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Abstract
Processing-in-memory (PIM) is a promising architectural approach

to mitigate the high cost of off-chip memory access by enabling

(i) low-latency, on-memory-module data access and (ii) aggregate

memory bandwidth that scales with the number of modules.

To fully exploit the potential of PIM systems, we formulate and

study the PIM Scheduling problem, which captures the trade-offs

between computation, data movement, and load balancing across

a host CPU and multiple PIM modules. We establish fundamental

lower bounds on the execution time of any schedule.We then design

a non-preemptive clairvoyant algorithm that achieves a constant-

factor approximation to the optimal schedule. More importantly,

we develop a non-clairvoyant scheduling algorithm that does not

know task work in advance, yet loses only a small additive term

relative to the clairvoyant lower bound. Besides scheduling based

on fixed data placement, we also prove a performance upper bound

under uniform random data placement.

We evaluate our scheduling algorithms on both an analytical

PIM simulator and a real-world 2048-module UPMEM-PIMmachine.

Both algorithms outperform baselines across various workload set-

tings and hardware regimes, with up to 9.8× speedup in simulation

and up to 1.8× speedup on real PIM hardware.

CCS Concepts
• Theory of computation→ Scheduling algorithms; Online
algorithms; • Computer systems organization→Heteroge-
neous (hybrid) systems.
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1 Introduction
The growing disparity between CPU performance and memory

speed (a.k.a. the Memory Wall) has made off-chip data movement

the dominant cost in data-intensive applications. Such data move-

ment incurs substantial energy overhead, and system performance

is limited by high memory latency and limited memory bandwidth.

Processing-in-memory (PIM), a.k.a. near-data-processing (NDP),

has recently reemerged as a promising architectural solution to

the memory wall problem. Typically, a PIM system is comprised

of a powerful host CPU and a collection of PIM modules, where

lightweight compute units (PIM cores) are directly integrated into

memory modules. In traditional von Neumann architectures, com-

putation requires data to be transferred between memory and CPU

over off-chip channels, incurring significant data movement over-

head. In contrast, PIM systems allow computation to be offloaded

to PIM cores, which are closer to where data reside. This approach

improves both performance and energy efficiency by exploiting

low-latency, low-energy memory accesses within each PIM module,

as well as aggregate memory bandwidth and compute capacity that

scale with the number of modules. By offloading computation closer

to data, PIM substantially reduces off-chip data movement, leading

to lower energy consumption.

To fully exploit the potential of PIM systems, we introduce and

study a new scheduling problem arising from PIM systems, which

we call the PIM Scheduling problem. Consider a set of 𝑛 data

objects stored on a collection of 𝑃 servers (PIM modules) plus a

designated master server (host CPU). A batch of𝑚 tasks arrive at

the master, where each task requests access to an object. Unlike

prior scheduling work in which the master server merely routes

(Pushes) each task to a server holding the task’s requested object,

in the PIM Scheduling problem, the master can alternatively Pull
the object back to the master and execute the task at the master.

Compared to prior scheduling problems, this provides an alternative

means to balance the load across the servers, especially given the

key (realistic) assumption in PIM Scheduling that the master server

(the host CPU) has significantly higher computing power than other

servers (the PIM cores).

However, the Pull is not free. Because the motivation for PIM

systems is to reduce data movement, algorithms designed for PIM

account for not just the work performed by each server but also its

data movement costs. Thus, a key aspect of the load on a server is

the time spent sending and receiving data, such as when fetching an

object as part of a Pull. The overall goal is to minimize the makespan
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of the schedule, accounting for the load on the servers (the time for

executing tasks and exchanging data with the master) and the time

for executing tasks on the master.

Our recent work on PIM algorithms for ordered [20, 22],

string [21], and spatial [38, 39] indexes shows that judicious

use of both Push and Pull in PIM systems enables both load balance

and asymptotic reductions in data movement, leading to better

throughput and energy efficiency, both in theory and practice. In

this paper, we consider a more general PIM Scheduling problem be-

yond the index-specific techniques and particular problem settings

studied by these works.

Our primary setting studies the case where the storage of ob-

jects on servers is fixed in advance (although we can copy objects

between the master server and the other servers, as part of our

schedule). Each task is characterized by the size of its task descrip-

tor, the size of its reply, its target object, and the work needed to

execute the task on the object. Each object is characterized by its

size and the host server where it is stored. Together with the band-

widths and processing rates of the system, these quantities define

the cost of Push vs. Pull, and by extension, the makespan of a given

schedule. Note as well that an object that is pulled to the master can

be used by all tasks with that target object, so scheduling decisions

should be made based on the entire batch of tasks.

We first study a clairvoyant setting, in which all task and object

properties are known to the scheduler. We identify unavoidable

bottlenecks that lower bound the makespan of any schedule, in-

cluding the optimal clairvoyant schedule: the maximum per-PIM

communication/execution load, the total system load, and the time

needed by the hardest individual task (i.e., the task with highest

min(Push cost, Pull cost)). These lower-bound observations are sim-

ple; the main technical challenge is to design schedules that satisfy

these bottlenecks simultaneously despite asymmetric CPU/PIM

compute power, bounded CPU-PIM channels, and, later, unknown

task work. We present a non-preemptive scheduling algorithm

that achieves a constant-approximation to the optimal clairvoy-
ant schedule. For settings in which the master server’s processing
speed (i.e., work per unit time) is Ω(𝑃) higher than any other server

(called the Strong-CPU setting), Push and Pull suffice to achieve

the constant-approximation. On the other hand, when the master

server is asymptotically weaker than all other servers combined (the

Weak-CPU setting), we add a third option Redirect that migrates

an object from its host server to another server (via the master

server), in order to obtain constant-approximation. In clairvoyant

scheduling, the main challenge is the trade-off between load balance

and communication, when the scheduler decides between Pull and

Redirect for the Weak-CPU setting. To address this challenge, we

formulate the decision process as an asymmetric parallel machine

scheduling problem, and resolve the asymmetry using a greedy

bin-packing algorithm.

Second, we study a non-clairvoyant setting, in which each

task’s work is unknown to the scheduler. We present a non-

clairvoyant scheduling algorithm that achieves a constant-factor

approximation to the optimal clairvoyant schedule under the

Strong-CPU setting, again using only Push and Pull. For the Weak-

CPU setting, our non-clairvoyant scheduling algorithm (using

Redirect) differs asymptotically from the clairvoyant lower bound

by just an additive term reflecting the highest Push cost for a single

task in the batch; this is true even in the extreme case where the

master and each non-master server have the same processing speed.
A key challenge in the non-clairvoyant setting is that we only learn

a task’s work once the task has completed, making Push vs. Pull

vs. Redirect decisions difficult. To deal with this challenge, our

non-clairvoyant algorithm can preempt tasks, but we make the

pessimistic (for our algorithm) assumption that a preempted task

must completely start over if it is restarted on a different server.

Two key techniques are introduced to solve the unknown-work

problem: optimistic execution and exponentially-growing Redirect

rounds. When the task work is needed to choose between two

options, optimistic execution initially chooses the option with

smaller known cost, and switches to the other option after only

limited wasted work. Exponentially-growing Redirect rounds are

designed for the execution of high-work tasks. They ensure that

such tasks, despite being unforeseeable in the non-clairvoyant

setting, do not break the load balance guarantees.

Beyond the scheduling problem, we also study the object place-

ment problem. Here, we consider a uniform random mapping of ob-

jects to servers, and show an upper bound based on a new balls-into-

bins lemma. We also give an adversarial argument showing that,

among batch-oblivious placements, random placement is worst-

case optimal up to the same asymptotic bound.

We implement and evaluate both our clairvoyant and non-

clairvoyant scheduling algorithms on two complementary plat-

forms: an analytical simulator we build for general PIM systems

across different hardware regimes, and a real-world 2048-module

UPMEM-PIM machine [29]. We compare both algorithms against

baselines that either use all-push or all-pull strategies, or apply

a minimize-total-load heuristic described in §3.4. Across vari-

ous workload settings and hardware regimes, both algorithms

consistently outperform all baselines. Overall, our clairvoyant

algorithm achieves up to 9.8× speedup in simulation and up to

1.8× speedup on real PIM hardware, while our non-clairvoyant

algorithm achieves up to 9.7× and 1.4× speedup, respectively.

In summary, the main contributions of this paper are:

• We formalize the PIM Scheduling problem, which captures the

asymmetric compute power, CPU-mediated communication,

and the Push/Pull/Redirect execution model in PIM systems.

• We derive lower bounds on execution time that capture per-

PIM load balance, total system load, and the hardest individ-

ual task.

• We design a non-preemptive clairvoyant algorithm achieving

a constant-factor competitive ratio to the optimal schedule.

• We design a non-clairvoyant algorithmwhose execution time

matches the lower bound up to an additive term correspond-

ing to the highest single-task Push cost.

