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Abstract

Large transformer models are increasingly deployed across ge-
ographically distributed GPU clusters due to capacity, cost, and
locality constraints. When inference is partitioned across sites, in-
termediate activations must be transmitted over wide area network
(WAN) links at each partition boundary, introducing significant
communication overhead. We present FEATHER, a system that re-
duces this overhead by compressing intermediate activations before
transmission and reconstructing them before downstream layers
resume execution.

FEATHER learns a compact representation of activation tensors
using a lightweight neural codec trained with a reconstruction ob-
jective while keeping the original model frozen. Across encoder
and decoder transformer models, FEATHER achieves up to 48X acti-
vation compression while maintaining accuracy close to the base-
line model. Under representative WAN conditions (e.g., 10 Gbps
bandwidth and a 10 ms RTT), this reduction yields up to 4.96X
improvement in end-to-end latency, consistently outperforming
existing compression schemes, including linear autoencoder, PCA,
and SVD.
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1 Introduction

Modern inference workloads span multiple machines, clusters, and
even data centers. Frontier transformer models with hundreds of
billions of parameters exceed the memory capacity of a single GPU
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node, requiring inference to be partitioned across multiple devices
and machines [31, 35]. At the same time, production serving systems
must maintain availability and latency targets under unpredictable
demand, routing requests across geographic regions to absorb traf-
fic spikes, satisfy data residency constraints, or compensate for
localized capacity limits. For example, Amazon Bedrock’s Cross-
Region Inference Service dynamically routes inference requests
across multiple regions to sustain low-latency responses under
variable load [2]. The infrastructure supporting such deployments—
including model partitioning, WAN connectivity, and distributed
serving pipelines—is already widely used in production systems.

When such partitioned inference spans geographically separated
sites, intermediate activations must be transmitted across wide area
network (WAN) links at each partition boundary [4, 15, 22]. Unlike
model weights, which are transferred infrequently during deploy-
ment or updates, activations are generated for every request [22, 36].
Their volume, therefore, scales directly with the service’s request
rate. In large-scale deployments serving millions of requests per
day, activation transfer becomes a persistent and substantial com-
munication cost across the inference pipeline [6, 10, 20, 21, 34].

WAN:Ss further amplify this challenge. Cross-regional datacenter
links provide lower throughput, higher latency, and greater vari-
ability than intra-datacenter fabrics [11, 14, 28, 29]. The bandwidth
gap between intra-rack communication and trans-regional WAN
links can be substantial, making activation transfers that are inex-
pensive within a datacenter significantly more costly across regions.
In addition, large activation transfers compete with other traffic
on shared inter-datacenter links, potentially increasing congestion
and latency. Finally, cloud egress charges introduce an additional
economic cost to these transfers. Together, these factors make WAN
communication a key constraint in cross-region inference deploy-
ments. These constraints raise a natural question: how can the
communication cost of activation transfer be reduced?

Existing systems primarily focus on optimizing where compu-
tation runs, rather than reducing the amount of data transferred
between stages. Model parallelism and pipeline execution frame-
works distribute large models across GPUs and machines so that
models exceeding single-device memory can still run [4, 22, 31, 32],
but they introduce partition boundaries where the full activation
tensor must cross the network unchanged. Routing frameworks
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optimize request placement across regions but treat activation vol-
ume as fixed [2]. Prior work on edge-cloud partitioning and inter-
datacenter scheduling similarly focuses on optimizing the place-
ment of split points rather than reducing the bandwidth cost at
those points. As a result, the volume of activation traffic remains
largely unchanged.

These observations motivate FEATHER, a learned activation-
compression framework for split-transformer inference. Rather
than applying compression independently of the model, FEATHER
trains lightweight encoder-decoder adapters directly at the model’s
partition boundary to reconstruct intermediate hidden states with
the fidelity required by frozen downstream layers. Because the
downstream layers remain fixed and cannot be retrained to com-
pensate for distorted inputs, the adapter must learn to reconstruct
the activations rather than merely compress them. The key idea is
to learn compression with respect to the split itself: the adapters
are supervised using reconstruction loss at the partition boundary,
ensuring that the compressed representation preserves the structure ex-
pected by the downstream model. FEATHER operates at the partition
boundary between model stages and can be applied regardless of
where the model is split across devices or datacenters. FEATHER en-
ables up to 48X reduction in activation bandwidth while remaining
within 2% of the uncompressed model’s accuracy, yielding end-to-
end speedups of up to 4.96X under representative inter-datacenter
network conditions.

