clock time de-
creases linearly with the number of executed learners.

Conclusion

In this work, we have demonstrated that large static modules
lead to ineffective allocation of computational budget. The
introduced ACM, a generic module that facilitates granular
conditional computation, is designed for computational ef-
fectiveness, and models based on it achieve state-of-the-art
results among the tested dynamic inference methods. Our
training procedure distills a static network into an adap-
tive one, forcing it to allocate its computational budget to
semantically meaningful input regions. Future work might
explore the relationship between ACMs and pruning meth-
ods. Since our training procedure replaces individual mod-
ules with ACMs, one could also consider using quantized
learners for further efficiency gains.
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