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Abstract

Cold memory rebalancing exhibits unique challenges to the
existing memory overcommitment mechanisms, such as page
tracking under Transparent Huge Pages (THP) and frequent
remapping of page tables, leading to a series of throughput
and latency issues. In this paper, we propose Blowfish, a
memory overcommitment framework built on disaggregated
memory, performing cold (and free) memory reclamation and
restoration at ps-scale. Based on paravirtualization, Blow-
fish leverages a lightweight guest-level THP-aware hotness
tracker to monitor page access and let the hypervisor directly
reclaim and reallocate host physical memory across VMs with
a dedicated cross-layer path for cold memory, bypassing the
modifications of guest page table and modifications of I/O
page table while benefiting from the rich program semantics
of guest VM when recognizing the cold memory. As a re-
sult, Blowfish significantly speeds up the page reclamation
and restoration, 2.48 x and 2.14 x faster than the state-of-the-
art solution, HyperAlloc, respectively, and improves memory
reclamation ratios by 1.6x—6.1x within 5% performance
degradation.

1 Introduction

Memory overcommitment promises to improve memory uti-
lization and has been widely adopted in multi-tenant data
centers. However, the existing memory overcommitment re-
search [9,24,27,30, 39, 53,56, 59] mainly focuses on free
memory rebalancing, i.e., reclaiming free memory and real-
locating it across virtual machines (VMs), overlooking cold
memory, which accounts for a large portion of VM memory
usage [19,40, 50, 58]. In the existing research, the conven-
tional approach to reclaiming cold memory relies on either
guest-level swapping, in which cold pages are first swapped
out within the guest and then reclaimed as free pages, or host-
level swapping, in which the guest’s underlying host pages
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are swapped without the guest’s awareness. Both techniques
require moving infrequently accessed data to disk. Accessing
reclaimed cold memory then requires restoring it, typically by
triggering a page fault, allocating free memory, and swapping
the data back. However, writing to and reading from disk are
slow and costly (up to milliseconds for a 4 KB page), leading
to Service-Level Objective (SLO) violations. As a result, prior
work often overlooks opportunities to reclaim cold memory
for memory overcommitment, even though doing so could
provide substantial benefits.

Memory disaggregation enables us-scale memory overcom-
mitment. Thanks to the unprecedented development of
emerging fabrics, e.g., InfiniBand [1], RoCE NICs [43], and
CXL [22,37], the time of sending a page to another server
is reduced to a few microseconds (us) and more than 200 x
faster than swapping to disk [23,49,54,61], bringing great op-
portunities to further improve the memory utilization through
cold memory swapping. Given that more than 50% of data
center memory remains idle [7,21,58] due to the bin-packing
inefficiencies in VM placement, the emerging fabrics make
it possible to use this idle memory of other servers as the
secondary memory (referred to as far memory) and swap out
the cold data of a VM to far memory to reclaim the memory
space for overcommitment.

Software overhead starts dominating the inefficiency of VM
memory overcommitment. Even with high-speed intercon-
nects, existing memory overcommitment frameworks still
suffer from substantial inefficiency, as presented in §3. There
are two main reasons for this inefficiency: (1) With guest-
level swapping, reclaiming and restoring cold memory in-
volves three page tables: the guest page table (GPT), which
maps guest virtual addresses to guest physical addresses, the
extended page table (EPT), which maps guest physical ad-
dresses to host physical addresses, and the I/O page table
(IOPT), which maps I/O virtual addresses to host physical
addresses, causing software overhead to be 3.4 x—6.8 x higher
than network data transfer. (2) With host-level swapping, re-
claiming cold memory requires tracking page hotness on the
host side, which involves frequently resetting the host’s PTE



access bits and results in 5x more TLB flushes than tracking
on the guest side.

Transparent Huge Pages (THPs) further complicate mem-
ory overcommitment. Making things more challenging, vir-
tualized environments commonly rely on THPs to reduce
page-table translation overhead. However, cold memory is of-
ten non-contiguously distributed, creating complex trade-offs
in page granularity. Keeping huge pages preserves translation
efficiency but inflates apparent hotness, since a single hot
subpage can mark the entire huge page as hot. Splitting huge
pages allows more accurate hotness tracking but sacrifices the
benefits of huge pages and incurs overheads of fine-grained
page-table operations. Moreover, memory overcommitment
mechanisms often need to manage pages of mixed granularity
when THP is enabled, because fine-grained memory opera-
tions (such as allocation, deallocation, permission changes,
and swapping) frequently break huge pages. Existing mech-
anisms treat all pages uniformly, leading to unfair hotness
comparisons between 2 MB huge pages and 4 KB base pages,
since a huge page aggregates the hotness of all its constituent
base pages.

Major insights. First, cold memory overcommitment suf-
fers from a misplaced division of responsibilities across
layers. We propose that an ideal decomposition should place
hotness tracking in the guest, where access semantics are
naturally visible and can be monitored at low cost, while
leaving data transfer and physical memory management to
the host, which actually controls memory resources. This
organization minimizes software overhead of page tracking
and repeated page-table modifications. Second, THP funda-
mentally changes the design space by introducing mixed-
granularity memory. We identify that an effective mech-
anism should be explicitly aware of mixed granularity: it
should detect cold subpages within hot huge pages, fairly
compare pages across sizes, and exploit THP benefits when
possible. This requirement calls for rethinking hotness track-
ing and huge page management to efficiently operate across
granularities.

Blowfish. Based on the preceding insights, we propose Blow-
fish, an elastic VM memory adjustment framework built for
the memory-disaggregated server. Blowfish’s design targets
two main challenges:

First, how to reduce the software overhead to avoid SLO
violations during cold memory overcommitment? Blowfish
adopts a paravirtualized, cross-layer design that splits respon-
sibilities between the guest and the host. The guest VM runs a
lightweight hotness tracker that integrates with existing kernel
mechanisms (e.g., MGLRU stack) to accurately identify cold
pages without introducing additional page-table or TLB over-
heads. The host hypervisor runs a backend that transfers cold
data and reclaims pages by modifying only the EPT mappings,
avoiding the costly modification overhead of guest page table
and IOPT normally incurred by guest-level I/O. In addition,
the guest and host exchange only a small amount of metadata

through a shared memory interface, an effective and widely
used technique [10, 56, 59].

Second, how can we efficiently support mixed-granularity
memory under THPs during cold memory overcommitment?
Blowfish leverages a mixed-granularity hotness tracker in the
guest to identify cold subpages within otherwise hot huge
pages in a lightweight manner. This identification is done
by dynamically splitting and merging guest page table map-
pings rather than actual physical pages, minimizing overhead.
To ensure fair hotness comparison across page sizes, Blow-
fish adjusts the promotion policy of huge pages, giving them
lower weight than base pages. Together, these mechanisms
allow Blowfish to efficiently rebalance memory even in the
presence of THP-induced fragmentation and uneven hotness
distribution.

Our evaluation shows that Blowfish reduces software
overhead by more than 50% compared to state-of-the-art
work, such as HyperAlloc [59]. Moreover, it further im-
proves memory reclamation ratios by 1.6x-6.1x within
a 5% performance degradation. Blowfish is available at
https://github.com/ICTPLSys/blowfish.