• We present an upper bound on execution time under random

initial object placement, and provide an adversarial strategy

for other object placement algorithms.

• We evaluate our scheduling algorithms on an analytical

PIM-system simulator and on real-world UPMEM-PIM hard-

ware [29], showing up to 9.8× and 1.8× speedups, respec-

tively, over the best prior scheduler baselines.

Our code is at https://github.com/cmuparlay/PIM-Scheduling.
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2 Background and Related Work
2.1 The PIM Model
In this paper, we use the Processing-in-Memory (PIM) Model [19] to

analyze our scheduling algorithms. This model has proven effective

for theoretical analysis [21, 38] while also faithfully capturing the

behavior of real-world PIM systems [20, 22, 39].

Hardware Abstraction. A PIM system, as depicted in Fig. 1, con-

sists of a host CPU and a PIM side with 𝑃 PIM modules. The CPU

follows a conventional multicore architecture with a shared on-chip

cache of size𝑀 words. Each PIMmodule contains a small on-chip lo-
cal memory of𝑂 (𝑁 /𝑃) words (where 𝑁 denotes the problem size or

total storage footprint), collectively forming the PIM memory, along
with a general-purpose but relatively lightweight compute unit

referred to as the PIM core. The host CPU can load programs onto

PIM modules, trigger their execution, and detect their completion.

The host CPU can access both its on-chip cache and the off-chip

memories of all PIM modules, whereas each PIM core is limited to

its own local memory. Communication between the CPU and PIM

modules occurs via CPU-initiated read and write operations on the

memories of the PIMmodules. Direct PIM-to-PIM communication is

not supported; instead, data exchange across different PIM modules

must be manipulated by CPU-managed memory operations.

CPU
side CPU Cache

𝑀 words

PIM
side

… Local Memory
Θ Τ𝑁 𝑃  words

core

P PIM Modules

Local Memory
Θ Τ𝑁 𝑃  words

core

Network

cores

Figure 1: The Processing-in-Memory (PIM) Model [19].

Execution and Cost Metrics.We assume an execution model sim-

ilar to the Bulk-Synchronous Parallel (BSP) paradigm [34], where

computation proceeds in synchronous rounds that alternate be-

tween CPU execution, PIM execution (all PIM cores in parallel), and

CPU-PIM data transfers (scatter-gather communication between

the CPU and all the PIM modules). Each round incurs a distinct

latency, and the overall execution time is the sum of these round

costs. Formally, the total execution time𝑇 is decomposed into three

components: the CPU execution time𝑇𝐶𝑃𝑈 , the PIM execution time

𝑇𝑃𝐼𝑀 , and the communication time 𝑇𝑐𝑜𝑚𝑚 . This is an algorithmic

abstraction rather than a dependence on any specific hardware

generation, although current PIM systems also expose a compatible

bulk host interface in which the CPU launches kernels on many

PIM modules and later collects their results [20, 29].

2.2 Scheduling in PIM Systems
While there has been extensive work on scheduling for PIM sys-

tems, most prior work focuses on application-driven design, such

as AI/ML [14, 26], nearest neighbor search [13, 37], graph process-

ing [4, 15], and databases [20, 24]. Among the few efforts that target

scheduling for general-purpose workloads (e.g., [12, 18, 23, 25, 30,

32, 33]), existing approaches are primarily empirical. This gap
motivates our development of a formal analysis of PIM Scheduling

with complexity-theory and/or competitive-ratio guarantees.

As noted in §1, our recent work on PIM-optimized indexes [20–

22, 38–40] shows that judicious use of both Push and Pull on PIM

enables both load balance and asymptotic reductions in data move-

ment (with high probability). However, that work differs from this

paper by (i) focusing only on indexes, (ii) considering only the

case where the CPU has at least 𝑃 times the compute power of a

PIM core, (iii) assuming all tasks in a batch are the same type of

operation (e.g., all index lookups) and all objects are with a same

fixed size, (iv) not providing competitive analysis, and (v) relying
on algorithm-controlled data placement and replication.

2.3 Distributed Scheduling
The PIM Scheduling problem studied in this paper is similar to some

problems studied in the context of distributed key-value stores,

distributed file systems and distributed content placement (e.g., [2,

5, 6, 16, 17, 36]). In these systems, objects are distributed across

many servers, often under the coordination of a master server. This

architecture naturally maps to the PIM setting: servers correspond

to PIM modules, while the master server corresponds to the host

CPU. When a request to access an object arrives, the master routes

the request to a server that stores the requested object. Most of

these works are empirical in nature, but they show the importance

of handling online requests that may be skewed toward certain

keys/objects. Because these systems do not have the ability, as

PIM does, to pull the object to the master and execute the task

at the master, load balancing generally involves either moving

objects from heavily-loaded servers to less-loaded servers, placing

the object a priori based on some assumptions about the pattern of

object arrival, or replicating the objects across servers.

Some recent theoretical work in this area considers randomized

placement of objects for better load balancing [3, 35]. In particular,

Wang et al. [35] uses techniques similar to our object placement

results (§6) in that it applies random object placement and moves

objects to improve load balance; however, due to the difference in

models, the algorithm details and the analytical results are signif-

icantly different. Analysis of these randomized object placement

schemes often use techniques developed in the context of the balls-

into-bins problem [7]—here 𝑛 balls are placed uniformly at random

into𝑚 bins and the weight of the heaviest bin is analyzed. In PIM

scheduling (and distributed data stores) with randomized place-

ment, the order is reversed—the objects are first placed randomly

across PIMmodules (servers) and then the requests are routed to the

appropriate server. However, similar analytical techniques apply.

One technique often used in balls-into-bins problems is power of
two choices [27] where balls can choose two locations independently
at random and go to the less loaded location. When all balls have

the same weight, the power of two choices significantly improves

load balance. In the context of PIM scheduling, this would mean

that we copy each object to two locations a priori and when tasks

arrive, they are routed to the less loaded PIM module. However,
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Table 1: Notation used throughout the paper

System Parameters
𝑃 Number of PIM modules in the system, each with a CPU-PIM channel

𝜙 CPU processing speed relative to one PIM module

Task Properties
𝑚 Number of tasks in a batch

𝑡𝑖 Target object of task 𝑖

𝑞𝑖 Transfer time of task 𝑖’s descriptor over a CPU-PIM channel

𝑤𝑖 PIM execution time of task 𝑖 (Note: CPU execution time = 𝑤𝑖/𝜙)
𝑟𝑖 Transfer time of task 𝑖’s reply over a CPU-PIM channel

Object Properties
𝑛 Number of objects stored in the system

ℎ𝑘 Host PIM module ID of object 𝑘

𝑠𝑘 Transfer time of object 𝑘 over a CPU-PIM channel

𝑄𝑘 Total descriptor transfer time of tasks targeting object 𝑘 in a batch

𝑊𝑘 Total PIM execution time of tasks targeting object 𝑘 in a batch

𝑅𝑘 Total reply transfer time of tasks targeting object 𝑘 in a batch

the weighted case (where balls may have weights, corresponding

to the task sizes or communication costs) makes the analysis of

this algorithm significantly more challenging. Prior work has only

considered such analysis under stochastic assumptions and/or when

the weights of balls are known in advance [8, 9, 31]. Therefore, these

techniques do not directly apply in our context.

3 Problem Setup
Overview. In this paper, we study task scheduling in the PIMModel

with 𝑃 PIM modules and a host CPU. Our algorithm takes a task

batch as input that arrives at the CPU cache, and aims at finishing

the batch in minimum total execution time. Within a batch, each

task 𝑖 needs to perform some computation on a target object 𝑡𝑖 .

Each object is initially stored on a host PIM module. To run the

task, the task descriptor and its target object must co-locate at some

processing unit, either the CPU or any PIM module. Therefore,

our algorithm must decide the best way to co-locate them, which

is either (i) Push the task to the host PIM module of the object,

(ii) Pull the object to the CPU, or (iii)Redirect: pull the object, then
send both the task and the object to a non-host PIM. We will also

consider (in §6) a setting where we control the initial placement of

objects across PIM modules, before batches arrive.

In this section, we start by formally defining the PIM Scheduling

problem, by defining the parameters and operations. Then in §4

and §5, we will introduce our clairvoyant and non-clairvoyant

scheduling algorithms, assuming no control over object placement.

In §6, we will introduce and analyze our object placement strategy.

