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Abstract

The landscape of machine learning applications has shifted from
monolithic end-to-end models to compositions of pretrained large
foundation models. For instance, multi-modal chatbots are often
built by composition of a large language model and modality-
specific encoder models. Such applications often feature dynamic
workflows, with models conditionally evoked according to different
inputs and intermediate processing results. Conditional model exe-
cution prevents conventional request batching and hinders efficient
hardware utilization, due to dynamic, diverging execution paths
across requests. Separately deploying models as dedicated services
and invoking them on the go during dynamic workflow execu-
tions can potentially allow service-wise request batching, boosting
resource efficiency. However, generic workflow orchestrators are
proven inefficient for machine learning applications, due to sched-
ulers that do not exploit batching, communication methods that are
suboptimal for GPU tensors, and the considerable cold-start delays
associated with model deployment.

We introduce DyOrc, an efficient serving system for dynamic
machine learning workflows with conditionally activated model
components. DyOrc deploys each model as a dedicated service and
scales each service according to demand. Requests from different
workflows that share the same component are batched on the go
to improve hardware utilization and reduce serving latency. DyOrc
further advocates three core designs: (i) speculative scheduling,
that utilizes runtime statistics to predict component invocations for
more informed inference scheduling and request batching among
models; (ii) multi-tier message passing, which runs multiple ser-
vices in one process and exploits specialized tensor communication
libraries to substantially reduce communication overhead of het-
erogeneous messages across components; and (iii) proactive com-
ponent loading, that cooperates with the speculative scheduler to
hide cold-start overhead of components with billions of parameters.
Extensive prototype experiments on representative inference work-
loads (including multi-modal chatbots, ensemble models, image
processing pipelines, and multi-agent debate systems) demonstrate
that DyOrc achieves 4-198% serving latency improvement over
available baselines such as Ray Serve and Triton Inference Server.
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1 Introduction

On pursuing artificial general intelligence, the landscape of machine
learning (ML) applications has evolved from end-to-end models
trained to solve specific tasks (e.g., image classification, dialogue
generation, speech recognition) to composition of foundation mod-
els that can handle different tasks on different modalities of input
[27, 63]. A composite ML application can be created by connecting
multiple pretrained models with lightweight adapters. For example,
an image captioning application can be built by combining a ViT
[28] model and a large language model (LLM), using a small adapter
that aligns embeddings of text tokens and image patches. Graphical
tools like ComfyUI [12], Langflow [14], and Coze [13] allow users to
create applications by compositing popular models without writing
code, fostering building a diverse array of applications on top of a
small set of foundation models (e.g., image editing apps based on
LLM and diffusion models [39]).

Serving these applications requires invoking the model compo-
nents in certain order and transferring data across components.
Such an application may contain tens or more components [62]
(e.g., up to 26 LLM components in KNOWLEDGECARD [32] for
text generation), forming complex directed acyclic graphs (DAG). In
some applications, components are dynamically invoked according
to modalities or contents of inputs, further complicating efficient
serving [32, 42]. For example, the multi-modal chatbot GILL [42]
invokes the stable diffusion model only for requests that involve
image generation. The prevalent approach, such as the built-in
inference script of GILL, is to load all components of the appli-
cation onto a given set of devices and serve individual requests
without batching, since different requests may invoke different
components. This serving approach can cause significant under-
utilization of ML devices, which are typically designed for batch
processing [19, 31, 43, 64].
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We investigate more efficient component deployment and serv-
ing of composite machine learning applications with dynamic work-
flows. In our context, a serving system manages a collection of re-
sources (e.g., GPUs) and provisions inference services for multiple
ML applications. These applications may share certain components,
such as a popular LLM. The application developer submits the in-
ference workflows to the serving system and establishes APIs for
end users. Upon receiving a user request, the application enqueues
it in the serving system to schedule its inference and awaits results
to respond to the end user. The serving system dynamically loads
and runs model components according to incoming requests of
applications, aiming to minimize end-to-end serving latencies of
requests within limited resources.

Primary challenges in achieving such a serving system lie in dy-
namic deployment scaling of different components to execute the
diverse workflows and efficient request batching for expedited infer-
ence serving. While previous research has extensively investigated
batching multiple requests for static workflows [34, 66] and intra-
request invocation batching during dynamic workflows [31] (i.e.,
batching multiple invocations to the same model layers in a single
request), there remains a significant gap in cross-request batching
under dynamic workflows. In applications with dynamic workflows,
the execution of different requests may activate different compo-
nents. For the example of multi-modal chatbot GILL, one request
can entail generating an image response and another a text re-
sponse, invoking different components such as StableDiffusion[54]
and text decoding. On the other hand, requests originated from
different applications may invoke the same component (e.g., an
LLM), and can be temporarily combined into a batch for that com-
ponent’s processing — an opportunity rarely explored in existing
multi-application serving systems. Moreover, under dynamic work-
flows, the optimal ratio of replications of each component should
vary depending on the system’s current workload [52].

Exploring these opportunities, we deploy each model component
as an independently scalable service and advocate component-level
dynamic request batching. Inference serving of composite applica-
tions is then structured as workflows that invoke different services
at different times. Importantly, we batch invocations of each service
regardless of different workflows the requests may belong, allowing
dynamic batching across different applications. Although the con-
cept is intuitive, we identify several challenges that hinder naive
implementation from attaining ideal performance. First, commonly
employed workload scheduling algorithms [7, 8] such as Round-
robin and backpressure routing do not exploit batch processing
capabilities of GPUs, resulting in substantial resource inefficiency.
Second, large tensors are exchanged among components, incurring
considerable overhead with standard serialization and communica-
tion methods [2, 3, 5]. Further, state-of-the-art models possess large
numbers of parameters, incurring significant cold-start overhead
for dynamic component deployment. Especially, existing workflow
orchestration systems load services reactively [1], i.e., starting load-
ing a service when it is being invoked, leading to latencies that far
exceed user expectations.

Addressing these issues, we propose DyOrc, a serving system
that facilitates efficient deployment and serving of novel composite
machine learning applications with dynamic workflows. The key
designs and core contributions are summarized as follows:

Shiwei Zhang, Lansong Diao, Zisheng Meng, Siyu Wang, Wei Lin, and Chuan Wu

Image Image

Device 2}
fomms E Transformer E Pt
L7 T e
Device 3! | (] |
' Audio Voice :
Tokenization Synthesis : [ :

E—
Request 1 Request 2 Request 3

Chat with Image ~ Code Completion ~ Voice Assistant

Figure 1: Three applications built on five components.