In summary, this paper makes the following contributions:

* We analyze cold memory overcommitment in virtual-
ized environments, revealing inefficiencies in existing
mechanisms and outlining the principles of an ideal sys-
tem, i.e., guest-level hotness tracking guiding host-level
reclamation, and THP awareness.

We design a lightweight, subpage-aware hotness tracker
that enables fair comparison across mixed-granularity
pages, benefiting any scenario that requires hotness track-
ing under THPs.

We propose Blowfish, an efficient memory overcommit-
ment framework optimized for THP and cold memory.

We implement Blowfish in Linux and QEMU, and
demonstrate its effectiveness with seven real-world work-
loads.

2 Background and Related Work

2.1 Disaggregated Memory System

Benefiting from emerging fabrics, the disaggregated memory
systems [8, 16,37,49,51,54,61, 63] can provide extremely
low data movement latency and high throughput, such as mov-
ing a 4 KB page to another server in less than Sus through
the 100Gbps InfiniBand [49, 61], enabling the opportunity of
rebalancing the cold memory across VMs. Among different
approaches to realizing disaggregated memory, the kernel-
paging-based approach [8, 17,23,49, 54, 61] attracts attention
for its transparency to applications and easy-to-procure hard-
ware platforms, e.g., RoCE NIC [43] and InfiniBand [42].
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The disaggregated memory system uses the far memory (of-
fering bandwidths up to 800Gbps [44]), rather than slow disks
(around 200MB/s), as the secondary memory via the swap
system. Under memory pressure, the kernel swaps out cold
data to the far memory to release the local memory. When
the evicted data is accessed, the memory management unit
(MMU) raises a page fault exception, which traps the con-
trol flow into the kernel to swap in the original data from far
memory and reconstruct the corresponding page table entry.
In this work, we use the state-of-the-art paging-based data
path, i.e., Hermit [49], to manage the data transmission at the
microsecond scale.

2.2 VM Memory Overcommitment

This section discusses how to integrate the paging-based dis-
aggregated memory with the existing memory overcommit-
ment framework to support cold memory overcommitment.
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Figure 1: Reallocating free memory from VM1 to VM2.

Free memory rebalancing. A series of memory overcommit-
ment techniques supporting free memory rebalancing across
VMs have been proposed, such as Balloon [53], free page re-
porting [57], virtio-mem [24], V-Probe [56], HyperAlloc [59]
etc., some of which are even adopted by the industry virtual-
ization platforms [5,12,31]. As shown in Figure 1, reclaiming
a free guest page (@)-@)) needs only to unmap the extended
page table (EPT), while reallocating a host page (€-@) to
another VM also involves only one page table, i.e., EPT. Tak-
ing HyperAlloc as an example, @) the hypervisor first checks
the physical memory allocator of the VM to select a free guest
page and marks it as invalid to prevent the guest VM allocator
using it. @ Then the hypervisor unmaps the corresponding
guest-physical-to-host-physical mapping. At this point, the
reclaimed host page can be reallocated to another VM by €)
mapping EPT and @ marking the originally invalidated guest
page as available.
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Figure 2: Reallocating cold memory from VM1 to VM2.

Cold memory rebalancing. The free memory overcommit-
ment framework can be extended to rebalance cold memory
by cooperating with the kernel paging (swapping)—swapping
infrequently used data to the second-tier memory through
emerging IO fabrics to release the cold memory, and then, the
released memory pages can be reallocated to other VMs as
conventional free pages. The paging can be done in either the
guest VM or the hypervisor. These two options are referred to
as guest-level swapping and host-level swapping, respectively.

Figure 2 demonstrates the procedure of reclaiming a cold
page through the guest-level swapping ((§)-€@) and reallocat-
ing it to another VM. Reclaiming a cold page first 0 needs to
select a cold page and swap out the infrequently used data on
it to release the cold page by unmapping the GPT. And then,
similar to reclaiming a free guest page (€)—@), the hyper-
visor needs to unmap the corresponding EPT to reclaim the
corresponding free host page. Note that the hypervisor also
needs to unmap the IOPT (@) due to the utilization of the
emerging fabrics for data transmission. The IOPT translates
the I/0 virtual addresses (typically guest physical addresses
in the VM) to the actual host physical addresses, ensuring
correct DMA operations for passthrough devices. To maintain
DMA correctness, memory overcommitment must synchro-
nize updates to the [IOPT whenever the underlying physical
pages are reclaimed or remapped. The cold-page reclamation
procedure involves three page tables, the guest page table
(GPT), the extended page table (EPT) and the I/O page table
(IOPT), consuming non-trivial CPU resources. Restoring a
cold page performs the reverse steps of reclaiming a cold
page.

The host-level swapping, which is usually referred to as un-

cooperative swapping meaning that hypervisor swaps out data
and reclaims host pages without cooperating with the guest
VM, is usually less efficient due to a lack of VM visibility
(detailed in §3.2.3). In particular, double-paging issues [53]
can arise when both host-level and guest-level swapping are
enabled independently. In this case, the guest may attempt to
swap out a page that has already been swapped out by the host.
This double-paging behavior can cause the page to be faulted
back into memory, only to be re-evicted shortly thereafter,
leading to redundant data movement.
Pressure Stall Information (PSI) . To assess the performance
risks of memory overcommitment, we leverage Pressure Stall
Information (PSI) [58], which quantifies the fraction of time
that tasks are stalled due to resource shortages. To adopt PSI
as a common control and evaluation lens for VM memory
overcommitment with memory reclaim allows us to compare
systems under a consistent “bounded pressure” objective.

3 Motivation

In this section, we first demonstrate that the datacenter appli-
cations contain a large amount of cold memory (§3.1). Then



we discuss why existing overcommitment mechanisms fail to
effectively reclaim cold memory (§3.2).

3.1 Cold-Memory Reclamation Opportunity

Prior studies [38,40, 50, 58] show that datacenter applications
keep a large amount of cold memory (e.g., 19-62% in Meta’s
clusters). This finding suggests considerable reclamation op-
portunity: a large fraction of cold pages can be reclaimed
with negligible performance impact and repurposed to satisfy
memory demands from busy tenants or newly spawned tasks.

To better quantify the upper bound of this opportunity, we
evaluate seven representative datacenter applications (see Ta-
ble 2) without THP. Disabling THP avoids hotness amplifica-
tion and mixed-granularity artifacts, allowing us to measure
the cold-memory reclamation space under ideal fine-grained
page accounting. Guided by PSI [58], we dynamically swap
out memory pages by triggering Linux swapping, using an
RDMA-based far-memory backend [49]. By tuning the PSI
threshold to bound performance degradation within 5%, we
measure the corresponding amount of swapped-out mem-
ory to quantify the reclamation opportunity. In our experi-
ments, we observe that 33—49% of application memory can
be swapped out with less than 5% performance degradation.

However, turning this large cold-memory reserve into prac-
tical benefits in virtualized environments is non-trivial. Strict
per-VM memory isolation limits the ability to reclaim cold
memory, since adjusting VM allocations requires overcommit-
ment mechanisms. Unfortunately, as we show next, existing
mechanisms struggle to effectively exploit this cold-memory
reclamation opportunity.

3.2 Inefficiencies in Existing Mechanisms

Existing overcommitment mechanisms are primarily opti-
mized for free memory. Reclaiming cold memory instead re-
quires cooperation with guest- or host-level swapping, both of
which exhibit fundamental inefficiencies. To illustrate these
inefficiencies, we evaluate a representative state-of-the-art
mechanism, HyperAlloc [59].

