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Kurzfassung

Hohe Parameteranzahlen moderner grofier Sprachmodelle (Large Language Models,
LLMSs) beschréanken die Inferenz auf ressourcenstarke Einrichtungen mit Server-Hardware.
Die verteilte Inferenz mittels heterogener Endverbrauchergerite bietet einen vielver-
sprechenden Ausweg; bestehende Systeme erfordern jedoch manuelle Konfiguration und
Einrichtung, was die Zugénglichkeit auf erfahrene Nutzer begrenzt.

Wir schlagen einen dynamischen Graphpartitionierungsalgorithmus fiir ONNX-basierte
LLMs vor, der die Modellpartitionierung auf eine Variante des Ordered Partition Problem
reduziert, welches fiir n Schichten und m Worker in O(n?m) 1ésbar ist. Der Algorithmus
optimiert gemeinsam den Speicher der Worker, die Ausfithrungsgeschwindigkeit, die
Netzwerkbedingungen sowie bereits heruntergeladene Modellgewichte, um die End-to-
End-Inferenzlatenz zu minimieren. Wir integrieren diesen Algorithmus in einen verteilten
Inferenzserver, implementiert in iiber 5.500 Zeilen Rust. Der Server partitioniert das
Modell zur Laufzeit dynamisch neu, wenn Worker dem System beitreten oder es verlassen.
Durch die Nutzung des Browsers als Verteilungsmechanismus wird eine konfigurationsfreie
Teilnahme ermoglicht, wodurch die manuelle Einrichtung der Worker entfallt.

Unsere Experimente zeigen, dass unser Kostenmodell einen mittleren absoluten pro-
zentualen Fehler (MAPE) von 8,4% insgesamt und 4,4% fiir grole Modelle erzielt. Die
dynamische Partitionierung iibertrifft durchgehend die statische gleichméfige Schichten-
aufteilung, und eine Ablationsstudie der Metriken bestéatigt, dass jede Worker-Metrik
einen bedeutsamen Beitrag zur Zuweisungsqualitit leistet. Wir demonstrieren, dass das
System unerwartete Verbindungsabbriiche tiberbriickt und ein Modell mit insgesamt 60
GB Gewichten auf heterogene Geréte verteilt.

ix
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Abstract

High parameter counts of frontier large language models (LLMs) restrict inference to
well-resourced institutions with server-grade hardware. Distributed inference using
heterogeneous consumer devices offers a path forward; however, existing systems require
manual configuration and setup, limiting accessibility to expert users.

We propose a dynamic worker-aware graph partitioning algorithm for ONNX-based
LLMs that reduces model partitioning to a variant of the Ordered Partition Problem,
solvable in O(n?m) for n layers and m workers. The algorithm jointly optimizes worker
memory, execution speed, network conditions, and cached model weights to minimize
end-to-end inference latency. We integrate this algorithm into a distributed inference
server implemented in over 5,500 lines of Rust. The server dynamically repartitions the
model at runtime in response to workers joining or leaving the system. Using the browser
as a distribution mechanism enables zero-setup participation, eliminating the need for
manual worker configuration.

Empirical evaluation shows that our cost model achieves a mean absolute percentage error
(MAPE) of 8.4% overall and 4.4% for large models. Dynamic partitioning consistently
outperforms static equal-layer splitting, and an ablation study confirms that each worker
metric contributes meaningfully to assignment quality. We demonstrate the system
recovering from unexpected worker disconnects and distributing a model totaling 60 GB
of weights across heterogeneous devices.

Xi
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CHAPTER

Introduction

1.1 Motivation

The computational demands of frontier models have grown dramatically in recent years.
The Llama family was launched in 2023 with the largest model having 65 billion parame-
ters. Just two years later, we have open-weight models such as DeepSeek-V3 [DLM™25]
with 671 billion parameters and Kimi-K2 [TBB™25] with 1 trillion parameters [Epo25].
Although smaller models can run on consumer hardware, large frontier models require
hundreds of gigabytes of VRAM, restricting access to well-resourced institutions. Fur-
thermore, inference engines such as vLLM [v1I25] are optimized for server-grade hardware
and throughput, rather than end-to-end latency on consumer devices.

Distributed inference offers a path forward by pooling resources of multiple devices to run
models that fit on no single device. vLLM supports multi-device scaling, but only across
homogeneous hardware. Systems such as Petals [BRCT23| and EdgeShard [ZSC™25]
enable inference on heterogeneous consumer hardware and edge devices. However, they
require users to manually configure workers and download multi-gigabyte model weights;
a barrier that excludes non-expert users.

A solution to this usability problem is the web browser. Zero-setup participation,
where users can contribute just by opening a website, would dramatically lower the
entrance barrier for distributed inference. Realizing this vision introduces technical
challenges that are absent in native distributed systems. Browsers are sandboxed
environments that prohibit high-speed memory connections such as RDMA, restrict
GPU access to the WebGPU API rather than native CUDA, and impose security
constraints that inference engines like vLLLM are not designed for. Beyond the browser,
heterogeneous participants bring different capabilities: varying memory budgets, execution
speeds, network conditions, and cached model weights. No existing system adapts model
partitioning at runtime to heterogeneous workers in a web environment.




Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

1.

INTRODUCTION

This thesis addresses this gap. We propose a dynamic graph partitioning algorithm for
ONNX-based LLMs that considers memory, execution speed, network conditions, and
cached model weights. Workers may run on diverse technology stacks, including the
browser via WebGPU or Python via CUDA, and may join or leave the system at any
time. The algorithm responds to such events by repartitioning the model, enabling the
distributed inference server to maintain high throughput under dynamic conditions.

1.2 Research Questions

This thesis investigates the following research questions:

e LLM Partitioning: What methods and tools exist for partitioning ONNX-based
LLMs for distributed inference?

e Algorithmic Complexity: What computational complexity trade-offs arise in the
proposed worker-aware dynamic partitioning algorithm, and under what conditions
is it tractable?

e Cost Model Validation: How closely does the end-to-end inference latency
estimated by the worker-aware dynamic partitioning algorithm match real-world
measurements?

e Static vs. Dynamic Partitioning: How does dynamic worker-aware partitioning
compare to static equal-layer splitting in terms of inference throughput?

e Metrics: How does removing individual worker metrics from the partitioning
algorithm affect inference throughput?

1.3 Contributions

This thesis makes the following contributions:

e Dynamic partitioning algorithm: A worker-aware graph partitioning algorithm
for ONNX models that reduces downtime during initialization and minimizes
end-to-end inference latency during runtime.

e Distributed inference system: A distributed LLM inference server that sup-
ports heterogeneous workers including Python (CUDA) and browser (WebGPU)
environments. Using the web for distribution, we facilitate zero-setup participation
for web-based workers.

« Empirical evaluation: We establish baselines that characterize the behavior of the
system under varying model sizes, worker counts, prompt lengths, and device types.
We validate the algorithm’s cost model against real-world measurements, quantify
the throughput gains of dynamic over static partitioning, and assess the contribution
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1.4. Thesis Organization

of individual worker metrics. Finally, demonstrate dynamic repartitioning and
deploy a model totaling 60 GB of weights across devices.

1.4 Thesis Organization

In Chapter 2, we provide the required background. In Chapter |3, we list related work.
In Chapters |4, 5, and |6, we explore the system’s design, the partitioning algorithm,
and implementation details. Chapters 7/ and |§ focus on our results. Finally, Chapter |9
concludes our work.
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CHAPTER

Background

In this chapter, we provide background on dynamic graph partitioning for LLMs. We start
with an overview of an LLM’s architecture and how to run inference. Next, we explore
parallelism in deep learning and graph partitioning. Lastly, we give an introduction to
the ONNX ecosystem.

2.1 Large Language Models (LLMs)

2.1.1 LLM Architecture

The architecture of LLMs is typically categorized as one of: Encoder-Decoder, Causal
Decoder, Prefiz Decoder, or MoE |ZZL*23, NKQ™25, RMF*24]. In this section, we
focus on the Causal Decoder, as it is the basis for most generative LLMs. The MoFE
architecture is widely used for newer models; however, since it works similarly to the
Causal Decoder during inference with ONNX Runtime, we will not explain it in detail.
For example, gpt—0ss—-20B, an MoFE model, accepts the same inputs as Qwen3-0. 6B,
a Causal Decoder.

High-Level Data Flow

Tokenization Tokenization is the process of converting text into discrete tokens. This
is typically done using the Hugging Face tokenizers library [MP23]. For example:

Tokens are a text representation that LLMs understand!

is tokenized as

[29300, 525, 264, 1467, 13042, 429, 444, 10994, 82, 3535, 0]
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2.

BACKGROUND

Using a vocabulary, which maps subsequences of the input text to discrete tokens, the
text is converted to a tensor of integers called input_ids. LLM inputs typically include
two additional tensors: the attention_mask is a tensor containing zeros and ones. For
generative LLMs it typically only contains ones, meaning that all past tokens should
be used as context to compute the next token during a forward pass. Secondly, the
position_ids are used for positional encoding. For some models, they can be omitted
from the input, as they can be computed directly from the other inputs.

Embedding The first part of an LLM model is the input or embedding layer. It
computes word embeddings for each token from the 3 input tensors. These embeddings
are learned as higher-dimensional vector representations of individual tokens. They
capture the basic meaning of individual tokens; for example, apple and tree might be
closer together in this vector space than apple and window.

Transformer Layers The embeddings are passed through a sequence of transformer
layers. The output of each previous layer is used as the next layer’s input, resulting in an
entirely linear data flow through the model. During this process, new tokens are enriched
with the context of previous tokens through the attention mechanism.

Output Head The output of the last transformer layer is converted to a tensor called
logits. Fach element of this tensor has the same length as the token vocabulary. We can
use the logits in a decoding process to find the output token of the model.

Decoding Strategies There are many LLM decoding strategies [SYCT24], four com-
mon ones being [Dec25|:

¢ Greedy Search always chooses the most likely next token by using ArgMax on
the logits.

o Beam Search [MY17] is a strategy in which we generate our logits, choose the
top-k next tokens, and re-run inference on all of them. From our resulting k>
outputs, we choose the top-k, continuing the generation process. This allows us to
explore different sequences in parallel while keeping the search space small.

o Top-k Sampling [AMY1§] uses the logits as a probability distribution and ran-
domly samples the next token from the top-k tokens.

o In Nucleus Sampling [HBD"20] we choose a value p € [0,1]. The top-k are
chosen so that the sum of their probabilities exceeds p. We then randomly sample
the output token from the top-k tokens.
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2.1. Large Language Models (LLMs)

Global Dependencies Although the data flow through the model is entirely linear,
there are tensors that are broadcast to every transformer layer. Qwen3 [YLY 25, which
we are using for our evaluation, includes two such tensors. We need to consider these
connections when partitioning the model and distributing tensors during inference.

The Transformer Architecture

The core of an LLM is the transformer [VSP*17]. Through GPT-2 [RWC*19] and GPT-3
[BMR*20], the transformer emerged as a great choice for text generation. The transformer
typically includes 3 main components: positional encoding, normalization, and attention.
Since all elements in a transformers sequence can be computed in parallel, the positional
embeddings inject information about the order of input elements. Normalization is
required for stable model training.

The Attention Mechanism The input of an attention block is constructed as QKV-
triples of tensors. By computing the dot product between the query @ and the key K,
the model captures the relationships between pairs of elements in the input sequence.
For example, in the sentence The cat sat on the mat because it was tired. the dot product
of cat and it might be particularly high; the model learned that it refers to cat. We
multiply this importance by the value V' to get a new tensor as the output. Formally:

T

: Q
Attention(Q, K, V') = softmax(
Vdg
The required computation in a transformer scales quadratically with the sequence length.
For every new token, we need to calculate its relation to all previous tokens in the
sequence. Improving the transformer and its attention mechanism has seen extensive

coverage in the literature [DFET22, [KLZ ™23, [ALd"23, IDLET 24, DLM™25].

Qwen3 models use Grouped-Query Attention (GQA) , Rotary Positional Em-
beddings (RoPE) [SAL*24], and RMSNorm [ZS19].

)%

Tensor Shapes

To partition a model, we need to consider the model’s data flow and tensor shapes. In this
section, we investigate the shapes of Qwen3-0.6B in detail. Since LLMs are structurally
similar, this analysis also applies to other models. Figure 2.1 shows a single layer of the
model.

Most models have the following inputs:

e input_ids: [batch_size, sequence_length]
e attention_mask: [batch_size, total_sequence_length]

e position_ids: [batch_size, sequence_length]
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2.

BACKGROUND
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Figure 2.1: A single layer of Qwen3-0.6B stored as an ONNX file and visualized using
Netron.

and outputs:
e logits: [batch_size, sequence_length,151936]

Machine learning models are typically designed to compute multiple outputs in a single
forward pass. The batch size refers to the number of parallel forward passes. For large-
scale inference with many requests, batching requests is a complex problem. Using a
batch size of 1 is simpler and enough for systems that do not focus on scalability.

There are three different variants of the sequence length. This distinction becomes
important when using a KV cache during inference (see Section 2.1.2). The total sequence
length is the count of all tokens processed so far. The past sequence length is the number
of tokens that have already been passed through the model. The sequence length is their
difference, i.e., the number of tokens that will be passed through the model in the next
forward pass. In autoregressive token generation, the sequence length is typically 1, since
we generate one token at a time.