Our contributions are as follows:

e We propose FEATHER, a learned activation compression system
for split transformer inference that reduces the size of intermedi-
ate activations transmitted between model partitions.

e We show that learned activation compression significantly out-
performs classical dimensionality reduction techniques (e.g., lin-
ear autoencoder, PCA, and SVD) in preserving inference accuracy,
achieving up to 30% higher accuracy at high compression ratios
across both encoder and decoder transformer architectures.

o We show that reducing activation size directly translates into
system-level benefits, achieving up to 48x reduction in activation
bandwidth and 4.96x end-to-end speedup under representative
cross-regional network conditions.

2 Background and Related Work

Distributed Inference and Model Partitioning. As transformer
models grow beyond the memory capacity of a single device, infer-
ence is increasingly partitioned across multiple GPUs, machines,
and datacenters using pipeline and tensor parallelism [31, 32]. This
creates partition boundaries where intermediate activations must
be transferred between stages. Prior work has studied how to place
these boundaries efficiently. Kang et al. [19] optimize edge-cloud
split points to balance latency and energy consumption, while
Jiang et al. [16] study multi-datacenter deployments in which inter-
datacenter bandwidth is the primary constraint. Production sys-
tems, e.g., Amazon Bedrock’s Cross-Region Inference Service, route
requests across regions to maintain performance under variable
demand [2]. These works focus on optimizing where models are
partitioned or how requests are routed, but they treat the volume of
data transmitted at partition boundaries as fixed. FEATHER instead
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targets the bandwidth required to transfer activations across these
boundaries.

Communication Compression in Distributed Training. Reduc-
ing communication overhead has been extensively studied in dis-
tributed training. Techniques such as gradient quantization, sparsi-
fication, and low-rank approximation reduce the volume of data ex-
changed during gradient aggregation [1, 23, 37]. These approaches
are effective because training is iterative: compression errors intro-
duced in one step can be corrected in subsequent updates. Inference
does not share this property. A distortion introduced at a partition
boundary propagates through the remaining frozen layers of the
model and directly affects the final prediction.

Classical Dimensionality Reduction. Classical dimensional-
ity reduction methods provide natural baselines for compress-
ing high-dimensional representations. Principal component anal-
ysis (PCA) [18, 27] and truncated singular value decomposition
(SVD) [8, 9] project activations into a lower-dimensional linear sub-
space learned from collected samples. However, these projections
are optimized for variance preservation or matrix approximation
rather than for reconstructing activations required by downstream
layers, and they rely on a fixed projection basis that cannot adapt to
shifts in activation distributions during deployment. They reduce
activation dimensionality, oblivious to how the resulting represen-
tations will be used by downstream transformer layers, and often
introduce distortions that impact model accuracy.

Activation Compression for Split Inference. Several works com-
press intermediate representations at model split points for dis-
tributed inference. Matsubara et al. [26] learn supervised compres-
sion modules that jointly retrain downstream layers with the com-
pressor. SLICER [36] applies sparsification and adaptive quantiza-
tion at the split point without retraining the model. However, these
methods do not explicitly optimize for reconstructing the activa-
tion structure expected by downstream transformer layers, which
can lead to accuracy degradation at higher compression ratios. In
contrast, FEATHER learns lightweight compression-reconstruction
adapters directly at the partition boundary using reconstruction
supervision while keeping all model parameters frozen. Our design
is based on adaptors [13], repurposing lightweight trainable mod-
ules within a frozen model for communication-efficient activation
transfer.

3 FEATHER Design

Figure 1 demonstrates FEATHER, our learned neural codec that re-
duces the communication overhead of cross-regional distributed
inference by compressing intermediate activations before they
are transmitted across the network.! FEATHER inserts lightweight
FeaTHER! and FEATHER! adaptor modules at the partition bound-
ary, allowing large activation tensors to be replaced with compact
representations during WAN transmission while preserving the
structure expected by downstream transformer layers.

