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Abstract—In the era of global services, low-latency analytics on
large-volume geo-distributed data has been a regular demand for
application decision-making. Serverless computing facilitates fast
function start-up and deployment, making it an attractive way for
geo-distributed analytics. We argue that the serverless paradigm
holds the potential to breach current performance bottlenecks via
fine-grained function orchestration. However, how to configure it
for geo-distributed analytics remains ambiguous. To fill this gap,
we present Demeter, a scalable fine-grained function orchestrator
for geo-distributed serverless analytics systems. Demeter aims to
minimize the composite cost of co-existing jobs while meeting
the user-specific Service Level Objectives (SLO). To handle the
volatile environments and learn the diverse function demands, a
Multi-Agent Reinforcement Learning (MARL) solution is used to
co-optimize the per-function placement and resource allocation.
The MARL extracts holistic and compact states via hierarchical
graph neural networks, and then designs a novel actor network
to shrink the huge decision space and model complexity. Finally,
we implement Demeter and evaluate it using realistic workloads.
The experimental results reveal that Demeter significantly saves
costs by 23.3%∼32.7%, while reducing SLO violations by over
27.4%, surpassing state-of-the-art solutions.

I. INTRODUCTION

Many global services, such as video streaming [1] and social
network [2], continuously produce substantial volumes of data,
including user and system operation logs. These data are often
stored in respective local Data Centers (DC), awaiting mining
for advertising decision-making, system fault diagnosis, and so
on [3], [4]. Researchers have sought efficient ways to analyze
these geo-distributed data, pursuing the expected Service Level
Objectives (SLO) in terms of response time. Otherwise, the
results could be outdated [5]. Recently, serverless computing
in the form of Function-as-a-Service (FaaS) has flourished in
analytics offerings, due to its promise of fine-grained elasticity
and billing [6]. Many serverless systems [7], [8] with distinct
architectures are designed to provide traditional analytics ser-
vices [9] in a centralized DC. They free developers from fussy
infrastructure management. Nevertheless, it is still challenging
to leverage the benefits of FaaS to provide similar performance
across DCs, i.e., Geo-distributed Serverless Analytics (GSA).
Meanwhile, most of the existing studies [4], [10], [11] cannot
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be directly applied to the serverless environment, due to a lack
of adaptation to its uniqueness.

Serverless analytics systems decouple a monolithic job into
stages, each consisting of stateless functions (i.e., tasks) that
execute in parallel [6]. Due to the extensive communication
between stages (a.k.a., shuffle) via a scarce WAN, carefully
placing each function over geo-distributed DCs is necessary.
Given the lightweight and rapid start-up nature of functions,
the preference is to move them to where the data is located for
local processing, as in prior works [4], [10]. This is because
migrating geo-distributed data into a single DC for centralized
processing has been generally limited by privacy regulations.
Notably, the heterogeneous WAN brings potential variations
in resource demands for each function. In traditional server-
centric architectures, all the tasks stick to slots that are evenly
divided from a fixed resource pool [12], which easily suffers
from resource under- or over-provisioning. In contrast, server-
less computing allows elastic resource scaling [13], [14], [15]
to match the demands of stages that generally have varying
input sizes in a job [6]. This coarse-grained way, however, is
still inflexible and misses the huge potential of function-level
on-demand provisioning, leading to wasted costs, especially in
wide-area settings [4]. In fact, each function runs individually
in an isolated container, loosely-coupled in a job. They can be
allocated suitable resources for their unique demands.

To ensure the GSA job’s end-to-end SLO while saving its
cost, we advocate enabling fine-grained function orchestration,
which consists of careful per-function placement and multi-
resource allocation (e.g., CPU and memory). To achieve this
goal, we tackle three basic challenges. Firstly, both resource
allocation and strategic placement for each function are critical
to the Job Completion Time (JCT) and cost [16]. However, it is
unclear how to handle such complexity of co-optimization and
inter-function data dependencies. Secondly, the cost and per-
formance of functions are inherently relevant to the allocated
resources. However, the function cost is further affected by its
duration [17], which will be amplified in the geo-distributed
analytics due to more complex cost components (e.g., WAN
cost). Thirdly, considering such detailed orchestration for each
parallel function from widespread co-existing jobs will result
in an exponential growth of the decision space.

In this paper, we propose Demeter, a scalable fine-grained
function orchestrator in the geo-distributed serverless analytics
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(a) Stage granularity. (b) Function granularity.
Fig. 1. An illustrative example of our fine-grained function orchestration. The
stage has five parallel functions, and the green bars are equal (i.e., 5 units)
on the left and not identical on the right.

system. We first clarify the manner and goal of our fine-grained
orchestration. To learn from the actual working pattern of the
system, Demeter uses a Multi-Agent Reinforcement Learning
(MARL) algorithm, which makes per-function placement and
resource allocation decisions. Concretely, it extracts compact
cross-DC states from multi-level features using hierarchical
Graph Neural Networks (GNN). Also, we decouple the joint
actions to reduce the model complexity and action space. The
separated actions are encoded in sequence by different NNs,
to collaborate on the orchestration policy. Finally, we develop
several tailor-made components to implement Demeter based
on Pheromone [7], an open-source serverless platform.

To sum up, this paper makes the following contributions:
• We formulate the first fine-grained function orchestration

problem, whose goal is to minimize the composite cost of
co-existing geo-distributed serverless analytics jobs while
ensuring their respective SLOs.

• We propose Demeter, which designs a MARL algorithm
with customized state representation and action encoding
mechanism that jointly makes the placement and resource
allocation decisions at function granularity.

• We build a system prototype of Demeter, which outper-
forms state-of-the-art solutions in terms of the job’s SLO
compliance and cost savings via extensive experiments.