> We examine characteristics of modern composite ML applica-
tions and identify issues of their current serving methods, revealing
the need for component-level dynamic batching. We then propose
to deploy each component as an independent service to exploit
dynamic batching opportunities across requests.

> We propose a speculative scheduling approach to efficiently
schedule dynamic workflow execution, that minimizes the esti-
mated job completion time based on a prediction of the services
that may be invoked by the workflow.

> We design a multi-tier message passing scheme that cuts the
serialization and communication overhead of large tensors on GPUs.
We advocate a totipotent process design to enable direct GPU tensor
sharing between services placed on the same device, and use NCCL
[41] for accelerated tensor transfer among devices.

> Leveraging predictive information within our speculative sched-
uler, we enable proactive service loading and CPU caching, in ad-
vance of their actual invocation, mitigating the cold-start overhead.

> We build DyOrc on PyTorch and conduct extensive experiments
on real-world datasets to compare it with various baselines for
serving representative composite applications. DyOrc achieves up
to 198% latency improvement compared to baselines.

2 Background
2.1 ML Applications with Dynamic Workflows

Boosted by recent advancements in large language models (LLMs),
general-purpose foundation models have emerged (e.g., SEED-LLaMA
[36], EMU2 [56], LLaVa [47]) that can serve as the building blocks
for complex workflows to enable various novel applications. Fig. 1
illustrates a serving system with five model components that pow-
ers three applications. The chatbot application may take a mixture
of texts and images as input and invoke image tokenization (a visual
encoder such as ViT [28]), transformer, and image generation (a
visual decoder such as unCLIP-SD [53, 54]) components for multi-
modality generation. Various tasks can be performed with these
applications, including image captioning, image editing and visual
question answering, with different workflows. Requests are dynam-
ically routed to their respective components according to different
modalities of their inputs and output of the transformer: requests
containing images are routed to the image tokenization model first
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before the transformer, while others directly to the transformer;
then requests on which the transformer generates special [IMG] to-
kens are routed to the image generation module, while the rest are
directly returned to the user. The code completion application and
voice assistant application share the transformer component with
the chatbot application, and may use other components. Invocations
of the transformer can be batched for better hardware utilization,
even when the requests originate from different applications.

As a practical ML application with dynamic workflows, KNOWL-
EDGECARD [32] includes a set of smaller LLMs called knowledge
cards that are specialized on various domains (e.g., movies, sports,
literature) and a general-purpose LLM. For each user request, it first
identifies the domain of the question, invoking the corresponding
knowledge cards to retrieve related knowledge, and then employs
the general-purpose LLM to synthesize the response. Multiagent
Debate [29] includes multiple language model instances that pro-
pose and debate their individual responses for multiple rounds, to
arrive at a common final answer.

Such composite applications are typically not built by training
a composite model in an end-to-end manner, but by combining
components pretrained on different tasks and datasets [29, 32, 42,
47, 48, 56]. This results in a discrepancy between training and in-
ference workflows. For instance, GILL [42] trains its visual encoder
with captioning loss on image-caption pairs that can be naturally
batched together. During serving, the requests may contain differ-
ent numbers of images, requiring different numbers of invocations
of the visual encoder in their serving. Most existing studies on
composite applications focus on training [32, 35, 36, 42, 56], whose
techniques may not be directly applicable to efficient serving of
these composite applications.

2.2 Model Inference Serving

A number of ML serving systems have emerged in recent years, e.g.,
Ray Serve [8], KServe [10], TensorFlow Serving [50] and Triton
Inference Server [7]. At the core of these systems are inference
engines (e.g., TVM [23], TensorRT [9], TensorFlow[17], or PyTorch
[51]), which accept batches of requests and run the inference op-
erations on accelerator devices like GPUs and TPUs. Built on top
of inference engines, API endpoints in the serving systems receive
and batch requests, provision and schedule inference operations,
and respond the results to users.

These serving systems are typically designed to optimize the
serving of a single model or a set of independent models. While
some has built-in support for dynamic workflows (e.g., “ingress
deployment” in Ray Serve and “business logic scripting” in Triton
Inference Server), they mostly treat steps in a workflow as inde-
pendent requests to the components, without dynamic workflow
specific serving optimizations.

In addition, Teola [57] orchestrates and optimizes static work-
flows for accelerated serving of composite applications, especially
by concurrently invoking operations that are not directly depen-
dent on each other. AsyFunc [52] deploys composite applications
on serverless systems and scales different components differently
to optimize resource efficiency in cases of light and heavy loads.
They focus on optimizing the serving of a single, static workflow,
while DyOrec is designed to serve multiple dynamic workflows.
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Figure 2: Throughput under different batch sizes (relative to
batch size 1).

2.3 Workflow Orchestration

There have been workflow orchestration systems in data-intensive
fields like data engineering and cloud computing [1, 4, 6, 15], man-
aging complex data-processing workflows described by DAGs. They
automate task execution, optimize resource use, and ensure reliable,
scalable processing. These workflow orchestration systems focus
on usability and reliability. Workflow management for costly ML
serving should lean more towards the efficiency, i.e., hardware uti-
lization and serving latency. For example, packaging components
in Docker containers allows implementing them in different soft-
ware stacks and programming languages, but also makes efficient
message passing between components difficult, as containers are
sandboxed and primarily rely on networking communication even
if they are located on the same physical machine. On the other
hand, if run on the same process, two components can directly
pass data pointers and eliminate the serialization cost for messages,
including tensors on GPUs.

3 Motivation and Challenges
3.1 Component-Level Batching

Batching is an important technique for efficient processing of large
volumes of requests to machine learning models [24, 49, 66]. Inputs
of requests in a batch are grouped into a high-dimensional tensor,
and a single GPU kernel is launched to perform the same operation
on all requests in the batch, utilizing parallel-processing capacities
of accelerator devices.

There exists a well-known tradeoff between inference latency
and throughput, when setting different batch sizes (i.e., the number
of requests in a batch) [25]. As illustrated in Fig. 2, batched inference
achieves 8x throughput on Llama 2 [59] as compared to running
inference with batch size 1 (i.e., no batching), on an NVIDIA A100
GPU. Larger batch sizes allow higher serving throughput, while
smaller batch sizes ensure shorter end-to-end inference delay for
individual requests. On the other hand, in an online serving plat-
form with limited computation resources, a throughput lower than
the request arrival rate leads to queue build-up and request drops.
It is necessary to dynamically configure the batch size to minimize
inference latency while ensuring a throughput no lower than the
request arrival rate.