3.1 Problem Definition
Objects. There are 𝑛 objects stored in the system. Object 𝑘 is stored

on exactly one PIM module, called its host PIM module, with ID

ℎ𝑘 . Moving object 𝑘 between a PIM module and the CPU costs 𝑠𝑘
object transfer time.1 Note that the CPU can do 𝑃 transfers in

1
To simplify notation, instead of defining object sizes in bytes and then dividing by

the CPU-PIM bandwidth to get transfer times, we directly define (normalized) transfer

times. Similarly, instead of defining task work and then dividing by processing speeds

to get execution times, we will directly define (normalized) execution times.

parallel, one per PIM module. For each object, both ℎ𝑘 and 𝑠𝑘 are

known to both its host PIM module and the CPU. In §4 and §5,

we assume the placement function ℎ𝑘 is fixed. In §6, the algorithm

decides the placement function before any batches arrive.

Tasks. Tasks arrive at the CPU in batches of size𝑚. We optimize

the makespan of one batch at a time, and do not consider fully

streaming arrivals where new tasks keep arriving while the current

batch is still being scheduled. This batch-parallel setting matches

the bulk execution interface abstracted in §2.1; dynamic arrivals

can be handled by forming successive batches, but online admission

across batches is out of the scope of this paper.

Task 𝑖 operates on one target object 𝑡𝑖 with PIM execution
time 𝑤𝑖 . The target object has host PIM module ℎ𝑡𝑖 , which we also

call the host PIM module of the task. The descriptor of task 𝑖 has
transfer time 𝑞𝑖 , and its reply has transfer time 𝑟𝑖 . Under our non-

clairvoyant setting, we make the realistic assumption that 𝑞𝑖 , 𝑟𝑖 , and

𝑡𝑖 are known in advance by the scheduler, but the PIM execution

time𝑤𝑖 is known only after the completion of task execution. We

assume tasks are read-only, and they can be flexibly aborted and

restarted. We also assume tasks can be paused and resumed, but

only on the same processing unit (i.e., the same PIM module or the

host CPU).

Note that a batchmay includemultiple tasks with the same target

object. We denote the total PIM execution time of tasks targeting

object 𝑘 in a batch as𝑊𝑘 . Similarly, we denote the total descriptor

(reply) transfer times as 𝑄𝑘 (𝑅𝑘 , respectively). Any object that is

targeted by at least one task is called an active object for the batch.
Table 1 summarizes the notation used in this paper.

3.2 System Assumption
We assume that the system follows the PIM Model described in

§2.1. While the original PIM model has separate metrics for CPU

computation, PIM computation, and CPU-PIM communication, we

need to combine these metrics into one for the total makespan.

We model the relative processing power of the CPU over each

PIM core by a parameter 𝜙 ≥ 1. Thus a task 𝑖 that would take 𝑤𝑖

time if executed on a PIM module takes only𝑤𝑖/𝜙 time on the CPU.

When the CPU is asymptotically at least as powerful as all PIM

cores combined (i.e., 𝜙 = Ω(𝑃)), we call this setting the Strong-
CPU setting; otherwise, we call it theWeak-CPU setting. As for

relative bandwidth, the CPU can perform as many as 𝑃 transfers in

parallel, one per PIM module. This models a balanced system (such

as the UPMEM-PIM discussed in §7) where the bandwidth out/in

the CPU side matches the bandwidth in/out the PIM side.

Load Balance. All 𝑃 PIM modules and all 𝑃 CPU-PIM commu-

nication channels run in parallel in PIM compute and CPU-PIM

communication rounds, respectively. The execution time of each

synchronous round is decided by the straggler. For both CPU-PIM

communication rounds and PIM execution rounds, the execution

time is defined as the execution time of the PIM module with maxi-

mum load. If a future PIM system allows CPU and PIM computation,

or computation and communication, to overlap within a round, the
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Figure 2: Single-task scheduling diagram showing data flows
for 1○ Push, 2○ Pull and 3○ Redirect. Solid (dashed) boxes
show task and object locations prior to (during, respectively)
scheduling.

round time changes from a sum of these components to their maxi-

mum, which affects our bounds only by a constant factor. For CPU

execution, there is no load balance issue.
2

Pause & Re-schedule.We assume that each PIM module can al-

ways pause the execution of its currently running task and switch

to another task on it. However, we make the pessimistic (for our

algorithm) assumption that the paused tasks can only be resumed at

the exact same PIMmodule. Trying to execute the task at a different

PIM module requires sending related data (the task descriptor and

the object) and completely restarting the task execution. Allow-

ing migration to preserve partial progress would define a stronger

model, because the scheduler would be able to move only interme-

diate state and then execute only the remaining work on the new

processing unit. Our lower bounds do not rely on this pessimistic

restart-on-migration restriction. Exploiting partial progress would

require different scheduling algorithms and is left for future work.

3.3 Execution Methods
Push. The most straightforward way to execute a task 𝑖 is to Push

the task to the object ( 1○ in Fig. 2). A typical use case for Push is a

lightweight task (with short execution time, a small descriptor, and

a small reply) with a huge target object (with large object transfer

time). Sending the task descriptor ( 1○A), executing the task, and

receiving the reply ( 1○B), takes 𝑞𝑖 ,𝑤𝑖 , and 𝑟𝑖 time, respectively.

Pull. Another way to execute a task 𝑖 is to Pull the object 𝑡𝑖 , then

run on the CPU. A typical use case is a heavyweight task (long

execution time and/or a large descriptor/reply), or a collection of

tasks with high aggregate cost, with a small target object (small

object transfer time). In such case, fetching the object ( 2○A) and

running the task on the CPU is faster, and avoids incurring this

high load on the object’s host PIM module. Pulling the object and

executing the task takes 𝑠𝑡𝑖 and𝑤𝑖/𝜙 time, respectively. We do not

need to send/receive the task descriptor/reply in this case.

Redirect. A natural extension to the Push and Pull studied in

prior PIM papers (§2.2) is Redirect. It pulls an object to the CPU

( 3○A), sends the object ( 3○A) and the descriptor ( 3○B) to another

2
As argued in [19], work-stealing [1, 10, 11] can be used across host CPU cores to

obtain load balance since data are only moved locally within the CPU’s on-chip cache,

whereas work-stealing across PIMmodules incurs costly between-chip data movement.

PIM to execute, and receives the reply ( 3○C). In §5, we will show

that we can achieve our bounds without Redirect, but only in the

Strong-CPU setting (𝜙 = Ω(𝑃)). In the Weak-CPU setting, there

is asymptotically greater compute power on the PIM side, and we

should make use of this power rather than leaving the PIM cores

underutilized. A Redirect for task 𝑖 from its host PIM module ℎ𝑡𝑖
to a different PIM module ℎ′ incurs 2𝑠𝑡𝑖 + 𝑞𝑖 time to co-locate task

and object on ℎ′,𝑤𝑖 time to execute on ℎ′, and 𝑟𝑖 time to send the

reply back to the host CPU.

Merging Rounds. All three execution methods involve multiple

rounds. For example, Pull needs a CPU-PIM communication round

to fetch the object, and a CPU execution round to execute the task

on the object. Based on §3.2, the time is the sum of separate maxes

for each round. We simplify our analysis by analyzing the “max

of sums” instead of the “sum of maxes”, at the cost of a constant

factor (since the number of rounds being so merged is constant).

We define the load for a PIM module to be the combined costs in

time. For example, a Push for task 𝑖 contributes 𝑞𝑖 load for sending

the descriptor to its host PIM module,𝑤𝑖 load for execution on that

PIM module, and 𝑟𝑖 load for sending the reply back to the CPU,

adding up to 𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 total load for its host PIM module ℎ𝑡𝑖 .

3.4 Main Challenge
Since the PIM model is a distributed model with a CPU and 𝑃 PIM

modules, we need both low total load and good load balance to

achieve low total execution time. The main challenge is to achieve

both simultaneously, especially under the non-clairvoyant setting.

If we consider only the total load and ignore load balance, then

there is a trivial solution, which we call minimize-total-load (MTL):

Execute each task exactly once, never redirect, and choose between

push and pull by comparing 𝑄𝑘 , 𝑅𝑘 ,𝑊𝑘 and 𝑠𝑘 . This minimizes the

total load as it simultaneously minimizes execution and transfer

costs. However, it can cause severe load imbalance—it may accumu-

late all tasks on the host CPU, leaving the PIM side underutilized,

which is unacceptably inefficient in the Weak-CPU setting.

3.5 Lower Bound
In this section, we present a per-instance (i.e., batch-specific) lower

bound on the execution time of any schedule for a given batch of

tasks. Note that the proof for this lower bound uses the “merging

rounds” technique (§3.3). The three terms below are elementary

bottlenecks when viewed separately: one captures the heaviest load

forced onto a single host PIM, one captures the total work that must

be absorbed by the CPU/PIM system even with perfect load balance,

and one captures the time needed by the hardest individual task

even if it is routed optimally. Their role in the paper is as a target

for the algorithms in §4–§5: the algorithms must simultaneously

respect these bottlenecks while deciding when to Push, Pull, or

Redirect.