3.2.1 THP Complicates Cold-Memory Reclamation

To reduce page-table-walk overhead, modern virtualized sys-
tems often enable THP, typically configured in the always
mode. However, THP introduces additional complexity for
cold-memory reclamation. We repeat the earlier opportunity
study (§3.1) with THP enabled, keeping all other settings
by default. In our experiments, the available cold-memory
reclamation space drops to 16-25% of application memory.
Two factors drive this degradation. First, enabling THP
results in a mixture of 2 MB and 4 KB pages for multi-
ple reasons, such as Linux’s allocation behavior, fine-grained
deallocations, and subpage-level permission changes. These
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Figure 3: Cold memory fraction by region size at mid-phase. Cold
memory is defined as untouched memory in 10s time window, moni-
tored by DAMON [47,48].

mixed-granularity pages are managed uniformly (e.g., folio),
creating unfair hotness ordering. A 2 MB page aggregates
512 base pages and therefore has many more chances to be
accessed, making it appear much hotter than scattered 4 KB
pages. As a result, the swapping often evicts hot 4 KB pages
while overlooking cold 2 MB pages, ultimately degrading
application performance. We refer to this phenomenon as
unfair hotness. Second, THP suffers from the well-known
hot bloat problem: a few hot 4 KB subpages can cause the
entire 2 MB huge page to appear hot, preventing the system
from reclaiming the numerous cold subpages that it contains.
Several prior efforts [35,36,41] attempt to mitigate this effect
by selectively splitting hot-skewed huge pages. However, they
struggle to balance the overheads of fine-grained monitoring
and splitting against the potential reclamation benefits under
memory overcommitment. Moreover, the 4 KB pages created
by proactive splitting further exacerbate the unfair hotness
problem.

Together, the effects of unfair hotness and hot bloat high-
light the need for a THP-aware cold-memory reclamation
design, rather than relying on an existing paging system that
remains oblivious to the unfair and skewed hotness of huge

pages.

3.2.2 Limitations of Guest-Level Swapping

We evaluate guest-level-swapping-augmented HyperAlloc on
representative datacenter applications, tuning PSI threshold to
bound performance degradation within 5%. We enable THP
in both the guest and the host, following the recommended
practice for virtualized environments [29]. In our experiments,
HyperAlloc reclaims only 35-47% of the cold memory iden-
tified as reclaimable in prior profiling (§3.2.1). The shortfall
stems from a fundamental granularity mismatch. HyperAlloc
performs reclamation at a granularity of 2 MB huge pages
to reduce the overhead of page-table operations. However,
cold pages in real applications are highly scattered (as shown
in Figure 3), and guest-level swapping faces a granularity
dilemma. On one hand, swapping a 2 MB huge page as a
whole preserves contiguity but exacerbates read/write ampli-
fication effects. On the other hand, swapping at 4 KB gran-
ularity produces fragmented free pages, making it hard for
HyperAlloc to reclaim at 2 MB granularity, thus leaving most



Table 1: TLB flush comparison between host-level and guest-level
swapping HyperAlloc under KMeans workload.

System TLB Flush KMeans Elapsed (s)
HyperAlloc-H 14819979 142.58
HyperAlloc-G =~ 2946318 56.77

cold memory unreclaimable. We follow Linux’s default behav-
ior: THPs are swapped out as a whole, but swap-in happens
at 4 KB granularity. The reason is that (1) the kernel usually
cannot find a contiguous 2 MB free page for THP swap-in,
and (2) swapping in a 2 MB page would severely stall appli-
cation execution as swapping in lies at the critical path. Under
this configuration, about 43% of overall reclaimable memory
is at 4 KB granularity, directly limiting the effectiveness of 2
MB-based reclamation. Other designs that rely on 2 MB huge
pages, such as virtio-mem [24] and hugepage-balloon [25],
suffer from the same limitation.

A natural question is whether simply reducing the granu-
larity can close this gap. To answer this question, we extend
HyperAlloc to operate at the 4 KB base-page granularity
while still opportunistically reclaiming 2 MB huge pages
when available. We refer to this variant as HyperAlloc-4K.
Under the same experimental setup, HyperAlloc-4K reclaims
only 46-60% of the reclaimable cold memory. The root cause
is the significant overhead of fine-grained page-table opera-
tion. Reclaiming and restoring a single 4 KB cold page of
VM incur 36 ps and 21 ps, respectively, latencies that are
1.7x and 2.1x higher than those of guest-level swapping
alone. The additional page-table overhead introduced by over-
commitment slows both reclamation and restoration. The re-
duced reclamation throughput prevents HyperAlloc-4K from
reclaiming cold pages at the rate that they are identified, while
the high restoration latency lies directly on the application’s
memory-access critical path, tightening the allowable perfor-
mance headroom. Together, these factors significantly limit
the amount of cold memory that can actually be reclaimed.
Similar drawbacks arise in other 4 KB-granularity mecha-
nisms (e.g., V-Probe [56] and Balloon [53]), which face the
same tradeoff between granularity and page-table overhead.

In summary, guest-level-assisted mechanisms inevitably
face a fundamental granularity tradeoff. Using 2 MB huge
pages amortizes overhead of page-table operations, but the
inherently non-contiguous distribution of cold memory limits
the applicability of hugepage-level reclamation. Extending
the design to support 4 KB granularity increases coverage,
yet the high overhead of 4 KB page-table operations low-
ers throughput and tightens performance constraints. These
limitations, granularity mismatch and high-latency recla-
mation and restoration at 4 KB granularity, highlight the
need for a low-latency design that supports mixed granularity.

3.2.3 Limitations of Host-Level Swapping

We use HyperAlloc to reclaim free memory and delegate cold-
memory reclamation to host-level swapping. However, when
applied to VMs, host-level swapping suffers from well-known
limitations. First, the host swapping cannot observe guest
memory accesses. To overcome this limitation, we integrate
Linux PTE scanning with the KVM MMU notifier, enabling
the host to track guest accesses by scanning and clearing EPT
access bits. Second, the host cannot distinguish free memory
from cold memory, since the entire VM footprint appears as
allocated memory. We bridge this semantic gap by exposing
HyperAlloc’s guest-allocator metadata to the host, allowing
host-level swapping to bypass free guest pages. Under the
same experimental setup (§3.1), this hybrid design reclaims
only 34-55% of the reclaimable cold memory.

One primary bottleneck is the high overhead of tracking
page hotness at the host level. As shown in Table 1, host-level
swapping performs 5.0x more TLB flushes than guest-level
swapping to reclaim the same amount of cold memory, in-
cluding expensive full TLB flushes. These flushes directly de-
grade application performance, a finding also reported in prior
work [26]. Moreover, host-level swapping is invisible to the
guest. As a result, guest kernel services (such as khugepaged
and kcompactd) may access reclaimed pages, triggering un-
necessary page restorations. Our measurements show that
26% of all restorations under host-level swapping are caused
by such system-service accesses. These unintended restora-
tions affect the amount of reclaimed memory.

In summary, the preceding limitations—heavy hotness
tracking and guest-blind reclamation—are inherent to host-
level swapping and persist regardless of the overcommitment
mechanism used for free memory. These limitations highlight
the need for a guest-aware design with lightweight hotness
monitoring.