Request batching is challenging in serving systems with dynamic
workflows. If we use global batches of incoming requests as in
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traditional serving systems, the control flow of requests in a batch
may diverge during execution, and the requests need to be routed to
different components. This essentially splits each batch dynamically
into smaller batches according to the components the requests are
routed to, causing the batch size to diminish.

For effective request batching under dynamic control flows, AC-
RoBat [31] leverages the structure of models such as RNN and
TreeLSTM, and batch the invocations of the same model layer
within a single request. Especially, it identifies invocations of the
same model layer in a single inference request that do not have data
dependencies, and run them in batches by concatenating the respec-
tive tensors in a “batch size” dimension. ORCA [64] exploits the
autoregressive nature of LLMs to dynamically batch the decoding
steps across different requests. LLM inference includes a prefill step
which processes the initial prompt, and a series of decoding steps
which autoregressively generate a new token based on previous
tokens. The number of decoding steps of a request is dynamically
determined during generation, typically by checking if a special
[EOS] token is generated. These designs exploit characteristics of
specific models such as RNN and LLM, and provide a crucial insight
that can generalize to other dynamic workflows: by breaking down
a dynamic workflow (e.g., LLM inference) into a series of steps
(e.g., individual decoding steps), we can perform batching at a finer
granularity and remove the dynamic control flow from the infer-
ence engine. The inference engine then performs batched inference
on static fine-grained components, while a scheduler handles the
dynamism in the workflow.

Proposed solution: Component-level Batching. Motivated
by this insight, we advocate component-level batching in dynamic
workflow serving of composite applications. In DyOrc, a composite
application consists of several service functions, with each service
function providing inference service of a specific model component.
Requests can dynamically invoke different components in an appli-
cation. Each component batches requests it receives for processing,
with strategically set batch sizes.

3.2 Dynamic Component Deployment

The dynamic workflows challenge effective resource scheduling:
how to optimally and dynamically place components onto given
resources (e.g., GPUs) and schedule their serving to minimize the
end-to-end inference latency of requests, without prior knowledge
of components that will be invoked by each request. Mature work-
flow scheduling heuristics, such as HEFT [58] and PEFT [20], have
been widely used for scheduling static workflows. For dynamic
workflows, existing workflow orchestration systems often fall back
to simple heuristics such as task-level greedy scheduling, which
schedules each request serving task (a task is an invocation of a
service) greedily onto a device with the shortest queue of this task.
This approach can result in suboptimal performance due to high
communication overhead between components in model serving.
For example, suppose we have a chain-structured workflow A->B-
>C, where the invocation of task C is conditioning on the output of
task B. Device D1 has loaded services A and B, while device D2 has
loaded services B and C. If the scheduler is oblivious about a future
task on C, it is likely to schedule a task on B on D1 to eliminate
communication from A to B, if both devices are available at the time.
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This schedule can be suboptimal if the communication overhead of
B->C is larger than A->B. A better schedule would be scheduling
the task on B on D2 to remove the larger communication B->C, if
we know the upcoming task on C. Therefore, a prediction of the
complete workflow is desirable for efficient scheduling.

Proposed Solution: Speculative Scheduling. We propose to
use the Markov process [30] to model the execution of workflows
for future component invocation prediction, due to its simplic-
ity and prediction speed (the scheduling overhead directly affects
the performance of the online inference service). During runtime,
DyOrc collects statistics of the dynamic workflow of each applica-
tion, including the frequency of services that its requests invoke.
With these statistics, DyOrc builds a speculative scheduler, which
predicts the complete workflow of a request and derives optimal
scheduling of the predicted workflow using dynamic programming.

3.3 Messaging Overhead

Different types of messages are communicated among components
in a composite application. In serving a vision-language chatbot
application, the messages can contain images, texts, or intermediate
tensors. The common approach is to serialize the messages and
transfer them over PCle links or the network, when the compo-
nents are deployed on different devices. However, this approach
severely underperforms dedicated tensor communication methods,
e.g., using NCCL [41], which may utilize dedicated hardware such
as NVLinks to reduce communication latency.

Fig. 3 demonstrates a time breakdown of transferring 32 ten-
sors of the shape (128, 768) between two GPUs, resembling the
output of a text embedding layer with batch size, token length,
and embedding size 32, 128, and 768, respectively. We use Python’s
pickle library for serialization, whose serialization and deserializa-
tion time includes the time spent on transferring tensors between
GPU and CPU. When the two GPUs are on the same machine, the
serialization and deserialization costs are up to 77% of the total com-
munication cost. When the two GPUs are on two machines with a
slow inter-connection, the serialization cost is still significant.

Existing generic workflow orchestration systems often run each
service on dedicated processes or even in containers [1, 4, 6, 15]. In
these cases, message serialization is needed even when the source
and destination services are on the same device, due to not sharing
the same address space. Ray Serve [8] adopts serialization-free and
zero-copy communication of numpy arrays on the same CPU using
shared memory. To our best knowledge, no widely used workflow
orchestration system supports zero-copy communication of tensors
on GPUs.

Proposed Solution: Multi-tier Message Passing. DyOrc ad-
vocates a multi-tier message passing scheme that specializes the
communication methods based on the types and locations of the
messages. For a message where the source and destination services
are on the same physical device, DyOrc enables zero-copy message
passing. With its totipotent process design (Sec. 6.1), DyOrc can
directly pass pointers to the data, as the services are run in the same
process and thus share the same address space and CUDA context,
to skip serialization. For tensors transferred across GPUs, DyOrc
utilizes NCCL [41] for accelerated transfer, potentially exploiting
dedicated hardware such as NVLink.
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Figure 3: Communication cost breakdown.

3.4 Cold-Start Large Components

Contemporary machine learning models feature large numbers of
parameters, whose retrieval from disk or remote storage (such as
Amazon S3) consumes substantial time, prior to the initiation of
services (i.e., the cold start problem [34, 40]). For example, loading
the LLaMA 2 (7B) [59] model from hard disk takes 62 seconds, using
Hugging Face Transformers [61] library. On the other hand, retain-
ing these sizable components in GPU memory may waste valuable
GPU resources, if they remain unused for prolonged periods. For
KNOWLEDGECARD [32] which encompasses 26 LLMs tailored
for various domains, a less popular domain receives infrequent
requests, and reserving a GPU cache slot for rarely used LLMs does
not justify the cost.