Overview. FEATHER preserves the structural properties of the ac-

tivations expected by downstream layers to prevent compression
errors at the partition boundary from propagating through the

'We focus on transformer-based architectures, but the ideas apply broadly to modern
Al models based on neural networks (NNs).
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Figure 1: FEATHER overview: the model is partitioned across
two regions: K layers in Region 1and K+1 : N in Region 2. For
Y parallel prompt requests, FEATHER! compresses their inter-
mediate activations to dimension d before transmitting over
the bottleneck wide-area link. On the receiver side, FEATHER'
reconstructs the activations to original dimension D before
inference continues through remaining transformer blocks.

remainder of the model. To that end, FEATHER learns split-aware
compression mappings specifically for the split inference setting
using lightweight neural codec adaptors placed at the partition
boundary. As shown in Figure 1, FEATHER! executes on the up-
stream model partition and FEaTHER reconstructs activations for
downstream layers.

In transformer models, the communication cost of split infer-
ence is dominated by the activation tensor produced at the partition
boundary, with dimensions Y X T X D where Y is the number of
prompts (inference requests) being processed in parallel, T is the
sequence length (#tokens), and D is the hidden dimension of the
transformer layer at the split. FEATHER reduces this communica-
tion cost by introducing a bottleneck activation representation that
projects each token vector from dimension D to a lower dimension
d, producing a compressed tensor of size Y X T X d, yielding a
compression ratio of D/d. Moreover, to preserve the token-level
semantics expected by downstream attention layers, compression
is applied independently to each token representation rather than
across tokens, ensuring that the sequence structure of the activation
tensor is maintained during efficient parallel execution on GPUs.

3.1 FEATHER Adaptor Architecture

We now describe the architecture of the FEATHER adaptors,
FeaTHER! and FEaTHER!. As shown in Figure 2, both adaptors
use lightweight multilayer perceptrons (MLPs) to implement the
compression transformation. Rather than relying on fixed linear
projections, the nonlinear structure of these MLPs allows the adap-
tors to learn task-relevant compression and reconstruction map-
pings that better preserve the hidden-state structure expected by
downstream transformer layers (§4).

Nonlinear Projection. Both FEaTHER! (compression adaptor) and
FeaTHER! (decompression adaptor) are implemented as lightweight
nonlinear MLPs that transform token activations around a bottle-
neck dimension d. The FEaTuer! adaptor (Figure 2a) maps each
token activation from the transformer hidden dimension D to the
bottleneck representation d, while the FEATHERT adaptor (Figure 2b)
reconstructs the activation by expanding the compressed represen-
tation back to dimension D. Using nonlinear MLPs enables the
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Figure 2: FEATHER adaptors: FEATHER! (compressor) and
FEATHER' (decompressor). Both modules use a nonlinear
MLP with an intermediate dimension h. In tandem, they
support a compression ratio of D/d.

adaptors to capture correlations among hidden dimensions and
preserve the information required by downstream transformer lay-
ers, which is particularly important when compressing activations
under aggressive compression ratios.

In the compression path, each token vector is projected from D to
an intermediate dimension h, followed by layer normalization and a
GELU nonlinearity, and then projected to the bottleneck dimension
d. Along the decompression path, the compressed representation is
projected from d to an intermediate dimension h and then expanded
back to the original hidden dimension D, thus reconstructing the
activation tensor expected by the downstream transformer layers.

Adaptive Bottleneck Scaling. To maintain sufficient transforma-
tion capacity under varying compression ratios, the intermediate
dimension h is scaled relative to the bottleneck dimension d. Both
the FEATHER! and FEaTHER! adaptors use the same intermediate
dimension so that the compressor and decompressor maintain sym-
metric expressive capacity. Specifically, the hidden dimension is
set to h = 32d when d < 8 and h = 64d when d > 8. This adap-
tive scaling increases the expressive power of the compression and
reconstruction transformations while keeping the computational
overhead small compared to the transformer layers.

Residual Reconstruction Pathway. Reconstructing activations
from a highly compressed representation can introduce reconstruc-
tion errors that propagate through downstream transformer layers.
To improve reconstruction stability, the FEATHER! adaptor incorpo-
rates a residual reconstruction pathway, as shown in Figure 2b, that
introduces a skip connection from the intermediate representation
to the final output layer. This residual block allows the decompres-
sion adaptor to learn corrective refinements on top of a coarse
reconstruction produced from the bottleneck representation. By
enabling the adaptor to focus on modeling residual reconstruction
errors, this design improves the fidelity of reconstructed activations
while maintaining a lightweight architecture suitable for execution
at the split inference boundary.