For Qwen3-0.6B, transformer layers have the following inputs:
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2.1. Large Language Models (LLMs)

e [batch_size, sequence_length,1024]

e [batch_size,sequence_length,1024]

e [batch_size, 8,past_sequence_length,128] (KV Cache)
o [batch_size, 8,past_sequence_length,128] (KV Cache)
o [batch_size] (Global Dependency)

o int (Global Dependency)
and outputs:

e [batch_size, sequence_length,1024]
e [batch_size, sequence_length,1024]
e [batch_size, 8,total_sequence_length,128] (KV Cache)

e [batch_size, 8,total_sequence_length,128] (KV Cache)

As shown in Figure [2.1), it is not possible to cut the transformer layer into roughly
equal subgraphs and get a k-connectivity of less than 2. Regarding tensor size, the
boundaries between layers minimize the size of tensors that need to be transferred. Since
the input and output of every SkipSimplifiedLayerNormalization node has the
same shape, there are 4 natural cuts per layer, as each layer has two such nodes. We will
use this information when discussing graph partitioning in Section 2.4 and Chapter 5.

2.1.2 LLM Inference

LLM inference consists of prefill and decoding. During prefill, the prompt is passed
through the model. During decoding, one token at a time is generated.

Phase 1: Prefill (The Prompt)

The prefill phase is compute-bound. In most cases, the sequence length during prefill is
the same as the number of input tokens. The past sequence length is 0. No KV cache
is present, and intermediate tensors are large. This results in significant computation
during the model’s forward pass, as all prompt tokens must be processed.

Phase 2: Decoding (Token Generation)

After the prefill phase, we can use the KV cache. During decoding, the sequence length is
typically 1; only a single token is passed through the model, and information about past
tokens is stored in the KV cache. This results in lower computational intensity; the phase
is memory bound since the gradually growing KV cache needs to be stored in memory.
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2.

BACKGROUND

10

State Management: The KV Cache

The key-value cache (KV cache) is an optimization of the attention mechanism. Since new
tokens only attend to previous tokens, we can cache the keys and values of previous tokens.
For a total sequence length of n, this reduces the computations from O(n?) to O(n) for
each forward pass. As a trade-off, we need to store two tensors for each layer with shape
[batch_size, num_kv_heads, past_sequence_length, head_dim]. For L
layers, this results in O(Ln) memory. For each subsequent forward pass, we provide the
previously generated token and the KV cache to compute the next token.

2.1.3 Computational Constraints

Memory Constraints

Model ‘ Full Precision Quantized
Qwen3-0.6B 1.5 GB 500 MB
Qwen3-8B 15.2 GB 5.2 GB
Qwen3-32B 61 GB 20 GB
Qwen3-235B-A22B 438 GB 142 GB
DeepSeek-V3 (671B) 1.27 TB 404 GB

Table 2.1: The model size in bytes for different models. The model size for full precision
was taken from Hugging Face [Hug25a], for the quantized model size we used Q4_K_M
GGUF from the Ollama model library [OlI].

Table 2.1| relates the number of model parameters to their model size in bytes. The
memory required to run an LLM roughly equals the sum of the model weights, activation
memory, and KV cache. The model’s weights are loaded into memory once and remain
static in size. Memory for activation is ephemeral and small; it can be ignored for
calculations. The KV cache can grow substantially when many parallel inference requests
with long sequences are issued.

Optimizing the KV cache has been extensively covered in the literature. FlashAttention
[DFET22] is an I0-aware algorithm that optimizes GPU memory operations. PagedAt-
tention |[KLZ™23] is an attention algorithm that stores keys and values in non-contiguous
paged memory, reducing the memory footprint during LLM inference. Optimizations
such as grouped-query attention (GQA) [ALdT23], multi-head latent attention (MLA)
[DLET24], or DeepSeek Sparse Attention (DSA) [DLM™25] optimize the KV cache for
inference with high sequence lengths.

Quantization

During model training, a model’s weights must have high precision to perform gradient
descent; they must be updated in small steps during the backward pass. For inference,
this is not necessary. Quantization [DLBZ22, [FAHA23|, [LTT"24] is a technique in which
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the model’s weights are transformed to lower precision, saving space and optimizing
inference.

2.2 Distributed Deep Learning

Parallelism in deep learning is typically categorized into data parallelism, pipeline
parallelism, or tensor parallelism |[ZZL723| |ZLZ"22|. These techniques are typically used
during model training; however, they can be adapted for inference.

2.2.1 Data Parallelism

Data parallelism is used for small model’s, processing large amounts of data. The model
is replicated across multiple devices and the data is split. This increases throughput
since all models can run inference in parallel. For LLM inference, this approach is useful
for scenarios focusing on high throughput and scalability.

2.2.2 Tensor Parallelism

In tensor parallelism, also referred to as operator or intra-operator parallelism, individual
operators are computed on different devices in parallel. For example, a matrix multiplica-
tion Y = X A might be computed on two devices as Y = [X A, X As|, where the matrix
A is divided by column [ZZL7"23]. This approach is useful for large models with small
data and high speed interconnects. Operators can be computed in parallel, speeding up
inference. High-speed interconnects are required, as the outputs of the operators need to
be synchronized before computing the next operator.

Megatron-LM [SPPT20] uses 512 NVIDIA V100 GPUs to speed up LLM training using
tensor parallelism. Alpa |[ZLZ722|, Orca [YJK™22|, and PipeDream [NHP'19| combine
parallelism approaches, including tensor parallelism, for LLM training and inference.

2.2.3 Pipeline Parallelism

In pipeline parallelism, also known as inter-operator parallelism, operators are grouped
and placed on different devices. During a forward pass, all operators on a device are
computed, and the intermediate tensors are passed to the next device. For transformer
models, consecutive layers are typically placed onto the same GPU [ZZL™23]. This type
of parallelism is useful for large models with slower GPU interconnects, as communi-
cation between devices is only required when transferring intermediate tensors. As a
downside, pipeline parallelism results in more idle time and slower end-to-end inference,
as computation is not parallelized and devices have to wait for inputs.

GPipe [HCB'19| pioneered pipeline parallelism for deep neural networks, with others
following shortly [NHP™19, YWN™25].

11
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2.3 ONNX & Execution Engine

In this thesis, we use ONNX [onn25] as the model format. During runtime, the server
partitions the ONNX model into sub-graphs, which are distributed to workers. In
Chapters 5 and 6, we explore partitioning and ONNX graph manipulation in detail.

2.3.1 Computational Graph Representation

ONNX represents machine learning models as directed acyclic graphs (DAGs). The
graph along with the tensor information and metadata is encoded using Protocol Buffers
[pro25]. Figure 2.1 shows the graph of a single layer of Qwen3-0.6B visualized using
Netron.

The inputs and outputs to the DAG are identified using strings and require shape
information. The nodes in the graph are computational operators, represented as a
topologically sorted list. The edges are data, tensors in most cases, that serve as inputs
and outputs to operators. An edge represents data flowing from a named output to a
named input. A single output can be used for multiple inputs. In ONNX, edges are
stored as strings within nodes.

Constant tensors, such as model weights, are stored as initializers. Tensor data can be
stored either in the ONNX file or as external data. For external data, the file location is
specified relative to the ONNX file, and the data is encoded as raw bytes.

For an LLM, the inputs to the ONNX model are input_ids, attention_mask,
position_ids, and the KV cache. The outputs are 1ogits and the updated KV
cache.

2.3.2 Tensors and Data Types

In ONNX, tensors are stored as a combination of data, shape, and datatype. The shape
is represented as a list of integers; the datatype is stored as an enum. Shape information
also supports string names for dynamic shapes; for example, the KV cache has the shape
float32[batch_size, sequence_length,1024] for Qwen3-0.6B.

2.3.3 Operators

The operators, such as MatMul or ArgMax, are stored in nodes as strings. The execution
engine parses the nodes and computes the operator once all node inputs are present.
Since the node list is topologically sorted, the simplest way to obtain the final output is
to compute the nodes in order. Inference engines typically parallelize execution when
possible.

ONNX allows specifying custom operators with FunctionProto. The functions defined
this way can be made up of more primitive ONNX operators. For example, a new
attention operator could be composed in such a way. The execution engine can choose
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between custom implementations for these operators if available, or fall back to the
subgraph defined in FunctionProto.

2.3.4 ONNX Runtime (ORT)

ONNX Runtime [ONNI§] is an execution engine for ONNX models. The engine loads the
ONNX file and computes the model’s output given a map of named inputs. One of its
biggest advantages is flexibility; ONNX Runtime can be used on most major platforms,
including Windows, Linux, Android, and the Web. It supports arbitrary inputs and
outputs and offers an extensive selection of operators.

Execution Providers (EPs)

ONNX Runtime can be built for execution in different environments. For example,
CUDAExecutionProvider uses the GPU with CUDA to execute the model, and
CPUExecutionProvider executes using the CPU.

ONNX Runtime Web is a variant built for execution in web environments. The engine is
compiled into WebAssembly and can be used from JavaScript as a WebAssembly module.
Using WebGPU, it can execute ONNX models on the GPU.

2.3.5 Converting LLMs to ONNX

Most open-weight models are available on Hugging Face [Hug25a]. Since few LLMs are
available as ONNX files, we need to convert them. The Python library onnx has an export
function; however, it is impractical to use and produces unoptimized ONNX models.
Optimum [hug25b] can be used to produce ONNX models using a simple command.
Similarly, Olive [mic25] can produce optimized ONNX models directly from LLMs stored
on Hugging Face.

2.3.6 Partitioning

To partition an ONNX model, we have to find node outputs along which to split the
model. For an LLM, a natural choice is to split between two transformer layers. After
identifying all edges/outputs that separate the two subgraphs, two new ONNX models
have to be created. The first model now contains additional graph outputs: the inputs
required for the other model. The second model contains new graph inputs: the outputs
of the previous model. Additionally, both graphs need to be cleaned, which involves
removing nodes of the other graph and ensuring that graph inputs and outputs match
the model’s nodes.

The Python library onnx supports partitioning through the use of the extract_model
function. This function creates a new model with the specified inputs and outputs from
an existing ONNX model. Microsoft Olive supports static equal-layer partitioning of
LLMs using the —-num_split flag.

13
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2.4 Graph Theory & Partitioning

In this section, we establish the theoretical foundations for partitioning neural networks.
We define the graph representation of deep learning models and explore general graph
partitioning and its computational complexity. Finally, we demonstrate how the specific
architecture of LLMs allows us to reduce the problem to the Ordered Partition Problem,
enabling simpler and more efficient algorithms.

2.4.1 Graph Representation of Neural Networks

Machine learning models are typically represented as dataflow graphs. The nodes are
computational operators such as MatMul or SoftMax; the edges represent input and
output tensors. Formally, we can define models as computational graphs G = (V, E),
where the vertices V' are computational operators, and the edges E represent their input
and output data. Operators are functions that take multiple inputs and produce an
output [GBC16, IABCT16, [ZLZ"22].

To ensure valid execution schedules and enable automatic differentiation, these graphs are
defined as Directed Acyclic Graphs (DAGs) [ABCT16, PGM™19]. Even architectures with
loops, such as Recurrent Neural Networks (RNNs), are computationally represented as
unrolled DAGs during training to permit backpropagation through time [Wer90, |GBC16].
This acyclic constraint ensures that there is a topological ordering of operations, allowing
gradients to propagate via the chain rule.

Topological Sort

A topological sort of a dag G = (V, E) is a linear ordering of all its vertices
such that if G contains an edge (u,v), then u appears before v in the ordering.
ICLRS09)

Since the execution of machine learning models during inference can generally be rep-
resented as a DAG, a topological ordering exists [Ski20]. Finding this topological sort
allows the execution engine to compute operators in order while ensuring that all inputs
are present. For example, the ONNX model format represents operators as a topologically
sorted list of nodes.

When partitioning a machine learning model, using a topologically sorted list of operators
allows the model to be cut at any point and obtaining two valid subgraphs. However, this
does not guarantee minimal communication, as a single cut in the sequence might sever
multiple data dependencies (e.g., residual connections) that jump over the cut. Optimal
partitioning requires finding points in this order where the cut minimizes the total data
volume of the severed edges. This problem is non-trivial as the topological sort of DAGs
is not unique.

When exporting LLMs to ONNX| the transformer layers are similar in structure and are
separated in the topological sort. Since the residual streams between the transformer
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layers are natural cuts (see Section 2.1.1), splitting an ONNX model at layer boundaries
always results in valid subgraphs with small intermediate tensors.

2.4.2 The Graph Partitioning Problem (GPP)

The primary motivation for partitioning large language models (LLMs) is hardware
constraints: model parameters, intermediate activations, and state often exceed the
memory capacity of a single accelerator. Consequently, the model must be split across
multiple devices. Formally, this can be modeled as the Graph Partitioning Problem
(GPP):

Given a number k € N5; and an undirected graph G = (V, E) with non-
negative edge weights, w : E — Rsq, the graph partitioning problem (GPP)
asks for a partition IT of V' with blocks of nodes II = (V4, ..., Vi):

1. Viu---UV,=V
2. VinVji=0 Vi#j

A balance constraint demands that all blocks have about equal weights.
[BMS™16]

The balanced graph partitioning problem is known to be NP-complete [GJ90), [Ski20].
Due to this complexity, exact solutions are computationally intractable for the massive
graphs typical in deep learning.

Standard approaches rely on heuristics. Spectral partitioning utilizes the eigenvectors
of the graph’s Laplacian matrix to find approximations [BMST16|. Iterative refinement
algorithms, such as the Kernighan-Lin method, swap vertices between partitions to
improve a local objective [KL70]. Multilevel algorithms, exemplified by METIS [KK9§],
recursively coarsen the graph to a manageable size, partition the coarsened graph, and
then uncoarsen while refining the cuts.

However, applying general GPP solvers to LLMs presents challenges. First, general
solvers optimize for balanced subgraphs, whereas LLM inference is often constrained by
hard memory limits that cannot be violated. Second, these heuristics typically work on
undirected graphs and do not respect the data flow of the model, potentially introducing
inefficient communication patterns.