4 Design and Implementation

4.1 Design Goals

To guide the design of Blowfish, we distill three funda-
mental observations. First, cold memory is inherently non-
contiguous, making granularity tradeoff inevitable: huge
pages inflate actual hotness, while 4 KB pages incur excessive
overheads. Therefore, effective reclamation should operate
and be optimized at mixed granularity. Second, accurate hot-
ness information cannot be efficiently obtained at the host
level due to limited visibility. Third, reclamation should be
guest-aware to prevent misaligned or unintended interactions
with guest kernel services. These observations point to three
key design requirements.

* Lightweight mixed-granularity hotness tracking: mon-
itor page temperature with minimal overhead, identify
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Figure 4: Design overview of Blowfish.

cold subpages within huge pages, and place mixed-
granularity pages under a fair hotness comparison.

» Efficient mixed-granularity operations: enable low-
latency fine-grained (4 KB) reclamation/restoration
while preserving contiguity when beneficial.

* Guest-aware reclamation: align host-level overcommit-
ment with guest kernel services to prevent blind restora-
tions.

4.2 Design Overview

Following the requirements, we introduce Blowfish, whose
architecture is shown in Figure 4. At a high level, Blowfish
leverages guest-level hotness tracking to instruct the host-
level reclamation to enable efficient overcommitment.

At the guest level, Blowfish piggybacks on existing Linux
MGLRU, and dynamically splits or collapses THPs to capture
subpage coldness. It also adjusts MGLRU’s promotion rules
to ensure fair comparison between 4 KB and 2 MB pages
(§4.3). At the host level, Blowfish performs reclamation and
restoration without modifying GPT or IOPT, avoiding expen-
sive page-table operations (§4.4). Blowfish further leverages
guest-reported hotness to coordinate guest kernel services
and prevent behaviors that conflict with host overcommitment
(§4.5).

We describe each component of Blowfish in the following
sections, and then present a practical automatic policy (§4.6)
together with the mechanisms that ensure correct behavior
under limited guest cooperation (§4.7).

4.3 Guest-Level Hotness Tracker

A key design choice in Blowfish is to build on Linux’s existing
MGLRU mechanism for hotness tracking. Unlike hardware-
assisted schemes (e.g., PEBS [26,35] or PML [18,52]), which
introduce additional accuracy-overhead trade-offs, reusing
MGLRU gives Blowfish an effective in-kernel hotness or-
dering without new monitoring costs. However, performing
hotness tracking at the host level would require page-table
scans that trigger expensive global TLB flushes (as shown in

§3.2.3). To avoid heavy costs, Blowfish shifts hotness tracking
into the guest and integrates it into the guest MGLRU.

To mitigate unfair hotness and hot bloat problems intro-
duced by THP, Blowfish makes two lightweight extensions: a
fair promotion rule of MGLRU that equalizes hotness treat-
ment across 4 KB and 2 MB pages (§4.3.1), and a subpage
tracker that refines THP-level hotness (§4.3.2).

4.3.1 Fair MGLRU

Traditional MGLRU promotes a page of any granularity to
the youngest generation when its PTE or PMD is scanned
as accessed, and gradually ages unaccessed pages until they
reach the oldest generation for reclamation. However, this
policy implicitly favors huge pages. A 2 MB page is far
more likely than a 4 KB page to receive accesses, allowing
2 MB huge pages to stay young disproportionately longer
and making them much harder to reclaim. This page-size-
amplified hotness distortion is the root cause of unfair hotness.

Based on this observation, Blowfish introduces Fair
MGLRU. The key idea is to discount the reward associated
with an access to a 2 MB page: a 2 MB page should not
receive the same reward as a 4 KB page, because the prob-
ability of observing an access on a 2 MB page is inherently
512x higher than on a 4 KB page. Fair MGLRU preserves
the original promotion behavior for 4 KB pages, that is, each
access immediately promotes a 4 KB page to the youngest
generation. For 2 MB pages, in contrast, Fair MGLRU per-
forms incremental promotion: upon each observed access, the
page is promoted only to the next younger generation, rather
than being promoted to the youngest one in a single step.
This design exploits MGLRU'’s structure. Since reclamation
drains only the oldest generation, a truly hot 2 MB huge page
will still climb toward younger generations through repeated
accesses, whereas a huge page that is only moderately warm
will eventually drift into the oldest generation and become
reclaimable.

We note that incremental promotion is meaningful only
when multiple generations exist. With two generations, the
original and Fair MGLRU behave identically. Linux, however,
uses four generations by default, so Fair MGLRU is effective
in practice, which is also confirmed by evaluation (§5).

4.3.2 Subpage Tracker

To address hot bloat, Blowfish introduces a subpage tracker
that identifies cold 4 KB base pages inside a 2 MB huge page.
Prior approaches face inherent limitations. HugeScope [36]
obtains subpage-level access bits by splitting EPT entries
and relying on transient inconsistencies in EPT state; this
approach becomes impractical in overcommitment settings
where EPT updates are frequent. PEBS-based sampling [35],
on the other hand, incurs well-known accuracy-overhead
trade-offs and can easily miss accesses. In contrast, Blowfish’s



subpage tracker is designed to maintain both low overhead
and high accuracy.

Blowfish’s subpage tracker works by dynamically splitting
and re-coalescing guest huge-page mappings to expose the
PTE-level access bits of constituent 4 KB subpages. The core
observation is that tracking accesses on subpages requires
splitting only the page table mapping, instead of the underly-
ing physical huge page, avoiding heavy struct page over-
head (the main overhead as reported in previous work [36]).

Specifically, the subpage tracker operates in periodic
epochs. Every 100 ms, it selects a small set of huge pages
from the second-youngest MGLRU generation, where hot-
bloat pages naturally concentrate, and temporarily splits their
mappings, i.e., turning PMD-mapped THP to PTE-mapped
THP. We cap each batch to at most 32 huge pages to bound
overhead. After splitting, the tracker monitors subpage access
bits in a 100 ms window. All the parameters are empirically
determined to impose negligible overhead.

After the monitoring phase, the tracker classifies each huge
page based on access skewness. If fewer than 20% of its
subpages are accessed, the tracker considers the huge page hot-
bloat and reports its cold subpages to the host for reclamation.
Regardless of whether a huge page exhibits access skewness,
the subpage tracker re-coalesces huge-page mapping to avoid
generating extra fine-grained page table entries. For huge
pages with more than 80% of subpages accessed (e.g., evenly
hot), the tracker marks them as balanced and skips them in
the next epoch to avoid unnecessary splitting.

4.4 Host-Level Reclamation Backend

While Blowfish performs hotness tracking inside the guest to
minimize monitoring overhead, relying on guest-level swap-
ping for overcommitment introduces substantial latency of
modifying the guest page table and the IOPT (see §3.2.2). In
contrast, Blowfish introduces a host-level reclamation back-
end that executes both reclamation and restoration entirely
on the host side and optimizes the critical path of each opera-
tion. The backend consumes guest-reported hotness, reclaims
cold pages through host-managed page remapping, and sup-
ports restoring pages without involving the guest page table
or IOPT. This design is based on the following observations.
(1) The isolation boundary for VM memory is enforced by
the EPT, not the guest page table, meaning that the guest page
table can remain unmodified during overcommitment while
the host manages reclamation purely via EPT remapping.
(2) Moving the RDMA-based data path from the guest into
the host avoids the expensive IOPT updates that passthrough
NICs would otherwise trigger during data movement.