Proposed Solution: Proactive Service Loading. DyOrc endeav-
ors to preload services prior to their immediate necessity. Specifi-
cally, DyOrc leverages information from the speculative scheduler
to predict future service invocations and seeks to load the necessary
services when a (predicted) invocation of that service is assigned to
a device. If the available memory on the device becomes insufficient,
DyOrc offloads the least recently invoked service to host memory,
creating space on device for the new service.

4 DyOrc

We present DyOrec, an efficient serving system for composite ma-
chine learning applications. We assume a given cluster of GPU
servers for serving multiple composite ML applications. The pri-
mary objective is to minimize end-to-end inference latencies of
requests within the given resources.

Our design is guided by two key characteristics of inference
workloads on composite machine learning applications. (1) Dy-
namic workflows: inference serving of an application is structured
as workflows and requests to the same application may invoke
different components for different times according to the inputs.
(2) Component sharing: different applications may share the same
model components. Dynamic workflows challenge classical global
request-level batching, while component sharing opens a new op-
portunity for cross-request batching. Inspired by microservice ar-
chitectures and serverless systems [33], we deploy each component
as an independent service (not directly tied to any application),
dynamically provision components to serve dynamic workflows,
and advocate dynamic component-level request batching across
applications.
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Figure 4: Architecture of DyOrc

1 import dyorc

2

3 @dyorc.service
4class ViT:

5 def __init__(self):

6 # load model checkpoint

7

8 def __call__(self, xinputs):

9 ... # perform inference with input batch

11 @dyorc.workflow

12 async def chatbot(img, txt):

13 img_tokens = ViT(img)

14 txt_tokens = Tokenizer (txt)

15 outputs = LLM(img_tokens, txt_tokens)
16 return await outputs

Listing 1: DyOrc API

Architecture. An overview of DyOrec is given in Fig. 4. On the
control plane, the system includes a Web API server for receiving
requests from users of the applications and a scheduler to sched-
ule inference serving of the requests. The scheduler decides using
which components deployed on which devices to process each
request according to its dynamic workflow, referred to as the place-
ment of each request’s tasks (each task is an invocation of a service),
and dispatches them to the respective devices. Each device (GPU)
runs one worker process. DyOrc uses remote procedure calls (RPC)
for the communication of the control messages. On the data plane,
model components are deployed on workers. Each worker main-
tains an LRU cache of loaded components, a queue of scheduled
tasks, and a tensor store that temporarily saves outputs of tasks. The
workers transfer tensors to others using efficient communication
libraries such as NCCL.

System API. DyOrc provides easy-to-use APIs for application
providers to efficiently deploy their composite applications on our
serving system. Listing 1 illustrates the key APIs, with an example
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Figure 5: Working of DyOrc

of building a multi-modal chatbot. The application provider reg-
isters its components and workflows using Python’s decorators
syntax. Specifically, @dyorc. service is used to register a service
in DyOrc and @dyorc.workflow registers a workflow, which dy-
namically invokes the services with given inputs. After registration,
the Web API server can call the workflow function and await for
inference results. Inside the workflow function, a call to a service
enqueues it to the scheduler and returns a handler to the output
data that can be passed to other services without actually retrieving
the data. This avoids unnecessary round-trip transfers of poten-
tially large messages between the Web server and workers, and
allows concurrent invocations of services. When the output data are
actually needed, the workflow function can await on the handler
to retrieve the results.

Working of DyOrc is further illustrated in Fig. 5. Upon receiv-
ing a request of an application, the Web API server executes the
@dyorc.workflow function and invokes enqueue_tasks on the
scheduler via RPC. It also calls wait_task with the handler that
the @dyorc.workflow function is awaiting. The scheduler subse-
quently invokes run_tasks on the designated worker (suppose
only one worker is involved in processing the request), which later
calls notify_finish to indicate the completion of the tasks. The
scheduler communicates the worker ID back to the Web server by
returning from the wait_task call. Finally, the Web server retrieves
the output result from the worker using get_result. When the
tasks for serving the request are scheduled to multiple workers and
intermediate output communication is needed among the workers,
the consumer of intermediate data uses the same wait_task to
get the worker ID of the producer and then issues get_result to
obtain the result, in the same way as the Web server does.

5 Speculative Scheduler

To schedule inference serving of an incoming request, the scheduler
first utilizes the gathered runtime statistics and a Markov model
to predict the future tasks that may be invoked by this request
(Sec. 5.2). Then it executes a dynamic programming-based schedul-
ing algorithm to determine a schedule for all tasks in the request
(Sec. 5.3). Following this, the scheduler disseminates the schedule
to the relevant workers and coordinates inference execution. When
a worker process receives a task, it adds the task to its FIFO task
queue, assigns it to the last batch if feasible (Sec. 5.1), and pre-loads
the corresponding services if needed (Sec. 5.4).
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5.1 Batching

DyOrc advocates batched task execution at the service level, en-
abling batching of tasks across various requests from different
applications. Specifically, each worker combines multiple tasks of
the same service in their queueing order in its task queue into a
batch, up to a maximum batch size. DyOrc provides a heuristic to
automatically determine the maximum batch size at each service,
by profiling the service performance on a device with increasing
batch sizes until the throughput stops increasing or out-of-memory
error is encountered.

Input tensors of tasks within a batch are concatenated along
the “batchsize” dimension and subsequently fed into the service.
Upon completion, the batch is disassembled, and the output tensors
corresponding to different requests are routed to their respective
next-step services. A batch is formed immediately when the previ-
ous batch has been processed by the worker, so that the batch size
may not always reach the maximum batch size but depends on how
many tasks the scheduler has assigned to the worker by that time.

5.2 Workflow Prediction

During runtime, DyOrc collects workflow statistics of processed
requests in each application into a frequency table, with rows in the
form (a, Ti,) — {(So, fo), (S1, fi), - - -, (Sn, fu) }. For each application
a with tasks T, Ty, . . ., Tk, fi is the frequency that the next task
invokes service S;. Here S1,S,, . . ., S, are registered services and Sy
indicates the end of the request.

The scheduler employs a Markov model to predict future tasks
given a sequence of observed tasks in a request’s serving. For an
incoming request, a few initial tasks are often known, e.g., a request
may first call a modality encoder, which serves as the observed
task for predicting later tasks. Based on the initial tasks and the
frequency table, the model autoregressively samples the next task,
until Sy is sampled.