3.2 Training FEATHER Adaptors

We train the FEATHER! and FEaTHER! adaptors to encode trans-
former activations into a compact bottleneck representation while
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preserving the information required by downstream transformer
layers. To achieve this, we freeze the parameters of the original
transformer and train only the FEATHER adaptors, following prior
adaptor-based architectures [13]. This design allows the compres-
sion mechanism to be trained independently without modifying
the pre-trained model weights.

During training, we capture the activations at the partition
boundary, denoted by H € RBXT*P _where B is the batch size, T is
the sequence length (#tokens), and D is the hidden dimension of the
transformer layer. The FEATHER! adaptor compresses these activa-
tions to produce a bottleneck representation H! € RB*7*4 and the
FeaTHER! adaptor reconstructs the activations as HT € REXT*D,
Because the training objective is to reconstruct the original activa-
tions, the input activations H serve as the supervision signal for the
FeaTHER! adaptor, effectively acting as the training labels for the
reconstruction process. Training, therefore, optimizes the adaptors
so that the reconstructed activations H' closely match the original
activations produced by the transformer.

Reconstruction Objective. The training objective minimizes the
difference between the original activations H and the reconstructed
activations H using a combination of mean-squared error and
cosine similarity, following prior work on representation match-
ing and activation reconstruction [12, 17, 33]. This reconstruction
objective function is given as follows:

i Mgl | Hir — H,T,”Z 2ir Mg cos(Hy, Hth)

Zi,t mi; Zi,t mi;

L

Here m;; denotes the attention mask for token ¢ in sequence i.
The mask excludes padding tokens so that the adaptors are trained
only on tokens that participate in transformer computation.

3.3 FEATHER Analysis

Compressing the activations lowers communication cost but intro-
duces additional computation for compression and reconstruction.
Whether compression improves end-to-end latency, therefore, de-
pends on the tradeoff between reduced transmission time and the
added compute overhead.

Let W denote the available WAN bandwidth and RTT denote
the round-trip latency of the link. When Y inference requests are
processed concurrently and equally share the available bandwidth,
the effective bandwidth available to each request becomes W/Y.
Without compression, transmitting the activation tensor of size
T - D incurs a latency of t = (T - D)/(W/Y) + RTT/2 = (Y - T -
D)/W +RTT/2.

With FEATHER, the transmitted payload is reduced to T - d val-
ues. Let ¢ and ¢! denote the execution time of the FEATHER! and
FeaTHER! adaptors, respectively. The resulting latency becomes
1 = (T-d)/(W/Y)+RTT/2+t +11 = (Y-T-d)/W+RTT/2+tt +17.

Compression reduces end-to-end latency when A7 < fpase, which
yields the condition t! + tT < (Y - T - (D — d))/W. Intuitively, com-
pression is beneficial when the additional compute time required by
the adaptors is smaller than the network time saved by transmitting
compressed activations.

This condition becomes easier to satisfy when WAN bandwidth
is limited, when the compression ratio D/d is large, when many
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Figure 3: End-to-end test accuracy of FEATHER and baselines
across compression ratios for encoder (RoBERTa-base) and
decoder (DistilGPT-2) models.

prompts share the same link (Y is large), or when the transformer
hidden dimension D is large, as is common in modern large-scale
transformer models.

4 Preliminary Evaluations

We evaluate FEATHER’s end-to-end performance in preserving
model test accuracy for the downstream task under activation com-
pression, and its system-level impact on inference latency under
realistic WAN conditions. We also benchmark FEATHER’s recon-
struction fidelity measured using signal-to-noise ratio (SNR) de-
fined as 10log, (
performance. For parametric methods (FEATHER and the linear au-
toencoder), accuracy and SNR are reported as mean + standard

deviation across five independent random seeds (42, 123, 456, 789,
2024).

signal power

moTse power ) independently of downstream task

4.1 Experimental Setup

Test Environments. We simulate deployments where inference
is partitioned across two devices connected through a WAN. In
all experiments, the transformer model is split at its architectural
midpoint so that early layers execute on the first device and later
layers execute on the second device. The compressed activation
tensor produced at the partition boundary is transmitted between
the two devices and reconstructed before continuing the forward
pass. We evaluate network conditions using a 10 Gbps link, consis-
tent with the capacity of dedicated inter-datacenter connections
offered by major cloud providers [3, 5]. Round-trip latencies of
10 ms, 25 ms, and 50 ms are used to represent typical cross-region
and inter-datacenter WAN deployments. FEATHER! and FEATHER!
compute latency (t! and t7) are measured using CUDA events and
averaged over 100 timed iterations with 20 warmup iterations on
batches of 64 real tokens. These measurements are combined with
network transfer time to evaluate end-to-end latency (§3.3).

