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Abstract
Modern GPU workloads increasingly rely on dynamic and
fine-grained memory allocation, yet GPU memory manage-
ment remains CPU-centric. In current GPU runtimes, alloca-
tion metadata updates, page-table construction, translation-
state propagation, and TLB shootdowns are largely serialized
through the host control path, introducing substantial latency.
We present MOONBRIGHT, a GPU memory allocator that
enables device-side page-table materialization and deferred
TLB coherence on commodity GPUs. MOONBRIGHT keeps
validation and allocation metadata on the host, but moves
bulk page-table construction to the GPU, turning transla-
tion updates into data-parallel device-memory operations. To
avoid costly TLB shootdowns on the common path, MOON-
BRIGHT assigns fresh virtual addresses to new mappings,
ensuring that no stale same-address TLB entries can exist.
Our evaluation shows that MOONBRIGHT reduces alloca-
tion latency, improves LLM inference performance, and mit-
igates allocator-level external fragmentation across diverse
workloads. Unlike application-specific memory managers,
MOONBRIGHT requires no GPU hardware modifications
and runs on commodity NVIDIA and AMD GPUs with
software-only changes. MOONBRIGHT is publicly available
at https://github.com/MoonBright-project.

1 Introduction

Memory management has long been a core systems discipline,
and decades of CPU hardware-software co-design have pro-
duced highly optimized virtual-memory systems and allocator
designs, including PTMalloc [15], JEMalloc [14], TCMal-
loc [20], and others [21, 24, 27, 28].

Modern GPUs now host a diverse spectrum of workloads,
spanning large-scale DL models [9, 13, 17, 63], data analyt-
ics [34, 42], scientific simulations [2, 3, 55, 69], graph pro-

† Jiacheng Zhao is the corresponding author.

cessing [31, 38, 67, 75], and emerging general-purpose com-
putations [54, 60]. GPUs such as NVIDIA B200 [40] have
reached the thousand-TFLOPS scale, allowing many CUDA
kernels to complete within only a few microseconds. As GPU
execution becomes faster and more fine-grained, CPU-driven
memory allocation increasingly falls on the critical path [23],
turning frequent allocation into a major bottleneck.

Although modern GPUs include hardware MMUs for ad-
dress translation, GPU memory management remains largely
CPU-centric. The host maintains the authoritative page ta-
bles, and allocation, deallocation, and remapping requests
are routed through the driver, which serializes translation up-
dates and propagates them to the GPU. When mappings are
changed or reused, the host is also responsible for enforcing
device-side TLB coherence, often through costly TLB shoot-
downs. Consequently, allocation calls such as cudaMalloc
incur high control-path latency.

Existing systems mitigate allocation overhead primarily
through pool-based allocation. Framework allocators such
as TensorFlow’s BFC allocator [1] and PyTorch’s caching
allocator [43], as well as CUDA’s stream-ordered allocator,
reduce calls into the driver by caching and reusing previously
allocated memory. While effective at reducing allocation la-
tency, these designs still rely on reuse within pre-allocated
memory regions rather than addressing the CPU-centric con-
trol path itself. As a result, they inherit the central weakness
of pool-based allocation: fragmentation can accumulate when
allocation lifetimes and sizes do not match the allocator’s
layout and reuse policies.

An alternative is on-demand mapping using low-level
memory-management APIs such as CUDA Virtual Memory
Management (VMM) [39]. However, this path is blocked
by prohibitive mapping latency. VMM’s mapping overhead
scales with the number of pages whose mappings should be es-
tablished or updated, and serialized host-side driver calls can
incur millisecond-scale delays. This makes VMM mapping up
to three orders of magnitude slower than microsecond-scale
kernel execution. Recent systems such as vAttention [45] and
GMLake [16] attempt to hide this latency through complex
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scheduling. However, they do not address the root cause: the
mapping latency itself remains high, leaving systems vulnera-
ble to latency spikes in dynamic deep-learning workloads.

The conflict is clear: allocating memory on the fly intro-
duces high latency and hurts performance, while pre-allocated
memory pools lead to fragmentation and hurt memory uti-
lization. These derivative problems raise a classic operating-
systems question: When a foundational abstraction layer is
inadequate, should the user-space application layer continue
building workarounds, or is it time to fix the foundation itself?
Instead of continuing to patch this foundation with user-space
workarounds, we ask a fundamental question: Can we re-
architect GPU virtual memory management to address both
allocation latency and fragmentation?

Our key insight is that GPU memory management should
not be treated as a serialized OS control task, but as a data-
parallel workload ideally suited for the GPU itself. Although
promising, translating this theoretical insight into a practical
system requires bridging two fundamental challenges:
Challenge 1: How can the GPU maintain its page table
efficiently? Existing GPUs lack privileged instructions for
page table manipulation from user space. How can we en-
able direct GPU control over page tables without hardware
modifications?

Our solution. We propose MOONBRIGHT, which lever-
ages both the massive parallelism and ultra-high memory
bandwidth of modern GPUs to efficiently construct and up-
date page tables directly on the device. First, by mapping the
multi-level page table region into the virtual address space,
MOONBRIGHT allows CUDA kernels to natively read and
write page-table entries. Second, all modifications are exe-
cuted by MOONBRIGHT-generated kernels specifically tuned
to fully saturate the GPU’s multi-TB/s bandwidth, slashing
page-table update latencies to mere microseconds.
Challenge 2: How can we minimize TLB flushes while
maintaining coherence? CPU-issued TLB shootdown is a
fundamental component of current GPU memory manage-
ment. Commodity GPUs require the CPU to initiate TLB
shootdowns, and each flush can impose a global CPU-GPU
synchronization point before memory operations proceed.
This creates a major performance bottleneck and prevents
page-table updates from being integrated cleanly into stream-
ordered execution.

Our solution. MOONBRIGHT introduces a Deferred TLB
Coherence protocol to decouple memory allocation from ex-
pensive global synchronization. The key mechanism is an
Always-Fresh virtual address (VA) allocation strategy. By
guaranteeing that every new allocation receives a previously
unused VA, MOONBRIGHT ensures that new mappings inher-
ently avoid conflicts with stale TLB entries. This invariant
allows MOONBRIGHT to safely bypass TLB flushes on the
critical allocation path, relegating explicit coherence oper-
ations strictly to exceptional cases, such as VA recycling,
remapping, or permission modifications.

Method Fast
Alloc.

Stream
Order

Flexible
Map Defrag.

cudaMalloc ✗ ✗ ✗ ✗

cudaMallocAsync ✓ ✓ ✗ ✗

CUDA VMM ✗ ✗ ✓ ✓

Userspace Caching Allocator ✓ ✓ ✗ ✗

Ours ✓ ✓ ✓ ✓

Table 1: Comparison of memory primitives. Fast Alloc.: Low
allocation latency on the critical path; Stream Order: Non-
blocking, stream-aware allocation semantics; Flexible Map:
Decoupling of virtual and physical memory for arbitrary map-
pings; Defrag.: External-fragmentation mitigation. MOON-
BRIGHT uniquely achieves all four properties.

Together, these techniques allow MOONBRIGHT to sup-
port GPU-side page-table updates while maintaining the
coherence guarantees required by modern GPU runtimes.
MOONBRIGHT exports several primitives and composes
them into a familiar runtime API surface, including Malloc,
MallocAsync, and VMM-style interfaces, while reducing
mapping latency and external fragmentation.

Our evaluation shows that MOONBRIGHT reduces map-
ping latency by up to three orders of magnitude, and that
these low-level improvements translate into end-to-end bene-
fits: MOONBRIGHT improves TTFT by up to 8.2× for LLM
inference compared with vAttention, and mitigates external
fragmentation across training workloads compared with Py-
Torch’s caching allocator.

