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ABSTRACT

Hierarchical Data Storage Systems (HSSs) provide a cost-effective
architecture that balances capacity and performance through inter-
nal data migration. Prior work has primarily focused on optimizing
individual migration tasks, either within or across HSS tiers, or
on exploiting device bandwidth to improve overall throughput.
These approaches treat migration tasks in isolation, and the per-
formance implications of executing heterogeneous migration tasks
concurrently remain largely unexplored despite their prevalence in
real-world HSS deployments. The growing adoption of Direct Data
Access (DDA) architectures, in which accelerators access storage
without CPU mediation, further amplifies this problem by removing
a natural bandwidth arbiter from the I/O path.

This paper presents an in-depth analysis of data migration be-
havior in commercial HSSs, uncovering substantial performance
variability when multiple migration tasks execute concurrently. To
mitigate this issue, we propose PASCAL, a system-level bandwidth
orchestration framework that improves performance robustness
in production-grade HSSs. Inspired by hydraulic systems, PASCAL
adapts pressure/backpressure-style coordination to the multi-task
migration setting: it treats each tier as a pressurized vessel and uses
pressure gradients to allocate bandwidth across cache flush, tiering,
garbage collection, and DDA flows. We evaluate PASCAL on a com-
mercial OceanStor HSS across three hardware configurations and
eight workloads spanning database, Al training, Al inference, and
production traces. PASCAL achieves up to 20% higher throughput,
67% lower tail latency, and 79% reduced throughput jitter com-
pared to local state-of-the-art controllers, while also stabilizing the
performance jitter introduced by DDA architectures.
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1 INTRODUCTION

Hierarchical data storage systems (HSSs) integrate multiple storage
tiers, such as NVRAM, SSDs, and HDDs, to balance cost, capacity,
and performance [5, 27, 37, 40, 50, 51] (Fig. 1). HSSs rely on continu-
ous background data migrations: inter-tier promotion and eviction,
and intra-tier garbage collection, to keep hot data on fast tiers and
manage capacity. However, database systems, Al training, real-time
analytics, and hyperscaler workloads are increasingly pushing HSSs
to their limits [7, 9, 12, 17, 36, 43, 47], making it difficult to sustain
robust, predictable performance. This challenge is compounded by
the growing trend of co-locating diverse workloads, such as latency-
sensitive OLTP transactions, throughput-intensive analytics, and
bursty Al training pipelines, on a shared storage pool. In such mixed
environments, operators require not only high peak throughput
but also stable, low-jitter service across all tenants, since a transient
bandwidth spike from one workload’s background migration can
cascade into Quality-of-Service (QoS) violations for another.

Prior research on HSSs primarily focuses on inter-tier data mi-
gration policies [11, 37, 49, 51], cross-tier data placement poli-
cies [23, 32, 45], and leveraging the bandwidth of devices across
storage tiers [33, 41, 44] to enhance system performance. Further-
more, numerous studies focus on data migration policies within
single-tier storage, primarily targeting garbage collection strategies
optimized for SSDs or log-structured file systems [13, 25, 34, 38].
However, these approaches treat migration tasks in isolation and
overlook a critical operational reality: in production HSSs, multiple
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Figure 1: A representative datacenter HSS. Database, analyt-
ics, and Al services on the host side share a tiered storage
pool composed of an NVRAM cache tier, an SSD capacity tier,
and an HDD bulk tier. Foreground client I/O and Direct Data
Access (DDA) traffic from accelerators compete with con-
tinuous background migration tasks over the same shared
storage substrate.

migration tasks execute concurrently, and their interactions can
severely destabilize system performance.

The underlying reason is that concurrent migrations share a
finite bandwidth limit in each tier. Because these policies are de-
signed in isolation, they cannot anticipate each other’s actions. For
example, a tiering policy that aggressively promotes data from HDD
to SSD may coincide with a file-system garbage-collection cycle
on the same SSD tier. Both tasks consume SSD write bandwidth
simultaneously: tiering fills the SSD with promoted blocks while
GC rewrites live pages to reclaim space, creating a feedback loop
of write amplification. The resulting contention spills over to the
NVRAM tier, whose eviction path to SSD is now throttled, causing
cache back-pressure that inflates foreground read and write laten-
cies. We confirm this effect on a commercial three-tier HSS (see
Section 2): combining state-of-the-art migration optimizers yields
up to 10% higher throughput but also introduces severe through-
put jitter, undermining the QoS guarantees demanded by modern
applications [10].

Bandwidth control, regulating how much data to migrate per
unit time, has proven effective for single tasks such as cache write-
back [2, 4, 26, 29, 31, 42, 50]. Extending it to the multi-task HSS
setting, however, raises two open challenges: (i) defining a system-
wide metric that captures cross-tier migration urgency, and (ii) coor-
dinating bandwidth across heterogeneous tasks (tiering, GC, cache
flush) to jointly optimize throughput, jitter, and tail latency. Naive
solutions fall short: static bandwidth partitioning wastes capacity
because migrations are inherently phased and episodic, while de-
ploying independent per-task controllers (e.g., one PID or RL agent
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per migration flow) leads to oscillations, as each controller greedily
bids for bandwidth without visibility into the others actions, repro-
ducing the very interference it aims to eliminate. A viable solution
must therefore provide a global coordination signal that links all
tiers and tasks under a single optimization objective.

To this end, we propose PASCAL, a system-level bandwidth
orchestration framework for production-grade HSSs, inspired by
Pascal’s law!. Rather than introducing a new control-theoretic prin-
ciple, PASCAL adapts pressure/backpressure-style reasoning to
a setting where cache flushing, tiering, garbage collection, and
Direct Data Access (DDA) traffic were previously controlled in-
dependently. PASCAL translates the pressure abstraction into a
closed-form bandwidth allocator that operates across heteroge-
neous tiers and migration tasks, thereby modeling an HSS as a
closed-loop hydraulic network (see Fig. 2). Each storage tier is a
pressurized vessel, data volumes are the fluid, and inter-tier band-
widths are valves. The hydraulic analogy is a natural fit: just as
fluid flows from high-pressure to low-pressure regions until equi-
librium is reached, data in an HSS should migrate from congested
tiers to underutilized ones, with flow rates proportional to the im-
balance. Pressure in PASCAL translates real-time tier utilization
into a single dynamic scalar per tier, and pressure differences be-
tween tiers directly drive migration bandwidth allocation, yielding
a closed-form, interpretable control policy. Because the optimal
pressure parameters depend on hardware configuration and work-
load mix, PASCAL employs Bayesian optimization to tune them
online, a sample-efficient strategy well suited to the expensive,
real-hardware evaluations inherent in production storage systems.