Lower Bound per PIM. Every task needs to access one object

on exactly one PIM. Therefore, for every PIM module 𝑗 , it must

deal with (execute or move) all tasks 𝑖 with host PIM module 𝑗

(i.e., ℎ𝑡𝑖 = 𝑗 ). This lower bound enumerates all active objects with

tasks on the PIM. For each object 𝑘 , either all its tasks are executed

locally on the PIM (push), or the object itself is pulled to the CPU

side (pull or redirect). Also, there must be sufficient time for the
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last PIM module to finish. Recall that 𝑄𝑘 ,𝑊𝑘 , 𝑅𝑘 denote aggregate

task costs for object 𝑘 . We define:

𝑇𝑃𝑒𝑟𝑃𝐼𝑀 =max

𝑗


∑︁
ℎ𝑘=𝑗

min(𝑄𝑘 +𝑊𝑘 + 𝑅𝑘 , 𝑠𝑘 )


Lower Bound on Total Load. Every task must be executed some-

where in the system. In this lower bound, we assume perfect load

balance throughout the system. It can either be executed on a single

PIM, causing 𝑞𝑖 +𝑤𝑖 +𝑟𝑖 load for the PIM, which is (𝑞𝑖 +𝑤𝑖 +𝑟𝑖 )/𝑃 in

total for the system with 𝑃 PIMs; or executed on the CPU, causing

𝑤𝑖/𝜙 load. We define:

𝑇𝐿𝑜𝑎𝑑 =
∑︁
𝑖

min {(𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 )/𝑃,𝑤𝑖/𝜙}

Lower Bound on the Hardest Single Task. Finally, each individ-

ual task must complete on either the CPU or a PIM module. If task

𝑖 is executed on a PIM module, even ignoring any object movement

needed for Redirect, it needs at least 𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 time for descriptor

transfer, execution, and reply transfer. If it is executed on the CPU,

its target object must be pulled to the CPU before the task can

run there, taking at least 𝑠𝑡𝑖 +𝑤𝑖/𝜙 time. Therefore, we define the

single-task lower bound:

𝑇𝑆𝑖𝑛𝑔𝑙𝑒 =max

𝑖
min

{
𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 , 𝑠𝑡𝑖 +𝑤𝑖/𝜙

}
Theorem 3.1. Ω(𝑇𝑃𝑒𝑟𝑃𝐼𝑀 +𝑇𝐿𝑜𝑎𝑑 +𝑇𝑆𝑖𝑛𝑔𝑙𝑒 ) is a lower bound on

the execution time, regardless of the schedule.

4 Clairvoyant Scheduling
In this section, we introduce our clairvoyant scheduling algorithm.

The algorithm assumes that when the task batch arrives at the

CPU, the scheduler knows in advance the target object 𝑡𝑖 , the task

descriptor transfer time 𝑞𝑖 , the PIM execution time𝑤𝑖 , and the reply

transfer time 𝑟𝑖 for each task 𝑖 in the batch.

Theorem 4.1. Our clairvoyant scheduling algorithm achieves
constant-approximation on makespan compared to the optimal clair-
voyant scheduling algorithm.

The clairvoyant scheduler possesses complete knowledge of

all tasks and objects, allowing it to internally simulate the entire

execution process before the actual execution. Note that to finish all

tasks within a batch, each task must be fully executed once, which

requires the co-location of the task descriptor and the object. Our

scheduler executes each task exactly once in the system, incurring

no restarts or migrations.

As discussed in §3.3, each task is executed on the CPU side or

on one PIM module, through Push, Pull, or Redirect (Fig. 2). The

key scheduling decision is the physical execution location of each

task, and the core functionality of the clairvoyant scheduler is to

make these decisions. For task 𝑖 , the scheduling decision is defined

by where it was executed, denoted as 𝑥𝑖 ∈ {𝐶𝑃𝑈 , 𝑃𝐼𝑀 𝑗 }. Before the
execution begins, the CPU internally calculates all scheduling deci-

sions, then the execution follows the outcome decisions throughout

the execution process.

4.1 Execution Process
The execution has five rounds, as shown in Figure 3. First, the

CPU computes the scheduling decision 𝑥𝑖 for each task. Second,

in a communication round, all task descriptors and objects are

transferred according to scheduling decisions—those not already

at the scheduled location are moved to enable execution. Third, in

the execution round, all PIM modules execute all tasks assigned to

them, which is guaranteed to be executable after the communication

round. Fourth, the CPU executes all tasks assigned to itself. Fifth,

in the last communication round, task replies are sent to the CPU.

4.2 Cost Analysis
The whole execution process, including all data transfers and object

movements, is decided by the scheduling decisions 𝑥𝑖 ’s. An optimal

scheduling algorithm leads to decisions that minimize the total

execution time. In this subsection, we formalize the execution time

according to the scheduling decision. The scheduling algorithm

that makes the decisions will be introduced in the subsections that

follow.

Merging Rounds. Recall that the total execution time is the com-

bination of the execution time of each round, which is decided

by the straggler for PIM-involved rounds. Therefore, the total ex-

ecution time is a combination of the preparation communication

time (Round 2), the PIM execution time (Round 3), the CPU execu-

tion time (Round 4), and the reply communication time (Round 5),

ignoring the cost of the scheduling algorithm.

𝑇 =𝑇
(2)
𝑐𝑜𝑚𝑚 +𝑇𝑃𝐼𝑀𝑒𝑥𝑒𝑐 +𝑇𝐶𝑃𝑈𝑒𝑥𝑒𝑐 +𝑇 (5)𝑐𝑜𝑚𝑚

Note that three rounds out of five are bounded by PIM stragglers.

According to the merging rounds method mentioned in §3.3, we can

ignore the synchronization barriers to simplify the analysis, without

violating asymptotic bounds, and define load as the combined costs

in time. Instead of directly minimizing 𝑇 , we minimize 𝑇 ′, which is

decided by the maximum load among PIMs:

𝑇 ′ =max

𝑖

{
𝑇
(2)
𝑐𝑜𝑚𝑚,𝑖

+𝑇𝑃𝐼𝑀𝑒𝑥𝑒𝑐,𝑖 +𝑇 (5)𝑐𝑜𝑚𝑚,𝑖

}
+𝑇𝐶𝑃𝑈𝑒𝑥𝑒𝑐 = Θ(𝑇 )

Push. Task 𝑖 is executed by Push to its host PIM module when its

scheduling decision is 𝑥𝑖 = 𝑃𝐼𝑀ℎ𝑡𝑖
. It introduces 𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 load

to the PIM module 𝑃𝐼𝑀ℎ𝑡𝑖
.

Pull. Task 𝑖 is executed by Pull when its scheduling decision is

𝑥𝑖 =𝐶𝑃𝑈 . It introduces 𝑠𝑡𝑖 load to its host module 𝑃𝐼𝑀ℎ𝑡𝑖
, and𝑤𝑖/𝜙

load to CPU execution.

Redirect. For task 𝑖 , when 𝑥𝑖 = 𝑃𝐼𝑀 𝑗 ≠ 𝑃𝐼𝑀ℎ𝑡𝑖
, the task is executed

on 𝑃𝐼𝑀 𝑗 through Redirect. It introduces 𝑠𝑡𝑖 load to its host 𝑃𝐼𝑀ℎ𝑡𝑖
,

and 𝑠𝑡𝑖 + 𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 load to its execution PIM module 𝑥𝑖 = 𝑃𝐼𝑀 𝑗 .

4.3 Scheduling Decisions: Push
We now introduce the scheduling algorithm that decides 𝑥𝑖 for all

tasks, and prove that itsmakespan is constant competitive compared

with the optimal clairvoyant scheduler with decision set 𝑥∗𝑖 .

Push tasks. The first stage is to figure out tasks that must be

executed on the host PIM module through Push with 𝑥𝑖 = 𝑃𝐼𝑀ℎ𝑡𝑖
.

To achieve this, the CPU reads the task batch, and analyzes all

active objects (i.e., objects with one or more tasks targeting it). For
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Figure 3: Overview of Clairvoyant Optimal Scheduling. The circled numbers and the letters refer to Fig. 2.

each active object 𝑘 , we sum the total descriptor transfer time 𝑄𝑘 ,

the total PIM execution time𝑊𝑘 , and the total reply transfer time

𝑅𝑘 , and compare these costs to the object transfer time 𝑠𝑘 . The CPU

can compute all these values in the clairvoyant setting.

There are two choices for each active object 𝑘 : we either solve

all tasks on it by Push, or we must pull the object back to the CPU

for the other two types of executions (Pull and Redirect). Solving

by Push takes 𝑄𝑘 +𝑊𝑘 + 𝑅𝑘 time in total, while pulling the object

takes 𝑠𝑘 time at least. Therefore, for any object in which Push is

less expensive than simply pulling the object, using Push to solve

all tasks on the active object is the optimal solution.