5.3 Scheduling Algorithm

The scheduler decides which worker/device to dispatch each task
of a request to, which consequently determines the components to
load in the memory of each device and task batching at each service
on each device. To minimize the end-to-end inference latencies of
requests, the schedule should balance the following aspects.

e Batch Sizes. As discussed in Sec. 3.1, there is a trade-off in
setting the batch sizes. The scheduler should strategically assign
tasks of the same service to devices, to form batches of suitable
sizes to the service.

e Data Locality. When inputs of a task ¢ are on a device, assign-
ing t to that device can eliminate communication and potentially
allow ¢ to start as soon as its inputs are produced.

¢ Load balance. The scheduler should prioritize assigning tasks
to devices with shorter task queues; otherwise, some devices can
be overloaded, resulting in significant queuing latencies.

o Cold-start overhead. When a task is assigned to a worker that
has not loaded the respective service, it must wait for the worker
to load the service first, before its execution. This cold-start time
can be substantial due to the considerable number of parameters in
some components.
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o Scheduling overhead. As requests must wait while the sched-
uler is making the schedules, the scheduling algorithm should be
fast to minimize the extra delay.

The scheduler schedules requests in a FIFO manner. Given the
(predicted) complete workflow of each request, a speculative sched-
uling algorithm is designed that uses dynamic programming to
determine the optimal device assignment of tasks within the re-
quest, aiming to minimize the end-to-end serving latency of the
request. During actual request serving, if there is a discrepancy
between the actual tasks and predicted tasks, request serving exe-
cution is halted and the dynamic programming algorithm is applied
again with the updated workflow to identify an updated schedule.

The dynamic programming algorithm is based on the key struc-
ture that the earliest finish time of a task ¢ depends on the placement
and completion time of its input tasks and its own execution time
on assigned device. We define a partial schedule P to be a set of
triples (¢, d, h), indicating that the output of task ¢ is available on
device d at time h. Starting from an empty partial schedule Py, we
keep deriving new partial schedules from a given partial schedule P
following execution order of the workflow: for a task ¢ whose input
tasks are all scheduled in P, we enumerate device d and consider
putting ¢ on d. If any inputs are not on d, they are transferred to d
before t starts. The finish time h of task t on d can then be calculated
as follows:

h = max{avail(t,d), ready(t,d)} + comp(t,d) (1)
ready(t,d) = ma {h' + comm(t',t,d’,d)} (2)

b min

t’ einputs(t) (¢',d’,h’)eP
Here, avail(t, d) is the time when device d becomes available for task
t, i.e., it has finished previously scheduled batches and loaded the
service invoked by ¢, if not already cached in its memory. comp(t, d)
is the execution time of task ¢t on device d, measured from the
execution start to the completion of the batch that includes ¢ on the
device. ready(t, d) denotes the time when the inputs for ¢ are ready
on device d, i.e., when outputs from all t’s precedent tasks ¢’ have
been transferred from their respective devices d’ to device d. For
each input task ', we find a device d’ which contains the output of
t’, from which the time to obtain the output to d is the shortest. a’
is the time when the output is available on d’, and comm(#’, t, d’, d)
is the communication time for transferring the output from d’ to d.
When d’ = d, the communication time is considered 0, thanks to
DyOrc’s zero-copy communication design (Sec. 6.2).

Then we can add the triple (¢, d, h) to the partial schedule P,
resulting in a new partial schedule P’. This procedure repeats until
all complete schedules are enumerated, after which we can identify
the optimal schedule P* that achieves the earliest finish time for
the last task in the request.

As an important optimization to reduce the solution space, we
remove redundant triples in any partial schedule P, and only keep

partial schedules that are not outperformed by other schedules.

A triple (t,d, h) is considered redundant in P if all tasks ¢” that
depend on t have been scheduled in P. A partial schedule P is
outperformed by another partial schedule P’ if for all (¢,d, h) € P,
there exists (t,d,h’) € P’ such that i’ < h. Algorithm 1 gives
the detailed procedure. As the number of tasks within a request is
limited, the optimal schedule for a single request can be attained
without incurring significant overhead.
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Algorithm 1 Dynamic programming algorithm for optimal work-
flow scheduling of each request

1: Input: Request r, devices D.
2: Output: Optimal schedule P*.

3: Initialize P = {Py}.

4. while P changed in last iteration do

5: forPeP terdo

6 if ¢ not scheduled and all inputs(t) scheduled in P then
7 ford e Ddo

8: Calculate h based on Eq. 1 and Eq. 2

9 P’ =PU{(t,d,h)}

10: Remove redundant triples from P’

11: P=PU{P'}

12: Remove outperformed schedules from P
13: end for

14: end if

15:  end for

16: end while

17: P* = argmin max h
PeP, P is complete (t.d,h)eP

The computation of avail(t, d) accounts for component loading
status on device d. If the service needed by task ¢ is not loaded on d,
avail(t, d) could be large due to the need to load the service. Then
the scheduler may favor other devices where the service is already
loaded, unless the task queues of those devices are significantly
longer. avail(t, d) also takes batching into account: if there are other
tasks on device d that invoke the same service and the maximum
batch size is not reached, ¢ can be added to the batch; otherwise, ¢
has to wait for the current batch on device d to finish, resulting in
a larger avail(t, d) that may disfavour its placement on the device.
When a device is overloaded, the algorithm tends to allocate tasks
to other devices, even if this implies cold-starting a new instance of
the service. Afterwards, new tasks invoking this service can utilize
the newly loaded instance, alleviating the load on the overloaded
devices. In addition, prediction of future tasks in a workflow allows
the scheduler to assign tasks to devices where their consumers have
also been loaded, reducing cross-device communication.

5.4 Proactive Service Loading

DyOrc enables two distinctive opportunities for alleviating the com-
ponent cold-start problem. First, our speculative scheduler predicts
and proactively schedules future tasks of requests, and services
needed by later tasks can be pre-loaded. Second, the loading of
model components on each worker can occur in parallel with the
execution of other components. This is feasible because our com-
ponent loading primarily involves CPU to GPU memory copy, and
modern GPUs are equipped with dedicated copy engines that op-
erate asynchronously alongside computation cores. Specifically,
when the scheduler assigns a task to a device, the device endeavors
to load the service function as early as possible, in parallel with
inference execution. If the device’s memory becomes full, it evicts
the least recently used services that are not used for batches in the
current task queue. Due to the predictive nature of our scheduler,
DyOrc may engage in superfluous pre-loading by loading a service
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for a predicted task that ultimately does not materialize. Neverthe-
less, given the considerable overhead associated with loading large
components, we find this aggressive pre-loading strategy justified.