II. BACKGROUND AND MOTIVATION

A. Serverless Data Analytics

Resembling traditional systems [9], [12] a serverless analyt-
ics job can be expressed as a Directed Acyclic Graph (DAG),
where nodes denote function stages and edges mean their data
dependencies. Following the event-driven mode of serverless,
a stage is triggered only when all of its dependent stages are
completed. It then invokes parallel functions to consume a set
of data partitions individually. This stage finishes only when
the last component function concludes. In contrast to tasks in
fixed resource slots divided evenly, these functions are loosely-
coupled [17], giving us the freedom to decide the configurable
amount of resources for each of them. In addition, the benefits
of serverless analytics are: (i) Intra-stage, the resources held
by each function are instantly released upon completion (from
FaaS itself); (ii) Inter-stage, matching resource demands for
each stage can yield better resource utilization [6].

Indeed, the serverless functions have struggled to build ana-
lytics applications, as direct communication between functions

is not allowed by cloud providers [17]. Yet, this is no longer
the case with advances in recent serverless systems [7], [18].
For instance, Pheromone [7] is a very promising solution that
enables intra-node functions to exchange data via local shared
memory, and inter-node functions over the network. Thus, the
position of functions with dependencies directly affects their
data I/O efficiency, especially across DCs.

B. Benefits and Challenges of Fine-Grained Orchestration

Benefits. Supposing that the cost of a function is inversely
proportional to its duration, Fig. 1 illustrates an ideal example.
As shown, due to existing remote data I/O, each function may
incur a non-negligible transfer delay. Prior works [13], [14]
always allocate the same computing resource for all functions
within a stage, leading to a completion time of 12 units, even
without any data or task skewing. The lagging critical function
f2 dominates the completion time, so it is almost impossible
to get better performance from inter-stage benefits.

As shown in Fig. 1(a), we prefer to skew resources toward
the critical function f2, while functions f1 and f3 are slowed
down to control the budget (Steps 1⃝ and 2⃝). The roles of
functions within a stage, however, might switch due to their
interrelation. When function f4 becomes the new bottleneck, it
is migrated into a warm container (Step 3⃝) to re-maintain the
balanced structure in Fig. 1(b). The completion time becomes
9 units, which is 25% lower. In contrast, the overall execution
time of functions (i.e., total cost, though not entirely realistic
due to changes in resource unit prices) does not undergo a
notable increase. As such, a good orchestrator should identify
each function’s role, and make fine-grained function-level on-
demand placement and configuration, contributing to stabiliz-
ing end-to-end JCT around the SLO with optimal cost.

Challenges. Even ignoring the correlation between the two
decisions for a while, we still tackle some technical challenges:

(i) Volatile geo-distributed serverless environments. Intense
remote function interactions (e.g., during the all-to-all shuffle
phase) must traverse WAN links between DCs [4]. As we
observed, both the total and per connection WAN bandwidths
are severely limited and in sharp fluctuations (i.e., 24% to
76% deviation from the mean), which is also reported to be
distinctly tidal [3]. Besides, serverless providers are inevitably
enduring unexpected cold-start when facing bursty functions
from uncertain triggered stages, even with techniques such as
keep-alive [19]. Such the volatility of WAN bandwidth and
the burstiness of function execution jointly make it non-trivial
to place large-scale functions within triggered stages.

(ii) Diverse function resource demands. We run a MapRe-
duce sort workload over 10GB data on Pheromone-MR [7].
As shown in Fig. 2, a data-intensive function exhibits varying
sensitivities to different resource combinations. Specifically,
increasing CPU cores for the function with a fixed memory
size can effectively enhance its performance, but CPU over-
provisioning enables multi-process overhead as a bottleneck,
resulting in an execution time bounce. The multi-core advan-
tage can only be fully utilized when there is sufficient memory
capacity. However, any inside information about user functions
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Fig. 2. The execution time of a data-intensive function under different CPU-
memory combinations.

(packed as a black box [20]) is denied access, which makes it
more challenging to estimate the resource demands of diverse
functions with distinct amounts of input data.

III. PRELIMINARIES

A. System Model

We consider a system G = (N ,L) consisting of N geo-
distributed DCs in set N that enable serverless data analytics
services, with the assumption that each DC can provide ample
computing resources [4]. The user will request to query data
stored on a subset of DCs, which is parsed into an analytics job
comprising serverless functions distributed on these DCs [6].
Existing function interactions across DCs proceed over scarce
and dynamic WAN links L = {li,j | 1 ≤ i, j ≤ N, i ̸= j}. As
previously discussed, we consider the decoupled function con-
figuration of any CPU-memory combination, without forcing
a proportional allocation [17]. Thus, we define an allocation
type as p = (pc, pm) ∈ P , where pc and pm denote a set of
CPU cores and memory limits, respectively. Here p is non-
preemptive, i.e., pc and pm are consistently available to a
function until the end or timeout.

B. Function Orchestration for Geo-Distributed Analytics

We consider a total of T timesteps T = [1, . . . , t, . . . , T ],
each of which is divided evenly. A total of J jobs will arrive
continuously at any time in t ∈ T . In practice, the user tends
to launch the same query (i.e., job DAG) periodically on the
freshest data [5]. We thus do not distinguish a user and a job
below. The query request Ωj of job j submitted by user j is:

Ωj =
{
ϕ̃j ,Pj ,Sj ,Nj ,

{
mn

j , l
n
j

}
∀n

}
, (1)

where ϕ̃j is the arrival time, Pj is the user-defined job profile,
which includes metadata of stages and their trigger modes. Sj

is the expected job’s end-to-end SLO, Nj ∈ N is the subset
of DCs where the pending data is located, and mn

j , lnj sign
the path and offset of data bucket in DC n ∈ Nj .