Baselines, Workloads, and Parameter Settings. We evaluate
FEATHER on two transformer architectures spanning both en-
coder/decoder model families. For the encoder setting, we use
RoBERTa-base [24] fine-tuned on GoEmotions [7], a 28-class emo-
tion classification benchmark derived from Reddit comments. For
the decoder setting, we fine-tune DistilGPT-2 [30] on the IMDB
sentiment classification dataset [25], a widely used binary senti-
ment benchmark consisting of movie reviews labeled as positive
or negative. Both models have a hidden dimension D = 768, and
all baseline model parameters remain frozen throughout adapter
training and inference. Padding positions are excluded from both
the forward pass and gradient updates using attention masks.
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Figure 4: End-to-end speedup for activation compression,
transmission, and decompression against compression ra-
tios at RTT = 10ms. Speedup is relative to transmitting
uncompressed activations (baseline RoBERTa-base: 7.9 ms,
DistilGPT-2: 42.1 ms). Results for RTT = 25 ms and 50 ms fol-
low the same trend.
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Figure 5: Reconstruction quality as SNR (in dB) of
FEATHER and baselines across compression ratios for encoder
(RoBERTa-base) and decoder (DistilGPT-2) models. Higher
SNR indicates better fidelity to the original activations.

We evaluate activation compression across compressed dimen-
sions d € {64, 32,16, 18,4}, corresponding to compression ratios
ranging from 12X to 192X. Across these settings, we compare
FEATHER against three baselines. The first baseline is a linear au-
toencoder consisting of a single linear encoder and decoder without
nonlinearities, isolating the contribution of the nonlinear bottle-
neck used in FEATHER. The second and third baselines are PCA
and truncated SVD projections fitted directly on training-set acti-
vations. These methods represent static linear projections that do
not incorporate a learned reconstruction objective.

The compression adapter is trained using the reconstruction ob-
jective described in §3.2, with all backbone model parameters frozen.
Training is performed for 5 epochs using the Adam optimizer with
a learning rate of 1 X 1072 and a cosine annealing schedule. The
adapter is trained once per compression ratio and architecture with
the same dataset used to fine-tune the baseline model per task, and
no online adaptation is performed during inference.

4.2 End-to-End Model Accuracy

Figure 3a shows downstream task accuracy for our encoder-only
model, RoBERTa-base. FEATHER consistently outperforms all base-
lines, with the gap widening under aggressive compression. At 48X
(d = 16), FEATHER retains 97.8% of baseline performance (56.42%),
versus 52.52% for Linear and 54.55% for PCA. At 96x (d = 8),
FEATHER achieves 53.82%, substantially ahead of Linear (38.14%),
PCA (46.45%), and SVD (43.65%). PCA and SVD, being static de-
compositions, cannot adapt to the task-relevant structure of hidden
states and degrade most sharply under aggressive compression. The
learned linear autoencoder recovers some of this structure through
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training, but its lack of nonlinearity limits its ability to preserve the
representations required by downstream transformer layers.

For the decoder-only model, DistilGPT-2, Figure 3b shows that
FEATHER’s learned compression generalizes well to decoder archi-
tectures. FEATHER again outperforms all baselines, achieving 86.43%
at 96X compression versus 56.51% for Linear, while PCA and SVD
degrade substantially at this level (52.30% and 55.80%). At the ex-
treme compression ratio of 192X (d = 4), all methods converge to
similar performance levels, suggesting that severe dimensionality
reduction leaves little room for any technique to recover lost acti-
vations. The performance gap is larger than in the encoder (29.92%
vs. 15.68%, Figure 3a), consistent with causally contextualized hid-
den states being less globally structured and therefore harder to
compress with static linear projections.

4.3 End-to-End Network Speedup

We evaluate the system-level impact of activation compression on
end-to-end inference latency based on the analysis described in
§3.3. Figure 4a reports speedup results for RoOBERTa-base across
compression ratios from 12X to 192X at 10 Gbps and an RTT of
10ms. PCA and SVD, running on CPU, consistently yield slow-
downs (0.42x-0.52X and 0.59X-0.68X, respectively), making them
unsuitable for latency-sensitive deployments. Linear achieves posi-
tive speedups throughout (1.49x at 12, plateauing at 1.56X), owing
to its negligible compute overhead. FEATHER starts below Linear
at low compression (0.95X at 12X) due to its nonlinear adapter
overhead, but converges at high compression (1.52x at 192X) while
maintaining substantially higher accuracy (45.60% vs. 33.12%, Fig-
ure 3).