To further mitigate the cold-start time of services from hard
disk or remote story, DyOrc supports caching components in host
memory. Host memory is typically abundant in machine learning
clusters compared to GPU memory. Upon initiating a new machine
instance, DyOrc pre-loads all components involved in our serving
system from disk or remote storage into host memory, significantly
decreasing future component loading time.

6 Data Plane Design
6.1 Totipotent Worker Process

Conventional workflow orchestration systems [1, 4, 6, 15] launch
dedicated processes to run instances of services. The processes can
be placed on the same device, and are scheduled by the operat-
ing system. This dedicated process design can lead to high tensor
communication overhead between processes, due to inter-process
communication (IPC) which commonly involves serializing mes-
sages (with methods like FlatBuffers [2]) before transmission, even
between two processes on the same device [3, 5].

We propose to run a single worker process per device. This
worker process can execute any tasks by loading corresponding
services. When deploying a service to a device, we simply instruct
the process to load the corresponding component. Importantly, the
services run in the same address space and CUDA context, allowing
tensor data to be passed between them via passing data pointers
and eliminating the need for any serialization. We call it a totipotent
process, a metaphor for totipotent cells that can develop into any
type of cell in biology. The worker process maintains a FIFO queue
of tasks (interleaved with tasks to different components). A worker
keeps checking the queue, executes the first batch of tasks from
the queue, and loads the corresponding component if needed. The
services loaded in the device memory are invoked in order of the
tasks in the FIFO queue. The worker offloads the least recently used
component when the GPU memory becomes insufficient.

The components are multiplexed on one device in a time-shared
manner: the worker process only executes one batch of tasks of
the same component at a time. This avoids resource contention be-
tween multiple running components while still allowing executing
different components on the same device without reloading the
parameters.

6.2 Multi-tier Message Passing

We design a multi-tier message passing scheme to accelerate com-
munication between services.

Tier 1: Zero-Copy Communication. Enabled by our totipotent
process design (Sec. 6.1), zero-copy communication is used for
message transfer between services located on the same device.
Since the services share the same address space and CUDA context,
the messages can be directly passed by pointer, eliminating any
serialization and network transfer cost.

Tier 2: Tensor Communication. In machine learning applica-
tions, most of the components communicate tensors (i.e., interme-
diate computation results) among each other. Tensors are highly
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structured, usually allocated on continuous memory buffers, and
typically accommodated on GPUs. To transfer a tensor, generic
communication methods employed by current workflow orchestra-
tion systems may first copy the tensor from GPU to host memory,
wrap in a serialization format, then transfer over network. This
method involves multiple copies of the potentially large tensor and
cannot exploit dedicated GPU-to-GPU links such as NVLink. Dy-
Orc detects the type of messages and automatically utilizes NCCL
[41] for communication between devices if the messages contain
tensors.

Tier 3: General Communication. A machine learning appli-
cation may pass other kinds of messages, such as JPEG-encoded
images, text strings, etc., as input and output. To maximize flexibil-
ity in implementing the components and applications, we serialize
non-tensor messages and transfer them over the network using
RPC, across devices.

Data Lifecycle. Each worker maintains a tensor store that retains
the inputs and outputs of tasks for active requests (i.e., requests that
have started but are not yet finished). When a task is assigned to a
worker, the worker examines the tensor store for the required input
of the task. If the input is absent, the worker queries the scheduler
to determine the location of the task responsible for generating the
input and subsequently retrieves the input data. Depending on the
location and type of the input, the actual retrieval procedure may
utilize one of the three tiers of message-passing mechanisms.

Upon completion of a batch, its outputs are saved in the data
store, awaiting retrieval by other workers or utilization by subse-
quent batches on the same device. Given the dynamic nature of
the workflows, DyOrc does not remove data from the tensor stores
until the entire request has been served. We index the data using
their respective request identifiers in the tensor stores and remove
all data related to a request once the request is finished.

7 System Implementation

To serve model components as independent services, we advocate
asynchronous Python function as the workflow definition, which
provides maximum flexibility by allowing all kinds of control flows.
Well-organized model code can be easily integrated into DyOrc by
simply adding a few decorators (Sec. 4).

General workflow orchestration systems typically utilize language-
agnostic formats, such as JSON, for workflow definition. However,
since most composite models are implemented in Python, we in-
tegrate DyOrc with Python interpreters to alleviate the efforts for
supporting these models. This also allows the application provider
to insert custom logic between invocations of two components,
enabling actions such as streaming intermediate output to the end
user while the workflow continues to execute.

We implement DyOrc with about 3100 lines of Rust code for
the scheduler and the worker and 360 lines of Python code for
the APL DyOrc is a complete serving system that can execute
user-defined workflows and service functions to serve requests for
various composite applications. DyOrc supports workflows and
components implemented in PyTorch, but can be extended to other
inference engines with Python interfaces. DyOrc uses tarpc [16]
for control plane messaging and both tarpc and NCCL for data
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plane messaging. Python’s pickle package is employed to serialize
non-tensor messages for cross-device communication.

8 Evaluation

Testbed. We evaluate DyOrc on 16 machines in a public cloud
with 128 GPUs in total. Each server is equipped with 8 NVIDIA
A800 GPUs and NVLink.

Benchmark Models and Datasets. We evaluate DyOrc on three
representative applications: (1) GILL [42] is a vision-language
model that supports understanding and generating multiple images
in a chatbot setting. We disable the retrieval ability of the model
and only use its generation method. We use the VisDial [26] dataset
as the inputs in requests to this model. (2) KNOWLEDGECARD
[32] is an ensemble model that utilizes multiple domain-specific
LLMs to support a larger LLM to generate more informed responses.
To illustrate the unique strength of DyOrc, we use the “top-down”
approach in KNOWLEDGECARD, which dynamically calls domain-
specific LLMs and features a more complex workflow. We use the
MMLU [38] dataset as input. (3) DEBATE [29] is a multi-agent sys-
tem where multiple instances of LLMs debates for several rounds
to answer a question. To demonstrate DyOrc’s ability in handling
dynamic workflows, we stop the debate as soon as a consensus is
reached among agents (i.e., all agents give the same answer) at the
end of a round, instead of running the debate for a fixed number of
rounds as in the original implementation. We use the MMLU [38]
dataset as inputs.