To be more precise, for any object 𝑘 with

𝑄𝑘 +𝑊𝑘 + 𝑅𝑘 ≤ 𝑠𝑘
any task 𝑖 targeting this object (𝑡𝑖 = 𝑘) will be executed by Push (𝑥𝑖 =

𝑃𝐼𝑀ℎ𝑡𝑖
). This decision is always optimal. For any task 𝑥𝑖 = 𝑃𝐼𝑀ℎ𝑡𝑖

,

either we have 𝑥∗𝑖 = 𝑃𝐼𝑀ℎ𝑡𝑖
, or we can set 𝑥∗𝑖 = 𝑃𝐼𝑀ℎ𝑡𝑖

without

worsening the makespan of the optimal schedule 𝑥∗𝑖 . However, the
other side does not hold.

Pull objects. After the first stage, all unfinished tasks will be exe-

cuted through Pull or Redirect by the scheduler. Therefore, in the

second stage, all objects that are still active are pulled to the host

CPU, incurring 𝑠𝑘 load for object 𝑘’s host PIM module ℎ𝑘 . After this

stage, all active task descriptors and objects are on the host CPU.

Note that there is a corner case—some object may have all its

tasks executed by Push in the optimal schedule, but falls into this

category (Pull or Redirect) in our scheduling. This mismatch is

possible, and can lead to additional object movement compared

with the optimal schedule. However, the cost of moving the object

is less than the cost of executing the Pushs; thus, this mismatch

does not break the constant competitiveness.

4.4 Scheduling Decisions: Pull and Redirect
In the third stage, the scheduler needs to decide the actual execution

location 𝑥𝑖 for each task 𝑖 , choosing between the CPU or PIMs.

Strong-CPU vs. Weak-CPU. This is where the Strong-CPU and

Weak-CPU settings differ. When 𝜙 = Ω(𝑃), Redirect is not asymp-

totically necessary: since the CPU is asymptotically as powerful

as all PIM modules combined, a would-be redirected task can in-

stead be run on the CPU after its object has been pulled, while

preserving the constant-factor bound. In the Weak-CPU regime,

the CPU cannot absorb all such work, so Redirect is needed to use

the aggregate compute power of the PIM modules. Rather than

handling the two regimes with separate algorithms, we use one

assignment formulation that permits both Pull and Redirect.

After the Push stage, the remaining decision can be viewed as

an extended version of a Parallel Machine Scheduling Problem:

there are up to𝑚 tasks within the system, and each task must be

executed fully on one machine (the host CPU or one of the 𝑃 PIM

modules). If task 𝑖 is executed on the CPU, it incurs𝑤𝑖/𝜙 CPU load.

If it is executed on 𝑃𝐼𝑀 𝑗 , it incurs 𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 load on 𝑃𝐼𝑀 𝑗 , and an

additional 𝑠𝑡𝑖 load if it is the first task accessing object 𝑡𝑖 on 𝑃𝐼𝑀 𝑗 .

We aim at acquiring a scheduling that minimizes the sum of the

maximum load among PIM modules and the host CPU load.

Problem Simplification. To transform the problem into a more

standard version of Parallel Machine Scheduling (PMS), we apply

two simplifications without violating the constant competitiveness.

First, we aim at minimizing the maximum load among the CPU

and all PIMs, rather than minimizing the sum of the CPU load and

the maximum of PIM load. According to the “merge round” result

in §3.3, this simplification preserves constant competitiveness.

Second, we aim at eliminating the impact of object movement

loads 𝑠𝑡𝑖 in the asymptotic analysis of our algorithm. Note that if

task 𝑖 has 𝑞𝑖 + 𝑤𝑖 + 𝑟𝑖 ≥ 𝑠𝑡𝑖 , we can ignore the communication

cost, because the task parameters dominate the load. However, the

Push stage (§4.3) only guarantees that the total load on each object

satisfies such constraint:𝑄𝑘 +𝑊𝑘 +𝑅𝑘 ≥ 𝑠𝑘 . The total load can be a

summation over many small tasks, each having an execution load

𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 < 𝑠𝑡𝑖 . If these small tasks are scheduled separately to

different PIMs, object movement load might dominate the cost.

To eliminate this cost, we merge small tasks into largermeta-
tasks. Small tasks with 𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 < 𝑠𝑡𝑖 are completely eliminated

after this merging process. A potential issue of this merging tech-

nique is in load balance, because tasks that were able to be scheduled

separately are forced to be scheduled together after merging, lead-

ing to larger task granularity. However, we set limits to ensure that

it cannot break the constant competitiveness. When we merge mul-

tiple tasks together, we can view this as merging all but the largest

task (the one with maximum 𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 ) into that largest task. We

ensure that the total load of the small tasks

∑
𝑞′𝑖 +𝑤 ′𝑖 + 𝑟 ′𝑖 ≤ 2 · 𝑠𝑡𝑖 ,

so the additional load generated through this merging process will

not change the makespan by more than a constant.

After the simplifications, the problem is very similar to an asym-

metric parallel machine scheduling. There are 𝑃 slow machines

(PIM modules) and one fast machine (host CPU) in the system, and

we need to schedule up to𝑚 tasks on these machines, aiming at the

minimum makespan. Task 𝑖 runs faster on the fast machine (𝑤𝑖/𝜙),
and slower on the slow machines (𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 ).
Scheduling Algorithm. The scheduling algorithm starts by a

binary search on the makespan result 𝑇 , and tries to find a feasible
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scheduling under this constraint. The minimum feasible 𝑇 is taken

as our makespan result.

To verify the feasibility of𝑇 and extract the corresponding sched-

ule, we start with scheduling tasks on the CPU. We first schedule

on the CPU (𝑥𝑖 ← 𝐶𝑃𝑈 ) all tasks that cannot be scheduled on PIM

(𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 > 𝑇 ). Then we try to schedule tasks that save the most

to the CPU, by sorting all tasks according to their savings ratio

𝑞𝑖+𝑤𝑖+𝑟𝑖
𝑤𝑖 /𝜙 , and greedily assigning tasks with maximum saving ratio

to the CPU, until no task can fit into the𝑇 time budget for the CPU.

Finally we assign tasks to PIMs. We sort tasks according to their

load (𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 ), then schedule tasks from largest load to smallest

to PIMs. Tasks first go to the first PIM module, and switch to the

second PIMwhen the next task does not fit into the first PIMwithout

exceeding𝑇 . If all tasks are successfully scheduled,𝑇 is feasible and

we have a valid schedule; otherwise we mark 𝑇 as infeasible.

Proof.We prove that if the optimal solution incurs 𝑇 ∗ execution
time for the simplified PMS problem, our scheduling algorithm

always succeeds with 𝑇 = 2𝑇 ∗.
We prove by contradiction. Suppose our algorithm marks 2𝑇 ∗

as infeasible, then there must be tasks left after filling up the last

PIM module. Therefore, every PIM module must have more than

𝑇 /2 =𝑇 ∗ load. This means that compared with the optimal schedule

with time 𝑇 ∗, our schedule with 𝑇 = 2𝑇 ∗ digests less load on the

CPU side. Note that our CPU scheduling algorithm can be viewed as

a greedy scheduling algorithm prioritizing the gain ratio. Therefore,

we found a contradiction with the following knapsack lemma.

Lemma 4.2 ([28]). Consider a 0-1 knapsack problem with capacity
𝐶 . Let 𝐺 be the solution obtained by sorting items in non-increasing
value-to-size ratio and greedily packing items with capacity 2𝐶 . Then
the value of 𝐺 is at least the optimal value for capacity 𝐶 .

5 Non-Clairvoyant Scheduling
In this section, we introduce our non-clairvoyant scheduling algo-

rithm. The algorithm assumes that when the task batch arrives at

the CPU, the scheduler knows in advance the target object 𝑡𝑖 , the

task descriptor transfer time 𝑞𝑖 , and the reply transfer time 𝑟𝑖 for

each task 𝑖 in the batch, but the PIM execution time𝑤𝑖 is unknown

until the task finishes. Not knowing the task execution times fun-

damentally changes the algorithm design—the CPU can no longer

simulate the execution process in advance and use methods like

binary search.

Our non-clairvoyant algorithm runs in four stages, and has the

following execution time upper bound:

𝑂 (𝑇𝑃𝑒𝑟𝑃𝐼𝑀 +𝑇𝐿𝑜𝑎𝑑 +𝑇𝐻𝑒𝑎𝑣𝑖𝑒𝑠𝑡 )

where 𝑇𝐻𝑒𝑎𝑣𝑖𝑒𝑠𝑡 = max𝑖 {𝑞𝑖 +𝑤𝑖 + 𝑟𝑖 } is the highest PIM-side load

(i.e., Push cost) of a single task in the batch. The lower bound

in Theorem 3.1 includes a single-task term 𝑇𝑆𝑖𝑛𝑔𝑙𝑒 , which takes

the cheaper side between PIM and CPU execution for each task

(i.e., min(Push cost, Pull cost)). Thus, 𝑇𝐻𝑒𝑎𝑣𝑖𝑒𝑠𝑡 should be viewed

as the non-clairvoyant additive overhead in our analysis, not as

a standalone lower bound. In this section, we will introduce each

stage in order. During this process, we prove that each step satisfies

the upper bound.