This paper makes the following contributions:

• Bottleneck Analysis. We identify the CPU-centric mem-
ory management model and synchronous TLB flushes as
fundamental architectural bottlenecks, which impose severe
synchronization overheads on GPU memory management.

• GPU-Centric Architecture. We propose a GPU-centric
design and, to our knowledge, present the first device-side
page-table management mechanism on commodity GPUs,
moving critical-path operations off the host.

• Deferred Coherence Protocol. We introduce an Always-
Fresh virtual address allocation strategy. This ensures TLB
coherence without frequent TLB shootdowns, removing
synchronization cost from the common allocation path.

• System Implementation. We implement MOONBRIGHT
as a purely software mechanism on commodity NVIDIA
and AMD GPUs, requiring no hardware modifications and
integrating transparently with CUDA and HIP runtimes.

To facilitate further research in GPU systems, we have
open-sourced the implementation of MOONBRIGHT at
MoonBright-project.
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2 Background and Motivation

2.1 Managing GPU Memory

We use CUDA to illustrate modern GPU memory
management, but the same design patterns and limita-
tions also apply to HIP/ROCm. CUDA provides three
classes of device-memory management interfaces: the
cudaMalloc, cudaMallocAsync, and the CUDA Virtual
Memory Management (VMM) API. These interfaces occupy
different points in the design space of allocator flexibility,
synchronization overhead, and fragmentation.

CUDA VMM API. The Low-Level GPU Virtual Memory
Management interface (e.g., cuMemAddressReserve, cuMem-
Create, cuMemMap, cuMemSetAccess) exposes low-level vir-
tual memory primitives. It decouples virtual address reserva-
tion, physical memory creation, mapping, and access control,
allowing page-granular management of device memory. In
the CUDA VMM path, cuMemMap binds physical allocations
to reserved virtual ranges, while cuMemSetAccess installs
access permissions and makes the mapping visible to the de-
vice. Current implementations keep this path host-driven and
can trigger global CPU-GPU synchronization, resulting in
long operation latency [16,45] and preventing stream-ordered
execution.

cudaMalloc. The traditional GPU memory allocation API
can be seen as a fixed sequence of VMM operations. The run-
time reserves a contiguous virtual address range, allocates
physical memory of the same size, maps the two, and installs
access permissions. These calls also impose global synchro-
nization, so allocation and deallocation cannot overlap with
kernel execution and often dominate critical-path latency.

cudaMallocAsync. To reduce allocation latency, CUDA
provides cudaMallocAsync and cudaFreeAsync, which op-
erate on a runtime-managed memory pool. Requests are
served from cached blocks rather than invoking VMM opera-
tions. This achieves low latency but fixes allocation granular-
ity to pool blocks. Because the allocator cannot flexibly remap
virtual pages to physical pages, fragmentation accumulates
under workloads with diverse or long-lived allocations.

Userspace caching allocators. To mitigate the
high mapping latency of cudaMalloc, modern frameworks
often deploy custom userspace allocators, such as those in
PyTorch and TensorFlow. These allocators follow the same
design principle as cudaMallocAsync: they overprovision a
large memory pool using cudaMalloc and manage it with
best-fit or similar placement policies. As a result, they inherit
the same fundamental limitation. Once the pool develops
holes, subsequent allocations may be satisfiable only by non-
contiguous free regions, yet the allocator lacks the ability to
manipulate page tables to eliminate fragmentation. Conse-
quently, memory utilization degrades over time, especially in
long-running or dynamically shaped workloads.

Alloc.
Size

Book-
keeping

Phys.
Alloc.

PT
Build

TLB
Flush

CUDA
Total

Ours
Total

2 MB 0.8 8 47 3.7 59 24
16 MB 1.1 9 422 5.1 437 27
128 MB 1.2 10 949 6.3 966 32

Table 2: Latency breakdown of cudaMalloc for different
allocation sizes. All values are in microseconds. Page-table
construction dominates the CUDA path; MOONBRIGHT’s
total latency is shown for comparison.

2.2 Architectural Bottlenecks
The aforementioned limitations are not merely engineering
artifacts of specific APIs; they stem from deeper architectural
choices in how GPUs manage memory control paths.

2.2.1 Dissecting Allocation Latency.

We find that allocation latency arises fundamentally from the
CPU-centric page-table model. Historically, the CPU main-
tains the authoritative page tables, while GPU-resident page
tables act as device-side replicas. Consequently, every alloca-
tion, deallocation, remapping operation, or permission update
is first processed on the CPU, serialized through the vendor
driver, and then propagated to GPU-resident translation struc-
tures. Once the GPU page table is updated, the host triggers a
TLB flush to maintain coherence across the GPU’s translation
caches.

Table 2 breaks down the latency of a cudaMalloc opera-
tion on an NVIDIA A100 GPU. By instrumenting the driver
and runtime phases, we decompose the end-to-end latency
into four components: Logical bookkeeping (tracking VA
metadata), Physical allocation (obtaining device pages), Page-
table construction and transmission (building CPU-resident
PTEs and shipping them via PCIe), and TLB flush. As shown
in Table 2, allocation latency remains high, reaching approxi-
mately 1 ms for a 128 MB allocation.

More importantly, page-table construction and transmis-
sion overwhelmingly dominate the cost, accounting for 80%
to 99% of the total latency across the evaluated sizes. This
disproportionate expense is not simply a PCIe bandwidth
artifact. Modifying translations requires mutating shared
address-space state: validating VA ranges, instantiating miss-
ing page-table levels, encoding leaf PTEs, and locking struc-
tures against concurrent updates. Crucially, while encoding
thousands of independent leaf PTEs is an inherently data-
parallel task, the CPU-centric model forces the host driver
to construct them serially within a sequential execution loop.
The observed latency is thus a massive compound penalty of
this sequential host-side PTE construction, state propagation
across the PCIe bus, and conservative coherence enforcement.
Insight 1: GPU-Resident Translation. This observation mo-
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tivates MOONBRIGHT’s core architectural pivot: making the
device page table authoritative for device translations. Once
the host supplies the physical-frame list, PTE materialization
becomes an inherently data-parallel operation over indepen-
dent pages. MOONBRIGHT therefore dispatches GPU kernels
to directly update device-resident page tables, leveraging the
GPU’s massive parallelism and multi-TB/s memory band-
width to bypass serialized CPU driver loops. As highlighted
in Table 2, this design reduces the 128 MB page-table up-
date latency to only 32 µs, shifting page-table materialization
from a dominant control-plane bottleneck to a lightweight
device-side operation.

2.2.2 Dissecting Memory Fragmentation.

To amortize the severe control-path overhead discussed above,
deep learning frameworks universally rely on user-space
pooling. Allocators such as TensorFlow’s BFC [1] and Py-
Torch’s caching allocator [43] acquire massive memory re-
gions from the driver upfront, serving subsequent requests
through user-space suballocation. More recently, NVIDIA in-
troduced stream-ordered allocation via cudaMallocAsync,
which extends this philosophy by serving requests from
CUDA-managed pools without enforcing device-wide syn-
chronization.

However, because these designs treat pooling as their sole
defense against mapping latency, they inherit the fundamental
weakness of pool-based allocation: they cannot manipulate
page tables to consolidate memory. Recent studies [16, 19,
25] confirm that the irregular, dynamic tensor lifetimes in
large-scale training and inference inevitably misalign with
the pool’s layout. This mismatch rapidly accumulates severe
external fragmentation, wasting device memory and halting
scalability.