Furthermore, we evaluate DyOrc and the baselines by jointly
serving the three applications, labeled as MIX. We share the same
LLM component for KNOWLEDGECARD and DEBATE.

Workload. We evaluate DyOrc on a publicly available real-world
trace [55] that has been adopted by related studies [22, 34, 44].
Following the practice in these studies, we map the functions in
the trace to workflows in a round-robin manner and scale the trace
to the desired request per second (RPS).

Baselines. We compare DyOrc with two state-of-the-art base-
lines. (1) Ray Serve [8] is a serving system that supports custom
workflows built on top of Ray. We decomposite the applications
and deploy each component as an independent actor in the same
way of DyOrc. We use Ray Serve’s default scheduler and built-in
auto batching support. (2) Triton Inference Server (TIS) [7] is a
multi-backend serving system. We use its Python backend to align
the components and application implementations with DyOrc and
Ray Serve. In particular, we implement the benchmark workflows
using its Business Logic Scripting support, which allows running
custom Python code on the serve that invokes other services.

TIS does not natively support automatic service loading and
unloading, depending instead on manual service placement. For our
evaluation, we first execute DyOrc in each scenario and then utilize
the service placement chosen by DyOrc for the longest duration to
deploy TIS. It is important to note that this approach is generally
impractical, as the placement determined by DyOrc is contingent
on the actual demands within the request traces. Consequently, the
results are biased in favor of TIS.
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8.1 End-to-end Serving Latencies

We serve each application for a duration of two hours with DyOrc
and baselines. Figure 6 shows the average request latencies, which
are measured as the total workflow duration, encompassing the
time from request submission to final response retrieval. DyOrc
demonstrates consistent and low latency across all applications,
exhibiting only minor increases at the beginning of serving due
to the inevitable cold-start cost of the modules. Overall, DyOrc
achieves 4-198% average speed-up as compared to the best baseline
for each application.

Ray Serve demonstrates competitive latency for the majority
of the time in the KNOWLEDGECARD and MIX scenarios, but
suffers from occasional latency spikes. These spikes can be partly
attributed to Ray Serve’s reactive service loading mechanism and
the substantial cold-start cost associated with the machine learning
services. As illustrated in Figure 7, the latency spikes exhibit a
strong correlation with loading activities in Ray Serve. Owing to its
reactive nature, Ray Serve initiates the loading of new component
instances only when the task queue is already long. Consequently,
these requests must endure the prolonged loading period of these
components, resulting in significant delays.

In contrast, DyOrc proactively loads components that are pre-
dicted to be used. While this proactive approach may lead to super-
fluous loads, as indicated by the high loading frequency in Figure 7,
DyOrec loads these components in parallel with ongoing compu-
tations and does not block the execution. As a result, the benefits
derived from these proactive loads significantly outweigh the as-
sociated costs. TIS lacks the functionality to automatically load
and unload services, necessitating manual configuration of each
service’s placement. This poses a significant challenge in real-world
applications, as the optimal placement depends on incoming re-
quests and may evolve over time. In our experiment, we employ
an "oracle" placement for TIS, which is derived by DyOrc during
serving the actual request trace.

We further demonstrate that the more frequent service loading
does not impact the performance of DyOrc by presenting a break-
down of device times in Figure 9. We monitor the status of each
device and categorize each moment into four states: (1) Running,
when the device is processing a batch of service invocations; (2)
Loading, when the device is loading a service; (3) Both, when the
device is simultaneously running and loading; and (4) Idle. Our
observations indicate that the majority of the loading time overlaps
with computation, thus not reduce the overall device utilization.

The KNOWLEDGECARD model incorporates a large language
model and a collection of domain-specific small language models.
These domain-specific models are accessed only when required
and are typically fast to load due to their smaller size. Therefore,
DyOrc opts to load and unload the majority of these small language
models on an as-needed basis, leading to a higher loading frequency.
The DEBATE model, conversely, comprises only one component.
Both DyOrc and Ray Serve refrain from unnecessary loading and
unloading of this component. However, DyOrc loads the component
onto all devices more promptly, resulting in a smaller latency spike
at the beginning. In contrast, Ray Serve loads additional instances
after a delay, leading to higher latency spikes.
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Figure 8: Average batchsizes.

The DEBATE case demonstrates another advantage of DyOrc’s reduced batch sizes (Figure 8) and longer overall latency. Setting
totipotent worker design for serving multiple components on one the resource requirement to 1 for all services, effectively dedicating
device. Ray Serve supports deploying multiple services on the same each device to a single service, allows Ray Serve to achieve com-
GPU by setting the resource requirement to fractional numbers. parable performance to DyOrc and TIS in the DEBATE scenario.
However, the services deployed on the same device run concur- However, this configuration leads to significantly poorer perfor-
rently, and the scheduling of their execution is managed by the op- mance in other applications, as many devices will remain idle when
erating system and driver software. This often results in interleaved their loaded service is not invoked, and the reloading frequency
execution of several services at the CUDA kernel level, leading to will significantly increase, exacerbating the cold-start issue.
unnecessary delays. When serving DEBATE, Ray Serve loads and In DyOrec, each worker may load multiple services if memory
executes multiple instances of the LLM on each device, causing permits; however, only one service can be actively running at any

10
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Figure 10: Average latency serving MIX. The request pattern
is changed at the 60th minute.

given time. This design enables each worker to switch between
the multiple loaded services to process requests without incurring
the cold-start cost, while simultaneously ensuring efficiency by
preventing the concurrent execution of multiple services.

Figure 8 illustrates the average batch sizes employed during the
serving of the applications. All systems exhibit a tendency to utilize
larger batch sizes under high server load, such as at the beginning
of serving, while opting for smaller batch sizes during periods of
lighter load to reduce latency. This observation corroborates our
intuition presented in Sec. 3.1.