Upon Ωj is received by the system, its profile Pj is parsed as
multiple event-driven stages Vj = {vj,1, . . . , vj,k, . . . , vj,|Vj |},
where vj,k denotes the k-th stage of job j. Affected by the cas-
cade of upstream durations, each stage will also be triggered at
any time in t ∈ T . To avoid functions with long waits to be or-
chestrated, we enable distributed scheduling. Thus, each func-
tion of stage vj,k in Fj,k = {fj,k,1, . . . , fj,k,i, . . . , fj,k,|Fj,k|}
sends its invocation to all the DCs in Nj , where fj,k,i indicates
the i-th function in the k-th stage of job j. They are appended

to Qn,t, which is the set of functions in the waiting queue of
DC n at t. Naturally, we restrict each function to be responded
to by one DC, which requires a coordinator with a global view
to decide. Finally, the placed functions are flexibly configured
with tailored resources to adapt to the task complexity.

Note that, the total number of functions in triggered stages
may exceed the limits of batch scheduling. So, each DC will
continuously receive an uncertain number of function “waves”
during T timesteps, each of which denotes a batch of parallel
functions from co-existing jobs. For DC n ∈ N , it extracts
functions in the current “wave” (i.e., pending function set
Pn,t) by dequeuing functions in Qn,t until Pn,t is full or
Qn,t is empty. In essence, given J job profiles with arbitrary
dependencies, each DC n needs to orchestrate all functions
in Pn,t at timestep t, which requires considering two decision
variables: (i) xn

j,k,i in set X , indicating whether the function
fj,k,i is placed on DC n (= 1) or not (= 0), and (ii) ypj,k,i
in set Y , denoting whether the function fj,k,i selects a type-p
allocation for its container runtime (= 1) or not (= 0).

C. Function Performance and Cost Models

1) Function Duration Time: In practice, parallel functions
in a “wave” are orchestrated in sequence, thus not started
simultaneously. The reason is that batch function scheduling,
based on the control-flow paradigm, remains in a First-Come-
First-Served (FCFS) basis at the micro-level [18]. Besides the
time components in Fig. 1, a function is also accompanied by
an inevitable waiting time before formal execution.

Intuitively, the execution time of a data-intensive function is
related to our allocation decision Y (see Fig. 2) and the input
size. In addition, it also suffers from non-negligible cold-start
and existing remote input transfer over WAN links L, which
depends on our placement decision X . Due to the presence of
inter-function interference and inherent cloud noise [14], the
decisions for widespread co-existing functions will also affect
it. Thus, the duration of function fj,k,i can be formulated as:

δj,k,i = ∆j,k,i +B (X,Y, dj,k,i) , (2)

where B(·) is regarded as a black-box function that expresses
the execution time, ∆j,k,i and dj,k,i are the waiting time and
input data size of fj,k,i, respectively. Its finish timestamp can
be calculated as ϕj,k,i = ϕ̃j,k,i + δj,k,i, where ϕ̃j,k,i is the
arrival time. Further, the finish timestamp of stage vj,k relies
on its last completed function, i.e., ϕj,k = maxi∈[|Fj,k|]ϕj,k,i.
Note that we use [S] to denote the set {1, 2, · · · , S}.

2) Function Cost Model: In our problem setting, there are
operating costs, transmission costs, and storage costs.

Operating cost. The operating cost is highly correlated with
the function duration time. We denote the price per GB-second
and core-second of function at DC (i.e., region) n as µn

m and
µn
c , respectively, and the price for each function request and

orchestration as σn. The operating cost Cop
j,k,i,n,p of function

fj,k,i with type-p allocation at DC n is:

Cop
j,k,i,n,p = δj,k,i (µ

n
c · pc + µn

m · pm) + σn. (3)

Transmission cost. The transmission cost is expended on
reading remote results via expensive WAN links, as local data
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exchange that briefly uses shared memory is generally free.
Let qi,j be the price per GB of data transferred via li,j ∈ L.
The transmission cost Ctrans

j,k,i,n of function fj,k,i at DC n is:

Ctrans
j,k,i,n =

∑
l∈USj,k,i

slj,k,i · qnl,n, (4)

where slj,k,i is the amount of data read from upstream function
l ∈ USj,k,i, and nl is the DC where l is deployed.

Storage cost. Serverless users generally incur extra costs for
ephemeral storage, which arises from: (i) The data outputted
by functions that finish early needs to be stored, awaiting the
current stage finishes; (ii) Fault-tolerant system retains all data
produced by the current stage until the dependent stages end,
ensuring that data can be retransmitted in case of anomalies.
Let hn denote the price for storing data per GB-second at DC
n. The storage cost Cstore

j,k,i,n of function fj,k,i at DC n is:

Cstore
j,k,i,n = (ϕj,k − ϕj,k,i︸ ︷︷ ︸

(i)

+maxdϕj,d − ϕj,k︸ ︷︷ ︸
(ii)

) ·mj,k,i ·hn, (5)

where mj,k,i is the amount of data output by fj,k,i, and ϕj,d

is the finish timestamp of its downstream stage vj,d ∈ DSj,k.