Beyond general partitioning, other graph-theoretic formulations offer partial solutions
but face practical limitations in this context. The max-flow min-cut theorem allows
for finding a partition that minimizes edge cut weights (communication volume) in
polynomial time using network flow algorithms [Ski20]. However, this formulation
minimizes communication while not adhering to memory constraints. Similarly, automatic
detection of repeated structures, such as Transformer layers, could be formulated as
the Subgraph Isomorphism problem, which is NP-complete [GJ90]. In practice, such

15
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computational complexity is unnecessary for LLMs, where layers can be identified reliably
through simpler methods, such as using naming conventions within the ONNX definition.

2.4.3 Reduction to the Ordered Partition Problem

Although the GPP is NP-complete, the specific architecture of LLMs allows for a
simplification. By coarsening the computational graph G = (V| F) so that a single node
v; represents an entire layer, the complex DAG reduces to a linear chain graph:

V1 —> V2 — -+ — Up

where n is the number of layers. This coarsening is natural because the boundaries
between layers represent cuts that minimize communication.

This reduces the GPP to the Ordered Partition Problem (also known as the Integer
Partition without Rearrangement problem).

Input: An ordered arrangement S of non-negative numbers s1,..., s, and
an integer m.

Output: A partition of S into m or fewer consecutive ranges to minimize
the maximum sum over all ranges, without reordering the elements. [Ski20]

In the context of LLMs, the numbers s; represent the cost (e.g., memory usage or
compute time) of layer i. Unlike GPP, this problem can be solved exactly using dynamic
programming in O(n?m) time [Ski20].

To accommodate the specific constraints of deep learning, we can define a custom cost
function C(range). For example, if a range of layers exceeds the available memory of a
device, we assign C' = oo, effectively pruning invalid partitions. This allows us to find the
optimal layer assignment for a fixed worker ordering, rendering approximate heuristics
like METIS unnecessary for this subproblem.

It is important to note that this reduction assumes that the order of workers is fixed. As
we will discuss in Chapter 5, if the worker ordering is flexible (heterogeneous devices),
the problem re-introduces complexity.
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CHAPTER

Related Work

In this chapter, we detail the latest work on model partitioning and LLM inference.
We start with distributed LLM inference and browser-based inference. We explore
partitioning strategies for distributed model training and inference. Lastly, we show
that the literature on distributed inference using the browser is limited, necessitating a
partitioning algorithm that accounts for web-specific challenges.

3.1 Distributed LLM Inference

Many centralized inference engines support distributed inference. vLLM [vII25] supports
pipeline and tensor parallelism; SGLang [sgl25] supports all parallelism modes. However,
these engines typically require homogeneous hardware, focusing on throughput and
scalability.

Petals [BRC™23| runs LLMs on heterogeneous geo-distributed hardware. They allow for
reliable inference even if some devices randomly disconnect. Newly connected workers
choose a subset of the LLM to serve. Users sending inference requests use a shortest-path
algorithm to find a subset of workers for inference.

EdgeShard [ZSCT25| runs collaborative inference using edge devices and cloud servers.
They use dynamic programming to find model partitions that optimize inference latency
and throughput, taking into account heterogeneous hardware and network conditions.

Others cover aspects such as deploying LLMs on mobile devices [ZSL"24], running MoE
models on edge devices [YGW™25|, or providing an open-source framework for inference
on heterogeneous consumer hardware [exo25].

17
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3.2 Web-Based LLM Inference

Regarding web-based LLM inference, the literature is scarce. WebLLM compiles
LLMs for WebGPU using TVM [m, retaining up to 80% native performance.
Welnfer [CMSL25] improves WebLLM through more efficient buffer-reuse strategies and
switching to an asynchronous approach that does not block GPU execution. Wllama
[Ngu25| is an experimental project that provides WebAssembly bindings for llama.cpp
[ggm25]. MediaPipe LLM by Google offers an LLM Inference API in the browser
for Gemma models. Transformers.js [Tra] offers a functional equivalent of the Python
transformers library for the web. They use ONNX Runtime Web to run LLMs in the
browser.

3.3 Model Partitioning

Partitioning of machine learning models has been extensively studied. Foundational
works such as GPipe established the principles of pipeline parallelism, while
Megatron-LM ﬂm popularized tensor parallelism for training massive transformer
models.

3.3.1 Dynamic Partitioning

Early approaches often assume static hardware environments; recent literature focuses
on dynamic partitioning to handle heterogeneity and runtime fluctuations.

Deng et al. ﬂDLZ—iZA'] propose a method that adjusts partitions in response to resource
variations. They derive models for execution duration and redistribution costs, jointly
optimizing to minimize overall training time. DynPipe m uses a random forest
model to predict the impact of environmental changes, such as network jitter or task
interference, and adjusts the partition plan to restore balance.

In the context of IoT and edge computing, Zhou et al. ﬂm present a runtime
acceleration framework that dynamically selects the optimal degree of parallelism based
on resource availability and network conditions.

3.3.2 Algorithmic Approaches

To solve the partitioning problem, various algorithmic strategies have been employed. The
most common approach is dynamic programming, used by systems such as Alpa [ZLZ 22|,

PipeDream [NHPT19] and others [ZSB¥19, TTHT21, [ZSC*25| [HIZ*22, LZG*21]. Oth-

ers formulate the problem as Linear Programming (LP) to handle complex constraints

[zCz*21, HL22].

3.4 Research Gap

Table 3.1 compares existing systems in key dimensions for accessible distributed inference.
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3.4. Research Gap

System Distributed Heterogeneous Zero-Setup

vLLM v X X
Petals v v X
WebLLM X X v
Ours v v v

Table 3.1: Comparison of LLM inference systems

Existing systems make trade-offs that limit accessibility. vLLM and SGLang require
homogeneous hardware and a complex setup. Petals supports heterogeneous distribution,
but requires manual model downloads and installation of Python dependencies. WebLLM
runs in the browser, but cannot distribute computation.

Our system combines web-based execution with distributed inference for heterogeneous
workers. This enables deployment scenarios that are inaccessible with existing systems:
users can pool their resources to run models too large for any single device, without
requiring software installation or homogeneous hardware.

This requires a specialized dynamic partitioning algorithm that adapts to worker con-
ditions, considers the cost of downloading model weights, and jointly optimizes for
end-to-end inference latency and redistribution cost.

19
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CHAPTER

System Design

In this chapter, we focus on system design and its relation to model partitioning. We
start with our design philosophy where we explain the goals and non-goals for dynamic
model partitioning. Next, we provide an overview of each component of the distributed
LLM inference system: the topology, the server, the workers, and the communication
protocol. We explain the metrics that the server collects during runtime. Lastly, we show
the server’s dynamic repartitioning loop.

4.1 Design Methodology

4.1.1 Goals
Zero-Setup LLM Inference

The core idea of our system is to facilitate zero-setup distributed LLM inference, using
the web for distribution and ONNX Runtime Web as the execution engine. As such, all
the technologies involved must support this environment.

This decision represents a trade-off between user-facing complexity and inference speed.
Web technologies such as WebSockets and WebGPU, although highly optimized, incur
efficiency penalties. For example, a native peer-to-peer solution could use Remote
Direct Memory Access (RDMA), reducing serialization and network overhead. Similarly,
browser-based WebGPU execution is inherently less efficient than native execution.

Worker Heterogeneity

The system and partitioning algorithm can handle a wide variety of workers. Workers
can be heterogeneous in memory, bandwidth, latency, and execution speed. The inference
server collects information about workers, and the dynamic partitioning algorithm finds

21
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assignments. Essentially, as long as a worker implements the communication protocol
correctly, the server should be able to use it effectively.

Fault Tolerance

We assume that the workers are stable and connect for longer periods of time. However,
given a web-based environment with varying network conditions, the server must handle
arbitrary disconnects. We optimize model partitioning to find the most efficient configu-
ration in the long term; however, if a worker arbitrarily disconnects, the main goal is to
resume token generation as quickly as possible.

Minimizing End-to-End Latency

We design our cost function and algorithm to minimize end-to-end latency for single-
inference requests.

Interpretable Partitioning Decisions

To ensure that the partitioning algorithm delivers near-optimal solutions, it should be
interpretable so that we can verify the correctness of the assignments. We design our
partitioning algorithm to return the Time Per Output Token (TPOT). We use metrics
during inference to verify that the algorithm’s estimates match real-world inference
requests. In Chapter 5| we discuss the algorithm in more detail, and in Chapter 7| we
empirically validate the cost model.

4.1.2 Non-Goals
Efficiency & Scalability

Distributed inference is inherently less efficient than centralized inference due to com-
munication overhead. Similarly, web-based approaches using consumer hardware are
not as efficient as native execution on server-hardware. Our goal is to demonstrate that
web-based distributed LLLM inference is viable; we do not aim to compete with highly
optimized inference solutions such as Ollama or vLLM. Similarly, we do not consider
optimizations such as batch processing or data parallelism.

Security

We assume that all components of the system are trusted; otherwise, we would need to
verify the workers’ outputs, which would require additional computation. This would
either require more connected workers or slow down inference, neither of which is a
trade-off we believe necessary at this point.
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Privacy

Privacy-preserving approaches are not within the scope of this thesis. They would likely
require a different architecture and setup. Using pipeline parallelism with layer-wise
partitioning, a worker requires full information about its inputs and outputs. Therefore,
any worker can discover all generated tokens by copying and running the rest of the
model.

Partitioning of Arbitrary DAGs

LLMs have many transformer layers; for example, Qwen3-0.6B has 28 layers, Gemma 2
2B has 26 layers, and Phi-4 has 32 layers. Larger models typically have more transformer
layers. We assume that partitioning at transformer layers is coarse enough for most
workers, even with limited memory. We do not aim to partition arbitrary DAGs, even if
this yields better assignments in edge cases.

4.2 System Overview

4.2.1 Topology

1. Inference Request

—
\_/

6. Token

Figure 4.1: The system’s topology with the server as the central orchestrator. Arrows
represent the data flow during inference.

As shown in Figure 4.1, the system adopts a star topology, with the inference server
acting as the central orchestrator. In a web-based environment, a central server is a
prerequisite to deliver the web application.

23
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We reuse this existing infrastructure to route all data, eliminating the need for direct
worker-to-worker communication. Although this centralization simplifies coordination,
establishing a single source of truth for metric collection and state management, it intro-
duces network latency compared to peer-to-peer architectures. We defer the exploration
of peer-to-peer networks to future work (see Section 8.4).

Distributed State Management

To optimize for end-to-end latency, we implement a distributed, non-replicated KV
cache. As detailed in Section 2.1.2, the KV cache is critical for efficient decoding. In our
design, each worker maintains its partition of the KV cache in local memory without
synchronization to the central server. This approach eliminates the bandwidth cost of a
shared cache.

The trade-off is that workers become stateful. A worker disconnecting results in the loss
of its cache partition, requiring re-calculation of the context window (i.e. rerunning the
prefill phase using all tokens as the input). However, this design decision aligns with
our core philosophy: we optimize for efficient inference while assuming stable workers,
accepting a higher recovery cost for the infrequent event of worker failure.

4.2.2 Server

The inference server is written in the Rust programming language. Its main goal is to
facilitate efficient token generation. As such, it has the following responsibilities:

e User API: The server provides the API for users to connect and send inference
requests. The server returns a stream of tokens.

e Worker API: Workers connect using a separate API using both HTTP and
WebSockets for communication. HTTP is used to download large amounts of data
such as model weights and to testing the worker’s bandwidth. WebSockets are used
for bi-directional communication; for example, to transfer control signals or tensors
during inference. In Section 4.2.4, we explain the communication protocol in detail.

e Inference Orchestration: Upon receiving a prompt, the server checks if enough
workers are connected so that the model is fully loaded on a set of distributed
workers. If this is true, the server passes the tensors from worker to worker through
the chain until the final output is returned. It sends the generated token to the user
and continues generation until the EOS token is reached. If a worker disconnects
or network conditions degrade, the server pauses active generation, triggers a
repartitioning event, and resumes generation once the new assignment is ready.

e Metric Collection: To inform scheduling decisions, the server aggregates metrics.
This includes hardware capabilities and runtime statistics from connected workers,
as well as static information about individual layers.
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o Partitioning: Using the collected metrics, the server executes the partitioning
algorithm to distribute the ONNX model graph across the available worker pool.
We ensure that the memory requirements are within the range of each participating
device.

4.2.3 Workers

We use two types of worker for our evaluation: a web-based worker running in the browser
using WebGPU and ONNX Runtime Web, and a native worker implemented in Python
using CUDA and ONNX Runtime. Workers have the following responsibilities:

¢ Computation: A worker’s main responsibility is to load a partition of the ONNX
graph and execute it using the input provided by the server. There is no specification
about how the worker executes the ONNX model provided by the server; in theory,
the worker can parse the model to a more efficient format such as TensorRT or
custom kernels for LLM inference. We leave the implementation of such a worker
for future work 8.4.

e Metrics: The worker sends metrics to the server to be used for partitioning
decisions.

o State Management: Given an ONNX model, workers manage their own inference
sessions and KV cache.

4.2.4 Communication

Communication with users is done with a WebSocket per inference request. Upon
WebSocket upgrade, the user sends the prompt. The server sends back decoded tokens
as text messages.

Communication with the worker follows a request-response pattern initiated by the server.
The worker never initiates communication. The following message pairs exist:

e Init-Connect: When a new worker connects, the server initializes communication
by sending shared state. The worker responds with initial metrics such as available
memory, bandwidth, and already downloaded layers.

« DownloadLayers-LayerDownload: The server might instruct a worker to down-
load some model layers to prepare for a potential future assignment. For each
downloaded layer, the worker responds with a LayerDownload message.

e PrepareModel-PrepareDone: After model partitioning, the server instructs all
workers who are part of the assignment to prepare their partition. Upon completion,
the workers acknowledge.
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e CommitModel-CommitDone: After all workers have finished preparing, the
server commits the new model partition.

e« Computation-ComputationResult: During token generation, the server sends
all input tensors except the KV cache to workers, who respond with their partition’s
output.