5.1 Push Stage
This stage is the only stage that we execute tasks by Push—sending

task descriptors to their host PIM module for local execution. This

stage has a similar target to the Push stage in the clairvoyant

setting—aiming at finding objects 𝑘 with

𝑄𝑘 +𝑊𝑘 + 𝑅𝑘 ≤ 𝑠𝑘
The main challenge is that𝑊𝑘 is unknown in the non-clairvoyant

setting; we address it by executing each task for a short trial period.

In this stage, the CPU reads the task batch, and calculates the

sum of the total task descriptor transfer time and the total reply

transfer time (𝑄𝑘 + 𝑅𝑘 ) on each object 𝑘 , and compares the sum

against the object transfer time 𝑠𝑘 . For every object 𝑘 , if 𝑠𝑘 ≥ 𝑄𝑘 +
𝑅𝑘 , task descriptors are sent to their host PIM module ℎ𝑘 , then

the PIM module runs these tasks for at most 𝑠𝑘 − 𝑄𝑘 − 𝑅𝑘 time.

Once all tasks on an object are finished, the PIM module starts

running the next object immediately. In such case, the object is

deactivated and the reply(s) will be returned to the CPU. Otherwise,

the tasks are aborted and all results are deleted in order to avoid

the communication cost.

After this stage, any object that remains active has𝑊𝑘 ≥ 𝑠𝑘−𝑄𝑘−
𝑅𝑘 . This stage finishes in nomore than𝑇𝑃𝑒𝑟𝑃𝐼𝑀 time, because objects

that remain active spend at most 𝑠𝑘 time each, and deactivated

objects spend 𝑄𝑘 +𝑊𝑘 + 𝑅𝑘 time each.

5.2 Pull Object Stage
In this stage, the CPU pulls all active objects from the PIM modules.

These tasks are either executed by the CPU (Pull) or by a remote

PIM (Redirect) after this stage.

After this stage, all task descriptors and active objects are on

the CPU side, and we decide whether or not to Redirect in later

stages. This stage finishes in no more than 𝑇𝑃𝑒𝑟𝑃𝐼𝑀 time, because

each object takes exactly 𝑠𝑘 time, and each active object has𝑊𝑘 ≥
𝑠𝑘 −𝑄𝑘 − 𝑅𝑘 after the Push stage.

Similar to our clairvoyant scheduling, additional objects might be

pulled to the CPU, compared with the optimal scheduling. However,

these elements do not asymptotically change the bound.

5.3 CPU Execution Stage
This stage is the only stage that we execute tasks by Pull on the CPU.

Recall from §3.5 that each task contributes at least (𝑞𝑖 + 𝑟𝑖 +𝑤𝑖 )/𝑃
system load if executed on the PIM side and 𝑤𝑖/𝜙 CPU load if

executed by Pull. In this stage, we finish all CPU-friendly tasks

whose Pull execution cost is no more than the Redirect cost:

𝑞𝑖 +𝑤𝑖 + 𝑟𝑖
𝑃

≥ 𝑤𝑖

𝜙

The stage then follows the same Strong-CPU vs. Weak-CPU

comparison as the clairvoyant Pull/Redirect stage in §4.4.

Strong-CPU. In the Strong-CPU setting, the CPU has more com-

pute power than all PIMs combined: 𝜙 = Ω(𝑃). Therefore, the cost
of Pull is always asymptotically no larger than Redirect, and we do

not need Redirect in this case. Under this assumption, the sched-

uling algorithm ends here with a better upper bound 𝑂 (𝑇𝑃𝑒𝑟𝑃𝐼𝑀 +
𝑇𝐿𝑜𝑎𝑑 ) that matches the lower bound up to constant competitiveness.

This bound also covers the single-task term𝑇𝑆𝑖𝑛𝑔𝑙𝑒 : for any task, the
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time
T = 1 T = 2 T = 4 T = 8

Figure 4: The execution scheme of Redirect.

object-transfer part is charged to 𝑇𝑃𝑒𝑟𝑃𝐼𝑀 and the remaining per-

task descriptor/execution/reply load is charged to either𝑇𝑃𝑒𝑟𝑃𝐼𝑀 or

𝑇𝐿𝑜𝑎𝑑 , depending on whether the task execution is cheaper on the

PIM side or on the CPU side.

Weak-CPU. In theWeak-CPU setting, we have 𝜙 ≥ 1 and 𝜙 = 𝑜 (𝑃).
We cannot simply ignore the computation power of all PIMs and

run all tasks on the CPU as in the Strong-CPU setting. Instead, we

run each task for time:

𝑞𝑖 + 𝑟𝑖
𝑃 − 𝜙

This guarantees that all CPU-friendly tasks finish. Note that this

time is positive in the Weak-CPU setting since 𝜙 = 𝑜 (𝑃) < 𝑃 .

This stage finishes in no more than 𝑇𝐿𝑜𝑎𝑑 time on the CPU side,

for both Strong-CPU and Weak-CPU settings.

5.4 Redirect Stage
Finally in this stage, we finish all remaining tasks by Redirect,

which requires sending objects to PIMs. Therefore, similar to the

clairvoyant scheduling step in §4.4, we need to merge tiny tasks

into large meta-tasks. The only difference is that the PIM execution

time 𝑤𝑖 is unknown in the non-clairvoyant setting, therefore we

merge small tasks with 𝑞𝑖 + 𝑟𝑖 < 𝑠𝑡𝑖 , removing the𝑤𝑖 factor. After

merging, every (meta-)task’s load falls into the range [𝑞𝑖 + 𝑟𝑖 ,∞),
whose exact value depends on the PIM execution time𝑤𝑖 .

The Redirect stage contains multiple rounds, as shown in Fig. 4.

In this example, each rectangle is a task, there are five PIM modules

(one per row) and four rounds (separated by dotted lines). During

round 𝑥 , the algorithm tries to Redirect all tasks onto PIM modules

and spend 𝑇 = 2
𝑥−1

time on each task. Recall that we know the

minimum load of each task (𝑞𝑖 +𝑟𝑖 ), so a task will not be considered
if it definitely cannot be executed. Each execution slot is represented

as a blue rectangle. The minimum load is marked in orange in this

figure, while the unknown PIM execution time 𝑤𝑖 is in green. A

task may re-run multiple times before completion, but the total

load remains linear to its actual load, since the lengths of time grow

exponentially across rounds.

The execution time is bounded by𝑂 (𝑇𝐿𝑜𝑎𝑑 +𝑇𝐻𝑒𝑎𝑣𝑖𝑒𝑠𝑡 ). As shown
in Fig. 4, there are full time slots (with five tasks) and partially-filled

time slots. The total time for full time slots is bounded by 𝑂 (𝑇𝐿𝑜𝑎𝑑 )
because of perfect load balance. The total time for partially-filled

time slots is dominated by 𝑂 (𝑇𝐻𝑒𝑎𝑣𝑖𝑒𝑠𝑡 ), because the redirect stage
finishes as soon as the heaviest task ends.

Theorem 5.1. Our non-clairvoyant scheduling algorithm executes
a task batch in 𝑂 (𝑇𝑃𝑒𝑟𝑃𝐼𝑀 +𝑇𝐿𝑜𝑎𝑑 +𝑇𝐻𝑒𝑎𝑣𝑖𝑒𝑠𝑡 ) time.

6 Object Placement
In prior sections, we studied task scheduling and data movement

during execution, assuming that both the batch and the initial object

placement are adversary controlled. As a result, the 𝑇𝑃𝑒𝑟𝑃𝐼𝑀 term

in the lower bound depends on the initial object placement:

𝑇𝑃𝑒𝑟𝑃𝐼𝑀 =max

𝑗


∑︁
ℎ𝑘=𝑗

min(𝑊𝑘 +𝑄𝑘 + 𝑅𝑘 , 𝑠𝑘 )


In this section, we study the initial object placement algorithm

under a batch-oblivious setting: the placement is chosen before the

task batch is known, and the scheduler then runs after the batch

arrives. To be more specific, we study the uniform random place-

ment strategy that stores every object at a random PIM module.

This strategy is natural because it spreads the per-object terms in

𝑇𝑃𝑒𝑟𝑃𝐼𝑀 across PIM modules without requiring any prediction of

future access patterns. Our positive result is the high-probability

bound stated in Theorem 6.1, obtained from Lemma 6.2. The adver-

sary strategy at the end of the section gives the matching intuition:

for any batch-oblivious placement, an adversarial batch can force

the placement to behave no better than random in the worst case.