We next detail the procedures of the reclamation and
restoration. Unless otherwise noted, we describe reclama-
tion and restoration without distinguishing page granularity.
The operations for 2 MB and 4 KB pages are structurally
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Figure 5: Cold memory path of Blowfish.

identical: the former operates on PMD entries and the latter
on PTE entries.

Reclaim a cold page. As shown in Figure 5, the guest-side
hotness tracker selects cold pages from the oldest MGLRU
generation, moves them to an isolated list to avoid repeated
reclamation, and pushes their guest physical addresses into a
shared-memory channel. On the host side, Blowfish’s recla-
mation backend runs a lightweight daemon thread that @)
polls this channel for incoming guest physical addresses. The
thread sleeps when the channel is empty and can be awakened
via a hypercall, following a standard low-overhead design that
avoids occupying a dedicated core. The reclaiming process
proceeds as follows. @ Upon receiving a cold guest physi-
cal address, the backend invalidates the corresponding EPT
entry and flushes its TLB entry. This mechanism guarantees
that any subsequent access will trigger an EPT violation, en-
abling Blowfish to intercept the access and restore the page
safely or prevent in-flight modifications before data backup.
9 The backend extracts the host physical address from the
invalidated EPT entry, allocates a far-memory address, and
transmits the page’s content to far memory via RDMA. After
the transfer completes, the backend encodes the far-memory
address into the EPT entry’s upper bits, which are ignored
when the present bits of EPT entry are cleared [28]. This
process finalizes reclamation without modifying either the
GPT or the IOPT.

Restore a cold page. As shown in Figure 5, when the guest
accesses a reclaimed cold page, @ the access triggers an EPT
violation because the corresponding EPT entry is not present.
Blowfish installs a lightweight EPT violation handler in the
host-level backend to restore both the mapping and the data
for the faulting guest physical address with minimal latency.
9 Upon a fault, the backend extracts the far-memory address
embedded in the invalidated EPT entry, allocates a free host
page, and fetches the data from far memory. @ It then recon-
structs the EPT entry for the restored guest page and places
the guest physical address into a shared buffer, enabling the
guest to reinsert the page into its MGLRU structures during
routine maintenance. This restoration completes with only a
single far-memory read and one EPT update, introducing min-



imal overhead and mirroring the low-cost design principles
of Blowfish.

Reclaim and restore free pages. ldentifying free pages is
straightforward: the backend only needs to scan the guest’s
free page list or allocator metadata. Reclaiming and restor-
ing free pages are also simple and efficient, as they merely
require updating the corresponding EPT entries and can natu-
rally benefit from defragmentation and huge-page optimiza-
tions [59,60]. We extend HyperAlloc [59] and integrate it into
Blowfish’s unified reclamation backend, delegating both free
page reclamation and restoration. Specifically, the backend
scans the shared guest allocator to identify free pages, unmaps
their EPT entries, and synchronizes their state with the guest
allocator using atomic updates. This process completes the
reclamation of a free page. When the guest later allocates a
page marked as reclaimed, it issues a hypercall to the backend,
which allocates a fresh host page and reconstructs the corre-
sponding EPT mapping. The guest allocator naturally prefers
pages not marked as reclaimed, thereby avoiding unnecessary
restorations.

4.5 Hotness-Aware Kernel Service

Modern Linux kernel services (e.g., kcompactd, khugepaged)
make page-level decisions without considering access hotness,
a long-standing inefficiency in Linux memory management.
Under host-level reclamation, however, these services can
unnecessarily trigger restorations of reclaimed pages, ampli-
fying their cost. To mitigate all the preceding problems while
preserving normal kernel functionality, Blowfish introduces
minimal but effective hotness-aware adjustments to existing
guest kernel services.

Among these services, khugepaged is both always enabled
under THP and highly active [6]. It periodically scans guest
page tables with bounded throughput to identify 2 MB regions
that can be promoted to huge pages, moving data to physically
contiguous 2 MB pages and forming a new huge-page map-
ping. Because khugepaged is oblivious to page hotness, it may
(1) merge unevenly hot pages, exacerbating hot bloat, and (2)
inadvertently touch reclaimed cold pages under host overcom-
mitment. Blowfish augments khugepaged with a lightweight
filter: during the scan, it inspects access bits of all PTEs in the
candidate region and skips promotion if more than half of the
pages were not recently accessed. This simple check adds lit-
tle extra scanning cost and effectively suppresses low-benefit
promotions in practice.

kcompactd is triggered when the guest kernel requires high-
order pages, e.g., when khugepaged finds no available free
2 MB pages. It compacts memory by migrating data from
lower addresses toward higher addresses to create contigu-
ous free pages. During scanning, kcompactd may migrate hot
pages, hurting application performance, or touch reclaimed
cold pages, triggering unnecessary restorations. Blowfish ex-
tends kcompactd with a lightweight filter: during the scan,

it inspects the generation of each page and skips pages in
the youngest generation (treated as hot). It also skips re-
claimed pages by checking whether the page is absent from
the MGLRU; in Blowfish, all reclaimed cold pages are re-
moved from the MGLRU to avoid repeated reclamation. In
more aggressive paths (e.g., direct compaction), Blowfish is-
sues explicit restoration requests to the host backend and
allows hot and reclaimed pages to be migrated, ensuring that
memory compaction remains effective. Since direct com-
paction occurs infrequently and involves only a limited num-
ber of pages at a time, these restorations introduce only mod-
est overhead.

We primarily optimize khugepaged and kcompactd be-
cause, with THP enabled, khugepaged is always active, kcom-
pactd is frequently triggered during huge-page allocation, and
together they account for the vast majority of unnecessary
accesses in our experiments. Other kernel services, such as
NUMA balancing, are either inactive in typical VM deploy-
ments or can be extended in a similar fashion, so we omit
their details.

4.6 Automatic Policy

In this section, we present an automatic policy used in our eval-
uation: (1) prioritize reclaiming free memory, whose pages
can be efficiently restored with negligible impact on applica-
tion performance; and (2) reclaim cold memory only when
free memory becomes scarce, while regulating its perfor-
mance impact through PSI. This PSI-guided policy is purely
practical and heuristic; Blowfish does not rely on a specific
control policy, and alternative policies can be easily plugged
in.

Initially, Blowfish tries to reclaim free memory until the re-
maining amount reaches a predefined watermark (e.g., I00MB
by default), a design inspired by the Linux memory water-
mark. Specifically, the host-level reclamation backend period-
ically scans the guest allocator every 100ms to identify and
reclaim free guest pages, a frequency that has proven effective
in practice with minimal CPU consumption. Restoration of
reclaimed free memory is performed on demand when the
guest allocates it, following HyperAlloc’s policy.

Once the remaining free memory falls below the prede-
fined watermark, Blowfish begins reclaiming cold memory,
with the reclamation rate regulated by PSI to minimize ap-
plication performance degradation. The PSI follows the defi-
nition introduced in §2, i.e., the real-time process stalls due
to memory shortages. Specifically, when PSI remains below
a predefined threshold, Blowfish continues reclaiming cold
memory. As reclamation progresses, reclaimed pages may
be accessed more frequently, causing PSI to rise. Once PSI
exceeds the threshold, Blowfish pauses cold-memory recla-
mation and proactively restores cold pages until PSI falls back
below the threshold.