Ideally, an allocator would cure fragmentation by using
Virtual Memory Management (VMM) APIs to transparently
remap physical pages behind contiguous virtual addresses.
Yet, under the current CPU-centric architecture, any attempt
to dynamically remap pages introduces a catastrophic perfor-
mance penalty. To ensure coherence, a VMM remapping oper-
ation demands global device-wide synchronization: the CPU
driver must wait for all active kernels across all streams to fin-
ish, drain the device entirely, and only then issue a global TLB
flush. Even though the hardware flush itself is relatively fast
(e.g., 6.3 µs in Table 2), this mandatory global synchronization
forces the GPU to completely empty its execution pipelines.
This heavy-handed barrier forcibly degrades modern asyn-
chronous, stream-ordered execution back into blocking, syn-
chronous execution, rendering VMM-based defragmentation
practically unusable for latency-sensitive frameworks.
Insight 2: Deferred Coherence via Fresh VAs. One of our ob-
servations is that GPU workloads require far fewer TLB coher-
ence events than CPU counterparts. While CPUs frequently
mutate existing address spaces (e.g., context switches, permis-

MOONBRIGHT Runtime

User/Developer

vAttentionCUDA/HIP Applications PyTorch Allocator

MOONBRIGHT Driver Primitives

⓿bootstrap ❶alloc_va

❸pgt_create

❷alloc_pfn

❹pte_pop ❺tlb_flush
CUDA/HIP

Driver

MallocAsync

Fast Path：Caching Allocator

Slow Path：❶→❷→❸→❹

CUDA/HIP

Runtime

VMM

Reserve: ❶

Create: ❷

Map:❸→❹→❺

Malloc

❶→❷→❸→❹→❺

CUDA/HIP Context Init

⓿

Figure 1: MOONBRIGHT System Overview.

sion changes), GPU workloads are highly regular, predomi-
nantly allocating new memory. Our TLB microbenchmarks
(§5.5) show that, when a newly allocated virtual address has
no stale same-address translation in the TLB, MOONBRIGHT
can safely install the mapping without a flush. The first ac-
cess observes a TLB miss and walks the newly materialized
page-table entry.

This insight underpins MOONBRIGHT’s Deferred VA
Reuse (Always-Fresh) policy. By ensuring the allocator
strictly assigns previously unused virtual address ranges to
new allocations, MOONBRIGHT guarantees that new PTEs
will not collide with stale TLB entries. This elegantly cir-
cumvents the stop-the-world TLB flush, deferring coherence
operations only to the rare cases of actual VA recycling. Con-
sequently, MOONBRIGHT can perform asynchronous, low-
latency defragmentation in the background without stalling
compute streams.

Takeaway. The host-side bottlenecks inherent to the CPU-
centric page-table model necessitate a GPU-centric archi-
tectural shift. Centralizing page-table construction on the
GPU eliminates CPU-mediated serialization latency, and the
Always-Fresh virtual address policy eliminates unnecessary
TLB flushes. Together, these two pillars form the foundation
of MOONBRIGHT, uniquely satisfying the requirements of
fast allocation, flexible mapping, and external-fragmentation
mitigation (as summarized in Table 1).

3 Design of MOONBRIGHT

MOONBRIGHT introduces two key mechanisms: device-side
page-table materialization and deferred TLB coherence. Fig-
ure 1 presents the overall architecture of MOONBRIGHT,
which adopts a two-layer organization consisting of a driver
layer and a runtime layer. The driver layer exposes a set of low-
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Figure 2: Bootstrap. The hardware page table structures back-
ing VA(user) are mapped to a specialized virtual address,
VA(gPGT). This pointer allows CUDA kernels to treat the
page table as an array.

level memory-management primitives (e.g., page-table manip-
ulation, virtual-address allocation, and fine-grained mapping
operations). The runtime layer orchestrates these primitives
to implement standard memory allocation interfaces com-
patible with existing GPU software, from native CUDA/HIP
applications to deep-learning frameworks such as PyTorch.

3.1 Composable Low-Level Primitives

MOONBRIGHT fundamentally shifts page table construction
to the GPU by defining updates as data-plane workloads. To
ensure the host (Control Plane) maintains a consistent view of
the device-resident state without costly synchronization, we
introduce a Linearized Page Table Abstraction. This allows
the CPU to deterministically calculate the location of any page
table entry (PTE) in GPU memory using purely arithmetic
operations, eliminating the need for costly round-trip PCIe
communications.
0 Bootstrap: Linearized View Construction. Triggered upon
CUDA context creation, this primitive initializes the GPU-
resident metadata required to manage the hardware’s multi-
level page table hierarchy (PD3 → PD2 → PD1 → PT ). As
shown in Figure 2, MOONBRIGHT must make the physical
pages that hold the hardware page-table hierarchy reachable
through a device virtual address before a CUDA kernel can up-
date them. Specifically, MOONBRIGHT obtains the physical
addresses of the multi-level page-table pages and bootstrap-
maps those pages into a contiguous virtual range, creating the
GPU Page Table (gPGT ) view. Abstraction Provided: This
primitive exposes the multi-level page table as a flattened,
linear array (gPGT [va_idx]). This abstraction allows both the
CPU and GPU to index PTEs using a simple offset calculation
(Base+V PN × sizeo f (PT E)), enabling fast coordination be-
tween host orchestration and device execution.

MOONBRIGHT exposes five composable primitives that

PA->PT0

… …

gPGT->All PTs

PA->PTn

… …

UserKernel

__global__ 
void pte_pop (

void* gPGT,
void* PFN, ) 

{gPGT[..]=
(PFN[..]<<SHIFT)
| FLAGS;

}

CUDA Kernel PFN

…

PF0

PF1

PFn

PTE0PTE0
PTE1

PTEnPTEn

PTE1

Figure 3: Workflow of the parallel PTE population kernel
(pte_pop). MOONBRIGHT utilizes massively parallel GPU
threads to dynamically synthesize Page Table Entries (PTEs)
directly into the global GPU Page Table (gPGT ).

serve as the building blocks for customized memory alloca-
tors:
❶ Virtual Address Allocation (alloc_va). Managed by a CPU-
resident Red-Black tree, this primitive governs the logical
layout of the application’s virtual address space. It allocates
virtual memory ranges (VAs) and maintains high-level meta-
data (e.g., valid/free status).
❷ Physical Page Allocation (alloc_pfn). This primitive in-
terfaces with the low-level physical resource manager (e.g.,
NVIDIA GPU System Processor (GSP) or HIP Buddy Allo-
cator) to acquire available physical pages. It requests physical
page frame numbers (PFNs) and ensures the allocated mem-
ory remains resident and accessible to the device. Crucially, it
captures the Allocation Layout State alongside the raw PFNs.
This state serves as a coordination protocol for downstream
primitives, providing the necessary physical address metadata
required for the subsequent parallel mapping operation.
❸ Page Table Construction (pgt_create). This primitive
serves to populate sparse regions of the page table hierar-
chy. Upon detecting a missing directory level for a target
range, it validates the request against the virtual address state
maintained by ❶. Subsequently, it allocates the requisite phys-
ical backing for the directory (e.g., PT ) and executes a GPU
kernel to install the physical pointers into the global page
table array (gPGT ), ensuring the structural integrity of the
mapping tree.
❹ Parallel PTE Population (pte_pop). This core primitive
unifies the transformation of physical addresses into hardware-
compliant Page Table Entries (PTEs) and their population
into the GPU page table. Unlike standard drivers that perform
serialized PTE population from the host CPU, MOONBRIGHT
first transfers raw Physical Frame Numbers (PFNs) to a GPU-
resident buffer, termed the GPU PFN Buffer (PFN).