For object 𝑘 , we denote its placement-relevant object load by

𝐿𝑘 =min(𝑄𝑘 +𝑊𝑘 + 𝑅𝑘 , 𝑠𝑘 )

and let 𝐿𝑚𝑎𝑥 =max𝑘 𝐿𝑘 .

Theorem 6.1 (Random object placement). Assume that (i) each
object is stored independently and uniformly at random on one of
the 𝑃 PIM modules and (ii) the task batch is generated obliviously to
the random placement. Then, with probability at least 1 − 1/𝑃 , the
𝑇𝑃𝑒𝑟𝑃𝐼𝑀 term in the scheduling guarantees from §4 and §5 can be
replaced by the placement-independent bound

𝑇 ′𝑃𝑒𝑟𝑃𝐼𝑀 =𝑂
©­«
∑︁
𝑘

𝐿𝑘/𝑃 +
√︄
(
∑︁
𝑘

𝐿2
𝑘
) log 𝑃/𝑃 + 𝐿𝑚𝑎𝑥 log 𝑃

ª®¬
Proof. We use the same scheduling algorithm after introducing

the random object placement. Recall that the scheduling algorithm

first decides which active objects can be finished by Push, then

pulls the remaining active objects to the CPU, and only afterward

runs the remaining tasks on the CPU (Pull) or on a remote PIM

module (Redirect). The initial object placement affects only the first

two stages: the PIM-side load incurred by Push executions, and the

load for pulling active objects from their host PIM modules to the

CPU. Once task descriptors and active objects have been pulled to

CPU, the initial object placement no longer matters.

Every active object 𝑘 contributes the object load 𝐿𝑘 defined above

to the first two stages. The “min” comes from the decision between

Push and Pull. Under random object placement, each active object

is stored uniformly randomly at one PIM module with probability

1/𝑃 . Thus the placement-induced load in these two stages is exactly

a balls-into-bins process with one ball for each active object, ball

weight 𝐿𝑘 , and one bin for each PIM module. Applying Lemma 6.2

gives the stated high-probability upper bound on the maximum

PIM load, which is 𝑇 ′
𝑃𝑒𝑟𝑃𝐼𝑀

. □
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Lemma 6.2. We have 𝑏 balls such that ball 𝑖 has weight 𝑎𝑖 > 0, and
let 𝑎max =max𝑖 𝑎𝑖 . Each ball is placed into one of 𝑃 bins independently
uniformly at random. The maximum load of any bin is

𝑂 (
∑𝑏

𝑖=1 𝑎𝑖

𝑃
+

√︄∑𝑏
𝑖=1 𝑎

2

𝑖

𝑃
log 𝑃 + 𝑎max log 𝑃)

with probability at least 1 − 1/𝑃 .

Proof. Say 𝑌𝑗 is the load of bin 𝑗 . Let

𝜇 = E[𝑌𝑗 ] =
𝑏∑︁
𝑖=1

𝑎𝑖/𝑃

be the expected load for bin 𝑗 . In addition, say 𝜎2 = (1/𝑃)∑𝑏
𝑖=1 𝑎

2

𝑖

is the variance (assuming reasonably large 𝑃 ).3 We can now apply

Bernstein’s Inequality on 𝑌𝑗 :

Pr(𝑌𝑗 − 𝜇 ≥ 𝜖) ≤ exp

( −𝜖2
2𝜎2 + (2/3)𝜖𝑎max

)
.

Suppose we want this probability to be less than 1/𝑃2
. Therefore,

we want to solve for 𝜖 such that

exp

( −𝜖2
2𝜎2 + (2/3)𝜖𝑎max

)
= 1/𝑃2

Taking a logarithm on both sides, we get a quadratic equation in

𝜖 . We can solve this equation to get 𝜖 = 𝑂 (𝜎
√︁
log 𝑃 + 𝑎max log 𝑃).

Therefore, each individual bin has maximum load of∑𝑏
𝑖=1 𝑎𝑖

𝑃
+𝑂

(√︄∑𝑏
𝑖=1 𝑎

2

𝑖

𝑃
log 𝑃 + 𝑎max log 𝑃

)
with probability at least 1− 1/𝑃2

. Applying the union bound across

all 𝑃 bins yields the stated result. □

Adversary Strategy. We now show why this balls-into-bins guar-

antee is the right target for batch-oblivious placement. The adver-

sary knows the placement strategy, but not its random coins, and

chooses a batch after the placement strategy has been fixed. The

adversarial batches make Push no more expensive than moving

the object for every active object, so the lower-bound term reduces

to the maximum load of active objects on their initial host PIM

modules.

Theorem 6.3 (Batch-oblivious placement lower bound).

For any batch-oblivious placement strategy, possibly randomized,
there exists an adversarial distribution over task batches for which
the placement-dependent lower bound matches the balls-into-bins
load-balance barrier. Thus no batch-oblivious placement strategy can
asymptotically improve the worst-case placement-dependent term
beyond the high-probability guarantee achieved by uniform random
placement.

Proof. Fix any number 𝑏 of active objects and any common

load ℓ < min𝑘 𝑠𝑘 . Fix a realized placement function ℎ and a set 𝐴

of active objects. For each object 𝑘 ∈ 𝐴, let the adversary choose

a value ℓ𝑘 ∈ (0, 𝑠𝑘 ], which will become the object load 𝐿𝑘 in the

constructed batch. Create one task targeting each object 𝑘 ∈ 𝐴

3
To be precise, the variance is (1 − 1/𝑃 ) (1/𝑃 ) ∑𝑏

𝑖=1 𝑎
2

𝑖 , but we only need an upper

bound in this analysis.

with total descriptor, PIM execution, and reply load equal to ℓ𝑘 ;

for example, set 𝑞𝑖 and 𝑟𝑖 to arbitrarily small positive values with

𝑞𝑖 +𝑟𝑖 < ℓ𝑘 , and set𝑤𝑖 = ℓ𝑘 −𝑞𝑖 −𝑟𝑖 . Then𝑄𝑘 +𝑊𝑘 +𝑅𝑘 = ℓ𝑘 ≤ 𝑠𝑘 , so
executing all tasks on object 𝑘 by Push costs no more than pulling

object 𝑘 to the CPU, and by the definition of 𝐿𝑘 we have 𝐿𝑘 = ℓ𝑘 .

For this batch, the placement-dependent term in the lower bound

from §3.5 is

𝑇𝑃𝑒𝑟𝑃𝐼𝑀 =max

𝑗

∑︁
𝑘∈𝐴:ℎ𝑘=𝑗

min(𝑄𝑘 +𝑊𝑘 + 𝑅𝑘 , 𝑠𝑘 ) =max

𝑗

∑︁
𝑘∈𝐴:ℎ𝑘=𝑗

ℓ𝑘 .

By Theorem 3.1, every schedule has makespan Ω(𝑇𝑃𝑒𝑟𝑃𝐼𝑀 ).
The construction above works for any chosen active set 𝐴; we

now choose 𝐴 adversarially to obtain the lower bound for batch-

oblivious placement. Consider an adversarial distribution that se-

lects 𝑏 active objects uniformly at random from all objects and

sets ℓ𝑘 = ℓ for every selected object. Conditioned on any balanced

placement, where each PIM module stores the same number of

objects, the induced host-PIM loads have the same distribution as

placing equal-weight balls uniformly at random into 𝑃 bins. If a

placement is unbalanced, the adversary can instead choose active

objects from an overfull PIM module, so imbalance only makes the

worst-case batch easier to construct. Any high-load event that oc-

curs with positive probability under the distribution above implies

the existence of at least one fixed batch in its support with the same

placement-dependent lower bound. □

7 Evaluation
Our evaluation studies the effectiveness and robustness of our

scheduling algorithms across both modeled and real-world PIM set-

tings. Because there are no prior algorithms for the PIM Scheduling

problem, we compare against natural but naïve baselines. We focus

on the performance gains of our clairvoyant and non-clairvoyant

algorithms over these baselines, as well as the robustness of these

gains to different hardware regimes and workload settings. For

this evaluation, we use both an analytical PIM simulator and a

real-world 2048-module UPMEM-PIM machine [29].

Simulator. We build a simulator that serves as an analytical eval-

uator for the BSP cost model: given a workload and a schedule, it

simulates CPU-PIM data transfer time, PIM execution time, and host

CPU execution time. We sweep various configurations of hardware

parameters to simulate different PIM system regimes.

UPMEM. We also evaluate on a server equipped with UPMEM

PIM [29]. The server has two Intel Xeon Silver 4215 CPUs (32

threads total, 2.5 GHz, 22 MB L3 cache). Meanwhile, the server in-

cludes 32 UPMEM PIM ranks (2048 PIMmodules) in total, providing

128 GB of PIM memory, with PIM cores running at 350 MHz.

Workload. On both platforms, each batch consists of𝑚 tasks tar-

geting 𝑛 objects. Tasks target objects according to a Zipf distribu-

tion [41] with parameter 𝜃 . By default, all tasks perform constant

amounts of computation work, but we also evaluate settings where

the per-task computation work follows exponential and Pareto

distributions.