4.7 Guest Cooperation and Isolation

Similar to prior cooperative memory overcommitment mech-
anisms (e.g., Balloon [25, 53], virtio-mem [24], HyperAl-
loc [59]), Blowfish operates under the assumption that the
guest and the host adhere to a simple, well-defined proto-
col. In practice, this cooperation model is widely adopted
in modern cloud virtualization environments, where guests
typically adhere to the prescribed interface. Nevertheless, pro-
tocol deviations, whether accidental or intentional, may still
arise. We discuss how Blowfish handles such cases and what
guarantees it preserves. We focus on the mixed-granularity
cold-memory reclamation path unique to Blowfish and ex-
clude free-memory reclamation, whose correctness properties
are inherited from HyperAlloc.

For cold-memory reclamation, a guest may provide guest
physical addresses that do not correspond to valid memory
regions. Blowfish’s reclamation backend verifies each guest
physical address against the EPT mappings and simply ig-
nores those that are invalid. A guest may also fail to report
its cold guest physical addresses. In this case, if necessary,
Blowfish can safely fall back to the uncooperative host swap-
ping, which identifies cold pages by scanning EPT access bits
and directly reclaims guest-occupied host pages. This fall-
back preserves correctness and, in critical situations, prevents
host-level out-of-memory conditions, though it may reduce
the guest’s performance benefits. If a guest submits an unusu-
ally large number of guest physical addresses, the backend
continues to process only the valid ones. The backend em-
ploys a balanced polling strategy across all VMs, ensuring
that excessive submissions from one VM do not impact the
progress or performance isolation of others.

We also handle concurrent host and guest operations. On
the guest side, pages selected for reclamation are synchro-
nized using LRU locks. For the shared memory channel be-
tween host and guest, atomic indexing ensures that each loca-
tion is accessed by at most one reader or writer at a time [55].
On the host side, Blowfish coordinates concurrent reclamation
and restoration using per-EPT-entry locks.

5 Evaluation

We implement Blowfish in C, based on the Linux kernel (ver-
sion 6.1) and QEMU (version 8.2.1), with approximately 6000
lines of code added to the host kernel and 1700 lines to the
guest kernel. The RDMA backend is inspired by Hermit [49],
a state-of-the-art paging-based far memory system.

Setup. We run experiments in a cluster with one CPU server
and one memory server connected by NVIDIA 100Gbps Mel-
lanox ConnectX-5 InfiniBand adapters. Each server has two
Intel Xeon Gold 6342 CPUs and 256GB of memory. We
configure the servers following common practice for low la-
tency [45], including disabling Turbo Boost, CPU frequency
scaling and hyperthreading. Besides, we enable Transparent

Huge Page (THP). All systems being evaluated are running
on Ubuntu 20.04. The virtual CPUs on the guests maintain
a 1:1 mapping with the host physical CPUs. The threads for
reclamation and proactive restoration share physical CPU
cores with the VM and utilize no more than a single core.
Baseline and methodology. We evaluate against HyperAl-
loc [59], and its 4 KB-granularity variant HyperAlloc-4K
for fine-grained 4 KB reallocation. Because HyperAlloc
targets free-page reclamation, we extend HyperAlloc and
HyperAlloc-4K to support cold-memory rebalancing: we in-
stall Hermit [49] for ps-scale data movement and add a re-
claimer to support paging. All baselines are configured to
follow the same policy as Blowfish.

For paging type (§2.2), guest paging offers low overhead
of hotness tracking but introduces granularity mismatch and
high-latency for memory adjustment; host paging is trans-
parent but risks mis-eviction and extra context switches/data
movement due to limited visibility and burdens heavy hotness
tracking. We pair HyperAlloc and HyperAlloc-4K with guest
paging to enable cold-page reclamation, where HyperAlloc-H
denotes the host-paging variant of HyperAlloc, HyperAlloc-G
denotes its guest-paging variant, and the same notation applies
to HyperAlloc-4K (i.e., HyperAlloc-4K-H and HyperAlloc-
4K-G). Since HyperAlloc and HyperAlloc-4K show no signif-
icant performance difference when reclaiming contiguous free
memory, the host paging responsible for reclaiming cold mem-
ory is implemented only on HyperAlloc (i.e., HyperAlloc-H).

Slow Down for throughput is defined as the ratio between
the runtime increase under the current configuration and the
runtime when using all-local memory, while for latency, it
represents the percentage of latency increase. Reclamation
Ratio is formally defined as

Z Ml"lOW
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ReclamationRatio = 1 — — %
n

where n denotes the number of sampling points. M?°" repre-
sents the memory usage of the VM at sampling point i, and
MYM denotes the initial memory size allocated to the VM.
We measure the throughput and latency of applications under
different PSI thresholds.

For §5.1, we use different baseline systems to reclaim as
much VM memory as possible under the PSI threshold con-
straint, in order to assess their ultimate capabilities. For §5.2,
we follow the unified PSI threshold setting used in Senpai [58],
namely 0.04. We run different applications in pairs under the
condition that their combined memory usage is at most 50%
of their combined peak memory demand to investigate how
different systems perform memory rebalancing.

Note that for host-level reclamation mechanisms (e.g.,
HyperAlloc-H and Blowfish), guest-level PSI cannot accu-
rately reflect the actual memory demand, because host-level
page faults are invisible to the guest. To address this gap, we
place each VM process in a separate host cgroup and moni-
tor the PST at the cgroup level for these mechanisms. In this



Table 2: Benchmarks and workloads.

Application Dataset Size

Characteristics Memory Footprint #vCPU

Native applications

Memcached [3] Meta’s trace Cachelib [14] 411M records

Highly skewed with churn 20G

Liblinear [20] Kaggle 2014 Criteo [2] 40.4M records

Sparse sequential access 8G

FINSFSFNFNEY

GAPBS [13] Triangle Count Twitter trace [32] 61.5M vertices, 2.4G edges Localized access with skewed distribution 20G
GraphChi [34] Page Rank partial Hyperlink2014 [46] 812M vertices, 33G edges Block-based random access with locality 23G
SPEC CPU2017 [15] 602.gcc_s N/A N/A Irregular, pointer-heavy memory access with low data locality 10G
Managed applications
Spark-KMeans [62] ‘ Wikipedia France [4] ‘ 137.5M records ‘ Sequential access with spatial locality ‘ 15G ‘ 4
Cassandra [11] | YCSB, Synthetic, Zipf distribution | 10M records | Random access with skewness | 36G | 8
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Figure 6: End-to-End performance of benchmarks.

way, host-level PSI captures memory pressure induced by
host-level page faults during restoration, providing a more
accurate measurement of memory demand.