D. Problem Formulation
We formulate our fine-grained orchestration problem in (6) –

(14), which co-optimizes per-function placement and resource
allocation for geo-distributed serverless analytics. The goal is
to minimize the cost of J jobs while satisfying their SLOs and
constraints of resource demands and data dependencies.

min
X,Y

J∑
j=1

ωj · Cj (X,Y ). (6)

s.t. ϕj,k ≤ ϕj , ∀vj,k (7)

Cj =
∑
n∈Nj

∑
i∈[|Fj,k|]

∑
k∈[|Vj |]

xn
j,k,i

∑
p∈P

ypj,k,iCj,k,i, ∀j (8)

ϕj − ϕ̃j ≤ Sj , ∀j (9)∑
n∈Nj

xn
j,k,i = 1, ∀fj,k,i (10)∑

p∈P
ypj,k,i = 1, ∀fj,k,i (11)

xn
j,k,i, y

p
j,k,i ∈ {0, 1} , ∀n, p, fj,k,i (12)

α
∑

p∈P
ypj,k,i · pm ≥ dj,k,i, ∀fj,k,i (13)

δj,k,i ≤ Γ. ∀fj,k,i (14)

where ωj is a non-negative weight that denotes the priority of
job j, and Cj,k,i = Cop

j,k,i,n,p + Ctrans
j,k,i,n + Cstore

j,k,i,n. Inequality
(7) ensures that the finish timestamp ϕj of job j depends on
the last completed stage. Equation (8) defines the cost Cj of
job j as the aggregated cost of the full composition function.
Inequality (9) requires the JCT of job j to obey its SLO Sj .
Also, each function is placed on only one DC (constraint (10)),
and selects only one allocation type to deliver its container
runtime (constraint (11)). Constraint (12) ensures that both the
placement and allocation decisions are binary. To avoid out-
of-memory errors, each function should be allocated a memory
limit with a loss factor α to ensure that it is larger than the
input size dj,k,i (constraint (13)). Finally, constraint (14) stems
from the serverless platform’s short-living limit on functions
[17], i.e., their durations should not exceed the timeout Γ.

IV. MARL-BASED FUNCTION ORCHESTRATION

A. Algorithm Overview

Orchestrating functions across event-driven stages with (7)
poses a challenging sequential decision-making problem. We
thus have the opportunity to explore the unknown performance
objective B(·) online by replaying experiences, while enhanc-
ing the distributed scheduling in Section III-B. As illustrated
in Fig. 3, Demeter is designed as a MARL-based solution, in
which each agent n ∈ N serves as the scheduler in DC n. With
the state of a function “wave” as input, each agent produces a
series of three-dimensional actions to place pending functions
within the “wave” and allocate suitable resources to them.

To handle the volatile GSA environments, Demeter gener-
ates holistic and compact states for each agent using scalable
hierarchical GNNs. These GNNs efficiently extract in-depth
semantic relations between large-scale functions and DCs over
multi-level features, capturing the impact of network changes,
function dependencies and interferences. To learn the diverse
function demands, we design a pointer-score network that
wisely decouples the joint action for each agent. For function
placement, the agents decode input states via a pointer network
and then collaborate to make an affinity-guided decision. For
resource allocation, the placed functions’ raw states and their
valid allocation types are input into a score network, producing
the corresponding resource priorities. These two aspects are
presented in Sections IV-B and IV-C, respectively.
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Fig. 4. The embedding process of our DAGNN. For ease of display, we
only give an example of single-function stages. Note that, the dashed (solid)
lines in a DAG depict data dependencies that have been (un)satisfied, and the
“waiting” function denotes a function that has not yet been triggered.

B. Scalable State Representation via Hierarchical GNNs

Upon receiving a function “wave” at timestep t, Demeter
collects information from two levels: function and DC, obtain-
ing the desired features based on the factors in Section III-C.
For the function level, we first classify the functions of active
job j based on their status at t. Next, we separately construct
their features, i.e., Hj,t = {Rj,t,Pj,t,Wj,t,Fj,t}, where Rj,t,
Pj,t, Wj,t and Fj,t are the feature sets of functions in running,
pending, waiting and finished status, respectively. The vectors
of (|Vj |+ |Nj |+ 4) dimensions in Hj,t are as follows:

• Rj,t includes the type, placement, resource configura-
tion, processed data size, and elapsed time for every
running function in job j.

• Pj,t includes the type, pending data size, and invocation
log that records the previous placement, resource peak,
and duration time for every pending function in job j.

• Wj,t includes the type, and invocation log that records
the previous placement, input data size, resource peak,
and duration time for every waiting function in job j.

• Fj,t includes the type, placement, resource peak, input
data size, and duration time for every finished function
in job j.

For the DC level, Demeter captures the number of remaining
functions and warm containers in each DC n ∈ N , its available
bandwidth per connection with other DCs, and the unit prices
of resources in the current region. They are concatenated into
a flattened vector dn,t with a dimension of (|N |+ 7).

DAGNN. A job DAG 1 defines fine-grained data dependen-
cies via edges, which are partial ordering over function nodes.
We naturally desire to integrate this strong inductive bias into
the DAG representation, as it covers vital information for the
performance of event-driven functions. DAGNN [21] is driven
by DAG-induced partial ordering, aligning well with our goal.
It aggregates only the predecessor to generate the embedding
hl
v for each node v in DAG G at each layer l, and readouts

the final graph embedding hG via DAG pooling.
Moreover, topological batching is incorporated in DAGNN

to process nodes in parallel. It divides a DAG based on the
topological order, where nodes without dependencies join the
same sequential batch {Bi}i≥0. All nodes in batch Bi can be
handled concurrently if their predecessors have all completed.

1The job DAG in our paper is a function-level DAG (see Section V-A).

Note that, topological batching is capable of scaling to multi-
DAG cases for better parallel concurrency, as shown in Fig. 4.
By treating multiple DAGs as one disconnected large DAG,
we can merge their batches Bi of the same i for processing
simultaneously. This scalable way enables efficient embedding
for co-existing jobs. To this end, we combine the node features
Hj,t of each job DAG Gj as DAGNN’s initial input H(0)

t .