As illustrated in Figure 3, the mapping workflow executes
as a single, high-bandwidth parallel kernel that fuses construc-
tion and population. At runtime, thousands of GPU threads op-

USENIX Association 20th USENIX Symposium on Operating Systems Design and Implementation    2069



erate in parallel to execute a two-step process: First, On-the-
fly Construction: The GPU kernel reads raw page frame num-
bers (PFN) and dynamically synthesizes hardware-compliant
PTEs. This is achieved by combining physical addresses with
user-specified access permission bits (e.g., Read/Write flags)
using efficient bitwise operations. Second, Population: The
generated PTEs are immediately written into the destination
slots of the GPU Page Table (gPGT ).

By keeping both the source data (PFN) and the destination
structure (gPGT ) resident in high-bandwidth device memory,
this design transforms memory management into a pure, on-
device data movement task. It leverages the GPU’s massive
parallelism to populate page tables at memory-bandwidth lim-
its, executing substantially faster than CPU-driven approaches.
Furthermore, because this stage is implemented via a pro-
grammable GPU Kernel rather than rigid driver callbacks,
MOONBRIGHT allows developers to utilize standard parallel
programming models to express diverse mapping paradigms,
dynamically routing PFNs to arbitrary virtual addresses.
❺ TLB Flush (tlb_flush). This primitive is invoked when
an update can leave stale translations for the same virtual
address, such as unmapping, permission changes, or remap-
ping an existing VA. It triggers a host-initiated hardware TLB
shootdown and therefore introduces a GPU-wide synchro-
nization point. Fresh-VA mappings do not use this primitive:
subsequent kernels observe the new PTEs through normal
stream ordering, and no stale same-VA translation can exist.

3.2 User-Facing Memory API Design

In this subsection, we present how to construct memory allo-
cators based on MOONBRIGHT’s primitives.

3.2.1 Reconstructing Malloc

To demonstrate the composability of our primitives, we
present a high-performance implementation of a standard syn-
chronous memory allocator. Designed as a functional equiv-
alent to cudaMalloc, this implementation orchestrates the
primitives defined in §3.1 into a cohesive pipeline, addressing
the granularity mismatch between user requests and hardware
pages via a standard slab layer.
Large Allocation. For requests exceeding the slab threshold,
the runtime orchestrates a sequential primitive pipeline: re-
sources are first secured via ❶ and ❷, followed by hierarchy
instantiation using ❸. The mapping is then materialized by
the ❹ parallel kernel. If the allocation uses a fresh VA, no
TLB flush is required. A ❺ flush is appended only when
the allocator must recycle an old VA or update an existing
mapping.
Small Object Management. Since hardware physical pages
are fixed at a coarse granularity (e.g., 2 MB) while user re-
quests might be fine-grained (e.g., 1 KB), we employ a classic
slab [8] allocation strategy to manage sub-page objects. The

allocator maintains user-space metadata organized by size
classes. For requests with smaller objects, it locates available
slots within active slabs via bitmap scanning. This operation
is performed entirely in user space, avoiding the latency of
driver interactions or hardware primitives. Only when a slab
is fully exhausted or a request exceeds the slab threshold does
the allocator invoke the underlying primitive layer to acquire
fresh physical resources.
De-allocation. The de-allocation process (MemFree) executes
a strictly ordered sequence to ensure memory consistency.
First, the runtime enforces a device-side synchronization bar-
rier to ensure all active kernels accessing the target memory
have completed. Subsequently, it invokes a specialized un-
mapping kernel to atomically invalidate the PTEs in the GPU-
resident page table by zeroing out the corresponding entries.
Once the source mappings are invalidated, a TLB flush is
immediately issued to evict any stale translations, thereby en-
forcing coherence. Only after this sequence is confirmed does
the runtime return the physical page frames to the system allo-
cator via the inverse of alloc_pfn. To minimize reconstruction
overhead during future allocations in the same region, the
upper-level page table hierarchy associated with the virtual
address range is preserved.

3.2.2 Fragmentation-Mitigating MallocAsync

We propose an asynchronous memory allocator that exposes
fast, fragmentation-free allocation as a virtual-memory primi-
tive rather than as a framework-specific caching policy.2 By
moving allocation efficiency into the virtual-memory layer,
MOONBRIGHT provides a common substrate that can serve
existing frameworks directly or simplify their caching alloca-
tors, rather than requiring each framework to independently
engineer fragmentation mitigation.
Deterministic TLB Coherence via Fresh Virtual Addressing.
The central challenge in asynchronous allocation is maintain-
ing TLB coherence without global synchronization caused by
TLB flushes. Standard allocators require explicit flushes to
ensure both correctness and performance determinism. This
is necessitated by the non-coherent nature of GPU MMUs:
hardware lacks a mechanism to actively propagate page table
updates to the TLB, risking the usage of stale or inconsistent
entries (e.g., negative caching artifacts [74]) if not flushed.

To eliminate this hazard without blocking execution, we
propose an "Always-Fresh" Virtual Address (VA) allocation
strategy. By ensuring that new allocation occupies a fresh,
previously unused VA range within the current coherence
epoch, we guarantee the absence of stale same-VA TLB en-
tries; therefore, no flush is needed on this fast path. This
strategy is architecturally feasible for two reasons.

2Internal fragmentation due to page granularity is a separate policy trade-
off and is orthogonal to the virtual-memory mechanism studied in this paper.
Unless otherwise stated, fragmentation refers to external fragmentation.
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First, MOONBRIGHT provides the high-throughput map-
ping primitive needed to sustain rapid VA consumption. Sec-
ond, the required virtual-address space can be sized using a
theoretical guideline. We adopt Robson’s worst-case alloca-
tion analysis [53] as a conservative estimate for provisioning
the VA buffer: M(1+ 1

2 log2 n), where M is the physical mem-
ory size and n is the ratio between memory size and page size.
For an 80 GB GPU with 2 MB pages, this estimate is approx-
imately 693 GB. This footprint is well within the hundreds-
of-TB virtual address spaces exposed by modern GPUs and
incurs only modest overhead for additional page-table struc-
tures. Guided by this theoretical estimate, MOONBRIGHT
manages VA space as a large buffer with lazy reclamation, en-
suring TLB coherence through spatial separation rather than
frequent synchronization.
Correctness of Always-Fresh VA. The key invariant behind
MOONBRIGHT’s TLB-flush avoidance is that a newly in-
stalled mapping never reuses a virtual address that may have
had a valid same-address translation cached in the GPU TLB.
For fresh virtual addresses, there cannot exist a stale same-
address valid translation, because the address has not previ-
ously been mapped or successfully translated by the device.
Therefore, installing a fresh mapping does not require invali-
dating old translations.

Speculative translation activity does not violate this invari-
ant. Hardware page walkers or translation prefetchers may
probe nearby virtual addresses and cache negative transla-
tion results, but such entries encode the absence of a valid
mapping rather than a VA-to-physical-frame binding. They
therefore cannot redirect a future access to an old physical
frame. Once MOONBRIGHT installs a valid PTE for a fresh
VA, the first access either observes the new translation or
triggers a page walk that reloads the updated PTE. In this
way, MOONBRIGHT replaces a global TLB shootdown with
a translation miss, without compromising correctness.