Additionally, the server can send the messages InvalidateCache to finish an inference
request, and ReleaseSession to free all resources from the worker until a new model is
assigned.

The server and the workers communicate using binary WebSocket messages. The messages
are encoded using Protocol Buffers to facilitate efficient transfer of floating point tensors.

4.3 Metric Collection

To partition the ONNX model, the server uses metrics collected during runtime. In this
section, we list all metrics that the server uses for partitioning decisions and how they
are collected. In Chapter 5, we show how the metrics are used.

4.3.1 Layer Metrics

At startup, the server loads and parses the ONNX models so that it can be used for
distributed LLM inference. Parsing involves moving initializers (see Section 2.3) to
external data using the initializer’s SHA256 hash as the filename. This reduces the
memory footprint of the model while the server operates on the graph. The server then
partitions the model at the layer boundaries, resulting in #layers + 2 subgraphs as the
embedding and output layers are considered their own subgraphs. The server collects
metrics about each layer:

e Weights in Bytes: When splitting the LLM into layers, the server sums up the
layer’s weights in bytes.

¢ Required Memory: This metrics is an estimate of how much memory is required to
run the layer. We compute it as 1.5 x weights_in_bytes. A more sophisticated
metric collection system could determine the amount of bytes required during
runtime; for example, by changing estimates depending on the number of parallel
inference requests or the sequence lengths. We leave this for future work 8.4.

o Input/Output Size: For each layer, we compute the size of all inputs and outputs
in bytes. Combined with bandwidth and latency, we can estimate the network time
during distributed inference.

¢ Computational Cost: We estimate the computational cost C; of each layer by
running them on the server. Given our assumption that the model is too large
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to run on a single device, we create a local ONNX Runtime session for each layer
separately, run each layer 5 times, and take the mean time. Next, we calculate the
proportional difficulty of each layer. For LLMs, all layers except the embedding and
output layers have a similar proportional difficulty. We multiply the percentage
by an arbitrary magic number of 10_000_000. We will explain how this metric is
used in the next section.

4.3.2 Worker Metrics

The collection of metrics for workers is split into two phases: First, when a new worker
connects, the server and worker jointly determine the workers capabilities so that initial
partitioning decisions can be made. Second, while a worker is connected, the metrics are
updated continuously.

The following metrics are collected about workers:

e Available Memory: After a worker connects, it sends the amount of memory it
has available for inference sessions as part of the Connect message. The worker
can choose any arbitrary amount; however, it must be able to run a model of this
size. For example, in our evaluation, we set the memory to lower values to force
distribution to more workers. A worker could also decide to use both the GPU and
CPU for inference; it would combine VRAM and RAM. This metric is determined
when a worker connects and cannot be changed unless the worker reconnects.

« Computational Capabilities: The execution speed of a worker consists of the
Session Overhead and the Computational Speed. During the worker’s initialization
phase, the server assigns two layer ranges [i,j) and [i, k) with ¢ < j < k and
[%W = j — i (the first range is half of the second) to the worker. For each range,
we run 7 computations and measure the time taken. Since the time varies after
creating a new ONNX Runtime session, we discard the first 4 computations and
compute the mean of the last 3 computations. Let ¢; ; and t; ;, denote the mean
time to execute the layer ranges. We determine the session overhead SO,, and the

computational speed C'S,, of the worker as follows:

Ap=tip—tij
Ay
tperilayer = k‘i—]
SOw = tiJ‘ - (] - Z) : tperilayer

> C

CSy =
Y ti,k - SOw
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The session overhead is an estimate of the session’s static cost; for example, copying
input and output tensors to and from the GPU occurs only at the start and end of
the session and is independent of the number of assigned layers. The unit of session
overhead is ps. The computational speed gives an estimate of the worker’s speed in
executing layers independent of session overhead. The unit is %, where ops is a
dimensionless unit of computational operations. To compute the tim(z it takes for
the worker w to execute layers [z, y), we can compute #,,, = SO,, + Zé:TfﬂCZ Since
the layer cost C, also has unit ops, the terms cancel, leaving us with the time.

The session overhead is determined once during worker initialization. The compu-
tational speed is continuously updated. To remove outliers, we store values in a
ring list of 15 elements, taking the median when using the metric.

o Network Latency: Network latency is determined using heatbeats via WebSocket
pings. We periodically ping each worker and store the result in a 7 element ring list.
We found that latency increases significantly during token generation; therefore, we
only included measurements taken while the worker is idle. Note that since we are
using pings, the latency includes the time to the worker and back.

« Bandwidth: The bandwidth is determined by downloading random data from the
server using HTTP for 5 seconds. The worker sends the bandwidth to the server
via the Connect message.

e Downloaded Layers: Workers cache downloaded layers in case they rejoin later.
As part of the Connect message, the worker signals which layers it has already
downloaded in a previous session. The server updates the metrics when workers
send the LayerDownload message.

4.3.3 Server State
The server has two state variables relevant for the partitioning algorithm:
¢ Blocking Download: When there is no fully loaded model, this variable is set

to true. It indicates that the server has to wait for all assigned workers to finish
downloading layers until they are ready to create an inference session.

e Time of last Redistribution: The server keeps track of when it repartitions the
model. As we will discuss in Chapter |5, this variable is used by the server to move
towards optimal assignments over time.

4.4 Server State Changes

The inference server has two components involved in changing state: The repartitioning
loop is responsible for finding layer-to-worker assignments. It contains the dynamic
partitioning algorithm. The state graph variables hold assignments.
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4.4. Server State Changes
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Figure 4.2: The dynamic repartitioning loop. Events such as a worker connecting,
disconnecting or periodic timeouts trigger the find assignment function.

4.4.1 Dynamic Repartitioning

As shown in Figure |4.2] repartitioning the ONNX model is a multi-step process. This
process is triggered by 3 events:

e Worker Connect: When a worker connects, the server checks if it can find a
better assignment using this worker.
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e Worker Disconnect: When a worker that was previously used in an assignment
disconnects, the server attempts to find a new assignment without this worker.

¢ Periodic Checks: The server periodically checks if a better assignment can be
found. A better assignment can be found if the performance of a worker degrades
or if a previous assignment was chosen due to its initialization cost with a faster
assignment existing.

First, the server runs the partitioning algorithm to find an assignment that loads the
full model. If no assignment exists, the server has to wait for more workers to connect.
While waiting, it instructs workers to download weights for a partial assignment to
reduce initialization time once enough workers are connected. If the assignment meets the
acceptance criteria (see Section 5.2.4), the server prepares the new assignment. Otherwise,
the server tries to find a shadow assignment. Shadow assignments are used to reduce the
initialization time when workers disconnect. We first try to find an assignment that does
not reuse any worker. If no such assignment exists, we try again, but punish reusing a
worker in our cost function. If a shadow assignment is found, we download its layers.

4.4.2 State Transitions

The server progresses through four states as it loads and serves a model:

e Down: There is no valid assignment that covers the full model. The server cannot
generate tokens.

e Preparing: An assignment has been found and workers are downloading the
weights of their partition.

e Committing: All weights are downloaded. The workers are creating the inference
session.

e Up: The model is fully loaded and the server can generate tokens.

The server maintains two assignment variables: active_graph and inactive_graph.

Forward transitions follow the path: Down — Preparing — Committing — Up.
The server can hot-swap to a better assignment by preparing an assignment using the
inactive_graph while keeping inference running on the active_graph.

Backward transitions occur on failure. If a worker disconnects, the affected variable is
invalidated and the server falls back to whichever state reflects what remains; Preparing
if inactive_graph contains an assignment, or Down if there is no viable assignment.

Self-loops on Preparing and Committing occur when a better worker connects and the
server repartitions while already repartitioning.
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Figure 4.3: Server state transitions.
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CHAPTER

Partitioning

In this Chapter, we discuss the model partitioning algorithm. We start with a formal
definition of the problem and cost functions. We explore different variations of the
problem, analyze their computational complexity, and solve the problem using dynamic
programming. Lastly, we show how we use simulated annealing to search through the
space of worker orderings.

5.1 Problem Formulation

As discussed in Section 2.4, we can reduce our partitioning problem to a variation of the
Ordered Partition Problem by coarsening the computational graph to the layer level. In
this section, we provide a mathematical formulation of this problem adapted to LLM
partitioning and web-based distributed inference.

There are two primary distinctions between our problem and the standard Ordered
Partition Problem as discussed in [Ski20]:

¢ Sequential Execution: In the standard ordered partition problem, the objective
is to balance independent computation across workers (minimizing the maximum
runtime across all partitions). However, LLM inference via pipeline parallelism
requires sequential execution. Therefore, our objective is to minimize the sum of
the runtimes (including communication) across the active pipeline stages.

o Worker Heterogeneity & Constraints: The standard problem assumes homo-
geneous workers. Our environment features heterogeneous workers with varying
computational speeds, network bandwidths, and latencies. Additionally, we intro-
duce a hard constraint: the memory required to load a partition cannot exceed the
worker’s available memory.
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5.1.1 Notation & Inputs

Let £ = {lo,l1,...,ln—1} be the ordered sequence of n layers comprising the LLM. Each
layer [; has the following metrics and units:

o C;: Computational Cost (ops).
o W;: Weights (bytes).

o R;: Required memory (bytes).
o I;: Input tensor size (bytes).

o O;: Output tensor size (bytes).
Let W be the set of m connected workers. Each worker w € VW has the metrics:

e M,: Available memory (bytes).

o SO,: Session overhead (ps).

)

o (CS,: Computational speed ( )

e By: Network bandwidth (bi’ltses).
o P,: Network link latency (ps).

e D,: Cached model layers (set of integers).

5.1.2 Assignment Representation

An assignment A is defined as an ordered sequence of triples:

A = ((wo, bo, b1), (w1,b1,b2), ..., (wp—1,bp_1,bp))

where by < by < b < --- < b, are partition boundaries and worker wy, is responsible for
layers [by, bx+1)-

5.1.3 Constraints

Any valid assignment A must satisfy the following constraints:

1. Memory Capacity: The total memory required by the assigned layers must not
exceed the worker’s available memory.

v(wkv bk, bk—i—l) €A: Z R, < ka

b <z <bpy1
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5.2. Cost Modeling

2. Distinctness: Each worker appears at most once in A:

Vwk,wleA,k;«él:wk;«éwl

3. Coverage: The entire model is covered by A:

bgzo,bpzn

A partial assignment relaxes the coverage constraint b, = n and covers all layers
up to some layer g:
bp=0,b,=q 0<g<n

As discussed in Section 4.4.1, partial assignments are only used if there are not
enough workers to load the model.

5.1.4 Objective Function

Our primary objective is to find an assignment A* that minimizes the end-to-end latency
of a single forward pass (decoding phase).

The execution cost Cexec(W, bk, bi+1) is the time it takes the worker wy, to execute layers
[bk, bg11) including the network time.

An optimal assignment A* minimizes the sum of these costs across a pipeline of workers
wo ... Wp—1:

A = arg mjn Z Cexec (wkv bk7 bk+1)
(Wi ,br,br41)€EA

In the following section, we expand on this cost model, include an initialization penalty
(Cinit), and define the acceptance criteria.

5.2 Cost Modeling

5.2.1 Execution Cost

The execution cost Cexec(Wk, 7, j) estimates the time in microseconds for the worker wy,
to compute layers [i, 7). It comprises a compute term and a network transfer term:

% it Yicpej Re > My,
) C L +0._
Cexec (W, 1,7) = ¢ SOy, + @ +0+ Py, + fit i1 otherwise
CSu, Bu,
Compute Time Transfer Time

where 6 = 500ps is a constant that accounts for overhead per worker, such as serialization
at network boundaries or server processing. Networking is comprised of latency P,, and
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data transferred. Since P, is measured using a WebSocket ping, we only need to include
it once to account for both the request and the response. For data transfer, we take the
input size of the first layer and the output size of the last layer using the bandwidth to
compute the time taken. If the memory required to hold the layers [i, j) exceeds M, ,
the cost is 0o, making the assignment infeasible.

This formulation results in slight inaccuracies; for example, § does not depend on the
compute speed of the worker, and the bandwidth is only measured as the download
speed from the worker’s perspective rather than upload and download. In Section 7.6,
we empirically evaluate the cost model.

5.2.2 Initialization Cost

The initialization cost estimates the overhead of deploying an assignment to a worker:
downloading any missing weights and creating a new inference session. The cost in
microseconds is:

A Nicpei W — WK
Chnit (Wi, 1,j) = 0 + b Bx (4,3)
Wy

Wih= > W

where o = 1s is a static overhead for session initialization, and W(ZZ” 1;) is the sum of weights
already cached on wy from a prior session.

Directly adding C’init to Ceoxec Would cause the initialization cost to dominate since it
might require downloading multiple gigabytes of data, whereas a forward pass takes
milliseconds. We apply a power transform to reduce the importance of Cinit. After this
transform, the cost is no longer in microseconds and should be interpreted as a weighted
penalty rather than a time estimate.

The transform depends on whether the server is in state Up. If the server is Up, the
initialization cost is less important, since the new assignment can be prepared in the
background while serving requests. In case no model is loaded, the goal is to reach the
state Up quickly, so initialization cost is important.

o 07~-pt if in state Up
Cinit(wImZ?.]) - {él’;lSItOCk ( )

init otherwise
with Ypiock = 0.9 and v = 0.75. The milder exponent in the blocking case reflects that
download cost is more consequential when no model is loaded, but should not be entirely
dominant.
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p(t) is a time-decay importance factor: As time passes, the initialization penalty decreases.
We eventually accept better assignments regardless of initialization cost, gradually moving
towards an optimal assignment. We model the decay using a modified sigmoid function:

1
1+ exp (—Himid>

tsharp

p(t) =1—

where ¢ is the time elapsed since the last redistribution, ¢,,;q = 60s is the midpoint at
which the penalty has halved, and tsharp = tmia/5 = 12s controls the steepness.