H(0)
t =

{
R(0)

t ,P(0)
t ,W(0)

t ,F (0)
t

}
=

⋃
j∈J |t+1

t

Hj,t, (15)

where J is the set of active jobs at t. After L-layer message
propagation with topological batching, we can get a function
embedding set H(L)

t = {R(L)
t ,P(L)

t ,W(L)
t ,F (L)

t } and a job
embedding set {hGj ,t}∀j . As shown in Fig. 4, we concatenate
each embedding in {R(L)

t ,P(L)
t } with its job embedding, thus

forming the final DAGNN representations of active functions,
denoted as {R̄t, P̄t}. They serve as raw features for function
nodes in another GNN that will be presented soon.

HTGNN. Note that directly stacking the features of pending
functions and potential DCs for each agent n will produce a
redundant state space (e.g., the same function in various Pn,t).
Also, the network condition observed at any time in t cannot
accurately reflect the real function runtime, due to the WAN
fluctuation and cross-traffic among DCs [3]. Given the hidden
graph structure in function deployment, we use another GNN
to learn dynamic node representations, while compressing the
state space via information aggregate across DCs.

Since active functions cover the most realistic information
reflecting their roles (i.e., resource demands) at the moment,
we connect them to associated DCs using edges, thus forming
a heterogeneous deployment graph Gt in Fig. 3. Precisely, a
running function node f ∈ R̄t connects with a DC node n if
function f is running on DC n, and a pending function node
f ∈ P̄t connects with a DC node n if it is in the pending
set Pn,t. We further design a Heterogeneous Temporal Graph
(HTG) G = {Gt′}tt′=1, where the slice Gt′ is the deployment
graph at t′. The intuition is that features {dn,t′}tt′=1 of DC
node n in the HTG are temporal-dependent [3], and the hetero-
geneous structures among graph slices are spatial-dependent
due to the execution evolution of active function nodes.

Fittingly, HTGNN [22] integrates spatial and temporal de-
pendencies to learn from historical evolution over our HTG G.
In each layer l, it first aggregates intra- and inter-relations with
neighbors for each node v ∈ Gt′ , then further embeds shared
DC nodes via temporal aggregation across Gt′ . Let {R̄t′ , P̄t′}
and {dn,t′}∀n be the raw features of the function nodes and
DC nodes in Gt′ , respectively. After stacking L layers, we can
derive the embeddings P̄(L)

t of pending function nodes at t.
Finally, we extract the HTGNN embeddings of all functions
in Pn,t from P̄(L)

t , as in Fig. 3, forming a set Pn,t as the input
state of the actor network (see Section IV-C) in agent n.

C. Action Decoupling Based on Pointer-Score Network

The design of our actor networks is based on a key insight
that decouples joint actions by their serial relation. We only
assign resources for favorably placed functions, avoiding com-
bining two actions into a large space. To this end, we design a
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pointer-score network to encode the decoupled actions, while
reducing the complexity of training agents.

Pointer network. Given the relevance of parallel functions
described in Section II-B, functions in a “wave” are critical
contextual information for each other. Yet, their number |Pn,t|
is unknown for each DC n, due to the uncertainty of stage trig-
gering. While the length of the input state sequence Pn,t can
be fixed to the maximum by padding method in the Seq2Seq
model, it cannot be used to fix the output sequence. In contrast,
the pointer network [23] can learn the conditional probability
of an output sequence against the element positions in an input
sequence, which is well-suited for encoding our placement
action. We re-design it for agent n using Transformer without
positional encoding as the encoder and a single-head attention
mechanism as the decoder, given by (16) as follows:

hf,n,t =

{
−∞, MASK(f) = 0,
vT tanh (W1ef,n,t +W2en,t) , o/w, (16)

where W1, W2, and vT are learnable parameters, ef,n,t is the
further Transformer embedding of each function f ∈ Pn,t over
their states Pn,t, to discover correlations within “waves”, and
en,t = avgf∈Pn,tef,n,t. The obtained attention score hf,n,t is
used as a pointer to the corresponding function. Given (10),
the pointer hf,n,t is converted into the conditional probability
Pr (f |n) via a Softmax operator [23], which can be regarded
as the action that DC n responds to function f individually.
Note that the padding will never be visited, as its score is
masked to −∞ and thus has probability 0. Finally, we utilize
Bayes’ theorem to compute the posterior probability Pr(n|f)
in (17), guiding the final placement of function f [24].

Pr(n|f) = Pr(f |n) Pr(n)∑
n∈Nj

Pr(f |n) Pr(n)
. (17)

Considering DC load balancing and less inter-function inter-
ference, we approximate Pr(n) with the number of functions
running on DC n. Indeed, we place the function f on the DC
with the largest posterior probability (i.e., affinity):

xn
f :fj,k,i

=

{
1, n = argmaxn∗ Pr (n∗|f),
0, otherwise. (18)

Score network. As opposed to imposing a penalty term, we
must filter allocation types that fail to satisfy the resource hard
constraint (13) before formal decision-making. The reason is
that we have no margin for trial-and-error, invalid allocations
will lead to the function crashing directly [6].