Finally, always-fresh allocation is bounded by the available
virtual-address space. MOONBRIGHT treats VA exhaustion
as a rare slow-path event. When the current VA epoch ap-
proaches exhaustion, MOONBRIGHT waits for outstanding
GPU work that may reference the old epoch, performs a global
TLB invalidation, and then starts a new epoch in which previ-
ously used virtual addresses may be recycled. Thus, VA reuse
occurs only after device quiescence and TLB invalidation,
preserving the same-address freshness invariant.
Asynchronous Memory Pool Architecture. To provide an al-
locator with semantics familiar to users of cudaMallocAsync,
we implement a high-performance memory pool built directly
upon our decoupled primitives. The foundation of this archi-
tecture is a massive virtual address ring buffer. By maintaining
the page table entries (PTEs) in GPU-resident memory, we re-
move the CPU from the critical path of mapping updates. This
design allows the runtime to generate static code with fixed
pointers, even as the physical backing memory changes dy-
namically via the pte_pop primitive. Furthermore, this buffer

design enables lazy reclamation: when an object is freed,
MOONBRIGHT quarantines its VA range instead of hand-
ing that VA out immediately. The range becomes reusable
only at a recycle epoch, where MOONBRIGHT performs a
batched tlb_flush before the ring wraps around. This amor-
tizes synchronization across many allocations while keeping
the common path flush-free.
Fast Path: Caching Allocator. The first tier of the allocator
is designed for the "fast hot path," handling high-frequency
allocations. To achieve a low-latency hot path, this tier oper-
ates entirely in user space, avoiding the overhead of kernel
transitions. Drawing inspiration from the memory manage-
ment designs of established deep learning frameworks [1,43],
MOONBRIGHT adopts the Best-Fit with Coalescing (BFC)
strategy. This approach maintains a user-space memory pool
to efficiently satisfy variable-sized requests while actively mit-
igating fragmentation through immediate block coalescing.
Slow Path: Physical Backing and Orchestration. When the
user-space cache is exhausted, or an allocation request ex-
ceeds the threshold, the system transitions to the Slow Path
to acquire fresh backing resources. This process executes a
coordinated sequence of primitives: First, the runtime invokes
❶ (alloc_va) to reserve a virtual address range from the
frontier of the circular buffer and ❷ (alloc_pfn) to request
physical page frames from the operating system. If the target
address range falls within a sparse region of the page table
hierarchy, the runtime triggers ❸ (pgt_create) to instanti-
ate the necessary page directory structures. Subsequently, the
runtime materializes the mapping by launching ❹ (pte_pop).
This primitive acts as a parallel interpreter, reading mapping
directives and populating device-resident page tables at de-
vice memory-bandwidth speeds. Since pte_pop operates as
a standard compute kernel, it follows CUDA stream seman-
tics and can be dependency-tracked together with other GPU
work. This allows the page-table population phase to be sched-
uled asynchronously and, when independent work is avail-
able, overlapped with concurrent computation, reducing the
exposed latency of mapping construction. Upon deallocation,
cached blocks are recycled into the Fast Path’s free lists rather
than being immediately released.
Defragmentation. MOONBRIGHT reduces external fragmen-
tation without data movement. When the allocator lacks a
contiguous free block in its pool despite sufficient fragmented
physical pages, MOONBRIGHT allocates a fresh contiguous
VA range and maps discontiguous physical pages into it. This
logical defragmentation creates a virtually contiguous buffer
from fragmented physical resources solely through parallel
page table updates, avoiding the prohibitive overhead of mem-
ory compaction and, on the fresh-VA path, TLB flushes.

3.2.3 High-Performance VMM

To provide a familiar programming model while enabling
high-performance GPU-centric management, we expose a
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driver interface that mirrors the semantics of standard Vir-
tual Memory Management (VMM) APIs. These APIs serve
as high-level wrappers around the primitives defined in
§3.1, offering granular control over virtual-to-physical map-
pings while fundamentally redefining the underlying exe-
cution mechanism. Consistent with standard protocols like
cuMemMap, MOONBRIGHT mandates that all operations be
aligned to page granularity.
MemAddressReserve. While exporting an interface behav-
iorally consistent with cuMemAddressReserve, this API im-
plements a lightweight booking mechanism via ❶ (alloc_va).
It performs logical address reservation by updating the user-
space layout tracker, thereby decoupling virtual allocation
from physical resource commitment.
MemCreate. This API handles the acquisition of physical
backing storage. Corresponding to the primitive ❷(alloc_pfn),
it requests a set of physical page frames from the system
allocator, ensuring the memory is pinned and accessible to
the device. It enforces alignment to the hardware’s fixed page
granularity (e.g., 2 MB) and retrieves the raw Physical Frame
Numbers (PFNs). Instead of keeping these PFNs opaque in
the driver, this API exposes them to the runtime’s PFN buffer,
preparing the data plane for the subsequent, high-bandwidth
construction and mapping phases.
MemMap. This API performs the critical binding of physical
pages to virtual addresses by orchestrating ❸ (pgt_create)
and ❹ (pte_pop). The caller invokes ❺ (tlb_flush) only when
the operation can create stale same-VA translations, such as
remapping, permission changes, or address reuse. This de-
sign addresses the limitations of the split Map and SetAccess
model employed by CUDA and HIP. In existing implemen-
tations, the cuMemSetAccess call acts as a performance bot-
tleneck by triggering an expensive driver trap. These systems
remain constrained by a CPU-centric control plane, where
access updates require host-side page-table reconstruction,
serialized PCIe transfer, and conservative global TLB shoot-
downs. In contrast, MOONBRIGHT redefines mapping as a
high-throughput, data-parallel workload. By offloading these
operations to the device and avoiding flushes for fresh map-
pings, MOONBRIGHT improves mapping latency by orders
of magnitude.
De-allocation. To recycle memory resources, MOONBRIGHT
provides two complementary primitives: MemAddressFree
reclaims the virtual address range, while MemRelease returns
the physical page frames to the system allocator. Crucially,
the underlying unmap operation maintains strict TLB coher-
ence, ensuring that stale translations are evicted with the same
consistency guarantees as a standard free operation.

3.2.4 Stream-Ordered Memory Operations

MemMapAsync. We expose the mapping capability through
MemMapAsync, which implements page-table updates in a
stream-ordered manner. Because pte_pop is a normal GPU

kernel, mapping tasks are dependency-tracked by the target
stream and can overlap with independent compute. For fresh
VA ranges, MemMapAsync does not require a host-initiated
TLB flush. A key advantage of this architecture is the capa-
bility to map distinct virtual address ranges to shared phys-
ical page frames without data duplication. This mechanism
provides zero-copy aliasing of shared physical pages across
multiple virtual ranges, which is useful for prefix sharing and
beam-search state forking. For operations that overwrite an
existing valid mapping, MOONBRIGHT inserts the required
coherence point and invokes tlb_flush; these same-VA up-
dates are therefore supported, but they are not on the flush-free
fast path.

4 Implementation

Our core implementation consists of ≈14.1 KLoC across
kernel-space modifications to the open-source NVIDIA [12]
and AMD GPU drivers [6], alongside the user-space runtime.

4.1 Adaptation to NVIDIA CUDA GPUs

For NVIDIA CUDA GPUs, our prototype builds on NVIDIA’s
open-gpu-kernel-modules driver, version 560.35.03 [12].
During implementation, we observed two NVIDIA-specific
hardware behaviors that affect backend policy choices; we
characterize both in §5.4.

First, GSP physical-frame allocation exhibits a size-
dependent latency cliff beyond approximately 512 MB. Since
MOONBRIGHT does not require physical contiguity, it avoids
the cliff by splitting oversized slow-path requests into smaller
physical-frame allocation subrequests.

Second, guided by [74], we identify an NVIDIA-specific
TLB behavior: aggressive translation prefetching can cre-
ate negative caching, where nearby invalid translations are
prefetched and later cause replayable faults. As shown in
§5.4, spacing new virtual addresses by the prefetch width
avoids this cliff, reducing fault-induced latency by 40.2× at
a 32 MB gap. MOONBRIGHT therefore adopts a prefetch-
width aligned allocation strategy: new virtual addresses are
aligned to 32 MB boundaries so that fresh mappings incur
deterministic cold misses rather than costly replayable faults.
The 32 MB alignment increases the conservative Robson-
style VA budget by 16×, from ≈693 GB to ≈11 TB, still
well within the 128 TB user-level VA region exposed by our
NVIDIA prototype.