5.2.3 Total Cost

To accumulate costs, we define a cost triple C = (ce, cs, ¢m) € Rio, where c. is the
accumulated execution cost, ¢s is the accumulated sum of initialization costs, and ¢, is
the accumulated maximum initialization cost. For a single worker assignment (wy, i, 7),
the corresponding cost triple is:

C(wlm Z7]) = <Cexec(wk7 i,j), Cinit(wlm i’j)a Cinit(wlm Z7])>
Addition of two cost triples is defined as:
C1+ Cy = (Ceq + Ce2, Cs1 + Cs2, max(cm,1, Cm,2))

so that execution and total initialization costs accumulate linearly, while the maximum
initialization cost across workers is tracked exactly. Given a complete assignment A, the
accumulated triple C(A) = 32, ; jjea C(wk, 1, j) is collapsed to a scalar via:

Ciotal(A) = ce+a-cpm+ (1 —a) - cs

The two initialization terms reflect a trade-off: workers download weights in parallel,
so the bottleneck is ¢,,, the slowest worker; however, on shared networks, aggregate
bandwidth ¢, also matters. The constant « € [0, 1] balances these two regimes, with
a = 1 assuming full parallelism (e.g., weights served from a CDN) and o = 0 treating
downloads as serial (e.g., the server’s uplink is the bottleneck). We use v = 0.8 as the
default, reflecting that download parallelism is the common case.

5.2.4 Assignment Acceptance Criteria

We accept a candidate assignment Ac,nq over the active assignment Ay, if it satisfies:

Ctotal(Acand) <T- Cexec(Acur)

where 7 = 0.95. For A., we ignore the initialization cost, as it is already deployed. Since
we reduce the importance of initialization with time, eventually only the execution cost
of both assignments matters. The threshold 7 € [0, 1] prevents thrashing where slightly
better assignments result in repartitioning.
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5.2.5 Fault Tolerance Modeling

When there is no better primary assignment, the algorithm searches for a shadow
assignment to prepare for worker failures. We modify our initialization cost to discourage
reusing workers from the current assignment Acy:

o0 if strict mode and wy € Acur

00 if wg € Acyr and [i,5) N Acur(wg) # 0
A - Cinit(wy, 4, j)  if wy, € Acyr (non-overlapping)

Cinit (W, 7, 7) if wy ¢ Acur

F ..
Cin’irt(wk’la]) =

with A = 10. Unused workers are preferred because they can download weights without
affecting the inference performance of the active assignment.

The algorithm uses two strategies:

1. Strict spare finding: Workers in A., are excluded; we try to find a fully
independent assignment. In case a worker disconnects, the server can switch to this
assignment with minimal downtime.

2. Redundancy finding: Workers in A, are included, but only for non-overlapping
layer ranges. Although this assignment might require weights to be downloaded,
we reduce the initialization cost.

If neither strategy yields a valid assignment, the server waits for the next event as
described in Section 4.4.1.

5.3 Complexity Analysis

5.3.1 Impact of Worker Ordering

Assuming a fixed order of workers, the partitioning problem can be solved in O(n?m) time
using dynamic programming (DP). However, in a heterogeneous environment, relying on
fixed order does not guarantee an optimal or feasible solution.

Consider a minimal counterexample: assume two workers, wy and weo, with 8 GB and 16
GB of memory, respectively. The model consists of two layers that require 16 GB and 1
GB of memory. The worker ordering (w1, ws) does not produce a valid assignment, as
the 8 GB worker cannot load the first layer. In contrast, the ordering (ws,w;) satisfies
the memory constraints. Consequently, the permutation of workers inherently dictates
both the feasibility and the total cost of the resulting assignment.

5.3.2 Problem Variations and Optimality

Given our problem formulation and cost function, we can categorize the problem into 4
variations:
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Variant 1: Full Heterogeneity (The General Case)

According to our design goal, workers are heterogeneous. Although standard transformer
layers are architecturally similar, our inclusion of the local cache metric D,, makes
the initialization cost dependent on the worker ordering. Furthermore, the embedding
and output layers also exhibit different characteristics from the transformer layers. To
guarantee a global optimum, an algorithm must evaluate all possible worker permutations.
This results in a time complexity of O(m! - n?m); an NP-hard problem. For dynamic
real-time repartitioning, this approach is intractable.

Variant 2: Heterogeneity via Heuristic Search (Our Approach)

To make the general case tractable, we relax the optimality constraint. We can use the
O(n?*m) DP algorithm to evaluate the cost of any given worker ordering, exploring the
m! permutation space using a metaheuristic (Simulated Annealing). This allows us to
approximate the global optimum.

Variant 3: Structural Homogeneity (Ignoring Initialization State)

If we assume that all transformer layers are homogeneous, we can find the global optimum
in O(m? - n?m). Because the embedding and output layers differ, we need to permute
the first and last workers in the pipeline. This reduces the number of permutations to
m(m — 1). This solution is feasible in practice as long as we are willing to remove the
initialization cost.

Variant 4: Strict Homogeneity

If we assume that all layers are homogeneous, we can solve the problem optimally in
O(n?m) using the DP algorithm.

If we assume that all workers are homogeneous, we can use a greedy algorithm to solve
the problem in O(m).

If we assume that both layers and workers are homogeneous, the problem is optimally
solvable in O(1). We can assign | 4L | layers per worker to the first [%] workers. This
R
guarantees that the model is fully loaded and that no layer or worker scan is required.

5.3.3 Hardness Discussion

Variant 1 is computationally intractable, and Variant 4 violates our design goal of
supporting heterogeneous workers.

In scenarios where downloading the entire model beforehand on all workers is a viable
strategy, we can approximate or remove the initialization cost and consider all transformer
layers the same. In a web-based environment, requiring each worker to download gigabytes
of model weights is impractical. Although such an approach would technically preserve
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the zero-setup design goal, forcing workers to download the full model before contributing
to the compute cluster introduces unacceptable latency.

We believe that the initialization cost is essential for our system and implement variant 2
using DP and SA.

5.4 The Dynamic Programming Algorithm

5.4.1 Recurrence

For our DP algorithm, we use a matrix of size (n + 1) x (m + 1). Each location (4, j) in
the matrix stores the minimum cost of using the first j workers of a given order to run
the first ¢ layers. This results in recurrence:

dpl0][j] =0 Vj € {o,...,m}
aplilli] = min {dplallj — 1]+ C(uwy, 2, 1)}

The optimal assignment of layers [0,4) using j workers is decomposed into the optimal
assignment of layers [0, x) using j — 1 workers plus the cost of assigning [x,7) to worker
wy .

We make 3 modifications to the recurrence as defined in [Ski20| for the Ordered Partition
Problem:

o Skipping Workers: We allow x = i, indicating that a worker can be assigned 0
layers. Otherwise, if there are more workers than layers, the algorithm would break,
or workers with little memory could block the algorithm from finding assignments
if they appear first in the ordering.

¢ Sum Of Costs: Instead of minimizing the maximum of partition, which would
be useful if partitions could be computed in parallel, we use the sum. The result
gives us the total end-to-end latency in microseconds for the execution cost and a
measure of the initialization penalty for the entire pipeline.

¢ Custom Cost Function: Our cost function is composed using multiple metrics
instead of just integers. To model hard constraints, we use co in our cost function.

5.4.2 Algorithm

We can transform the recurrence formulation into a DP algorithm that fills the matrix
dp(nt1)x(m+1) from (0,0) to (n,m). After running the algorithm, (n,m) contains the
minimum cost of assigning all layers using all workers. We introduce a second matrix
d(n+1)x(m+1) Where we store z. Each location (i, j) gives us the layer range [, ) assigned
to the worker w;. This results in Algorithm 5.1.
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5.5. Worker Ordering Optimization

Two implementation details are noteworthy: First, the innermost loop iterates x downward
from i to 0, so the range [z,i) increases with each step. Once Cexec(wj,,7) = 00,
indicating that the memory constraint is violated, no smaller value of x can produce a
feasible range, and the loop terminates early. Second, if dp[n|[m]| = co after the table
is filled, there is no valid assignment for the current worker ordering, as the coverage
constraint is violated. The algorithm walks backward from n to find the deepest layer &
with dp[i][m] < oo, returning a partial assignment. As discussed in Section 4.4.2, partial
assignments are used to download weights when the model cannot be fully covered.

5.4.3 Complexity

We can see that the algorithm runs in O(n?m) time and uses O(nm) space. Note that
for this to hold, the cost function needs to use prefix sums instead of iterating the arrays
(see Section 6.3.1).

In practice, the inner loop is bounded by Lng | since we stop the iteration as soon as
the memory constraint is violated. LLMs typically have fewer than 100 transformer
layers. For example, Qwen3-0.6B has 28 transformer layers, Qwen3-4B has 36 layers,
and Deepseek-V3.2 has 61 layers. We therefore expect the DP algorithm to run in
microseconds. We only expect performance issues if there are many heterogeneous
workers, resulting in a large permutation space of worker ordering.

5.5 Worker Ordering Optimization

5.5.1 The Ordering Problem

As discussed in Section |5.3.1} finding a globally optimal solution is intractable with hetero-
geneous layers and workers. We can find an optimal solution for a fixed worker ordering;
therefore, we shift our focus to searching through the space of worker permutations.

5.5.2 Exhaustive Search

For m < 8 and n?m < 20,000, we evaluate all m! permutations using the DP algorithm
to find the globally optimal solution. Permutations are evaluated in parallel using a
thread pool. The size constraint ensures that the algorithm completes without stalling
the server for large models (n > 50).

5.5.3 Simulated Annealing

For problems of size n?m < 50,000, for example, up to roughly 20 workers for 50 layers,

we use simulated annealing (SA) to search through the space of worker permutations.

Each candidate permutation is evaluated using the DP algorithm, so each SA iteration
costs O(n?m).
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Neighborhood Given a current permutation, a neighbor is generated by one of five
perturbation operations chosen at random:

» Range swap (20%): Two non-overlapping subranges of equal length are exchanged,
producing a large structural change.

o Range reversal (20%): A contiguous subrange is reversed.

o Swap of first/last worker (20%): The first or last worker is swapped with
another random worker. The first and last layers typically require more memory
than other layers, so having workers with little memory first or last might lead to
infeasible solutions even if a solution with a different ordering exists.

o Element swap (40%): Two random workers are swapped.

Temperature schedule We estimate a temperature by taking 10 neighborhood steps
and computing the average differences A between consecutive orderings. The initial
temperature Ty = 10A corresponds to accepting approximately 90% of bad moves
initially (6_1/ 10~ 0.9). The schedule uses geometric cooling over 1000 iterations to a
final temperature of Ty = 10,000ps, at which point the cost differences are considered
negligible: 000
Tr\*

)

We use the Metropolis criterion for accepting moves: a bad move with cost increase § is
accepted with probability e/Tk. The search ends early if no improvement is found after
200 iterations.

Tk:TO‘ozk, oz:(

The values of Ty, T, the iteration count, and the neighborhood function have not been
systematically evaluated. Parameter tuning using real-world data is left for future work
(8.4).

5.5.4 Time-Bounded Random Search

For problems of size n?m > 50,000, SA becomes too slow. Instead, we perform a parallel
random search: each thread in the thread pool randomly shuffles the worker sequence,
evaluates the permutation with the DP algorithm, and reports the result. The best result
across all threads is returned after a fixed budget of 100ms.

At this problem scale, we expect the ordering to be less critical in practice. With many
workers available, the DP algorithm can skip more workers, reducing the penalty for
suboptimal orderings. Problems exceeding n?m > 108 are rejected outright, as no strategy
can produce a result within a useful time budget.
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5.5. Worker Ordering Optimization

Algorithm 5.1: Dynamic programming for layer-to-worker assignment

Input: Number of layers n; ordered workers wi, ..., wpm
Output: A (partial) assignment A

// Initialization

1 dp[0][j] -0 Vj€{0,...,m};
2 dpli][j] <0 Vie{l,...,n}, j€{0,...,m};

w

© o N O oA

10
11
12
13
14
15
16
17
18

19
20
21
22

23
24
25
26
27
28
29
30
31
32

dli][j] <« L Vie{l,...,n}, j€{0,...,m};

// Fill DP table

for j + 1 to m do

for i <+ 1 to n do

for x + i to 0 do

worker _cost <= Ciotal(Wj, T, 1);

if worker cost = oo then

‘ break // Constraint violated

end

cost «<— dp[z][j — 1] + worker_cost;

if cost < dpl[i][j] then
dp[é][j] < cost;
d[i][j] = ;

end

end
end

end

// Find deepest covered layer
14— "

while i >0 and dp[i][m] = oo do

| i i— 1

end

// Reconstruct assignment by backtracking
A ();
for j «+ m to 1 do
z < d[i][5];
if © < then
‘ A— A~ (wj,x,i);
end
14— X
end
A < Reverse(A);
return A
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CHAPTER

Implementation Details

In this Chapter, we will cover additional implementation details focusing on the data
structures, partitioning algorithm, and ONNX graph manipulation.