PASCAL’s coordination is especially critical given the emergence
of DDA architectures, such as NPU Direct and GPU Direct, that
allow accelerators to read and write storage tiers without CPU
mediation. DDA removes the CPU as a natural bandwidth arbiter,
injecting high-speed, bursty I/O directly into the storage hierarchy.
While DDA delivers substantial throughput and latency gains for
Al workloads, it also amplifies performance jitter dramatically (up
to 2X in our experiments), because the uncoordinated accelerator
traffic competes with ongoing background migrations at wire speed.
Single-task bandwidth controllers, designed for CPU-mediated I/O,
lack the global visibility to manage this contention. PASCAL’s
system-wide pressure model naturally extends to DDA traffic by
treating accelerator I/O as an additional external pressure source.

While the core of PASCAL resides in the storage orchestration
layer, its primary objective is to solve a critical QoS challenge: ensur-
ing performance predictability and stability for data management
systems and data analytic applications running on HSSs. In modern
data centers, database engines interact directly with hierarchical
storage. The background migration “noise” from concurrent cache
flushes, tier promotions, and garbage collection would surface at
the database layer as severe throughput jitter and QoS violations.
PASCAL’s global orchestration provides a storage-orchestration
substrate for stable database execution.

We evaluate PASCAL on a production-grade Huawei OceanStor
Dorado 18000 V6 storage system under three hardware configura-
tions that vary the number of tiers and the SSD fleet size, exercising
different capacity-to-bandwidth ratios. Eight workloads, ranging

Uhttps://www.britannica.com/science/Pascals-principle



from YCSB and Facebook ZippyDB database benchmarks, through
MLPerf Al training traces (U-Net3D, ResNet-50, CosmoFlow), to
anonymized production traces from a major bank, an LLM training
cluster, and a large-scale Al inference platform, stress the system
under diverse access patterns and concurrency levels. Experiments
also include DDA configurations in which Ascend 910B NPUs by-
pass the CPU for direct storage access. Across all settings, PASCAL
achieves up to 20% higher throughput, 67% lower tail latency, and
79% reduced throughput jitter compared to state-of-the-art base-
lines, demonstrating that pressure-aware coordination generalizes
across workload types, hardware scales, and I/O architectures.
The main contributions of this paper are as follows.

e We conduct an empirical study on a commercial HSS show-
ing that state-of-the-art migration optimizers, when ex-
ecuted concurrently, improve throughput but introduce
severe performance jitter.

o We define a pressure metric that unifies tier-level utiliza-
tion and migration urgency across an entire HSS hierarchy,
enabling system-wide coordination of heterogeneous data
migration tasks.

e We design a pressure-gradient bandwidth allocator, based
on Pascal’s law, that coordinates multiple concurrent migra-
tions to jointly optimize throughput, jitter, and tail latency.

e We evaluate PASCAL on a commercial three-tier HSS un-
der eight workloads—including database benchmarks, Al
training, and production traces—and three hardware con-
figurations. PASCAL achieves up to 20% higher throughput,
67% lower tail latency, and 79% reduced jitter versus state-
of-the-art baselines.

2 BACKGROUND AND MOTIVATION

Hierarchical data storage systems: Hierarchical data storage sys-
tems (HSSs) are a key building block of modern data infrastructures.
By dynamically migrating data across tiers, such as high-speed
NVRAM, mid-tier SSDs, and high-capacity HDDs, HSSs optimize
performance for diverse workloads while balancing capacity and
minimizing operational costs. The left side of Fig. 2 illustrates a
canonical three-tier HSS, which can migrate data between tiers on
demand. Client I/O requests are serviced from the fastest available
tier, while background data migration tasks continuously redis-
tribute data to align with workload patterns.

Data migration tasks: Data migrations within HSSs can change
the data distribution between the storage tiers, which affects the
capacity utilization of each tier, thereby shaping overall system per-
formance. Based on the source and destination of the data transfer,
data migration in HSSs can be classified into three classes:

(1) External data traffic is triggered by client applications or
direct data access from GPU/NPU.
(2) Inter-tier migration focuses on tiering operations where
data is moved between tiers, e.g., from NVRAM to SSD.
(3) Intra-tier migration refers to single-tier data management
operations such as file system garbage collection (GC).
As external data traffic continuously flows into the storage sys-
tem, storage pressure across all tiers within HSSs steadily increases.
To maintain a balance between storage capacity and performance,
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Figure 2: HSS and migration tasks as a hydraulic system.
Left: the canonical three-tier HSS. Right: PASCAL’s hydraulic
abstraction, where each tier is a pressurized vessel, inter-
tier bandwidths are valves, intra-tier garbage collection is
a pressure-relief outlet to a free-space sink, and external
client/DDA traffic acts as a heat source.

the HSSs inevitably trigger multiple data migration tasks, including
intra-tier data migration and inter-tier data migration.

2.1 Analysis

To investigate the impact of concurrent execution of multiple data
migration tasks on HSS performance, we conduct extensive exper-
iments on a commercial three-tier HSS (configuration T1 in Sec-
tion 4), which prioritizes performance stability with built-in heuris-
tic data migration tasks (see “Native” configuration in Section 4).
Based on this HSS, we integrate three state-of-the-art optimization
techniques to enhance the system performance (i.e., the “Mixture”
configuration): Ocach [44] for cache traffic optimization, Sibyl [37]
for tiering optimization, and ScaleLFS [14] for in-file-system GC
optimization. The optimization objectives of the aforementioned
methods and their corresponding tiers are shown in Table 1. We
experiment with a long-running YCSB benchmark [8], which is com-
monly used in database benchmarking, and measure the throughput
over time.

Fig. 3(a) compares the Mixture and Native configurations on
HSS. Compared to Native HSS, Mixture HSS increases average
throughput by 10%, but introduces significant performance jitter.
The throughput jitter stems from cutting-edge optimization tech-
niques designed to achieve optimal performance for distinct and
independent tasks.

Observation #1. Integrating multiple cutting-edge opti-
mization techniques within an HSS significantly enhances
performance, but the resulting throughput fluctuations
compromise system stability.

To zoom in on the impact of multitask concurrency on HSS
performance, we perform a stepwise experiment: in each step, we
apply one of the optimizations incrementally. The results are shown
in Fig. 3(b). We find that in Mixture HSS, as various optimization
tasks are triggered for execution, system throughput increases ac-
cordingly. However, this is accompanied by more severe perfor-
mance jitter. Evidently, different optimization objectives across the
different tasks clash, introducing additional noise to the system.



Table 1: Characteristics of state-of-the-art optimization techniques for HSS performance enhancement.

Techniques Effect Location Scope
Orthus CAS Cache (OCach) [44] Cache traffic optimization Cache tier Single-tier
Sibyl [37] Data placement optimization Storage tier Multi-tier
ScaleLFS [14] In-FS GC optimization Storage tier Single-tier
L-QoCo [50] Cache BW control strategy Cache tier Single-tier
LBICA [2] Cache BW control strategy Cache tier Single-tier
PASCAL (our proposed framework) | Collaborative BW orchestration | Entire hierarchy | Multi-tier

Table 2: Direct Data Access (DDA) improves system performance (throughput and latency) but exacerbates jitter for an Al
workload (ResNet-50) on HSS. We observed consistent results across different AI workloads. Due to space limitations, we
present only the most representative case here and discuss more in the evaluation.