4.2 Adaptation to AMD ROCm GPUs

For AMD GPUs, our prototype builds on AMD’s open-source
ROCm software stack, version 6.4.0. The AMD backend uses
a buddy allocator for physical-frame management. Since we
did not observe the large-allocation latency cliff or aggressive
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Figure 4: Performance and scalability of low-level virtual-memory APIs across NVIDIA and AMD GPUs.

TLB prefetching seen on NVIDIA GPUs, MOONBRIGHT dis-
ables the large-request splitting heuristic and implements the
Always-Fresh VA strategy without additional virtual-address
padding.

5 Evaluation

In this section, we evaluate MOONBRIGHT by answering two
research questions:
RQ1: Low-Level Efficiency. Does MOONBRIGHT reduce
mapping and allocation overhead across primitives and gen-
eral GPU workloads while preserving TLB coherence?
RQ2: Application Impact. Do these improvements translate
into end-to-end benefits, including lower inference latency,
dynamic memory operations, and reduced external fragmen-
tation?

5.1 Experimental Setup

Baselines. We test MOONBRIGHT on a diverse set of GPU
architectures to ensure generalizability, including NVIDIA
A100, H100, and AMD MI210. We organize baselines by
the functionality and workload targeted by each experi-
ment. For low-level memory primitives, we compare MOON-
BRIGHT’s virtual-memory interface against the vendor CUD-
A/HIP VMM APIs and runtime allocation primitives such as
cudaMalloc and hipMalloc. For framework-level training

workloads, we compare against PyTorch’s default caching al-
locator [43] and GMLake [16], a representative CUDA-VMM-
based virtual-memory stitching system for DNN training. For
LLM serving workloads, we compare against vAttention [45],
which uses VMM-based remapping for KV-cache manage-
ment, and vLLM [25], which uses software-managed paging.

5.2 Performance of Low-Level APIs

We first evaluate the performance and scalability of MOON-
BRIGHT’s low-level memory-management primitives, which
provide functionality comparable to the CUDA/HIP driver
VMM APIs.

To ensure a fair comparison against vendor-provided driver-
level VMM APIs, we use the same 2 MB page granularity
returned as the minimum CUDA VMM granularity on our
platform, and vary the mapping range from 2 MB to 2 GB. As
shown in Figure 4, MOONBRIGHT consistently outperforms
CUDA VMM across all evaluated sizes.
Mapping Cost. For a fresh mapping over a single 2 MB
page, MOONBRIGHT reduces mapping latency from ≈ 45 µs
with CUDA VMM to 2.6 µs. Here MOONBRIGHT updates
only one PTE with one GPU thread, so latency is dominated
by fixed device-side mapping overhead, not bulk page-table
writes. The gap widens with range size: mapping a fresh 2 GB
region takes 36 ms with CUDA VMM, but only 14 µs with
MOONBRIGHT, a reduction of over 2,500×.

This improvement comes from a fundamental architectural
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shift. As discussed in §3.2.3, CUDA VMM is constrained by
a host-mediated control path: page-table construction, state
propagation, and conservative synchronization are serialized
through the CPU driver and the CPU–GPU interconnect. Even
on newer architectures such as H100, page-table updates re-
main bounded by this off-device control path. In contrast,
MOONBRIGHT offloads PTE population to the GPU and
treats page-table materialization as a data-parallel device-
memory operation, exploiting on-device HBM bandwidth
instead of serialized CPU driver loops. Because the mapping
operation is expressed as a normal GPU kernel, it also obeys
stream ordering: MOONBRIGHT can enqueue the mapping
kernel immediately before the computation kernel that con-
sumes the fresh mapping, while independent GPU work in
other streams can proceed concurrently.
Initialization Cost. As shown in Figure 4(d) and Figure 4(e),
MOONBRIGHT exhibits latency comparable to CUDA VMM
for both reserve and create. This behavior is expected, as
these operations remain on the same driver-side critical path:
red-black tree manipulation for VA management and GSP
invocation for PFN acquisition.
Unmapping Cost. This experiment unmaps each region
as a single contiguous range, rather than at a fine-grained
2 MB granularity. As shown in Figure 4(f), under this range-
level pattern, MOONBRIGHT consistently outperforms CUDA
VMM across region sizes from 2 MB to 2 GB. The absolute
latency of CUDA VMM unmapping is much lower than its
mapping latency shown in Figure 4(a), because range-level
unmapping avoids accumulating fine-grained operation over-
heads, and invalidating an existing PTE range requires less
construction work than installing new physical mappings.
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Figure 5: Mapping cost on 1, 2, and 4 A100 GPUs.

Multi-GPU Scalability. We also evaluate the scalability of
MOONBRIGHT, which is particularly important for managing
memory across multiple GPUs in the era of large language
models (LLMs), where VMM is increasingly used to manage
and share KV caches [72]. Figure 5 depicts the mapping la-
tency of CUDA VMM and MOONBRIGHT when the number

of GPUs ranges from one to four on a single node. When map-
ping operations are triggered simultaneously across multiple
GPUs within a single machine node using CUDA VMM, we
observe that the latency grows approximately linearly with
the number of devices. For example, the mapping latency
grows from 36 ms on one GPU to 86 ms and 180 ms on two
and four GPUs, respectively, for a 2 GB mapping. In compar-
ison, MOONBRIGHT remains nearly constant when mapping
on multiple GPUs. On a four-GPU setup, MOONBRIGHT is
12,700× faster than CUDA VMM at 2 GB. Because MOON-
BRIGHT performs mapping operations locally on each GPU
in parallel, its latency remains constant regardless of the num-
ber of active GPUs. CUDA VMM, in contrast, is severely
limited by repeated synchronization operations, such as lock-
/unlock in the CUDA driver and the OS kernel, which are
required for each page mapping.
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Figure 6: Memory allocation time on different platforms,
sorted by baseline allocation latency.

Performance of Allocation We next evaluate a large set of
standard benchmarks to quantify the speedup MOONBRIGHT
achieves compared to the vendor-provided memory allocators,
including cudaMalloc and hipMalloc. For this large-scale
study, we utilize the official CUDA Samples [41], ROCm Sam-
ples [7], and the HeCBench suite [22], which collectively
cover a diverse range of scientific and compute-intensive ker-
nels for NVIDIA GPUs and AMD GPUs (via the HIP inter-
face). The combined test suite contains a total of 1,013 distinct
test cases, with the HeCBench suite specifically contributing
864 cases, representing a wide variety of allocation patterns
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Figure 7: Training memory efficiency on four models across different allocators and optimization combinations: basic (B),
recomputation (R), Virtual Pipeline (V), ZeRO (Z), and offload (O).

and memory footprints. This suite provides a broad view of
allocation behavior across common GPU workloads.

In each test, we intercept all vendor allocation APIs (e.g.,
cudaMalloc, hipMalloc) to measure end-to-end memory-
management time. Our objective is to quantify the latency
reduction achieved by moving control-plane operations to the
data plane. Figure 6 reports absolute memory-management
time in µs for MOONBRIGHT and the vendor-provided base-
line, with benchmark cases sorted by baseline latency.