6.1 Internal Representations

We use several data structures to represent the LLM dataflow graph on the server:

e GraphProto: The LLM is stored as an ONNX file. We use the ONNX Protocol
Buffer definition to read and parse the file into Rust structs. When we partition
the model, we create new instances of ModelProto and serialize them to files so
that workers can load the partitions as ONNX.

o SimpleGraph: As described in Section 2.3, ONNX represents machine learning
dataflow graphs using nodes with named inputs and outputs. We create an internal
representation containing minimal information called SimpleGraph. To store the
nodes, we use binary trees, which allows us to retain the topological sort of the
ONNX graph representation. Using this custom internal representation removes
the complexity of working with protobuf definitions during partitioning; we only
need to convert SimpleGraphs to and from ONNX models.

e CoarsenedGraph: Inspired by METIS, we add the structure CoarsenedGraph. It
is a different representation of SimpleGraph in which multiple nodes are grouped
into subgraphs, yielding a list of topologically sorted SimpleGraphs. We use this
structure to represent LLMs layers, abstracting over individual operators.

e« CompiledModel: Once a model is loaded on a set of workers, the server creates
a CompiledModel. 1t is a more efficient internal representation of the model
pipeline using dependency counting to determine which partitions of the model
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can be computed next given a set of already computed inputs. Although this data
structure is not required for linear transformer models, we could use it to extend
the system to arbitrary models in the future.

6.2 Graph Processing Pipeline

This section describes how the server moves between graph representations to facilitate
dynamic partitioning.

6.2.1 Preprocessing

At startup, the server reads the ONNX model using protobuf. We perform the following
preprocessing steps:

e Strip Graph: We remove unnecessary data so that the ONNX graph is as lean as
possible.

o Externalize Weights We externalize the weights so that each initializer is stored
in a separate file using the SHA-256 hash as the filename. This allows workers to
cache weights more easily.

e Constant Folding: We perform basic constant folding to avoid having to duplicate
constants across multiple layers when partitioning the model.

6.2.2 ONNX to SimpleGraph

To convert the ONNX model to a SimpleGraph, we read the graph’s input and output
names and use them one-to-one for the SimpleGraph. For nodes, create a binary tree
using the node’s index in ONNX as the key. The values are SimpleNodes with input
and output names that correspond to the edges in the ONNX graph. We use a binary
tree since we need to store the original node indices for conversion back to ONNX after
partitioning the graph.

6.2.3 SimpleGraph to CoarsenedGraph

Creating a CoarsenedGraph from a SimpleGraph involves two steps: First, we find the
indices of layer boundaries in the topological sort. Second, we use the indices to split the
SitmpleGraph, creating a new graph for each layer.

Layer Boundary Detection

Since LLMs follow strict naming conventions when converted to ONNX with Microsoft
Olive, we can use pattern matching on tensor names to find layer boundaries. To find
the boundaries, we iterate through all nodes in the SimpleGraph. If a node contains
input tensors with the prefix /model/layer.N/ and output tensors with the prefix
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6.2. Graph Processing Pipeline

/model/layer. (N+1) /, we use the node’s index as a partition point. This approach is
efficient and works on all modern models we tested (Qwen3, Phi-4, gpt-oss, and Gemma
2).

Graph Splitting

To divide the LLM into individual layers, we iterate through the partitioning points in
reverse. We split off all nodes with an index larger than the current split point and create
a new SimpleGraph. We need to iterate in reverse to accumulate the inputs of all layers.

Splitting the graph involves splitting the nodes and computing the new inputs and
outputs of the subgraphs. Let Z and O denote the original graph inputs and outputs,
and let I and Oy denote the union of all node inputs and outputs of subgraph k. The
boundary tensors, those produced by subgraph 1 and consumed by subgraph 2, are:

5=(Olﬁ12)\02

Subtracting Oy excludes constants that appear in both O; and Os. The new inputs and
outputs of each subgraph are:

inp=72ZnN1I, Outlz(OﬂOl)U,@
iHQZ(IﬂIQ)Uﬂ, outg = O N Oy

Subgraph 1 exposes 8 as additional outputs; subgraph 2 receives 3 as additional inputs,
forming the communication boundary between the partitions.

6.2.4 Partitioning

Given an assignment A of layers to workers, the server merges each layer range into one
SitmpleGraph. To minimize network transfer, partitions expose only the output required
by the downstream partitions or the global model output O.

We iterate backwards over partitions, maintaining an accumulator of required outputs,
initialized as R = O:

ing = Iy \ Oy
outy, = RN O
R + R Uing

As a result, we create a new CoarsenedGraph where subgraphs match the layer ranges of
A and the graph boundaries minimize tensor transfers.
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6.2.5 SimpleGraph to ONNX

Using the GraphProto of the original ONNX model and the partitioned CoarsenedGraph,
we create one ONNX model per worker. We use the SimpleGraphs contained in the
CoarsenedGraph to obtain the nodes and construct the inputs and outputs of the new
GraphProto. Note that the original ONNX model must contain shape information for all
new input and output tensors.

6.3 Partitioning Algorithm

6.3.1 Cost Function

As mentioned in Section 5.4, to satisfy the computational bound of O(n?m) for the DP
algorithm, we need to use prefix sums during cost calculation. For the layer metrics W;
(weights in bytes), R; (required memory), and C; (computational cost), we only need
to compute the prefix sums once as they remain static. Since D,, (cached layers) can
change on every invocation of the partitioning algorithm, we need to compute each time
before starting the algorithm.

To reuse the same algorithm for execution and fault tolerance costs, we define our find
assignment function as generic over the cost calculator. This allows us to use the DP
algorithm with arbitrary cost functions.

6.3.2 DP Algorithm Core

We switch the matrix defined in Algorithm |5.1] to a single vector. We define this vector
once when starting the algorithm and reuse it when evaluating worker permutations to
avoid reallocation on every DP invocation.

To evaluate permutations in parallel, we use the Rust crate rayon. Using an internal
thread pool, rayon provides convenient extensions to Rust iterators. Using parallel
iterators, we speed up the evaluation of permutations for small problem sizes and discover
more permutations in the time-bounded search.
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CHAPTER

Evaluation

In this Chapter, we empirically evaluate the system and partitioning algorithm. We start
by explaining the experiment setup, including the test bed, models, and workloads. We
establish baseline measurements, exploring the system’s performance characteristics in
different settings. Next, we present the measurements we use to answer research questions
3-5. Lastly, we conduct case studies showing the system’s behavior in specific scenarios.

7.1 Experimental Setup

7.1.1 Testbed

Table 7.1: Device Hardware Specifications

Device CPU RAM GPU

Littlecorn AMD Ryzen 7 5700G 64 GB DDR4-3200 RTX 4070 Ti (12GB)
Aidos AMD EPYC 7452 96 GB (6x16GB) 4x RTX A4000 (16GB)
Lenovo ThinkStation PGX 30KL0004GF ARM Cortex-X925 128 GB LPDDR5x  GB10 Grace Blackwell
Jetson AGX Thor ARM Neoverse-V3AE 128 GB LPDDR5x  Blackwell (2560-core)
Jetson AGX Orin ARM Cortex-AT8AE 64 GB LPDDR5 Ampere (2048-core)
Jetson Orin Nano ARM Cortex-A7T8AE 8 GB LPDDR5 Ampere (1024-core)

Hardware As shown in Table|7.1, we use 6 devices for our evaluation. The distributed
inference server always runs on Littlecorn; other devices are used as workers. Aidos has
4 homogeneous GPUs with 16GB of VRAM each. For all other devices, we use the CPU.
As shown in Table 7.2, this makes Aidos the fastest worker.

Software Environment We use lock files and fixed compiler versions to ensure
reproducibility and facilitate distribution. We use Rust nightly-2026-01-15 to compile the
server. Littlecorn runs Ubuntu 22.04.4 LTS, Aidos runs Ubuntu 24.04.1 LTS, ThinkStation
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Table 7.2: Worker Metrics and TPS obtained by running inference on each worker
(Qwen3-0.6B, chat, 1 worker)

Worker Memory (GB) Bandwidth (MB/s) Latency (ms) TPS

Aidos 15.72 117.49 0.64 59.22
Thor 118.07 32.43 1.87 48.08
Pgx 116.15 37.53 1.58 25.23
Agx 99.08 31.86 1.97 18.94
Nano 6.63 31.26 2,52 9.96

runs Ubuntu 24.04.3 LTS, Thor runs Ubuntu 24.04.3 LTS, and all other Jetson devices
run Ubuntu 22.04.5 LTS. Workers use Python 3.12, ONNX Runtime 1.23.2, and CUDA
12.

Network Table 7.2 shows metrics collected by the inference server. We observe that
connections have low latency, with a maximum of 2.5 milliseconds, and bandwidth
between 30 and 120 MB/s. Devices are connected via LAN and are in physical proximity.

7.1.2 Models

Table 7.3: Model Characteristics. We obtained model sizes from the Ollama model
library [Oll] (quantized), Hugging Face [Hug25a] (full precision), and the filesystem after
conversion with Microsoft Olive (ONNX).

Model Size (quant) Size (full) Size (ONNX) Layers Hidden Size
Qwen/Qwen3-0.6B 523 MB 1.5 GB 3 GB 28 1024
Qwen/Qwen3-1.7B 1.4 GB 3.8 GB 6.9 GB 28 2048
Qwen/Qwen3-4B 2.5 GB 7.5 GB 16.1 GB 36 2560
Qwen/Qwen3-8B 5.2 GB 15.2 GB 32.7 GB 36 4096
Qwen/Qwen3-14B 9.3 GB 27.5 GB 59 GB 40 5120

We evaluate our system using the Qwen3 model family. Using Microsoft Olive, we convert
the Hugging Face model to ONNX. Table 7.3 shows the models we use, their size, number
of transformer layers, and hidden size. We use full-precision models in our evaluation,
leading to increased model size and slower inference speeds compared to quantized models.
We mainly use Qwen3-0.6B for our baseline evaluations since it can run on all devices
and Qwen3-4B for experiments with multiple workers. Other models are used to provide
insights on model scaling. We observe that Qwen3-4B in ONNX is already too large to
run on most consumer devices; we use it to show how the inference server behaves when
single-device deployment is infeasible.

We observe that the hidden size increases with model size. Intermediate tensors are of
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7.1. Experimental Setup

shape [batch_size, sequence_length, hidden_size] and need to be trans-
ferred at partition boundaries; the network transfer time increases with model size.

7.1.3 Workloads

We evaluate the system using 3 prompting strategies:

o Chat: We use a short input prompt (25 tokens) and generate a short response
(128 tokens). Unless specified otherwise, we use this prompting strategy.

o Creative: We use a short prompt to generate a long response (1024 tokens).

o Summarization: We use a long prompt (1024 tokens) to generate a short response
(128 tokens).

For all experiments, we run inference requests 5 times and report the mean and standard
deviation.

Since we use fewer than 8 workers, the algorithm always chooses the global minimum
according to the cost model. We ignore the initialization cost in our experiments to
ensure a fair comparison across runs.

7.1.4 Metrics

Typically, LLMs inference speed is evaluated using:

o Token Per Second (TPS): TPS is a measure of throughput. We primarily use
this metric to evaluate inference performance.

o Time To First Token (TTFT): As described in Section 2.1.2, the prefill and
decoding phases have different performance characteristics. TTFT measures the
time it takes to generate the first token. Since we focus on decoding and end-to-end
latency, we do not consider TTFT.

o Time Per Output Token (TPOT): TPOT measures the time it takes to generate
each token in the decoding phase. It is equivalent to the end-to-end latency we
defined in our algorithm. When comparing algorithm estimates and measurements,
we use TPOT as the metric.

We collect information about partitioning decisions and assignments from server logs.

We use this information to analyze the algorithm’s behavior.

7.1.5 Limitations

Our evaluation is subject to 3 main limitations:
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Quantization We use floating-point 32 models in our evaluation. There are two main
reasons for this decision: During development, we were unable to create quantized models
that produced coherent outputs using Microsoft Olive. Although this problem was fixed
in later versions of Olive, it affected the development and evaluation strategy. Secondly,
we were unable to run quantized models with Puppeteer. Using the standard desktop
Chrome with WebGPU, we were able to run 16-bit floating-point models. However, using
Puppeteer, we were unable to load the shaderi6 module, preventing us from running
quantized models in our test bed.

Jetson Devices We were unable to run ONNX models on Jetson devices using the GPU.
ONNX Runtime with CUDA is not well supported on Jetson devices; other execution
engines, such as TensorRT, also did not work. Due to time constraints, we decided to use
the devices with ONNX Runtime and the CPU. We believe that this has a limited impact
on our evaluation. Using Aidos, we can observe the system’s behavior on the GPU. We
can show that the algorithm exhibits the same characteristics on the CPU and GPU.

Model Diversity In our evaluation, we only use the Qwen3 model family. We were
able to run other models, such as Phi-4, Gemma 2, and gpt-o0ss-20b during development;
however, we do not evaluate them.

7.2 Baseline

7.2.1 Experimental Design
Objective

Observe the system’s behavior and performance characteristics across different dimensions.
The baseline is used to position this work in the broader field of Al and to explain the
results of other experiments.

Methodology

We evaluate the system in the following dimensions:

¢ Engines: To determine the system’s overhead, we implement two native centralized
inference solutions using ONNX Runtime with CUDA. The implementations are
based on Python and Rust. We run the chat prompt with Qwen3-0.6B using Aidos.
For our system, we use 1 worker on Aidos with the server running on Littlecorn.

e Devices: We compare the performance of the devices in the test bed using Qwen3-
0.6B with the chat prompt. The server runs on Littlecorn.

e« Prompt Types: We run all 3 prompts using Qwen3-0.6B on Aidos.
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7.2. Baseline

e Web vs. Native: We compare native and web-based execution by running all 3
prompts on Aidos using Puppeteer and Qwen3-0.6B. Both the inference server and
the website run on Littlecorn.

¢ Model Size: To compare model sizes, we use 3 workers, each worker running on a
different GPU on Aidos. We force the system to use all 3 workers by limiting each
worker’s memory. We use the models Qwen3-0.6B, Qwen3-1.7B, and Qwen3-4B
with the chat prompt.

e Worker Scaling: We determine the system’s scalability with increasing worker
count by running Qwen3-0.6B with the chat prompt on Aidos. We use 1, 2, 3, and
4 workers, forcing worker usage by limiting memory.

e Network: We run the worker scaling experiment again, introducing an artificial
latency of 20 milliseconds, a download rate of 10 MB/s, and an upload rate of 2
MB/s. We compare the results to determine the impact of slow interconnects on
inference performance.