Metrics Mixture | Mixture+DDA | Mixture+DDA+L-QoCo | Mixture+L-QoCo
Throughput (MB/s) | 6912.9 9233.6 10950.3 7622.8
Avg. Latency (ms) 38.7 18.9 13.1 26.8
Throughput Jitter 18.9% 42.1% 31.6% 26.8%

Observation #2. Conflicting optimization objectives across
different tasks can significantly disrupt HSS performance.

Inspired by research in the fields of caching and networking
that emphasizes the critical impact of bandwidth control on over-
all system performance [2, 4, 26, 29, 31, 42, 50], we analyze the
impact of bandwidth control strategies on HSS performance. We
conduct a similar step-by-step experiment as before, but after ap-
plying cache optimization (Ocach), we deploy the state-of-the-art
caching bandwidth control solution L-QoCo [50]. The results are
shown in Fig. 3(c). Clearly, the bandwidth control strategy deliv-
ers significant results, substantially reducing performance fluctu-
ations without compromising throughput. However, when other
data migration tasks, including tiering and garbage collection, run
concurrently, the system still exhibits noticeable performance jitter,
eliminating the jitter dampening of L-QoCo altogether. We posit
that the reason behind the jitter lies in the fact that L-QoCo is only
effective at managing bandwidth for its target object (i.e., the cache),
yet it performs poorly in managing bandwidth for multiple data
migration tasks within HSS. Due to space constraints and the fact
that LBICA [2] demonstrates similar performance to L-QoCo, we
omit its results here.

Observation #3. Bandwidth control strategies can effec-
tively reduce performance jitter. However, a single band-
width control strategy applied solely to a specific task can-
not handle the inherent concurrent multitasking in HSS.

2.2 Observations on Direct Data Access
Architectures in HSSs

We quantify the performance impact of emerging Direct Data Ac-
cess (DDA) architectures (e.g., NPU/GPU Direct) that perform data
operations from the HSS directly to accelerators. We conduct an
experiment on our commercial HSS using an Al workload (ResNet-
50; see details in Section 4). We compare four configurations: the
baseline (Mixture), the baseline with NPU Direct (Mixture+DDA),
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NPU Direct combined with a state-of-the-art bandwidth control
strategy, L-QoCo (Mixture+DDA+L-QoCo), and the baseline with
L-QoCo alone (Mixture+L-QoCo). The results presented in Table 2
reveal a critical performance trade-off in this system.

Al training pipelines, characterized by bursty, phased I/O pat-
terns (e.g., alternating epochs of data loading, checkpointing, and
computation), inherently create fluctuating and concurrent de-
mands on the storage hierarchy. NPU Direct (Mixture+DDA) am-
plifies this effect: while it effectively reduces access latency and
boosts throughput by removing CPU overhead, it also removes a
natural system-level arbiter for concurrent I/O streams. This leads
to unregulated, direct contention for shared storage bandwidth
among multiple Al tasks or between Al and co-located database
workloads, causing performance jitter to surge from 18.9% to 42.1%.
The addition of a local bandwidth control strategy like L-QoCo
(Mixture+DDA+L-QoCo) partially mitigates the issue but fails to
restore stability, as jitter remains 67% above baseline levels. This
is because L-QoCo is designed for cache-tier regulation and lacks
the global view of pressure propagation across the entire NVRAM-
SSD-HDD hierarchy under the direct, high-speed data injection of
NPU Direct.

Consequently, the high throughput and low latency promised by
direct-access architectures for Al come at the cost of predictability, a
trade-off unacceptable for performance-sensitive, mixed-workload
deployments. Al workloads not only stress HSS performance but,
when combined with NPU Direct architecture, fundamentally trans-
form the bandwidth coordination problem from a local optimization
to a system-wide pressure balancing challenge.

Observation #4. Direct Data Access architectures
(NPU/GPU Direct) in HSSs introduce severe performance
jitter that existing local bandwidth controllers cannot
fully resolve, highlighting the need for system-wide
coordination.
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Figure 3: Impact of concurrent migration tasks on HSS
throughput over time (YCSB, configuration T1). (a) Native vs.
Mixture: adding state-of-the-art optimizers boosts through-
put but increases jitter. (b) Step-by-step addition of each op-
timizer shows jitter grows with the number of concurrent
tasks. (c) Adding cache bandwidth control (L-QoCo) reduces
jitter initially, but the benefit vanishes once additional mi-
gration tasks (tiering, GC) run concurrently.

2.3 Motivation

The preceding observations reveal a common theme: existing migra-
tion optimizers treat tasks in isolation, and single-task bandwidth
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controllers (e.g., L-QoCo, LBICA [2]) cannot tame the jitter pro-
duced by concurrent, interacting flows. This problem is further am-
plified by Direct Data Access architectures that bypass the CPU and
inject high-speed I/O directly into the storage hierarchy (Observa-
tion #4). What is needed is a collaborative bandwidth orchestration
mechanism that (i) establishes a system-wide metric linking tier
utilization to migration urgency, and (ii) coordinates bandwidth
allocation across all tasks to jointly optimize throughput, jitter, and
tail latency.

Drawing an analogy to network congestion, where backpressure-
based scheduling propagates queue state across routers to reduce
delay and jitter [28, 48], we propose PASCAL, a unified bandwidth
orchestration framework inspired by Pascal’s law. PASCAL models
an HSS as a closed-loop hydraulic network of pressurized tiers,
dynamically allocating bandwidth among all concurrent data mi-
gration tasks, including I/Os generated by DDA architectures. By
doing so, PASCAL aims to unlock the raw performance benefits of
direct-access hardware while ensuring throughput stability, low tail
latency, and predictable performance demanded by robust, mixed-
workload storage systems.

3 PASCAL

PASCAL frames the multi-task bandwidth assignment problem in
HSSs through a hydraulic system analogy drawn from Pascal’s
law: a change in pressure applied to a confined fluid is transmit-
ted undiminished throughout the fluid and its container. In this
model, each storage tier is a pressurized vessel, the stored data is
the fluid, I/O intensity acts as a heat source that raises pressure, and
inter-tier bandwidths are valves (Fig. 2, right). By translating tier
utilization into dynamic pressure metrics and coordinating migra-
tions through system-wide pressure gradients, PASCAL achieves
adaptive bandwidth control that jointly balances throughput, tail
latency, and throughput stability.

Overview. PASCAL splits bandwidth orchestration into two
paths that operate on different timescales: a fast allocation path
that runs every control interval and decides bandwidth from the
current state of the hierarchy, and a slow tuning path that updates
the pressure parameters when the workload or hardware operating
point shifts.