As shown in Figure 6, MOONBRIGHT shows consistent
latency reductions across NVIDIA and AMD GPUs. On the
NVIDIA GPU platform, MOONBRIGHT reaches a peak la-
tency reduction of 99.3% and an average reduction of 76.5%
across all tested samples. On the AMD GPU benchmark suite,
MOONBRIGHT shows similar reductions: 98.3% peak and
60.3% on average. We observe a positive correlation between
allocation intensity (i.e., size and frequency) and the mag-
nitude of the reduction: benchmarks with heavier memory-
management demands benefit more from our approach. These
gains come from two effects: MOONBRIGHT performs PTE
population on the GPU instead of serializing it through the
CPU, and its fresh-VA path avoids unnecessary TLB flushes
when no stale same-VA translation can exist.

5.3 Application Impact
5.3.1 Defragmentation for Model Training

We evaluate allocator-level fragmentation in PyTorch-based
training stacks and a VMM-based allocator baseline [16, 51,
58] using four NVIDIA A100 GPUs. We use multiple config-
urations to expose fragmentation under diverse allocation pat-
terns and tensor lifetimes. These stacks combine data, model,
and pipeline parallelism [30, 37] with memory-saving tech-
niques such as recomputation (R), virtual pipeline schedul-
ing (V), ZeRO-style distributed optimization (Z), and offload
(O) [11, 50, 52]. These techniques reshape tensor lifetimes
and allocation sizes, while CUDA tensor allocation remains
largely mediated by the framework allocator.

We run DenseNet [44], GPT-2 [49], Llama-2-7B [64], and

Qwen1.5-MoE-A2.7B [48], and sweep batch size until out-of-
memory. We use Memory Efficiency, defined as peak allocated
memory over peak reserved memory (Malloc/Mreserved) [16],
as a diagnostic metric for allocator-level fragmentation. As
shown in Figure 7, MOONBRIGHT improves DenseNet effi-
ciency from 57.6% to 97.7%, and maintains at least 96.1%
efficiency on GPT-2, Llama-2-7B, and Qwen1.5-MoE. Under
the most dynamic Qwen1.5-MoE Z+O+R setting, PyTorch
drops to 72.8%, leaving device memory reserved but unavail-
able to useful tensor allocations. In contrast, MOONBRIGHT
reaches 97.8% by stitching fragmented physical pages into
contiguous virtual ranges, effectively reducing external frag-
mentation. For GMLake, we use a 512 MB granularity as
a practical engineering tradeoff between CPU-driven VMM
overhead and internal slack [16, 19]; nevertheless, its coarse
granularity leaves residual slack under irregular allocations.
MOONBRIGHT avoids such slack through fine-grained virtual
remapping and preserves end-to-end training performance.

5.3.2 Efficient LLM Inference

We evaluate inference performance on a single NVIDIA A100
GPU across diverse large language model inference scenarios,
comparing against vAttention for long-context and prefix-
caching scenarios.

Both MOONBRIGHT and vAttention benefit from contigu-
ous, non-paged attention kernels in long-context workloads.
As shown in Figure 8, computation increasingly dominates ex-
ecution at these sequence lengths, reaching 85% at 192K [45].
This leaves limited room for memory-management optimiza-
tions; nevertheless, MOONBRIGHT is still up to ∼5% faster by
eliminating residual host-driven mapping overhead through
device-centric page-table updates.

Prefix caching changes this balance. By reusing precom-
puted KV Cache across requests, it reduces prefill computa-
tion and shifts the bottleneck toward memory-management
operations that stitch cached blocks into the virtual address
space. In this regime, vAttention relies on CPU-driven CUDA
VMM and must issue thousands of serialized page map-
pings, whereas MOONBRIGHT performs these mappings in
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Figure 8: Normalized TTFT for Llama-2-7B and Llama-3-8B
under long-context and prefix-caching inference. The first
row shows Llama-2-7B; the second row shows Llama-3-8B.
For each model, the left panel shows full-prefill long-context
requests and the right panel shows prefix-cached requests.
Lower is better; all values are normalized to MOONBRIGHT.

microseconds. As a result, MOONBRIGHT achieves up to
8.2× lower TTFT on Llama-2-7B and 2.9× lower TTFT on
Llama-3-8B. The difference in gains is primarily explained
by the remapping intensity: Llama-3-8B uses grouped-query
attention (GQA) [5], which reduces the number of KV heads
and shrinks the KV Cache footprint, leaving fewer cached
blocks to remap and therefore less CPU-driven VMM over-
head for MOONBRIGHT to eliminate.
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Figure 9: Beam-search inference throughput on Llama-3-8B
under beam widths of 2 and 4.

5.3.3 Dynamic Memory Mapping

Finally, we compare Beam Search on MOONBRIGHT against
vLLM, a system characterized by step-wise dynamic mem-
ory operations governed by data-dependent control flow. In
vLLM, each new beam requires a memory fork to update
per-sequence states, which is executed on the CPU by deep-
copying block metadata. This introduces serialized per-fork

overhead, incurring 452 and 780 fork operations per request at
beam widths of 2 and 4, respectively. As beam width and batch
size increase, this accumulated CPU overhead dominates the
runtime. Conversely, MOONBRIGHT offloads fork operations
natively to the GPU, aliasing physical pages via lightweight
mapping updates. As shown in Figure 9, MOONBRIGHT con-
sistently out-scales vLLM on Llama-3-8B; at batch size 128,
MOONBRIGHT achieves 2.5× and 3.6× higher throughput
at beam widths of 2 and 4, respectively.
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latency. Access latency after a zero-flush fresh mapping is
placed at different distances from a previously probed invalid
VA. Latency drops after the 32 MB prefetch window, motivat-
ing prefetch-width VA padding on NVIDIA.

5.4 Hardware-Guided Policy
MOONBRIGHT’s core design, GPU-side page-table material-
ization and deferred VA reuse, is vendor-agnostic. Platform-
specific measurements only tune backend parameters, rather
than altering the first principles of the design. In this sec-
tion, we characterize two NVIDIA-specific effects that inform
MOONBRIGHT’s backend configuration: TLB prefetching
and GSP physical-frame allocation.
TLB prefetching. Figure 10 shows an NVIDIA-specific
prefetch cliff. When a fresh VA is placed within the 32 MB
prefetch window of a previously probed invalid VA, the first
access suffers replayable faults and exceeds 40k cycles. Once
the gap reaches 32 MB, latency drops to roughly 1.2k cycles.
This observation motivates the 32 MB VA-alignment pol-
icy used by MOONBRIGHT on NVIDIA GPUs: new virtual
addresses are spaced by the prefetch width so that fresh map-
pings incur deterministic cold misses rather than replayable
faults.
GSP physical-frame allocation. Figure 11 shows another
NVIDIA-specific effect: GSP physical-frame allocation re-
mains nearly flat below approximately 512 MB, but increases
sharply beyond this point. The undocumented GSP firmware
prevents us from identifying the exact cause, but the behavior
is consistent with expensive large contiguous-frame allocation.
Since MOONBRIGHT does not require physical contiguity, its
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Figure 12: TLB cost decomposition on an NVIDIA A100. (a)
Device-side cost of a single load under a TLB hit and a forced
TLB miss. (b) Host-side latency of the conservative vendor
flush path.

NVIDIA backend avoids this latency cliff with a simple slow-
path heuristic: large physical-frame requests are split into
smaller subrequests below the observed threshold. This heuris-
tic only calibrates the backend’s physical-frame allocation
policy; it does not affect MOONBRIGHT’s virtual-memory
abstraction or its GPU-side page-table update mechanism.

On platforms where these effects are absent, the correspond-
ing policies can be retuned; for example, our ROCm backend
does not use the NVIDIA large-request splitting heuristic.