7.2.2 Results
60
50 -
40 A

30 1

TIPS

20 1

10 1

0_

Server Rust Python

Figure 7.1: Comparison of the server to centralized inference using ONNX Runtime.

As shown in Figure 7.1, the system performs better than naive centralized inference.

This result is initially surprising, given that the system adds communication overhead
between Littlecorn and Aidos. However, we implement optimizations in the system that
are not present in the centralized versions. For example, we move token decoding into
the ONNX graph, running greedy sampling directly on the GPU. Processing the server’s
logs, we observe that less than 0.1% of the inference time is spent on the server and less
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than 5% on the network. This shows that the server, data serialization, and networking
add negligible overhead for one-worker configurations with fast interconnects.

60 1
50

40 1

IPS

30

20 A

10+

0_

Aidos Thor Pgx Agx Nano

Figure 7.2: Inference Speed on different devices for Qwen3-0.6B.

Figure 7.2 shows the inference speed for different devices. Aidos outperforms all other
devices. Nano, the slowest worker, has about % of Aidos’ performance. Using these
devices, we can evaluate the system across a wide variety of settings with devices of

differing hardware capabilities.

As shown in Figure[7.3, TPS drops significantly with increasing sequence length. Prompts
with sequence lengths of more than 1000 tokens retain only 25% of the inference speed
compared to short prompts with about 100 tokens. This suggests that ONNX Runtime
does not scale well with increasing sequence lengths. Interestingly, web-based inference
scales better with increasing sequence length. It is unclear why this is the case; possible
explanations include that the overhead of WebGPU kernel initialization becomes less
important as the sequence length increases or that ONNX Runtime Web uses GPU
kernels that are better optimized for LLM inference.

Figure 7.4/ shows how TPS scales with model size. We observe a slight sub-linear scaling.
This is likely because the ratio of session overhead to computation decreases as the size
of the model increases.

As shown in Figure 7.5al, increasing the worker count adds little overhead in a fast network.
We observe a decrease in performance from 1 worker to 2 workers. The difference in time
can be attributed mainly to worker computation, rather than the network or the server.
It is unclear why this drop is not as pronounced for more workers. Possible explanations
are that ONNX Runtime can perform optimizations for the full model, which are not
possible in the split model, or that switching from 1 to 2 workers introduces hardware
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Figure 7.3: Comparison of sequence lengths in a native and web-based setting.
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Figure 7.4: Comparison of TPS for increasing model size.

contention (CPU, CPU cache, PCle) since workers use different GPUs on the same
machine.

Introducing network constraints leads to a drop in performance. For 1 worker, the
TPOT increases from 16 to 39 milliseconds. For 2 workers, the TPOT increases by 45
milliseconds compared to the fast-network case. This indicates that in slow networks,
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Figure 7.5: Comparison of inference performance with increasing worker count. For
the default configuration, refer to the network speed of Aidos in For the slowed
configuration, we use 20 milliseconds of latency, 10 MB/s download, and 2 MB/s upload.

latency is the biggest factor. However, bandwidth should not be ignored, especially if
it drops below 1 MB/s; the intermediate tensors become relevant at this point. Since
the intermediate tensors scale with model size, high bandwidth is more important for
larger models. For Qwen3-0.6B, intermediate tensors total 8KB; for Qwen3-8B, they
total 32KB.

7.3 RQ3: Cost Model Validation

7.3.1 Experimental Design
Objective

Empirically validate the accuracy of the cost model by comparing estimates with real-
world measurements. The success criterion is a mean absolute percentage error (MAPE)
of less than 20%.
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7.3. RQ3: Cost Model Validation

Methodology

We evaluate the system in 3 settings:

¢ Homogeneous Devices: We use only devices of a single type to run models. This
means we can run up to 4 workers using Aidos’ GPUs; for other devices, we use 1
worker. In this setting, we focus on smaller models.

o« Heterogeneous Devices: We use different combinations of devices; examples
include Aidos+Thor, Aidos+Pgr+Nano, or Agz+Nano.

« Heterogeneous Devices + Artificial Network: We introduce artificial latency
and bandwidth using tc to simulate slower networks. For example, we introduce
a latency of 10 milliseconds on Littlecorn or constrain bandwidth and latency on
Aidos.

For each setting, we vary the model size, the number of workers, and the device type.

We record the algorithm’s initial estimate, in which it uses the metrics collected during

initialization. We compare this estimate with the mean TPOT of all 5 inference requests.
Additionally, we update estimates using metrics collected while the worker is connected.

For each of the 5 inference requests, we pair the TPOT with the corresponding running
estimate.

7.3.2 Results
Table 7.4: Cost Model Error by Model for Initial Estimates

Model MAE (ms) MAPE (%) Count
Qwen3-0.6B 4.5 11.7 8
Qwen3-1.7B  10.0 15.6 12
Qwen3-4B 10.7 10.0 13
Qwen3-8B 23.2 13.1 9

Table 7.5: Cost Model Error by Model for Running Estimates

Model MAE (ms) MAPE (%) Count
Qwen3-0.6B 4.9 16.6 40
Qwen3-1.7B 4.7 8.3 60
Qwen3-4B 6.8 6.3 65
Qwen3-8B 6.5 4.4 45

Tables 7.4/ and [7.5| show MAE and MAPE for initial and running estimates in all
configurations. Initial estimates achieve a MAPE of 10-16% across all model sizes. The
MAE grows with model size, while the MAPE remains roughly constant.
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After updating the execution speed metric during inference, the MAE remains below 7
milliseconds regardless of the model size; the MAPE drops to 4.4% for Qwen3-8B. At
sub-20 millisecond token latencies for Qwen3-0.6B on Aidos, small inaccuracies constitute
a larger fraction of the total. This makes it harder to accurately model low-latency
settings with small models.
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Figure 7.6: Cost model validation across network and device configurations.

Figure 7.6/ shows that the estimates under artificial network slowdown align closest to
the diagonal. The homogeneous setting exhibits the greatest spread, particularly for
initial estimates of smaller models. Running estimates typically correct this initial bias,
confirming that accuracy is primarily limited by the quality of the execution-speed metric
rather than the cost model’s structure.

7.4 RQ4: Static vs. Dynamic Partitioning

7.4.1 Experimental Design
Objective

Evaluate the system’s behavior and performance when partitioning models into an equal
number of layers per partition compared to dynamic partitioning. We aim to show that
dynamic partitioning is strictly superior to equal splitting in terms of inference speed.
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7.4. RQ4: Static vs. Dynamic Partitioning

Methodology

We evaluate inference speed in 5 settings:

o Equal (3/5 workers): We partition the model into equal parts, each of which
has the same number of layers assigned.

o Dynamic (3/5 workers): We use the same workers as the corresponding equal-
split setting. We force the usage of workers by limiting the memory; however, we
leave some room for the dynamic partitioning algorithm to assign different layer
ranges to the devices.

o Dynamic (free): We use all 5 devices with full memory. This allows the dynamic
partitioning algorithm to find the optimal assignment according to the cost model.

For all configurations, we use Qwen3-4B with the chat prompt. We use all devices in
all configurations, letting the algorithm assign model partitions to workers based on the
cost model.

For the equal-split strategy, we compute the number of layers per partition as L, = [smﬁw .
The first partition can have fewer layers; all others have exactly L, layers. The embedding
layer is typically larger than the other layers, so the required memory for each partition

evens out. We reuse the partitioning algorithm to evaluate worker orderings.

7.4.2 Results

2 &) o ) Y \a) i ) RN
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Figure 7.7: Comparison of TPS for different partitioning strategies.
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As shown in Figure dynamic partitioning is superior to equal-splitting for each
corresponding setting. Dynamic partitioning uses the full capabilities of each device to
achieve the highest TPS.

-
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Figure 7.8: Comparison of Assignments for different partitioning strategies.

Figure shows the layer assignments for each strategy. We observe that all strategies
choose faster workers over slower ones. Within the top three devices, Pgx has the lowest
throughput; the dynamic partitioning algorithm minimizes Pgx’s use when 3 workers are
enforced. Since the memory limit is set to 12 GB and we reserve % for activation tensors
and KV cache, the maximum assignable weights are 8 GB. Both Aidos and Thor are
used to their maximum.

Similarly, for 5 workers, the proportion of Nano and Agx is reduced. Aidos, Thor, and
Pgx are used to their limit. When the algorithm chooses workers freely, it uses only
Aidos and Thor, resulting in the fastest inference speed.

For equal-splitting with 3 workers, the algorithm assigns Aidos to the last layers. This is
because the output layer is the most computationally intensive. For dynamic partitioning,
Thor is assigned the last layer. In this case, memory is the bottleneck. Since the output
layer is larger, Aidos can do more work by executing transformer layers. Additionally, the
output of the last layer is only a few bytes (the next token); since Thor has a slower network
connection, using it last reduces end-to-end latency. For the Dynamic configuration, the
assignment switches again since the embedding layer is least computationally intensive.



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

7.5. RQ5: Metric Ablation Study

7.5 RQ5: Metric Ablation Study

7.5.1 Experimental Design
Objective

Determine the effect of each metric on partitioning decisions and inference throughput.

Methodology

We run two experiments with Qwen3-4B and the chat prompt:

e Cost Estimation: To estimate the impact of each metric on the partitioning
algorithm, we conduct an ablation study. We start with a baseline measurement,
recording the end-to-end latency estimate and TPOT. Then, one by one, we disable
the metrics for computational speed (SO,, and C'S,,), latency (P,), and bandwidth
(Byw), measuring their impact on the cost estimate. We run the experiment twice:
once with the default network speeds as shown in Table |7.2/ and once with artificial
latency and bandwidth. We use the following network configuration:

— Littlecorn: 5 milliseconds of latency, 50 MB/s download, and 10 MB/s
upload.

— Aidos: 100 milliseconds of latency.
— Pgx: 128 KB/s of upload and download.

We force the usage of all devices by restricting memory.

e Assignment Traps: We rerun the experiment with the slowed network. We set
the memory so that 3 devices are required. We expect the algorithm to fall into
the designed traps; for example, choosing Pgx when the bandwidth measurements
are disabled.

7.5.2 Results

Figure 7.9 shows the cost model’s error when different metrics are disabled. Using the
default network with less than 2 milliseconds of latency and more than 20 MB/s bandwidth
for all workers, the network has virtually no impact on end-to-end latency. Disabling
execution speed, the cost model estimates an end-to-end latency of 13 milliseconds and
an error of 275 milliseconds. In the network-constrained configuration, we observe larger

estimation errors across all settings. The baseline’s standard error is particularly high.
Interestingly, this is because TPOT varies; the algorithm’s estimate remains consistent.

The reason is unclear; possibly, latency is being applied twice for some inference requests
due to packet loss.

Figure [7.10| shows the TPS of the system as we disable individual metrics. The baseline
uses Aidos, even though it adds 100 milliseconds of latency, resulting in the same
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Figure 7.10: Comparison of TPS during an ablation study of the metrics.

performance as with latency disabled. Disabling bandwidth leads to the largest drop in
performance, as the algorithm chooses Pgx, which has a bandwidth of 128 KB/s. At this
speed, even tensors the size of a few KB affect end-to-end latency.

For the 5-worker configuration, disabling computational speed leads to slower devices
being used more. Regarding bandwidth, we find that the order of workers matters. With
bandwidth disabled, Pgx is assigned layers in the middle of the model, requiring the
transfer of larger intermediate tensors.
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7.6. Case Studies

7.6 Case Studies
7.6.1 Case Study 1: 3 Heterogeneous Devices

~

Up ---- Worker Join
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Time (s)

Figure 7.11: System performance and state over time as workers connect and disconnect.

With this case study, we show how the system behaves over time using 3 heterogeneous
devices. We use Aidos, Thor, and Agx to run Qwen3-4B with the chat prompt. The chat
prompt runs in a loop, continuing to generate until the experiment ends.

We start the experiment with all 3 workers connected. Using Aidos and Thor (the two
faster workers), we achieve 13 tokens per second. At 35 seconds, Aidos disconnects. The
server recovers after 7 seconds and continues token generation using Thor. Inference
speed drops as the fastest worker is no longer available. At second 67, Thor disconnects.
Since Agx is less powerful than Thor, creating the new ONNX Runtime session on Agx
takes 27 seconds. At second 118, Aidos reconnects, taking 10 seconds during initialization.
The server prepares the new assignment in the background (which requires negligible
time since all weights are already downloaded) and commits it at second 128. Eight
seconds later, the server resumes generation with higher throughput. At second 163,
Thor reconnects, triggering repartitioning. The server restores its original assignment,
achieving maximum throughput.

7.6.2 Case Study 2: Large Model

Table 7.6: Inference Metrics (Qwen3-14B)

Metric Mean Std

TPS (tok/s)  3.17  0.06
TTFT (ms) 815.68 73.73
TPOT (ms) 312.02  6.15

In this case study, we show that the system can find optimal assignments for large models
on heterogeneous devices. We limit device memory: 16 GB for Aidos, 64 GB for Thor,
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Table 7.7: Worker Layer Assignment (Qwen3-14B)

Worker Layers Estimate (ms) RTT (ms) Compute (ms) Network (ms)

Pgx 0-1 4.34 2.79 0.19 2.60
Thor 1-35 335.06 280.84 277.88 2.96
Aidos 3542 34.56 32.29 31.14 1.14

and 32 GB for Pgx. This roughly corresponds to a user running a desktop PC (GPU
and CPU) and a secondary device.

Table 7.6/ shows the inference statistics; we achieve 3.35 tokens per second for Qwen3-14B
in full precision.

As shown in Table 7.7, Pgx is assigned the embedding layer, as it is the least computa-
tionally intensive yet the largest in memory footprint. Aidos runs the output layer.