Baselines.We compare our two scheduling algorithms—Clairvoyant

(Clv) and Non-clairvoyant (NCV )—against the following four base-

lines. AllPush sends every task to the PIM module that holds its
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Table 2: Simulator: Varying 𝑃 at𝜙 (𝑃) = 𝑃/32. Method columns
show normalized runtime. Speedup columns show the mul-
tiplicative gain of Clv and NCV over the best baseline.

Baselines Ours Speedup

𝑃 AllPush AllPull MTL-Obj MTL-Tsk Clv NCV Clv NCV

32 4.69 27.63 27.63 4.69 2.25 2.36 2.08× 1.99×
64 8.91 27.61 27.61 18.90 2.37 2.51 3.76× 3.55×
256 33.57 27.41 27.41 30.99 2.81 2.82 9.75× 9.72×
1024 127.22 27.03 27.03 57.96 3.27 3.65 8.26× 7.41×
2048 249.13 26.54 26.54 92.09 3.33 4.05 7.97× 6.55×
4096 486.09 25.91 25.91 158.44 3.36 6.10 7.72× 4.25×
8192 905.84 24.21 24.21 275.53 4.31 9.63 5.62× 2.51×
16384 1732.85 23.20 23.20 507.79 6.28 14.26 3.70× 1.63×

Table 3: Simulator: Varying CPU power 𝜙 at 𝑃 = 2048.

Baselines Ours Speedup

𝜙 AllPush AllPull MTL-Obj MTL-Tsk Clv NCV Clv NCV

64 249.13 26.54 26.54 92.09 3.33 4.05 7.97× 6.55×
128 249.13 13.29 13.29 81.20 3.16 4.06 4.21× 3.27×
192 249.13 8.88 8.88 77.56 3.00 4.06 2.96× 2.19×
256 249.13 6.67 6.67 75.78 2.83 4.07 2.36× 1.64×

Table 4: Simulator: Varying target object distribution skew 𝜃

at 𝑃 = 2048, 𝜙 = 256.

Baselines Ours Speedup

𝜃 AllPush AllPull MTL-Obj MTL-Tsk Clv NCV Clv NCV

0 7.75 6.67 6.67 7.32 2.85 4.73 2.34× 1.41×
0.1 8.39 6.67 6.67 7.07 2.88 4.67 2.32× 1.43×
0.3 10.56 6.67 6.67 8.44 2.82 4.84 2.36× 1.38×
0.5 32.84 6.67 6.67 14.40 2.80 4.56 2.38× 1.46×
0.8 128.89 6.67 6.67 41.03 2.87 4.27 2.32× 1.56×
0.99 249.13 6.67 6.67 75.78 2.83 4.07 2.36× 1.64×
1.2 441.18 6.67 6.68 127.73 2.85 4.01 2.34× 1.66×
1.5 763.94 6.74 6.75 214.64 2.88 4.40 2.34× 1.53×

target object. AllPull pulls every object to the host CPU and per-

forms the computation there. MTL-Obj and MTL-Tsk apply the

minimize-total-load heuristic described in §3.4 at per-object and

per-task granularity, respectively.

7.1 Simulation Results
Each table reports the normalized runtime of different methods,

defined as execution runtime over estimated lower bound (lower is

better). For the estimated lower bound, we use 𝑇𝑃𝑒𝑟𝑃𝐼𝑀 +𝑇𝐿𝑜𝑎𝑑 +
𝑇𝑆𝑖𝑛𝑔𝑙𝑒 from Theorem 3.1, ignoring the constant factors. Each table

also reports the speedup of Clv/NCV over the best baseline (higher
is better). By default, we use 𝑃 = 2048,𝑚 = 100k, 𝑛 = 1000, 𝜃 = 0.99,

and𝑤𝑖 = 5 arithmetic operations. Tables 2–5 sweep different 𝑃 , 𝜙 ,

𝜃 , and work distribution. Both Clv and NCV outperform every
baseline in all configurations: 1.28×–9.75× for Clv, and 1.01×–
9.72× for NCV.

7.2 Evaluation on UPMEM
We implement the same algorithms on real UPMEM hardware [29],

which is in a weak-CPU regime with 𝑃 = 2048 and 𝜙 ≈ 900. By de-

fault, we use 𝑛 = 512,𝑚 = 131,072,𝑤𝑖 = 2M arithmetic operations,

and 𝜃 = 0.99. T/O entries indicate a per-invocation timeout, with

Table 5: Simulator: Varying per-task work distribution at
𝑃 = 2048, 𝜙 = 384. “exp” is Exponential with mean 5. “pareto-
𝛼” is bounded Pareto with tail index 𝛼 .

Baselines Ours Speedup

Dist. AllPush AllPull MTL-Obj MTL-Tsk Clv NCV Clv NCV

Constant 238.97 3.52 3.52 238.97 2.57 2.80 1.37× 1.26×
Exp 244.26 3.56 3.56 141.46 2.78 3.53 1.28× 1.01×
Pareto-1.2 250.77 4.66 4.66 51.08 2.34 4.24 1.99× 1.10×
Pareto-1.5 249.13 4.46 4.46 73.92 2.61 4.08 1.71× 1.09×
Pareto-2.0 246.32 4.22 4.22 109.58 2.62 3.96 1.61× 1.07×

a normalized runtime of at least 40. Tables 6–8 sweep different 𝑛,

𝑤𝑖 , and 𝜃 . Both Clv and NCV outperform every baseline in all
configurations: 1.72×–1.81× for Clv, and 1.23×–1.42× for NCV.

Table 6: UPMEM: Varying object count 𝑛. T/O denotes a per-
invocation timeout.

Baselines Ours Speedup

𝑛 AllPush AllPull MTL-Obj MTL-Tsk Clv NCV Clv NCV

128 T/O 2.19 2.20 2.20 1.23 1.59 1.79× 1.38×
256 T/O 2.20 2.20 2.20 1.22 1.59 1.80× 1.38×
512 T/O 2.19 2.20 2.20 1.23 1.59 1.79× 1.38×
1024 T/O 2.20 2.21 2.20 1.23 1.60 1.79× 1.38×
2048 T/O 2.20 2.20 2.20 1.23 1.79 1.79× 1.23×

Table 7: UPMEM: Varying per-task work𝑤𝑖 .

Baselines Ours Speedup

𝑤𝑖 AllPush AllPull MTL-Obj MTL-Tsk Clv NCV Clv NCV

500K T/O 2.21 2.21 2.22 1.22 1.56 1.81× 1.42×
1M T/O 2.21 2.20 2.21 1.22 1.56 1.81× 1.41×
2M T/O 2.20 2.20 2.21 1.23 1.59 1.79× 1.38×
4M T/O 2.19 2.18 2.13 1.24 1.62 1.72× 1.31×

Table 8: UPMEM: Varying target object distribution skew 𝜃 .

Baselines Ours Speedup

𝜃 AllPush AllPull MTL-Obj MTL-Tsk Clv NCV Clv NCV

0 13.71 2.23 2.23 2.25 1.23 1.59 1.81× 1.40×
0.5 T/O 2.21 2.18 2.15 1.23 1.59 1.75× 1.35×
0.99 T/O 2.22 2.23 2.23 1.23 1.59 1.81× 1.40×
1.2 T/O 2.20 2.19 2.22 1.23 1.59 1.78× 1.38×
1.5 T/O 2.20 2.20 2.20 1.22 1.59 1.80× 1.38×

8 Conclusion
Processing-in-memory (PIM) architectures offer a compelling archi-

tectural solution to thememory latency/bandwidthwall by bringing

computation closer to data. To fully exploit the capability of PIM

systems, we introduce the PIM Scheduling problem, capturing the

asymmetry between the host CPU and the PIM side.

We establish fundamental lower bounds on the makespan for a

batch of tasks and design a non-preemptive clairvoyant algorithm

achieving a constant-factor competitive ratio. More importantly, we

develop a non-clairvoyant scheduling algorithm whose asymptotic

makespan differs from the clairvoyant lower bound by only a small
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additive term corresponding to the heaviest PIM-side load (i.e., Push

cost) of a single task in the batch. We further analyze the random

object placement strategy and obtain performance guarantees. Our

implementation and evaluation show that our algorithms achieve

up to a 9.8× speedup in simulation and up to a 1.8× speedup on real

PIM hardware. In summary, this work sets up a formal theoretical

foundation for scheduling in PIM systems, and presents (nearly)

constant competitive scheduling algorithms that are effective in

practice.
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