The fast path proceeds in three steps. First, the current utilization
of each tier is mapped to a scalar tier pressure. Second, tier pressures
are combined into per-task pressures for both inter-tier migrations
and intra-tier maintenance tasks. Third, the available migration
bandwidth budget is split across active tasks in proportion to their
positive task pressures, subject to physical bandwidth caps and
safety reservations. A lightweight efficiency predictor then corrects
the commanded rates when the delivered bandwidth diverges from
the request.

The slow path uses Bayesian optimization to tune the per-tier
pressure parameters that define each tier’s target operating point.
This lets PASCAL adapt to different hardware configurations and
workload phases without complicating the per-interval decision.
Problem formulation: Consider an HSS with N storage tiers and
K concurrent data migration tasks (e.g., tiering, garbage collec-
tion, cache flush). At each control interval T, PASCAL must decide
a bandwidth allocation vector b = (b, by, . .., bx) subject to the



aggregate bandwidth budget B of the system. The optimization
objective is:

mélx A1 - Throughput(b) — A; - Jitter(b) — As - TailLatency(b), (1)

subject to Zle b < B, br =0 Vk, and per-tier physical con-
straints (e.g., PCle lane bandwidth, DRAM bus bandwidth). Here,
Throughput is the client-observed aggregate I/O rate, Jitter is the
coefficient of variation of per-interval throughput (defined formally
in Equation (7)), and TailLatency is the 99.9th-percentile request
latency. The weights A4, A5, 43 > 0 encode operator priorities and
are absorbed into the Bayesian optimization objective (Section 3).

This optimization is challenging for three reasons. First, the ob-
jective functions are not available in closed form, as they depend on
workload dynamics, device firmware behavior, and cross-task inter-
ference that are difficult to model analytically. Second, the search
space grows with the number of tiers and tasks. Third, each evalua-
tion requires running the actual system for a full control interval,
making gradient-based methods impractical. PASCAL addresses
these challenges through a two-level design: an inner loop that com-
putes bandwidth allocations analytically from pressure gradients
(fast, closed-form), and an outer loop that tunes the pressure param-
eters via Bayesian optimization (sample-efficient, gradient-free).
Pressure as a unified metric for tier utilization: Pressure is a
dynamic, tier-specific metric that quantifies the urgency of data
migration. Unlike static “watermark” thresholds, which trigger
reactive throttling at fixed capacity levels, pressure reflects real-
time deviations from learned optimal watermarks.

Each tier’s optimal watermark w} represents the utilization level
that maximizes client throughput without risking congestion, which
relies on many system factors and parameters. For example, an
NVRAM tier might stabilize for a given client access pattern at
WNvRram = 85% while an SSD tier operates optimally at wg,, = 75%
for this workload. These targets are not fixed. PASCAL employs
Bayesian optimization to iteratively refine w; based on workload
patterns and system constraints. During a training phase, PASCAL
tests utilization levels, observes their impact on throughput and
latency, and models the performance to identify where client I/O is
maximized and data migrations are sustainable.

Keeping with the theme of hydraulics and inspired by Poisson’s
adiabatic process equation, the pressure of each tier p; is computed
as

. (max{0, w; — w}\¥

pPi=p; — |

Wi — W;

for w; <w;, 2)
Here, w; is the current capacity utilization of tier i, w; is its target
watermark (learned, w; € [0.2,0.9], default setting 50%), w; is the
maximum safe utilization of tier i (with w; < w; < 1), p; is the
pressure scale factor (learned, p; € [0.1,0.9], default setting 0.5),
and ¢; is the sensitivity exponent (learned, o; € [1.0,5.0], default
setting 2.0).

Note that w; is typically set 2-5% below the physical capacity
to leave headroom for firmware reserves, GC working space, and
emergency burst absorption, and can differ across NVRAM, SSDs,
and HDDs depending on write amplification and latency-sensitivity
profiles. A high pressure (w; — Ww;) signals urgent offloading (e.g.,
NVRAM near its safe limit), while zero pressure (w; < w}) indicates
that the tier is at or below its target utilization and does not require
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offloading. When such a tier is below target, it can serve as a low-
pressure destination for data migrating from higher-pressure tiers.
The equation relies on pressure differences to coordinate tasks
across tiers, following the same principle as backpressure/Max-
Weight control: respond to relative congestion to allocate service
[39]. The particular pressure nonlinearity we use is a smooth, mono-
tone proxy for backlog; other monotone, convex mappings would
yield the same qualitative behavior while trading responsiveness vs.
smoothness. This is consistent with the established theory behind
differential-queue scheduling.
Design alternatives and rationale: Several design choices in
PASCAL merit justification. Why a nonlinear pressure function? A
simpler linear mapping p; o (w; — w;) would under-react near
full capacity: at 95% utilization the system is critically close to
stalling, yet a linear function treats it as only marginally more ur-
gent than 90%. The Poisson-adiabatic form in Equation (2) produces
a steep, convex gradient near w;, ensuring that the bandwidth allo-
cator responds aggressively before saturation occurs—mirroring the
physics of real hydraulic systems where pressure rises sharply as
a vessel approaches capacity. Why pressure-proportional fair-share
rather than weighted max-min or PID control? Max-min fairness
aims for equality across flows, but migration tasks are inherently
asymmetric: a full NVRAM flush is far more urgent than back-
ground GC on a lightly loaded HDD. Proportional allocation lets
urgency (pressure) dictate the share directly. PID controllers, on the
other hand, require per-task tuning of three gain parameters (K,
K;, K;), and deploying independent PID loops per task reintroduces
the very oscillation problem we seek to avoid (as demonstrated
empirically in Section 2). Why Bayesian optimization rather than
reinforcement learning or grid search? The pressure parameters (w;,
p;» ;) define a modest search space (9 dimensions for a three-tier
HSS) that must be explored on real hardware where each trial is
expensive (minutes to tens of minutes). Bayesian optimization is
specifically designed for such low-dimensional, expensive black-
box problems [35]. Reinforcement learning, while powerful, typi-
cally requires orders of magnitude more samples to converge and
would impose unacceptable overhead in a production setting. Grid
search scales exponentially with dimensionality and cannot adapt
its sampling strategy.
Collaborative migration planning and bandwidth allocation:
PASCAL orchestrates data flows by translating pressure gradients
into bandwidth allocations, ensuring coordinated action across tiers.
For each data migration path, e.g., from NVRAM to SSD, PASCAL
starts by computing the pressure difference

Apij =pi = pjs (3)

where p; is the source tier’s pressure and p; is the destination tier’s
pressure. A positive Ap;; indicates migration urgency from tier i to
tier j.

The tasks defined in Section 2 may span multiple tiers. We lever-
age the pressure metric to compute for each inter-tier task k a
per-task pressure difference Apy by summing up the weighted av-
erage of the pressure differences Ap;; across the tiers that a task
utilizes (i, j € k, where k denotes a specific task). The weights are
the fractions of the task’s total data volume transported between



each of the tiers.

task data volume along e;;

Api= ) Apij- : (4)

total task volume
ejjek

where e;; represents the connection between tier i and j.