Workloads. As shown in Table 2, we evaluate five native
applications written in C/C++ and two managed applications
written in Java, covering varied memory access patterns. We
evaluate the throughput (§5.1.1) and latency (§5.1.2) of appli-
cations listed in Table 2.

flushes than HyperAlloc-G. (2) Due to its lack of program
semantics, host paging often misidentifies cold pages, result-
ing in unnecessary evictions, context switches (incurring 33%
more VM exits), and extra data transfers. For reclamation,
HyperAlloc-H suffers from host-side semantic loss: it fails
to differentiate page states (e.g., short-lived cache, writeback
pages), leading to misguided evictions and unnecessary swap-
ping. In addition, daemon in kernel service introduces hotness
interference, and the absence of guest-level semantics further
causes invalid reclamations that are quickly restored, collec-
tively degrading throughput. HyperAlloc-G imposes minimal
performance overhead on applications, but fails to take ad-
vantage of potential memory reclamation opportunities due
to its dependence on contiguous pages. In HyperAlloc-4K-
G, costly cold memory reclamation reduces its reclamation
throughput (on average 2x lower than Blowfish across the
applications), and costly restoration increases reclaimed-page
access latency, and this higher latency degrades application
performance.



Memcached and Cassandra The workload of Memcached is
skewed with churn, while the one of Cassandra is more ran-
dom. This behavior stems from Cassandra’s garbage collec-
tion threads accessing memory via graph traversal. Under the
constraint that application performance degradation does not
exceed 5%, for average reclamation ratio, Blowfish has 3.1,
5.3 %, and 3.2 improvement compared to HyperAlloc-4K-
G, HyperAlloc-H, and HyperAlloc-G, respectively in Mem-
cached. Besides, in Cassandra, provided that application per-
formance degrades by no more than 5%, Blowfish improves
the reclamation ratio by 2.1x, 4.0x, and 3.3x. The recla-
mation of Cassandra is more challenging due to its larger
working set and more complex memory access patterns. Our
profiling reveals that more than 80% of reclaimable free mem-
ory pages are non-contiguous, severely limiting HyperAlloc’s
ability to reclaim memory. For HyperAlloc-H, Memcached
consists of 96% anonymous pages versus 67% in Cassandra,
yielding higher reclamation ratio as fewer file pages are mis-
evicted. However, due to the semantics gap, 27% of reclaimed
pages are restored within Is, resulting in a lower reclamation
ratio compared to Blowfish.

GAPBS TriangleCount and GraphChi PageRank are graph-
centric workloads that traverse the entire graph and exhibit
pronounced phase-changing behavior in their memory usage
patterns. TriangleCount is executed on an evolving graph [17],
where we divide the input dataset into three parts and feed
them to GAPBS. During the update and analysis of the evolv-
ing graph, HyperAlloc-4K-G cannot reclaim the memory in
time due to its low reclamation throughput. Subject to the con-
dition that application performance drops by no more than 5%,
Blowfish offers a favorable trade-off between reclamation and
performance, achieving up to 2.1x, 2.8, and 2.4 x higher
reclamation ratios than baseline systems (HyperAlloc-4K-G,
HyperAlloc-H, and HyperAlloc-G, respectively). GraphChi
PageRank reads and processes the graph in blocks, during
which it repeatedly allocates and frees memory. The frequent
memory allocation and deallocation in GraphChi [33] exacer-
bate the problem of memory fragmentation. Its slowdown on
HyperAlloc-H stems primarily from (1) frequent TLB flush.
(2) reclaiming an extra 48% short-lived page cache pages;
this behavior interferes with hot-cold classification, causing
many hot pages to be swapped out. In our measurements,
VM exits due to this factor account for 32% (296M in to-
tal). For HyperAlloc-4K-G, rapid working set fluctuations
lead to excessive memory restoration operations, incurring
high overhead. Blowfish detects the gaps during application
working set transitions and promptly reclaims memory. At
the constraint of 5% slowdown, Blowfish reaches 3.4 x, 6.1 %,
and 3.9x higher memory reclamation ratio than HyperAlloc-
4K-G, HyperAlloc-H, and HyperAlloc-G, respectively.

Liblinear and KMeans are representative of machine learn-
ing applications. The memory fluctuation characteristics of
Liblinear are subdued because matrix multiplication exhibits
sequential access patterns, where non-contiguous pages ac-
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Figure 7: Tail latency of benchmarks.

count for only 34% of the total. Hence, the improvement of
Blowfish is modest compared to the baselines. With respect to
HyperAlloc-4K-G, HyperAlloc-H, and HyperAlloc-G (at 5%
slowdown), Blowfish improves the reclamation ratio by 2.0x,
2.9x and 2.2 x, respectively. KMeans is an iterative algorithm
composed of multiple phases. Furthermore, as KMeans has
a relatively large working set, the reclamation ratio tends to
stabilize with increasing PSI threshold. In KMeans under a
slowdown of 5%, for reclamation ratio, Blowfish has 3.0x,
5.6%, and 3.7 x improvement compared to HyperAlloc-4K-G,
HyperAlloc-H, and HyperAlloc-G, respectively.

602.gcc_s is a benchmark that simulates the GCC compiler
compiling large C programs, displaying multi-phase mem-
ory usage characteristics. HyperAlloc-G’s reclamation ratio
remains significantly lower across PSI thresholds, owing to
its limited ability to reclaim non-contiguous memory (up
to 75%). The memory access pattern of 602.gcc_s aligns
well with Blowfish’s optimizations. With a slowdown of 5%,
Blowfish outperforms HyperAlloc-4K-G, HyperAlloc-H, and
HyperAlloc-G by 1.6 x, 3.2 x and 1.9x for reclamation ratio.
Notably 52% of the pages swapped out by HyperAlloc-H are
page cache.

5.1.2 Latency

We evaluate the tail latency (p95) of Memcached and Cassan-
dra. As shown in Figure 7, with increasing reclamation ratio,
applications running on HyperAlloc-G and HyperAlloc-H ex-
hibit a sharp increase in p95 latency. Besides low restoration
overhead, Blowfish consumes only 11% and 14% of the CPU
resources allocated to the VM for Memcached and Cassan-
dra, respectively (compared to 24% and 26% in HyperAlloc-
4K-G), reducing competition with application threads dur-
ing memory rebalancing. At the challenging case with a
throughput slowdown of 5%, Blowfish reduces the latency
slowdown of Memcached by 2.8 x, 4.7, and 3.9 x compared
to HyperAlloc-4K-G, HyperAlloc-H, and HyperAlloc-G, re-
spectively (1.9x, 2.5%, and 2.1 x for Cassandra).
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5.2 Memory Rebalancing Across VMs

We select four applications and evaluate end-to-end mem-
ory rebalancing under co-running VMs. Figure 8 shows that
Blowfish consistently preserves co-run performance closer to
running individually (“Individual” refers to running an appli-
cation in isolation on a VM without memory pressure). Across
all six workload pairs, Blowfish’s normalized performance
degradation factor remains in a narrow range (1.06x—1.25x),
whereas the baselines exhibit substantially larger degradation.
Blowfish can quickly adjust the amount of memory available
to an application by leveraging its phase-changing behavior,
thereby avoiding SLO violations.

5.3 Drill Down

Effectiveness of Fair MGLRU. We measure the effective-
ness of fair MGLRU. We select two applications and replace
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Figure 10: Memory utilization over time during rebalancing, defined
as the ratio of the current VM size to the initial VM size.

the fair MGLRU in Blowfish with the standard MGLRU.
As shown in Figure 9(a), fair MGLRU effectively distin-
guishes pages at different granularities and improves the mem-
ory reclamation ratio. Enabling fair MGLRU increases the
reclamation ratio by 7.2% for Memcached and by 6.5% for
KMeans.