Once the pointer network completes, agent n further handles
the raw HTGNN embeddings of favorably placed functions in
ascending order of posterior probability. The intuition is that
functions with lower affinity need to be scheduled as early as
possible to enhance performance. Concretely, each embedding
concatenates with the total of P valid potential allocations to
form a batch of states sf,n,t = (s1f,n,t, . . . , s

p
f,n,t, . . . , s

P
f,n,t),

where spf,n,t refers to the state to select the type-p allocation
for function f . Then, Demeter feeds spf,n,t into the score net-
work to obtain a scalar value gpf,n,t, which can be interpreted
as the score to allocate the type-p resource [25]. Due to its
simplicity, the score network not only converges more easily

but can also be trained (i.e., P tasks above) in parallel. Finally,
Demeter applies a Softmax operation to transform scores in
(g1f,n,t, . . . , g

P
f,n,t) into the resource allocation policy:

ypf :fj,k,i
=

{
1, p = argmaxp∗Softmax(gp

∗

f,n,t),

0, otherwise.
(19)

D. Model Training

To learn explicit end-to-end objectives and speed up model
convergence, we train Demeter in episodes. Each episode has
function “waves” from J jobs, with each “wave” requiring one
or more actions for orchestration.

Reward. In timestep t, each agent receives an immediate
reward 0 after it takes an action to orchestrate a function. The
time in MARL next moves forward, but the environment states
do not change. Until Demeter finishes the orchestration of all
functions in the current “wave”, the states of jobs and DCs
shift forward on the time axis. At this point, we feed Demeter
with a shared reward rt, i.e., the agents are rewarded with

rt = −
∑

j∈J |t+1
t

ωj(
∑

f∈Pj,t

Cf − β(S∗
j − lj)), (20)

where ωj = 1/|J |, J is the set of active jobs at t, Pj,t is
the pending function set of job j at t, Cf is the total cost of
function f , and β is the penalty factor. The remaining SLO
S∗
j = Sj − (maxf∈Pj,t

ϕf − ϕ̃j) of job j for awarding good
and total timeout lj =

∑
f∈Pj,t

max (δf − Γ, 0) for penalizing
bad actions, where δf and ϕf are the duration time and finish
timestamp of function f , respectively. The goal of the agent
n is to maximize the cumulative rewards given by J (θn) =

E
[∑T

i=1 γ
t−1rt

]
. We set the discount factor γ to be 1 as these

actions are of equal importance over time [26].
Training algorithm. Due to the high concurrency and short-

living nature of serverless functions in jobs, lots of invocation
information is available in every timestep. To relieve training
instability, we select a cooperative policy gradient-based algo-
rithm, Multi-Agent Proximal Policy Optimization (MAPPO)
[27], to jointly learn the near-optimal orchestration policy. We
mainly focus on two benefits: (i) PPO is a stable on-policy
method that can better handle large-scale samples while being
much simpler to tune; (ii) The smooth policy updates in PPO
can alleviate the nonstationarity issue in MARL [28].

For each agent n, the MAPPO algorithm defines a ratio
function pn,t(θ) =

πθn(an,t|sn,t)
πθ′n

(an,t|sn,t)
to prevent the current policy

πθn from getting far from the old policy πθ′
n

. It updates the
policy with a clipped loss function in (21),

E
[
min

(
clip (pn,t(θn), ϵ) Ân,t, pn,t(θn)Ân,t

)]
, (21)

where ϵ is a clip threshold, clip (·) ensures that pn,t(θn) falls in
the interval [1−ϵ, 1+ϵ], and Ân,t is the Generalized Advantage
Estimation (GAE) [29] with advantage normalization.

Explicitly, we train Demeter with 2000 episodes, using a
clipping threshold ϵ of 0.2, a penalty factor β of 0.3, and a
function timeout Γ as 2 minutes. When the episode ends, agent
n updates its policy πθn using a set of trajectories (s,a, r)
collected from each “wave” in a batching manner. Here, s, a
and r denote the states, actions and rewards, respectively.
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Fig. 5. The architecture of Demeter.

V. IMPLEMENTATION

We implement Demeter atop Pheromone [7], a data-centric
serverless system that enables fine-grained function data ex-
change, such as all-to-all shuffle, via zero-copy shared memory
in the form of data buckets. As shown in Fig. 5, we re-architect
it and develop several components of Demeter.

A. DAG Optimizer for Execution Graph Generation

The DAG optimizer first identifies stage types (i.e., function
types) based on trigger primitives used in the job profile Pj ,
e.g., DynamicJoin→map, DynamicGroup→reduce [7]. It
then generates the initial LogicGraph, where nodes denote
stages and edges are their trigger modes. If a stage is triggered
by the parent in a one-to-one forward manner, they will be
chained as an all-new stage to further generate the JobGraph.
In this way, upon a parent function finishes, its container will
be reused by fork() new processes of the related child, thus
avoiding start-up and data transmission overheads. Ultimately,
the DAG optimizer splits a stage node into multiple parallel
function nodes and decides inter-function linking relations to
generate the ExecutionGraph (i.e., function-level DAG),
which serves as the DAG-based state representation.

B. Function Driver with Multi-process Support

To take advantage of multi-core performance, we implement
a function driver that enables multi-process support of Python.
The driver first gets the number of CPU cores pc allocated for a
function. When the input data is read from S3 [30] or shared
memory, it evenly splits the data into pc sets and fork()
the corresponding number of processes. Each process will call
the function code to consume a set of data. For Inter-Process
Communication (IPC), we reuse the relevant data bucket that
was initially used for inter-function IPC in Pheromone. This
way, our intra-function IPC requires no additional memory and
eliminates the overhead of collecting the multi-process output.

C. The Running Process of Demeter

Given the centralized state representation and shared reward
in Demeter, we do not disperse each agent to its corresponding
DC, thus reducing the communication overhead. Illustrated
in Fig. 5, the query requests are created by the client based
on user codes. The Pheromone coordinator admits and parses

them into a sequence of event-driven stages, then dispatches
parallel function invocations for triggered stages to the waiting
queues across all potential DCs asynchronously. Meanwhile,
Demeter inputs observations (e.g., necessary invocation his-
tory) from the durable KV store into the DAG optimizer, gen-
erating the ExecutionGraph, and then makes per-function
orchestration decisions to notify the DRL schedulers. Notably,
the pending data sizes are directly obtained via a Pheromone
API. Finally, the codes encapsulated by the function driver run
through forcing the allocated resource for executors.