5.5 Stability of Always-Fresh VA

First-Touch Translation Cost. Always-Fresh VA avoids ea-
ger shootdowns for fresh mappings by ensuring that no stale
same-address TLB entry can exist. The remaining cost is a
first-touch translation by the hardware page walker. Since cur-
rent GPU counters do not provide a portable way to attribute
a specific access to a TLB miss or page walk, we use timing
microbenchmarks.

Figure 12(a) shows that modern GPU page walks are
fast: on an NVIDIA A100, a pre-warmed TLB hit takes
533 cycles, while a forced miss that walks to a valid PTE
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Figure 13: VA footprint under the synthetic stress workload.
Cached VA denotes reusable VA held by the slow-path block
pool, while Quarantined VA denotes unmapped VA from
evicted segments that awaits batch reclamation at the next
epoch boundary.

takes 1489 cycles, adding only 956 cycles. This miss cost
is only one hardware component of the first load. In con-
trast, Figure 12(b) shows that the conservative CUDA Driver
VMM flush path takes 26.8 µs, dominated by host-device
synchronization. Thus, Always-Fresh VA replaces a tens-of-
microseconds global shootdown on the fresh-allocation path
with a small local first-touch translation cost, while deferring
global flushes to rare VA-epoch wrap points.
Quarantine Pressure and Epoch Wrap Behavior. To rig-
orously evaluate the Always-Fresh VA policy under worst-
case conditions where allocations are not served from cached
blocks, we construct a cache-defeating stress workload. The
workload uses non-repeating allocation sizes, extended life-
times, and high-frequency cadence to defeat cached-block
reuse, forcing most requests to reserve fresh VA and advance
the frontier at a sustained rate. With a conservative 256 GB
wraparound threshold, Figure 13 shows that cached VA re-
mains bounded, while quarantined VA accumulates safely un-
til batch reclamation. At the epoch boundary, MOONBRIGHT
performs one batched reclamation with a microsecond-scale
tlb_flush, as measured in Figure 12. These results show that
MOONBRIGHT turns costly per-allocation TLB shootdowns
into rare, configurable epoch-boundary events. Furthermore,
expanding the epoch size to further reduce flush frequency
incurs negligible overhead: flattening a 256 GB VA range re-
quires under 2 MB of page-table memory (using 2 MB pages),
and scaling to a 1 TB epoch requires only ∼8 MB.

6 Discussion

This section discusses MOONBRIGHT’s scope, limitations,
and relationship to existing GPU memory-management mech-
anisms.
Security and Multi-Tenancy. MOONBRIGHT currently tar-
gets trusted and cooperative deployments, such as dedicated
LLM inference clusters or single-tenant GPU environments,
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where applications and kernels are known to the operator. Un-
der this threat model, compute kernels are assumed to be non-
malicious, and page-table update kernels are generated only
by the trusted MOONBRIGHT runtime. Extending MOON-
BRIGHT to untrusted multi-tenant settings raises additional
challenges because exposing page-table state to device code
creates privileged state that malicious kernels could misuse.
MPS does not eliminate this concern, as it targets cooperative
multi-process execution rather than protection from malicious
device code. MIG provides a stronger hardware partitioning
boundary and can help confine cross-instance effects when
MOONBRIGHT runs within a single instance. A KASLR-style
randomized page-table view can reduce accidental corruption
and casual discovery, but is not a security boundary; untrusted
deployments still need hidden page-table state, driver own-
ership checks, capability handles, and sandboxed or verified
mapping kernels. We view this as an important open problem
for GPU-resident memory management and leave a complete
security architecture to future work.
Relation to UVM. NVIDIA Unified Memory (UVM) ex-
poses managed memory through a unified CPU–GPU virtual
address space. In demand-paged mode, GPU accesses to non-
resident managed pages trigger hardware fault reporting; the
driver resolves residency and coherence, updates mappings,
and replays the faulting access. MOONBRIGHT is complemen-
tary to UVM rather than a replacement. UVM targets transpar-
ent host–device sharing through a fault-driven path, whereas
MOONBRIGHT targets latency-critical device-resident mem-
ory by proactively installing stream-ordered mappings and
materializing PTEs on the GPU. Applications can therefore
use UVM-backed regions for transparent sharing and MOON-
BRIGHT-backed regions for low-latency GPU-resident allo-
cation and remapping within the same CUDA context.

7 Related Work

GPU allocators and memory managers. Early GPU allo-
cators such as ScatterAlloc [62] and XMalloc [18] target
fine-grained, kernel-initiated allocation for massively paral-
lel programs. They are effective for dynamic parallelism
but do not match the dominant memory-management pat-
tern in DL frameworks, where the host/runtime allocates
coarse tensors and KV-cache regions. Gallatin [36] improves
general-purpose allocation on the device, but it does not ad-
dress the CPU-driven virtual-memory control plane that dom-
inates page-granular remapping latency. FineMem [66] re-
duces memory waste in fine-grained disaggregated memory,
while Unified Memory simplifies programming by providing
a shared address space; prior studies show that UVM can intro-
duce unpredictable transfer and synchronization overheads for
latency-sensitive workloads [26, 29]. MOONBRIGHT is com-
plementary: it focuses on making GPU page-table updates
low-latency and stream-compatible on commodity devices.

Defragmentation and virtual-memory stitching. Classic
defragmentation and compaction techniques move live ob-
jects to recover contiguous space [35, 59, 65]. Such ap-
proaches are portable but expensive for GPU workloads be-
cause they require data movement, pointer rewriting, and syn-
chronization. Model-specific approaches such as memory-
efficient DenseNet training [44] hand-tune buffer sharing
to reduce activation memory, but do not provide general
allocator-level defragmentation. Recent DL systems and al-
locators address waste through virtual-memory stitching or
planning: PyTorch’s experimental expandable segments grow
VMM-backed segments to reduce allocation slivers [46], GM-
Lake [16] applies CUDA VMM to DNN training, vAtten-
tion [45] remaps KV caches, and STAlloc [19] plans training
allocations over space and time. These systems demonstrate
the value of memory-aware allocation, but they inherit CPU-
centric mapping costs or operate above the hardware mapping
substrate. MOONBRIGHT targets the root cause by material-
izing PTEs on the GPU and deferring TLB coherence when
mappings use fresh VAs.

LLM serving memory systems. LLM serving systems
optimize memory use and scheduling at several layers.
ORCA [70], FastServe [68], and Sarathi [4] improve batching,
prefill/decode scheduling, or distributed serving. FlexGen [57]
and PowerInfer [61] target memory-constrained serving
through offloading or hybrid CPU/GPU execution. Moon-
cake [47], Jenga [73], CacheGen [33], Pensieve [71], and
DroidSpeak [32] optimize KV-cache placement, reuse, com-
pression, streaming, or sharing. vLLM [25] introduced Page-
dAttention for block-based KV-cache management, while
S-LoRA [56] and Punica [10] manage serving many LoRA
adapters. These systems are effective above the memory-
management substrate, but their mechanisms are tied to mod-
el/runtime semantics and often require specialized kernels or
metadata paths. MOONBRIGHT instead accelerates the hard-
ware MMU mapping path, preserving hardware-level virtual
contiguity while supporting dynamic remapping and sharing.

8 Conclusion

GPU memory management remains largely host-driven, leav-
ing device parallelism unused on the allocation critical path.
This paper presented MOONBRIGHT, a GPU-centric memory-
management substrate that materializes page-table updates
on the GPU and avoids unnecessary TLB shootdowns with
Always-Fresh virtual addressing. By turning translation up-
dates into data-parallel device work, MOONBRIGHT reduces
mapping latency by up to three orders of magnitude and im-
proves allocation latency and memory efficiency across train-
ing and inference workloads.
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