Intra-tier maintenance tasks. Some tasks, in particular file-
system garbage collection on tier i, do not move data across tiers
and therefore do not have an ordinary inter-tier pressure gradient.
PASCAL models these as pressure-relief operations on the affected
tier: each intra-tier task is treated as a virtual edge from the tier
to a free-space sink whose pressure is zero. The per-task pressure
is then proportional to the source tier’s pressure, weighted by the
operation’s reclaim efficiency:

pr € [0.1,0.9], (5)

where pj is the expected free space reclaimed per byte moved
by task k (e.g., the invalid-data ratio of the segments selected by
GC). This integrates intra-tier maintenance into the same band-
width allocator as inter-tier flows: when the tier is hot or reclaim is
highly effective, GC bandwidth rises; conversely, when the tier is
below its target watermark or reclaim is inefficient, GC is naturally
deprioritized. A minimum maintenance bandwidth, set by deploy-
ment policy, prevents GC starvation when the orchestrator would
otherwise zero its allocation while utilization is still close to w;.
Client I/O is modeled as an external pressure source that continu-
ously injects data into the HSS, maintaining a non-zero inward pres-
sure gradient. Given these per-task pressure differences, PASCAL
dynamically allocates bandwidth using a pressure-proportional fair-
share strategy that balances pressures across tiers while respecting
real-world execution constraints. In a system with a total available
aggregate bandwidth of B, the per task bandwidth by is allocated
as follows:

Apic = pi - pros

max (0, Apx)
Dall tasks j max (0, A71’])

b =B ©)

where high-pressure tasks receive a larger by, and low-pressure
tasks, such as GC operations during low utilization, are depriori-
tized.

PASCAL performs its operations on system-level tasks that ag-
gregate all client requests. Thus, PASCAL preserves client QoS and
priorities via a standard scheduler.

Efficiency prediction: An additional challenge posed in a real
system is that the commanded bandwidth by and the actual executed
bandwidth often diverge due to system overheads. These overheads
stem from processes such as internal SSD GC, storage server CPU
load, bus contention, or firmware-level throttling. Ignoring this gap
would cause PASCAL to systematically under-provision bandwidth
for urgent tasks, defeating the purpose of pressure-aware allocation.

To bridge this gap, PASCAL maintains a per-task efficiency ra-
tio ni(t) = bzﬁ“al(t) / bimd(t) at each interval ¢, and predicts the
efficiency for the next interval using three conventional functions
applied to a sliding history window of length W (default W = 10
intervals):

e Exponential Moving Average (EMA): ﬁEMA(t) =p-
() +(1-p)- ﬁIEMA(t — 1), where § € (0, 1] is a smooth-
ing factor (we use = 0.3). EMA reacts quickly to recent
changes while dampening noise.
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Table 3: Operational settings of PASCAL.

Setting Value / policy

5 seconds
W' =50%, p! =0.5, @; = 2.0
wi € [20%,90%], p € [0.1,0.9],

Control interval T
Default parameters
Per-tier parameter ranges

a; € [1.0,5.0]
Initial / warm-up samples 5 trials
BO trials per tuning phase 20 trials

Acquisition function
Retuning trigger
Convergence criterion
Fast-path overhead
Fallback when BO invalid

Expected Improvement (EI)

Period (600s) or Throughput Drift > 20%
Max Trials (20) or EI < 1073

< 1% CPU

Default Native configuration

e Mean: ("(1) = v_lv Z;:t—W+1 Nk (7). The window aver-
age provides a stable estimate under slowly varying condi-
tions.

e Minimum: ﬁkmi"(t) = minge[;—w+1,¢] Mk (7). The conserva-
tive predictor guards against worst-case efficiency drops.

PASCAL selects the predictor that minimizes the absolute predic-
tion error over the most recent window, breaking ties in favor of the
more conservative (min) estimate. Given the predicted efficiency
fik, the adjusted commanded bandwidth becomes bzdj = by / ik,
so that the actual delivered bandwidth approximates the intended
allocation bg. The adjusted value is capped at the per-task physical
maximum to prevent over-provisioning.

System-wide coordination and learning: A key property of PAS-
CAL is its ability to propagate pressure changes globally, ensuring
tiers collaborate rather than compete.

At every control interval T, PASCAL samples three signals from
the HSS: the mean throughput, the throughput jitter defined in
Equation (7), and the p99.9 tail latency. It then performs surrogate
modeling by using a Gaussian process to approximate the perfor-
mance as a function of the hyperparameters: per-tier optimal water-
mark and corresponding pressure values w; and p;, and sensitivity
exponent ;. Using Bayesian optimization, PASCAL performs multi-
parameter optimization and selects the values that maximize the
composite objective in Equation (1). After calculating the per-task
bandwidth, it estimates the expected bandwidth of the actual sys-
tem and adjusts the per-task bandwidth provisioning accordingly.
PASCAL then continues this cycle to ensure system stability while
maximizing the system’s outward throughput. Bayesian optimiza-
tion is sample-efficient and is intended for expensive evaluations.
The computational overhead is negligible for the small trial counts
we use [35].

PASCAL separates a fast path that allocates bandwidth every
control interval from a slow path that retunes the pressure pa-
rameters via Bayesian optimization. The fast path is closed-form
(Equation (2)-Equation (4)) and runs deterministically on every
interval. The slow path proposes a new (wy}, p;, ;) vector after
observing throughput, p99.9 latency, and throughput jitter over a
window of completed intervals. It is sample-efficient because each
evaluation requires running the actual system. PASCAL uses a small
number of warm-up samples to bootstrap the Gaussian process and
then iterates a fixed number of BO trials per tuning phase. Table 3
summarizes the operational settings used in our deployment.



PASCAL caps the per-task bandwidth with respect to shared
limits like PCIe/DRAM, and then splits it by pressure across tiers.
This mirrors standard Network Utility Maximization thinking: a
global capacity with local prices or pressures yields stable, fair
allocations.

Example workflow: To illustrate PASCAL’s coordination, con-
sider a real-world workload burst during an HSS file system garbage
collection task (FS GC):

*

(1) NVRAM utilization increases (WNvRAM > Wrypanm)-

(2) This increases Apnvram,ssp and triggers an NVRAM to

SSD migration, with a respective increase in bandwidth

allocation to the SSDs.

PASCAL recomputes the pressure gradients of the SSDs,

reducing the bandwidth allocated to FS GC on the SSDs,

thereby boosting the migration bandwidth.

(4) The respective pressure on the SSD tier increases due to the
incoming data stream, therefore a higher bandwidth to the
data migration task between the SSD to HDD is allocated.

(5) The NVRAM utilization drops, and the client I/O jitter sta-
bilizes.

®)

4 EVALUATION

We evaluate PASCAL to determine whether its hydraulic-inspired
coordination improves HSS performance over current state-of-the-
art methods.