VI. EXPERIMENTAL EVALUATION

A. Experimental Settings

Model configurations. We train the MARL using PyTorch.
The model depth L of both GNNs is set to 3. For HTGNN,
we set its time window size as 5 and accelerate it using a
memory module [31] to match the parallelized DAGNN. In the
pointer network, its Transformer encoder is configured with 3
layers and 8 attention heads. The score network has two fully
connected hidden layers with 32 and 16 neurons, using Tanh as
the activation function. Note that critics share the same neural
and input structure as the score network, and they are updated
with the corresponding average score. Both actors and critics
use Adam optimizer with a learning rate of 3× 10−4.

Testbed. We deploy Demeter in an AWS EC2 cluster which
consists of 28 instances across 8 regions (Paris, Ohio, Oregon,
London, Virginia, Singapore, Sydney, and Tokyo), and the DC
in one of these regions has 3 worker instances. We also deploy
4 shared coordinators as the ratio in [7] to improve the system
scalability, each of which manages a batch of disjoint jobs. The
coordinators and workers are run at c5.4×large and c5.9×large
instances, respectively. Each function can be configured with
8 CPU cores at most and memory limits from 128MB to
10 240MB with 64MB increments [17].

Workloads. We generate serverless job sets using analytics
benchmark suites: TPC-DS [32] and BigData [33]. The stages
invoke parallel functions based on the size of intermediate
data [34]. Each function is written in Python and calls system
interfaces using ctypes [35]. For the datasets, we put rela-
tively small tables in an S3 bucket in one of the regions and
evenly split large tables into multiple regions. Moreover, we
run the jobs with varying input sizes by adjusting the scaling
factor of the suites. To expedite Demeter’s training by reducing
function duration while ensuring the continuous availability of
resources, the adjustments are made at a lower-level.

Job arrivals. Our MARL model is trained with job arrival
rates within 24 hours following the Facebook Hadoop Work-
load Trace [36]. We select three modes: slow (50 jobs arriving
in one hour), normal (80 jobs arriving in 30 minutes), and
burst (100 jobs arriving in only 15 minutes).

Baselines. We compare Demeter with the following well-
assembled baselines. Before that, we introduce Fair [10], a
task scheduling algorithm for multi-job across geo-distributed
DCs, to our FaaS setup and rewrite its objective function. To
this end, we use the parametric model in [16] to provide rough
function performance estimates for Fair.
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Fig. 6. Overall performance under the 4-agent cluster setting.
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Fig. 7. Overall performance under the 8-agent cluster setting.

• Astrea [13]: It poses a shortest-path-based algorithm on
a DAG composed of configurable parameters, to find the
optimal allocation for a serverless analytics job with user-
defined constraints. We extract the sub-algorithm aligned
with our goal and add Fair as its function scheduler.

• Aquatope [14]: It searches for appropriate resources of
warm-start functions within stages to ensure the work-
flow’s SLO, via uncertainty-aware Bayesian optimization.
Likewise, we add Fair as its function scheduler.

• Pheromone [7]: It natively adopts a data locality-aware
function scheduling and greedily allocates the minimum
but valid amount of resources to functions.

• Random: It randomly samples a potential DC and feasi-
ble allocation type for every function.

B. Performance Evaluation

We first duplicate Demeter and assign the replicas to other
shared coordinators to share inference pressure. Each function
requires at least 1 CPU core and the lowest memory limit
satisfying (13). The loss factor α is set to 0.8. The resource
prices for each region, as discussed in Section III-C2, follow
the AWS Lambda [17] and EC2 [37] pricing models. Notably,
the CPU allocation on Lambda roughly follows a ratio (i.e.,
1.728GB/core) of the memory limit. Therefore, we set the per-
core price as 1.728× that of per-GB memory within the same
region. Also, the orchestration interval is set to 5 seconds, and
the maximum number of functions is limited to 20.

Overall performance. We first evaluate Demeter in terms
of average cost and SLO compliance against four baselines.
Fig. 6(a) and 7(a) show the results in 4- and 8-agent (DC)
clusters with 2 and 4 coordinators, respectively. The 4-agent
with normal mode tests 64 jobs containing more than 3000
functions, while the 8-agent with burst mode tests 128 jobs
covering over 5000 functions. As shown, only Demeter con-
sistently stabilizes the JCT around the corresponding SLO and
performs well in cost-saving under both cluster settings, due to
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Fig. 10. The performance of two typical jobs with various SLOs.

its unique fine-grained orchestration. It reduces average costs
by at least 32.7% and 23.3%, respectively, compared to the
baselines. Moreover, part of the gap is attributed to the higher
non-execution costs incurred by the baselines, resulting from
a significant number of functions being stranded, especially
in the 8-agent cluster. In contrast, Aquatope, which considers
uncertainty in FaaS platforms similar to ours, performs better
than other baselines. However, it confines the allocation search
to warm-start behaviors only, which makes it struggle to adapt
to unexpected function cold-starts from bursty stages, resulting
in inferior SLO compliance under the 8-agent cluster.

Fig. 6(b) and 7(b) show the SLO violation ratios and their
distributions. We define the SLO bias (i.e., normalized JCT)
as measured JCT / SLO, which is higher for more critical
SLO violations. As shown, Demeter outperforms all baselines,
ensuring better SLO compliance with relatively smaller perfor-
mance fluctuations. Specifically, it eliminates another 27.4%
and 39.1% of the SLO violations compared with Aquatope
and Astrea, respectively, and brings the total to below 20%. It’s
noteworthy that Aquatope’s lower cost comes with the risk of a
high violation magnitude, despite having a relatively low SLO
violation ratio. This is because of its active allocation search
without explicit penalties, which tends to pursue minimal cost
when jobs are judged not to be completed on time.