Overhead of Subpage Tracker. To investigate the overhead
introduced by the Subpage Tracker in Blowfish, we select two
applications and evaluate the performance impact of enabling
or disabling this configuration. As shown in Figure 9(b), the
Subpage Tracker has a modest impact on application perfor-
mance (3.1% for Cassandra and 0.9% for TriangleCount).
This modest overhead is mainly due to that it splits only the
page table mappings, rather than the actual physical pages, at
a modest rate, avoiding the high cost of updating the struct
page metadata.

Automatic Reclamation. Figure 10 illustrates how Blowfish
and the baseline systems dynamically resize VM memory.
To balance the performance and accuracy of sampling, we
sample the memory footprint of guest every 0.5s at the PSI
threshold to guarantee the slowdown of 5% on Blowfish. For
GAPBS TriangleCount, we split the input graph into three
parts to construct the evolving graph [17]. The algorithm in-
volves three passes over the entire graph structure. For each
pass, cold pages are gradually reclaimed. In comparison to
HyperAlloc-4K-G and HyperAlloc-H, Blowfish can promptly
reclaim memory regions that are unlikely to be accessed in the
near future with higher reclamation throughput. HyperAlloc-
G, on the other hand, is hindered by memory fragmentation
and can reclaim only a limited amount of memory shortly af-
ter each pass. For KMeans, there are multiple distinct stages.
Upon JVM startup, the heap is initialized with a relatively
low memory footprint. As the application proceeds to ini-
tialize memory and load data, memory consumption gradu-
ally increases. During the subsequent phases, memory usage
exhibits cyclical fluctuations. Blowfish maintains high per-
formance while offering flexibility in memory usage across
various applications. However, the baselines miss the oppor-
tunity to harvest the cold memory due to their poor elasticity.
For 602.gcc_s, Blowfish is capable of aggressively reclaiming
memory while swiftly responding to sudden bursts of memory
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requests, achieving a sweet spot between performance and
reclamation ratio.

Latency Breakdown. We use a microbenchmark to measure
the single-page reclaim and restore latency of Blowfish. We
run a program with random memory access in the VM and
trigger Blowfish to reclaim pages individually, thereby avoid-
ing batching optimizations. Figure 11(a) presents the results.
Blowfish eliminates the overhead of guest page table and I/O
page table modifications, making EPT handling the dominant
software overhead, accounting for 41%-57% of the total. By
removing redundant overheads of page table modifications,
Blowfish reduces the single-page reclaim and restore laten-
cies to 14.5us and 9.8us, which are 53% and 60% lower than
HyperAlloc-4K-G, respectively. The latency could be further
reduced with lower-latency hardware.

Scalability of the Reclamation Backend. We evaluate the
scalability of the reclamation backend. “#Waiting for Process-
ing” denotes the average number of pages waiting to be re-
claimed. We assess scalability by running a microbenchmark
with a large cold memory footprint in the VM and varying
the reclamation request rate (the offered load). As shown in
Figure 11(b), with a single reclamation thread, the number of
pages queuing quickly reaches an inflection point as the load
increases. At a load of about 170K pages/s, the queue length
surges, indicating that a single thread is nearing its processing
capacity. Increasing the number of threads alleviates this bot-
tleneck, enabling the reclamation backend to handle higher
loads. For example, using 2 threads and 4 threads increases
the processing capacity of the backend by nearly 2.0x and
3.9x%.

6 Limitations

The components of Blowfish exhibit different portability char-
acteristics. The host-level reclamation backend operates en-
tirely in the host and has no guest kernel dependency. The
subpage tracker relies only on access bits and page table op-
erations, making it applicable to any OS with standard page
table support. The Fair MGLRU component, however, de-
pends on MGLRU’s multi-generational structure. On systems
with classical two-list LRU implementations, the same princi-

ple can still be approximated by gating huge-page promotion
with an additional access-count condition, requiring multiple
observed accesses before promoting a 2 MB page to the active
list. While this approximation may reduce effectiveness due to
coarser promotion granularity and additional gating overhead,
the core idea of correcting unfair hotness still applies.

7 Prior Work

Memtis [35] and Demeter [26] are the two pieces of prior work
most closely related to Blowfish. Although these systems
focus on tiered memory management, Blowfish shares several
design considerations with them while introducing new ideas
to tackle the related but distinct problem of VM memory
overcommitment. This section discusses the similarities and
differences between Blowfish and these prior systems.

7.1 Memtis

Both Blowfish and Memtis adopt THP-aware hotness tracking,
but in different problem settings. This similarity stems from a
shared observation: THPs introduce hot bloat issues, where
a few hot subpages can cause the entire THP to appear hot,
leaving many cold subpages unreclaimable (for Blowfish)
or unevicted (for Memtis). Both systems, therefore, need to
identify such THPs and split them to mitigate this issue.
However, the two systems differ substantially in both de-
ployment environment and problem setting. Memtis is de-
signed for bare-metal tiered memory management, while
Blowfish targets VM memory overcommitment in virtualized
systems. These differences lead to distinct designs. Memtis
relies on PEBS-based sampling for page access tracking,
which introduces an accuracy-overhead tradeoff and requires
non-trivial deployment effort [26, 40]. Blowfish instead uses
A/D-bit-based tracking, which is more virtualization-friendly
and provides more deterministic access signals. Moreover,
Memtis assumes a relatively stable fast tier for computing hot-
set/hit-ratio statistics, an assumption that becomes difficult to
maintain under dynamic memory overcommitment.

7.2 Demeter

Both Blowfish and Demeter adopt a decoupled architecture
and perform page tracking within the guest. This similarity
stems from a shared observation in virtualized environments:
performing page tracking at the host incurs substantial system
overhead.

However, the two systems differ in how to partition page
table management functionality between the guest and the
host. Demeter delegates the full tiered memory management
pipeline, including data migration, to the guest, introducing
overheads from GPT and IOPT updates under memory over-
commitment. In contrast, Blowfish decouples page tracking
and page management: the guest is responsible only for page



tracking, while the host handles data transfer and page ta-
ble updates, reducing the latency of individual operations
by 53-60%. In addition, Demeter operates on coarse-grained
memory regions (e.g., 2 MB), making it difficult to handle
hot bloat and unfair hotness under mixed-granularity scenar-
ios. It also lacks page-type awareness, reducing reclamation
effectiveness. Blowfish instead uses subpage-level tracking
and page-type awareness for more effective reclamation.

7.3 Takeaways

Blowfish, Memtis, and Demeter address different problems
(VM memory overcommitment vs. tiered memory manage-
ment) in different deployment contexts (virtualized vs. bare-
metal), yet converge on similar techniques due to shared re-
quirements for effective hot-bloat tracking and low-overhead
page access tracking. However, different goals lead to distinct
designs, as discussed earlier. These comparisons show that
efficient VM memory overcommitment requires rethinking
both tracking mechanisms and system design for responsive,
low-overhead memory management.

8 Conclusion

In this paper, we have proposed Blowfish, a memory overcom-
mitment framework built on disaggregated memory. Blowfish
can perform cold/free memory reclamation and restoration
at a ps-scale, reaching up to 2.48x and 2.14 x faster than the
state-of-the-art work, i.e., HyperAlloc.
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