Regarding cost estimation, we initially overestimate the cost of Thor by 55 milliseconds.
This error is reduced to 10 milliseconds by updating the metrics while running the model.
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CHAPTER

Discussion

This Chapter interprets the results of our evaluation, answers each research question,
and discusses limitations and future work.

8.1 Research Questions

8.1.1 LLM Partitioning

What methods and tools exist for partitioning ONNX-based LLMs for dis-
tributed inference?

As described in Section 2.3, Python libraries such as onnx and olive can be used to
manipulate ONNX models and convert LLMs to the ONNX format. We used oclive to
convert Hugging Face LLMs to ONNX. Rather than using onnx for model partitioning,
we deserialized the ONNX model into Rust structs using Protobuf. This approach
accelerated development and provided greater flexibility when modifying the ONNX
graph. For example, we added custom operators that execute token decoding in ONNX,
thus reducing network traffic.

In Section 6.2, we describe the model partitioning process. The ONNX graph is first
converted into an internal representation used during partitioning. To distribute the
resulting partitions to workers, this representation is converted back to ONNX using the
original model as a reference.

8.1.2 Algorithmic Complexity

What computational complexity trade-offs arise in the proposed worker-aware
dynamic partitioning algorithm, and under what conditions is it tractable?
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We use dynamic programming to find layer to worker assignments. The algorithm runs in
O(n?m) for n layers and m workers and finds a solution that is optimal for a given worker
ordering. However, finding a global optimum is intractable as all worker permutations
would need to be evaluated. For less than 8 workers, we explore all permutations and
find the globally optimal solution. For larger problem sizes, we use simulated annealing
or time-bounded random search to explore the permutation space.

In Section [2.4, we justify our choice of algorithm. We found that the structure of LLMs,
where the dataflow graph is a linear set of transformer layers, does not require general
graph partitioning techniques such as the Kernighan-Lin algorithm [KL70] or METIS
[KKO98]. The intermediate tensors between LLM layers can be considered min-cuts for
practical purposes (technically, there are better cuts, for example, by severing a single
node). Choosing small cuts is important for reducing the data transfer between partitions
in pipeline parallelism. Using this information, we reduce the problem to the Ordered
Partition Problem [Ski20].

In Chapter 5, we provide a formulation of the problem along with a cost function to min-
imize end-to-end latency during token generation. We adapt the dynamic programming
algorithm in [Ski20] to LLM partitioning.

Finding globally optimal solutions using our formulation is NP-hard. In practice, the
DP algorithm can find close to optimal solutions, as transformer layers are homogeneous
when optimizing for end-to-end latency. The problem becomes more complex only when
initialization cost is introduced; for example, by accounting for which layers a worker has
already downloaded. Although the problem is solvable in polynomial time if we consider
layers or workers homogeneous, we believe that heterogeneity is essential in practice. To
facilitate web-based distributed inference with ephemeral workers, reducing downtime
after a disconnect is vital; we need to avoid multi-gigabyte downloads when the server
has no active assignment.

8.1.3 Cost Model Validation

How closely does the end-to-end inference latency estimated by the worker-
aware dynamic partitioning algorithm match real-world measurements?

We achieve a MAPE of 12.6% when using metrics collected during worker initialization
and 8.4% after updating metrics during token generation. The initial error remains at
about 12% regardless of the model size. After updating the metrics, the MAPE for
Qwen3-4B drops to 4.4%; the MAE is reduced to a constant 5 to 7 milliseconds regardless
of the model size. The largest errors resulted from inaccurate estimates of computational
speed rather than of network conditions. For small models such as Qwen3-0.6B, even
small inaccuracies led to large increases in MAPE, as token latency is already below 20
milliseconds when using our most powerful device.

We achieved our success criterion of MAPE below 20%, showing that the system can
accurately estimate the real-world token latency. The cost model and algorithm can
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8.2. Limitations

find near-optimal assignments for heterogeneous workers under a wide variety of network
conditions.

8.1.4 Static vs. Dynamic Partitioning

How does dynamic worker-aware partitioning compare to static equal-layer
splitting in terms of inference throughput?

As shown in Section 7.4, dynamic partitioning consistently outperforms equal-layer
splitting. Using device information such as computational speed, the dynamic partitioning
algorithm is able to assign larger parts of the model to fast workers, achieving higher
TPS. When using 3 workers for both strategies, dynamic partitioning achieves 46% higher
TPS; for 5 workers, we achieve 41.3% higher TPS.

Given an accurate cost model, dynamic partitioning can consistently find better solutions
than equal-layer splitting. To achieve high throughput with heterogeneous workers,
dynamic partitioning is essential.

8.1.5 Metrics

How does removing individual worker metrics from the partitioning algorithm
affect inference throughput?

In Section [7.5 we analyze the impact of latency, bandwidth, and computational speed
on the algorithm’s cost estimates. We show that the importance of each metric is mostly
dependent on the system’s environment. In fast-network environments, computational
speed is the most important metric. If workers with slow connections are involved, latency
and bandwidth ensure that the worker is excluded from the assignment.

Regarding throughput, we found that bandwidth can affect the order of workers that
the algorithm chooses. By changing the order of workers, the algorithm reduced network
time by 25%.

8.2 Limitations

8.2.1 Quantization

As discussed in Section [7.1.5, we used full-precision models in our evaluation due to issues
with Olive and Puppeteer. This complicates the comparison of our system with other
approaches. Regarding the cost model and dynamic partitioning, we believe that the
system would behave the same for quantized models; however, we did not empirically
prove it.
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8.2.2 Diversity

Our evaluation uses one type of GPU; other devices run on the CPU. Due to compatibility
issues, we were unable to use ONNX Runtime with the GPU on Jetson devices. Since
the cost model is accurate for the CPUs and GPU we tested, we believe that the system
generalizes to other hardware.

In our evaluation, we used only the Qwen3 model family. We were able to run other
models, such as Phi-4, Gemma 2, and gpt-oss-20b, but we did not evaluate them.

8.2.3 Web

We evaluated web-based inference in a single-worker configuration using Qwen3-0.6B.
We experimented with Qwen3-4B; however, we ran into issues when trying to load parts
of the model with ONNX Runtime Web. Since collecting debug information would
have required compiling ONNX Runtime Web from source and bundling it into our
application, we opted not to pursue the issue further. A possible explanation is the 4
GB memory limitation of WebAssembly. We were able to run Qwen3-0.6B (3 GB), but
not Qwen3-1.7B (6.9 GB) using WebAssembly. Limiting the memory to 4 GB, we were
able to run a part of Qwen3-1.7B in the browser and the rest using Python. Although
WebAssembly 3.0 introduced 64-bit addressing, it is unclear whether ONNX Runtime
Web can currently utilize it.

Regarding our evaluation, Chrome does not support assigning specific GPUs to a browser
instance. We attempted to use Docker to assign GPUs 2-4 on Aidos. On Jetson devices,
we attempted to start a browser instance with WebGPU enabled. We were unable to
make progress using either approach and decided not to investigate further due to time
constraints.

8.2.4 Cost Model

We showed that our cost model can accurately estimate the token latency in our test
bed. We did not test across a wide variety of real-world networks with higher packet loss
or WiFi connections.

In our evaluation, we disabled the initialization cost to obtain consistent runs across
experiments. During development, the system was able to reduce downtime using
initialization cost; however, we did not empirically evaluate this.

8.2.5 Algorithm

In our experiments, we used a maximum of 5 workers. Therefore, we always found the
global optimum according to the cost model. We did not evaluate simulated annealing
or time-bounded random search. Running SA during development resulted in better
solutions than using random worker orderings; however, we did not tune its parameters
or compare the solutions with the global optimum.
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8.3 Practical Viability

Our system can dynamically partition LLMs in heterogeneous environments. For lower
worker counts, assignments approach the global optimum given the accuracy of the cost
model. Using native Python workers, we were able to run large models while requiring
short setup times. The setup involves 2 commands: cloning the repository and starting
the worker using uv. The setup complexity of native workers might increase if, for
example, CUDA is not configured. Using the web as a deployment channel, we were able
to achieve zero-setup deployment for small models.

We identify 3 obstacles preventing wider adoption:

¢ Performance: ONNX Runtime is not optimized for LLM inference and is slower
than LLM-specific engines such as Ollama [olI25] or vLLM [vII25]. In our evaluation,
we found that performance decreases drastically with the sequence length. This is
likely due to inefficiencies in how ONNX Runtime handles the KV cache. For each
forward pass, the entire cache is copied to a new location in memory. LLM inference
engines achieve better performance with sequence length through optimizations
such as PagedAttention [KLZ™23].

e ONNX: Using existing tools, we were unable to convert models larger than Qwen3-
14B to ONNX due to out-of-memory issues. For wider adoption, the system requires
a reliable way to convert LLMs with higher parameter counts to quantized ONNX
models.

e The Web: WebGPU is not yet widely supported, requiring experimental flags on
Chrome in Linux. Using ONNX Runtime Web, we were unable to run large models
even with enough VRAM.

We believe that all 3 problems are solvable. The last two require a more mature ecosystem
around ONNX and machine learning in the browser. To solve the first issue, it should be
possible to convert the partitioned ONNX models to more efficient representations for
LLM inference. We will discuss this idea in future work.

8.4 Future Work

In this Section, we provide directions for future work. We start with immediate system
improvements that involve mostly engineering problems. Secondly, we discuss promising
avenues that were excluded due to scope and resource constraints.

8.4.1 System Extensions

Multi-Turn Conversations

The system currently only supports single prompt questions, discarding the KV cache
afterwards. Extending the server to support multi-turn conversations requires a limited

69



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

8.

DiscussioN

70

time investment but is required for inference systems operating in practice.

Metrics

Required Memory The memory required to run a layer is currently determined by
multiplying the weights of the layer by a constant. This metric can be improved by
considering information such as the number of parallel inference requests or the sequence
lengths.

Robustness As shown in our evaluation, inaccuracies in the cost model are directly
related to the metrics. Making metrics collection more robust, for example, for scenarios
where many workers connect in a short time frame, improves the quality of assignments.

Other Metrics The cost model can be extended to include more metrics. For example,
we can divide bandwidth into upload and download. Another option is to add dimen-
sionless metrics such as worker reliability, nudging the algorithm to prefer stable long
running workers.

Optimized Workers

Instead of using ONNX Runtime as the inference engine, we imagine using ONNX only
as the transport format. Workers can implement custom optimized kernels for LLM
inference, significantly improving inference throughput.

8.4.2 Research Areas
Peer-To-Peer Communication

We use WebSockets for communication due to our requirement of web-based LLM
inference. This led to a hub-and-spoke topology. Using WebRTC, we could keep the
server as the central authority while instructing workers to communicate directly among
each other. This would reduce network related latency by roughly half, which is essential
in slower network environments.

Parallel Assignments

The system only supports a single active model assignment. By adapting the system to
allow for multiple active graphs, we can scale to a larger number of workers. Combining
this idea with peer-to-peer communication, we could scale to hundreds or thousands of
geo-distributed workers, enabling internet-scale collaborative inference. This requires a
specialized partitioning algorithm that can handle large worker counts while considering
already deployed models.
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CHAPTER

Conclusion

In this thesis, we design and implement a dynamic worker-aware LLM partitioning
algorithm. Using our cost function, the algorithm finds layer-to-worker assignments that
minimize end-to-end latency during token generation. We integrate the algorithm into
our distributed inference server. Using metrics collected during runtime, the server auto-
matically repartitions the LLM, moving towards optimal assignments as time progresses.

We implement the inference server in over 5,500 lines of Rust code. The server exposes a
WebSocket API for users to send inference requests and for workers to share computational
resources. We implement two workers: a web-based worker running in the browser
using WebGPU, and a native worker using Python and CUDA. During runtime, the
server is responsible for orchestrating distributed LLM inference, collecting metrics, and
partitioning the LLM.

We find that due to the architecture of LLMs, where the model’s dataflow graph is a
set of transformer layers connected by small intermediate tensors, we can reduce the
graph partitioning problem to a variant of the Ordered Partition Problem. This problem
is solvable in O(n?m) for n layers and m workers. We design a cost function that
jointly minimizes execution cost and initialization cost. As metrics for execution cost,
we use execution speed, latency, and bandwidth. To reduce downtime in case of worker
disconnects, we leverage cached model weights.

We find that the cost model can accurately estimate end-to-end latency during token
generation, achieving a MAPE of 12.6% using metrics collected during worker initialization.
By updating metrics during runtime, we reduce the MAPE to 8.4% overall, and to 4.4%
for large models. This shows that our algorithm can find near-optimal assignments in
real-world settings.

Dynamic worker-aware partitioning consistently outperforms static equal-layer split-
ting, with the metrics ablation study confirming that the algorithm correctly avoids or
down-weights sub-optimal workers. In two case studies, we show that the system can
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automatically recover from unexpected worker disconnects and that we are able to run
large models with the algorithm choosing the optimal assignment.

We position this work not as a replacement for engines like Ollama or vLLM, but as a
first step towards reducing the entrance barrier for distributed LLM inference. Using the
browser for code distribution and dynamic partitioning, we enable distributed inference
across heterogeneous devices, allowing users to run models that exceed the capacity of
any single participant.
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Overview of Generative Al Tools
Used

LLMs were used during the development of the distributed inference server. We primarily
used Gemini to better understand the complex ecosystem of ONNX and LLM inference.

During the writing of this thesis, LLMs were used as writing assistants. Gemini 3 Pro
and Claude Sonnet 4.5 were used as assistants, helping to structure the thesis. The
resulting outputs were not used 1 to 1, always requiring modifications. However, they
served as great sources for inspiration, especially when rerunning prompts and merging
their different outlooks on ideas.

To rewrite paragraphs, LLMs were used to continue the flow of writing without getting
stuck on formulation.
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