Testbed: We evaluate on a commercial off-the-shelf hierarchical
storage system (Huawei OceanStor Dorado 18000 V6 [21]) under
multiple configurations.

@®T1 is equipped with 4 X 48-core 2.6 GHz Kunpeng-920 ARM-
based CPUs [20], 16 X 32 GB DDR4-2666 (serving as the NVRAM
tier), 34 X 0.96 TB SAS SSDs (SSD tier), 96 x 0.96 TB SAS HDDs
(HDD tier), and Ascend 910B NPUs [19] for Direct Data Access
experiments. This configuration reflects a typical three-tier enter-
prise HSS with high-speed memory, a flash tier for capacity and
performance, and a large-capacity disk tier.

(T2 halves the flash devices to 17 SSDs based on T1.

T3 removes the HDD tier based on T1, yielding a two-tier
configuration.

The three configurations stress different migration-interference
regimes: T1 is the full three-tier baseline; T2 halves the SSD tier,
amplifying SSD-side contention between tiering, cache flush, and
maintenance; T3 removes the HDD tier, tightening the cache-flush
and SSD-GC coupling with no HDD “shock absorber” downstream.
Together they cover distinct capacity-to-bandwidth ratios and tier
topologies, so improvements cannot be attributed to a single hard-
ware operating point.

PASCAL is integrated into the OceanStor controller software
stack and has been deployed for customer use across the OceanStor
product series. Our evaluation runs on the production-grade hard-
ware testbeds (T1-T3) described above within a large-scale Huawei
datacenter, with workloads that are either customer-derived traces
or established benchmarks.

Baselines: We compare PASCAL against the following configura-
tions:
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(DNative: The native vendor default HSS configuration, using
the vendor’s standard mechanisms and policies [18]. Concretely,
each tier uses LRU for replacement; garbage collection employs the
mark-compact algorithm [15]; and SmartTier [22] provides tiering.

(@Mixture (Mix.): A composite configuration that augments Na-
tive with three state-of-the-art optimizations: Ocach [44] for cache
traffic, Sibyl [37] for tiering, and ScaleLFS [14] for in-file-system
GC (see Table 1). In the evaluation tables, “+Mix.” denotes that the
respective bandwidth controller operates atop this configuration.

BLBICA: A rule-based bandwidth control method that miti-
gates I/O-cache bottlenecks during bursts via adaptive write-policy
management [2].

@®L-QoCo: An online reinforcement-learning cache-bandwidth
control technique [50].

These baselines cover the vendor default, a composite state-of-
the-art configuration, rule-based, and learning-based bandwidth
control strategies, enabling a balanced evaluation across design
choices.

Workloads: We evaluate all strategies using diverse workloads
(YCSB and ZippyDB in database, MLPerf-Storage in AI/LLM):

e YCSB: Standard YCSB-based storage workloads (W1) [8],
to stress key-value-style access patterns.

ZippyDB: The Facebook ZippyDB benchmark (W2) [6], to
capture production-like RocksDB behavior.
MLPerf-Storage: I/O traces collected from MLPerf-Storage
test suite for the U-Net3D (W3), ResNet 50 (W4) and Cos-
moFlow (W5) workloads [1].

Real-world workloads: Three anonymized I/O traces col-
lected from three data centers. Workload W6-a originates
from one of China’s largest banks, supporting its core data-
base operations and data analytics services. Workload W6-
b is derived from a leading AI company specializing in
large language model (LLM) training and workload W6-c
is sourced from one of Asia’s most extensive Al inference
service platforms. For each category we consolidate traces
and construct a single 6,000-second workload to reflect sus-
tained production conditions while preserving temporal
dynamics.

Together, workloads W1-W6 cover controlled microbenchmarks
and production-representative access patterns, allowing us to quan-
tify both peak and steady-state behavior under diverse conditions.
Metrics: We report client-observed 99.9th-percentile (p99.9) la-
tency, mean throughput, and throughput jitter. Latency is computed
over per-request completion times; throughput is the aggregate rate
measured at the client boundary. Throughput jitter quantifies short-
term variability in service rate and is defined as the (dimensionless)
coefficient of variation of per-interval throughput:

JERURE

where I, is the throughput at time interval ¢ and I, is the mean
throughput. A well-tuned HSS should deliver high throughput with
low tail latency and low jitter.

™
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Figure 4: ZippyDB (W2) throughput and tail latency over time
under different configurations on a commercial HSS. PAS-
CAL stabilizes throughput and reduces tail spikes as more
migration tasks are coordinated.

4.1 Effectiveness of PASCAL

This subsection evaluates whether PASCAL effectively optimizes
concurrent data migrations and, in turn, improves end-to-end ser-
vice for foreground I/O. Unless otherwise stated, the time-series
study in this subsection uses the T1 testbed described above. We
use the ZippyDB workload (W2) and report time-series throughput
(Fig. 4(a)) and p99.9 latency (Fig. 4(b)). We omit other workload
results for brevity, as they demonstrate similar performance trends
in this scenario.

Under the Native configuration, the system sustains an average
throughput of 6008 MB/s with p99.9 latency of 39.9 ms. As visible
in the figures, short-term fluctuations in both throughput and la-
tency are present but not dominant; the platform remains generally
stable, providing a reasonable baseline against which to compare
migration-aware techniques.

When we enable Ocach [44] on top of Native, mean throughput
increases by 3.3%, indicating that smarter migration decisions can
free useful I/O capacity for the foreground workload. However, the
figures also show more pronounced variability: throughput jitter
rises and p99.9 latency exhibits larger spikes. Intuitively, a single
migration optimizer can intensify burstiness by opportunistically
consuming bandwidth without regard to the instantaneous state of
other background activities or the client-facing queue, leading to
transient queue buildup and tail inflation.

Applying PASCAL in this scenario, i.e., PASCAL operating in a
setting with only one migration task, yields a modest increase in
throughput and a moderate reduction in p99.9 latency relative to
Native. Jitter, however, changes little. This behavior is expected:
PASCAL’s hydraulic-inspired coordination is designed to arbitrate
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across concurrent flows. With only one migration flow, there is
limited scope for cross-flow coordination, so the principal gains
come from gentle rate shaping and avoiding interference with the
foreground path rather than from smoothing interactions among
multiple migrations.

We then evaluate Sibyl [37] alongside Ocach, with and without
PASCAL. The system now runs two distinct migration tasks whose
bandwidth demands can interfere without proper coordination. In
this setting, PASCAL delivers three effects visible in the figures:
(i) a sharp increase in sustained throughput, (ii) a marked drop in
P99.9 latency, and most importantly, (iii) a substantial reduction in
throughput jitter and tail-latency spikes. These improvements arise
because PASCAL continuously balances the “pressure” of concur-
rent migration flows against the foreground service rate, throttling,
deferring, or accelerating individual migrations to prevent queue
spikes and head-of-line blocking. As a result, foreground I/O expe-
riences fewer bursts and shorter tails.