For DistilGPT-2 (Figure 4b), the same trend holds but with larger
speedups due to higher per-layer transfer volume. Linear reaches
7.91x at 192x compression but collapses in accuracy (52.07%), while
FEATHER achieves 6.14X at 96X and retains 86.43% accuracy—a gap
of nearly 30 percentage points over Linear. Overall, PCA and SVD
are not viable for network acceleration, Linear trades accuracy
for throughput, and FEATHER provides the best accuracy—-speedup
tradeoff in bandwidth-constrained WAN deployments.

4.4 Reconstruction Fidelity

While downstream accuracy reflects task-level performance, it does
not directly measure how well compressed activations reconstruct
the original hidden representations. We therefore evaluate recon-
struction quality using signal-to-noise ratio (SNR), where higher
SNR indicates closer fidelity to the upstream model’s hidden states.

Figure 5a reports SNR across compression ratios for RoOBERTa-
base. FEATHER consistently achieves higher SNR than all baselines,
with degradation remaining gradual as compression increases—
from 9.99 dB at 12X down to 5.31 dB at 192X. At 48X compression,
FEATHER achieves 7.43 dB versus 5.60 dB for Linear; at 96X, the gap
persists at 6.38 dB versus 4.83 dB. Linear, PCA, and SVD degrade
more sharply, consistent with the accuracy collapse observed at
high compression ratios, as shown in Figure 3.

Figure 5b shows a similar pattern for DistilGPT-2, with overall
higher SNR values reflecting the decoder’s larger hidden dimension.
FEATHER decreases gradually from 16.51dB at 12X to 8.61dB at
192x%, while at 96X it retains 10.86 dB versus 8.83 dB for Linear. The
baselines again degrade more sharply, indicating that the nonlinear
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adapter better preserves hidden-state structure, particularly in the
more challenging causal decoder setting.

5 Discussion & Call to Arms

Compression has become a central technique in modern machine
learning systems. Quantization, pruning, and distillation are widely
used to reduce the compute and memory footprint of large mod-
els. These techniques primarily target efficient model storage and
computation on accelerators. As inference increasingly spans ma-
chines and datacenters, however, another resource becomes equally
important: network bandwidth. Intermediate activations must be
transmitted between model partitions, and the latency of these
transfers directly determines when downstream computation can
proceed. In distributed inference pipelines, GPUs frequently stall
while waiting for activations to arrive, making the communication
channel itself a critical system bottleneck.

While prior work has explored compression for model parame-
ters and training communication, activation transmission during
split inference remains relatively underexplored. In this work, we
take inspiration from model-compression techniques and apply
similar ideas to the communication channel between model parti-
tions. By learning lightweight adapters that compress intermediate
activations, FEATHER reduces the volume of data transmitted across
WAN links while preserving the hidden-state structure expected
by downstream transformer layers.

This perspective suggests a broader research direction. As infer-
ence systems become increasingly distributed, compression mech-
anisms should be integrated directly into the inference pipeline
rather than treated as an external optimization. This includes co-
designing activation compression with model training, combining
dimensionality reduction with quantization, and developing system
abstractions that explicitly account for communication costs.

Towards Communication-Aware Inference Systems. More
broadly, we believe that network communication will play an in-
creasingly important role in the design of large-scale machine learn-
ing systems. Just as model compression reshaped how the com-
munity thinks about compute efficiency, communication-aware
architectures may reshape how we design distributed inference
pipelines.

The infrastructure for distributed inference already exists—
models are partitioned across machines, serving pipelines span
datacenters, and WAN links connect them. What remains largely
unexplored is how to design inference systems that treat the move-
ment of activations across these links as a first-class systems prob-
lem. We believe that making communication-aware inference a
core design principle is an important next step for large-scale ma-
chine learning systems, and we hope this work encourages further
exploration in that direction.

6 Ethical Considerations

This work does not involve human subjects, personal data, or sen-
sitive user information. The experiments are conducted on publicly
available datasets and synthetic or simulated environments.
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