Given the correlation between the JCT and cost, we further
analyze whether Demeter truly reduces resource consumption.
Fig. 8 displays the results with the 8-agent. As shown, Astrea
allocates CPU cores in a fixed proportion to the memory limit,
leading to memory over-provisioning to accelerate compute-
intensive functions. In contrast, Demeter strikes a good balance
via flexible multi-resource allocation, neither stacking large
amounts of resources for lower JCTs to ensure their SLOs,
nor reducing resource usage time to save costs.

The impact of workloads with various SLOs. We track
the trajectories of two typical workloads on the 8-agent cluster:
TPC-DS Q94 and BigData Q3. The former has more stages
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Fig. 11. The average cost and SLO violation with different arrival modes.

and pronounced intermediate data changes. Fig. 10 plots their
average costs with three SLO-aware algorithms. When SLO is
relatively low, Demeter demonstrates better cost-effectiveness
across the two workloads, with savings of 18% to 51% com-
pared to the second-best Aquatope. Due to the wide variety of
function resource demands, the cost gap between Demeter and
the baselines is larger in Q94 than in Q3. Astrea can break
up large jobs into multi-round executions, resulting in slightly
lower performance degradation than Aquatope. These results
highlight Demeter’s efficiency in handling jobs with complex
topologies and SLO constraints. When SLO is relatively high,
all methods perform well. Overall, Demeter maintains stable
performance and achieves average costs within 12.3% of the
optimal allocation of Oracle, which exhaustively explores the
entire profile space without any performance fluctuations.

Scalability evaluation. To evaluate the robustness of Deme-
ter, we vary the number and mode of job arrivals on the 8-agent
cluster. The results are shown in Fig. 9 and 11, respectively.
We observe that Aquatope is better suited to the slow mode
and small-scale jobs, as its pre-warm container pool has more
breathing time to improve the hit rate of warm-starts. Static
Astrea is non-sensitive to changes in the environment, and its
instability stems from the inherent noise in the system. In con-
trast, Demeter exhibits no significant performance degradation
as the job scale increases, and reduces the average cost and
SLO violation by at least 23.4% and 9.7%, respectively, under
different job arrival modes. Our performance benefits from the
efficiency of our MARL model and the training with sufficient
workloads.

Ablation evaluation. We dive into Demeter and compare
it with a vanilla MAPPO algorithm that orchestrates pending
functions in an FCFS manner, and a MAPPO algorithm only
with the pointer-score network. Due to the absence of state
compression via GNNs, the control group has to input stacking
features of pending functions and DCs to the eight agents. As
shown in Fig. 12, the vanilla MAPPO struggles to find suitable
function-level orchestration strategies with a large state-action
space. The addition of both the pointer-score network and hi-
erarchical GNNs, however, can further improve performance,
suggesting that the state representation and action decoupling
mechanism we have designed are efficient.

VII. RELATE WORK

(Geo-distributed) serverless analytics. Geo-distributed an-
alytics in traditional framework optimize JCT or WAN costs by
task scheduling [10], [11] or data placement [4], [38]. Due to
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Fig. 12. Overall performance among various model settings.

the limitations of serverful architecture, they cannot allocate
resources at task granularity like Demeter. In the serverless
context, while some studies [39], [40] place functions among
cross-region nodes by sensing network, they are not specific to
analytics jobs. More studies aim to optimize the performance
and cost of serverless analytics in one region [6], [34]. Astrea
[13] finds optimal allocation for a user-oriented analytics job
with budget and SLO demands based on holistic performance
modeling. Kassing et al. [16] also consider factors unique to
serverless analytics, as we do, to make the trade-off between
JCT and cost with Pareto optimal. However, they do not imple-
ment resource allocation and placement at function granularity.
Other studies [5], [41], [42] deploy functions at the network
edge, and consider network variations and resource limits to
optimize analytics services. These works are yet not suitable
for large-scale query services across DCs.

SLO-aware resource allocation. StepConf [15] dynami-
cally configures function steps (i.e., stage) based on the critical
path in the job DAG. Aquatope [14] also considers uncertainty
to optimize cold-start and resource allocation for stages using
Bayesian models. While they aim to achieve end-to-end goals
similar to ours, they do not consider the heterogeneous needs
of functions due to various placements. Moreover, since Mao
et al. [25], [26] proposed Deep Reinforcement Learning (DRL)
to enable multi-resource scheduling for data processing clus-
ters, DRL for systems has gained a surge of attention. Yu et al.
[20], [43] were the first to use DRL algorithms to harvest idle
resources and alleviate function slowdown in FaaS systems.
Qiu et al. [44] apply MARL with SLO violation and resource
utilization as part of the reward, to reduce function duration
in multi-tenant platforms. Our solution is different from [20]
and [44], as Demeter focuses on orchestrating functions with
dependencies in analytics jobs across DCs, rather than a series
of relatively independent functions in a single-region cluster.

VIII. CONCLUSION

In this paper, we have presented Demeter, a fine-grained
function orchestrator that decides the per-function placement
and resource allocation for geo-distributed serverless analytics.
Given the volatility of GSA environments, Demeter has used a
MARL algorithm with scalable state representation and action
encoding, aiming to enhance cost savings while ensuring the
job’s end-to-end SLO. Extensive experiments with realistic
workloads have validated that Demeter can effectively reduce
average job costs and improve SLO compliance, outperform-
ing state-of-the-art solutions.
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