When enabling additional migration tasks, such as ScaleLFS [14],
PASCAL identifies additional opportunities to reallocate bandwidth
among these background tasks, further smoothing their aggregate
demand and protecting the client-visible path. The figure shows the
same pattern as with Sibyl, often even more pronounced: improved
throughput, lower p99.9 latency, and noticeably reduced jitter, re-
flecting PASCAL’s ability to orchestrate multiple, heterogeneous
migration flows.

In summary, PASCAL'’s benefits grow with the number of concur-
rent migration tasks: a single task sees modest shaping gains, while
two or more tasks unlock substantial interference reduction, lower
jitter, and improved throughput and tail latency. This validates the
core premise that cross-flow coordination is most impactful when
the system must juggle multiple competing background migrations.

4.2 Comprehensive comparison

Aggregate results. We complement the time-series study with
the aggregate view in Table 4, which reports client-observed mean
throughput, p99.9 tail latency (“Tail latency”), and throughput jitter.
LBICA and L-QoCo were originally designed as local controllers.
To the best of our knowledge, there is no existing “out-of-the-
box” global orchestration framework specifically for multi-task
HSS bandwidth management. We therefore construct a strong com-
posed industrial-practice baseline by deploying these local con-
trollers alongside advanced migration optimizers (Ocach, Sibyl, and
ScaleLFS). “LBICA + Mix.” and “L-QoCo + Mix.” refer to this com-
posed configuration. “PASCAL + Mix.” replaces the per-task local
controllers with a single global pressure-driven orchestrator. Our
improvements should therefore be read as gains over local-only
policies and their composed global application.

Table 4 shows that applying LBICA and L-QoCo atop these state-
of-the-art policies generally trims tails and nudges throughput
upward, but jitter remains high. These controllers still react locally
and do not arbitrate across migration tasks, so interference is only
partially mitigated.

With PASCAL orchestrating migration bandwidths, the system
achieves the strongest combined improvements across W1-W5
under T1: mean throughput improves by 14-27% and p99.9 tails
drop by 34-72% versus Native. Importantly, PASCAL suppresses the



Table 4: Summary of performance evaluation results for the workloads W1-W5 under different methods and system configura-
tions (T1-T3). Although the system default configuration (Native) achieves lower jitter, PASCAL attains similar jitter but much

higher throughput and lower latency.

Workload & Method T1 T2 T3
Mean throu. | Tail latency Mean throu. | Tail latency Mean throu. | Tail latency

Workload Method (MB/s) (ms) Throu. jitter (MB/s) (ms) Throu. jitter (MB/s) (ms) Throu. jitter
Native 5025.3 45.9 3.1% 3976.2 53.7 7.5% 3149.6 315 5.3%
w1 LBICA + Mix. 5421.9 34.8 30.7% 4761.3 39.7 19.8% 3795.8 16.9 14.3%
YCSB L-QoCo + Mix. 5488.5 30.2 27.2% 4680.1 28.6 19.2% 3922.3 11.6 10.9%
PASCAL + Mix. 5739.2 30.3 6.3% 5341.0 15.1 7.0% 4199.2 7.5 3.3%
Native 6612.8 29.5 12.2% 5520.2 432 9.1% 4795.3 24.1 7.2%
w2 LBICA + Mix. 6681.2 19.1 23.5% 6197.1 26.7 18.6% 5302.1 15.2 18.6%
ZippyDB [ '1_00Co + Mix. 6782.9 15.0 20.4% 6315.7 26.6 15.4% 5527.2 13.6 15.4%
PASCAL + Mix. 7510.1 16.6 9.5% 6903.4 22.5 7.2% 6033.8 10.1 7.2%
Native 7253.8 415 13.8% 6177.0 58.1 10.6% 5708.8 33.9 10.6%
w3 LBICA + Mix. 7890.2 31.2 29.8% 6751.7 36.9 31.1% 6429.3 183 31.1%
U-Net3D  ["7.06Co + Mix. 7997.5 34.9 22.5% 7109.6 313 25.9% 6615.2 16.4 25.9%
PASCAL + Mix. 8601.5 115 11.3% 7885.9 22.0 8.6% 7236.1 12.2 8.6%
Native 5753.7 35.1 9.4% 4822.6 49.2 17.4% 4391.5 26.8 6.2%
W4 LBICA + Mix. 6581.3 27.8 16.1% 5369.9 37.4 27.3% 5033.4 16.2 21.3%
ResNet 50 ["1.0oCo + Mix. 6741.0 19.4 16.7% 5780.2 27.5 22.7% 5268.5 15.5 15.3%
PASCAL + Mix. 7332.8 10.6 7.2% 6616.5 14.3 12.3% 5805.7 8.9 10.2%
Native 6972.1 25.2 13.9% 5588.9 36.9 10.1% 5128.9 21.0 9.2%
w5 LBICA + Mix. 7309.5 13.6 19.7% 6423.7 22.7 21.4% 5877.5 17.3 22.9%
CosmoFlow [1_00Co + Mix. 7961.2 10.2 13.8% 6531.5 18.3 16.9% 5922.2 16.6 16.9%
PASCAL + Mix. 8311.5 7.2 8.3% 7238.1 12.5 7.6% 6428.6 10.5 6.6%

volatility introduced by the application of the mixture of optimiza-
tions; relative to LBICA and L-QoCo, PASCAL cuts their throughput
jitter by 40-79% while maintaining high throughput and low latency
levels. Specifically for W3-W5, PASCAL achieves up to 13% higher
throughput and 67% lower tail latency. This demonstrates PAS-
CAL’s strong performance on machine learning workloads. Overall,
the cross-workload results substantiate the central claim: coordina-
tion, not just local optimization, is key to stable, high-performance
tiered storage under concurrent data migrations.

T2 and T3 show the same qualitative trends under different
system constraints:

Under T2, which halves the SSD tier, PASCAL improves through-
put by 25-53% and reduces tails by 48-72% vs. Native across W1-
W5, while keeping jitter at or below Native on nearly all workloads.
Compared to LBICA and L-QoCo, PASCAL raises throughput by
7-20%, lowers tails substantially by 15-62%, and decreases through-
put jitter by 53-72%. The overall gain exceeds that of T1 because
the reduced flash amplifies cross-task contention; PASCAL'’s global
rate control prevents SSD saturation and queue spikes that local
policies cannot anticipate.