8.2 Serving Changing Requests

We evaluate DyOrc’s ability to adapt to changing volumes of re-
quests to different applications by synthesizing a trace that alters
request patterns. Specifically, when serving MIX, we double the
requests to GILL while halving the requests to the other two applica-
tions at the 60-minute mark. As shown in Fig. 10, the performance
of TIS degrades significantly when the request pattern changes
due to its static placement of components. Ideally, more instances
of GILL should be deployed after the change to accommodate the
increased number of requests, while the number of KNOWLEDGE-
CARD and DEBATE replicas should be reduced accordingly. DyOrc
and Ray Serve maintain similar latency after the change because
they automatically scale the number of replicas of the components
to meet the demands of the requests.

11
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8.3 Speculative Scheduler

We evaluate the speculative scheduler of DyOrc by comparing it
with two alternatives: (1) Greedy, which employs task-level greedy
scheduling by assigning each individual service invocation to the
device with the earliest estimated finish time, and (2) RoundRobin,
which assigns each task to devices in a round-robin fashion. We
conduct this experiment on a single machine in our testbed. Fig-
ure 11 shows that RoundRobin performs poorly in all cases except
for DEBATE, because it assigns different tasks to devices without
considering the services already loaded on those devices, leading
to an excessive amount of service loading (the DEBATE model has
only one component and thus does not require additional load-
ing). The speculative scheduler exhibits similar performance to
Greedy in KNOWLEDGECARD and DEBATE, and outperforms
Greedy in GILL and MIX with improvements of up to 14.5%. In
KNOWLEDGECARD, the selection of the next component to in-
voke is based on the prompt content, which is challenging to predict
using our Markov process. DEBATE does not necessitate service
loading, thereby reducing the advantages offered by our speculative
scheduling.

8.4 Prediction Accuracy

We evaluate our Markov model for workflow prediction, as its
performance is crucial to the speculative scheduler. As shown in



SoCC ’25, November 19-21, 2025, Online, USA
200 [ 1 = ‘

= g

~ - N E 10 N

g 150 =

& 5

£ 100 12 st |

S50 1 8
L T © op——1 | |
2 4 8 16 32 64 2 4 8 16 32 64

Number of devices Number of devices

Figure 14: Scheduling over-
head.

Figure 13: Average latency
when serving GILL.

Fig. 12, the accuracy of the Markov model ranges from 76% to
94%. The accuracy heavily depends on the nature of the workflow.
For example, the KNOWLEDGECARD workflow invokes different
small language models ("knowledge cards") based on the topics of
the prompt, making it difficult to predict since the prompt is not
part of the input to our Markov model.

The scheduler predicts future tasks within a workflow before
making scheduling decisions, which introduces a tradeoff between
prediction accuracy and overhead. While employing a more power-
ful machine learning model could yield higher prediction accuracy
[67], it would also increase scheduling overhead. Given that DyOrc
utilizes a centralized scheduler design, this overhead is a critical
concern. Therefore, we adopt a simple Markov model to achieve a
balance between accuracy and overhead.

8.5 Scaling Performance

There are two methods for deploying DyOrc on large clusters. In
the first approach, all devices are directly managed by a single
DyOrc instance. However, this can lead to the scheduler becoming
a bottleneck. The alternative approach is to partition the cluster
into several subclusters, each managed by a separate instance of
DyOrc, and to employ an external load balancer (e.g., Nginx at the
Web API gateway) to distribute requests across these subclusters.

We experiment with DyOrc at varying scales with the first ap-
proach. As depicted in Figure 13 for the GILL workflow, DyOrc
initially demonstrates a continuous decrease in latency as more
devices are added. This is attributed to the limited number of loaded
services that can be accommodated when the cluster size is small,
necessitating repeated loading and unloading of services to fulfill
requests. Optimal performance is observed at 32 devices. How-
ever, further increasing the number of devices leads to a significant
performance decline. This degradation is associated with schedul-
ing overhead, as illustrated in Figure 14. With a larger number of
devices, DyOrc’s scheduler can become overloaded, causing sub-
stantial delays in scheduling requests. Based on these observations,
we conducted experiments by dividing our cluster into groups of
32 devices.

9 Related Work

DAG Workflow Scheduler. Workflow orchestration systems, as
represented by Airflow [1], Dagster [6], Cadence [4], and Maestro
[15], are proposed to schedule DAG workflows. They are typically
not designed for machine learning tasks and do not perform opti-
mally for such resource-heavy jobs. For example, they have limited
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GPU support and cannot exploit hardware like NVLink for efficient
data communication between GPUs. Further, task schedulers of
these systems do not take the batch processing nature of GPUs into
account and may suffer from significant resource underutilization
if applied to ML workflows.

Large/Multimodal Model Serving. Various optimization tech-
niques have been proposed for LLM serving, such as continuous
batching [64], paged attention [43], grouped-query attention [18]
and cross-layer attention [21]. Look-M [60] compresses KV cache
to reduce memory usage to accelerate multimodal model inference.
Hamed et al. [37] introduce early exits to balance prediction perfor-
mance and efficiency for multimodal document image classification.
Lin et al. [46] propose to withdraw vision tokens in deep layers
to cut computation of vision language models. To ensure general
applicability, DyOrc does not incorporate these specific optimiza-
tions by default, while these optimizations can be utilized alongside
DyOrec.

Serverless ML Serving. Amazon Sagemaker [45] supports server-
less DNN serving, which automatically scales serving resources
on demand. It is not designed for serving different components in
composite machine learning applications. For instance, the maxi-
mum request and response payload size for serverless invocations
is 4 MB, which is insufficient for tensors between large model
components. Gillis [65] automatically partitions a large model into
multiple serverless functions. AsyFunc [52] introduces shadow func-
tions that replicate resource-intensive parts of a model to deal with
sudden demand rises. ServerlessLLM [34] introduces multi-tier
checkpoint loading for faster cold-start. These systems are con-
straint by the underlying serverless platforms and cannot exploit
optimizations such as serialization-free communication.

Serialization-Free IPC. Ray Serve [8] supports serialization-free
communication of numpy arrays on the same CPU using shared
memory. There are PyTorch proposals [11] for serialization-free
IPC for PyTorch tensors on CPU and GPU, based on shared mem-
ory and CUDA cudaIpcGetMemHandle. DyOrc addresses this issue
through its totipotent process design, which executes service func-
tions located on the same physical device within the same address
space.

10 Conclusion

We present DyOrec, a system that supports efficient serving of com-
posite machine learning applications with dynamically activated
components. DyOrc enables dynamic batching of composite mod-
els by dividing them into independently scalable services. With its
speculative scheduler, multi-tier message passing, and proactive
component loading techniques, DyOrc achieves up to 198% latency
improvement over the baselines.
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