Under T3 with the HDD tier removed, compared to LBICA and
L-QoCo, PASCAL achieves a 7-15% increase in throughput, a 25—
55% reduction in tail latency, and a 25-77% decrease in jitter. The
two-tier pipeline tightens the coupling between cache flushes and
SSD GC. Without HDDs as the GC shock absorber, local policies can
overwhelm the SSDs. PASCAL’s pressure-aware orchestration pre-
serves headroom, avoiding bursts while sustaining higher steady-
state throughput.
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4.3 Ablation study of PASCAL components

We isolate the essential components of PASCAL on W2/T1 by com-
paring full PASCAL+Mix. against three variants. Native + fixed
global watermarks replaces pressure-driven allocation with a static
per-tier watermark and round-robin bandwidth split, isolating the
value of dynamic coordination. PASCAL-Linear replaces the non-
linear mapping of Equation (2) with a clamped linear pressure

) 0

where low; € [20%, 40%] and high; € [80%, 90%], so dP;/dv; is con-
stant and the system does not raise urgency as the tier approaches
capacity. PASCAL-NoCorr disables the efficiency predictor (; =1 for
all tasks) so allocation uses raw pressure ratios without correcting
for execution bias.

Table 5 reports the results. Compared to fixed watermarks, PAS-
CAL’s dynamic coordination improves throughput by 27.9% and re-
duces tail latency by 51.9%. Full PASCAL also outperforms PASCAL-
Linear, showing that the non-linear pressure model provides a
steeper, more timely response near capacity. Removing the effi-
ciency predictor nearly doubles throughput jitter (9.8% — 18.7%),
confirming that predictive correction is essential when hardware-
level bandwidth deviates from commanded values.

v;—low;

P; = max(O, mm(l, Tigh, —Tow;

4.4 Effectiveness for Direct Data Access in HSSs

To comprehensively evaluate the efficacy of PASCAL in manag-
ing the bandwidth contention introduced by direct data access
architectures, we conduct experiments using three representative
Al workloads from the MLPerf Storage benchmark suite: W3 (U-
Net3D), W4 (ResNet-50), and W5 (CosmoFlow). The key results
are summarized in Table 6. While DDA delivers substantial raw



Table 5: Ablation study of PASCAL against the simplest
global-rule baselines on W2/T1. Evaluating the performance
impact of fixed global watermark, non-linear pressure model
and efficiency predictor.

Mean throu.  Tail lat.  Throu.
Variant (MB/s) (ms) jitter
Native + fixed global watermarks 5989.3 39.3 28.6%
PASCAL-Linear 7090.6 19.9 16.5%
PASCAL-NoCorr 6903.1 223 18.7%
Full PASCAL+Mix. 7661.9 18.9 9.8%

performance gains, it critically exacerbates performance instability.
Enabling DDA (Mix.+DDA) consistently improves mean through-
put and reduces tail latency across all workloads and tiers compared
to the baseline (Mix.). For instance, for W4 on T1, throughput in-
creases by 34% (from 6912.9 to 9233.6 MB/s) and tail latency drops
by 51% (from 38.7 to 18.9 ms). However, this comes at a severe cost:
throughput jitter increases dramatically, by 123% for W4/T1 (from
21.9% to 42.1%) and by 55% for W3/T1 (from 19.0% to 29.5%). This
confirms our earlier observation that DDA, by removing the CPU
as a central coordinator, allows uncontrolled bandwidth contention
to manifest directly as high performance variability.

PASCAL uniquely harnesses the benefits of DDA while ensuring
system-wide stability, outperforming tier-specific coordination. The
addition of L-QoCo (Mix.+DDA+L-QoCo) mitigates jitter to some
extent but fails to restore it to baseline levels, as it lacks a global view
of inter-tier pressure. In contrast, PASCAL consistently achieves the
best balance of high performance, low latency, and minimal jitter.
For example, for W4/T1, PASCAL boosts throughput to 12319.6
MB/s (a 78% improvement over baseline), reduces tail latency to
12.7 ms, and, most importantly, cuts the severe jitter induced by
DDA by nearly two-thirds, down to a stable 15.2%.

These results confirm that PASCAL resolves the throughput-vs-
stability trade-off introduced by DDA: its pressure-aware orches-
tration lets concurrent migrations fully exploit DDA’s high-speed
pathways while maintaining the predictable performance required
by mixed-workload HSS deployments.

4.5 Adaptability for Real-world Workloads

For the real-world workloads, we compare Mix., Mix.+PASCAL,
Mix.+DDA, and Mix.+DDA+PASCAL; Native and single-task base-
lines (LBICA, L-QoCo) are omitted because the production envi-
ronments already deploy the Mixture optimizations. We evaluate
three industry workloads: Wé6-a (latency-critical OLTP and analyt-
ics from a major bank), W6-b (bursty LLM training with periodic
checkpointing), and Wé-c (sustained high-concurrency Al infer-
ence).

Table 7 summarizes the results. Across all three production
scenarios, PASCAL resolves the throughput-stability trade-off in-
troduced by DDA. On W6-a/T1, Mix.+DDA+PASCAL reduces the
DDA-induced tail latency by 36.7% (26.7 ms — 16.9 ms) while cut-
ting jitter by 56.7% (33.7% — 14.6%) and boosting throughput by
15.4%—essential for transaction SLAs. On bandwidth-hungry We-
b, PASCAL retains DDA’s peak throughput (11,358.7 MB/s on T1)
while halving its jitter, keeping training progress stable. On steady-
stream W6-c, PASCAL+DDA achieves near-optimal latency and

4219

reduces jitter by over 50% versus DDA-only across all tiers. The
pattern holds across T1-T3: e.g., W6-a/T3 jitter drops from 38.6%
to 11.2% with no throughput loss, confirming that pressure-aware
orchestration generalizes across I/O patterns.

4.6 Operational Lessons and Failure Analysis

Our deployment experience suggests that the main risk in global
migration orchestration is not loss of peak throughput, but unstable
reactions to workload phase changes. PASCAL’s design therefore
keeps the fast path deterministic and bounded, with all online
learning pushed to a slow outer loop.

Workload shifts and oscillation risk. Pressure parameters
(w}, p, ;) are changed only by the BO outer loop. Independent
per-task controllers tend to “fight” one another, the failure mode
observed in Section 2 for L-QoCo + Mixture; PASCAL avoids this by
single-arbiter design (centralized allocation from current pressures,
capped per task, updated only at fixed intervals) and an efficiency-
prediction window that smooths short-term shocks. We did not
observe persistent oscillations in any run.

GC starvation safeguard. Because GC bandwidth is proportional
to tier pressure (Equation (5)), it can drop near zero when the tier
is below its target watermark. To prevent the tier from drifting
toward w;, a minimum maintenance bandwidth takes precedence
over the pressure-driven allocation.

Robustness and retuning. The optimal parameters (w}, p;, ;) are
sensitive to the underlying throughput-to-latency curves and the
workload’s burstiness, so parameters learned for a read-heavy trace
do not transfer to write-intensive ones. PASCAL therefore retunes
BO under two conditions: a periodic refresh every 600 seconds,
or a dynamic trigger on a > 20% drift in throughput patterns like
significant workload bursts.

Online overhead. In production, the BO engine runs at a 5-second
control interval and converges in roughly 20 trials. The fast-path
overhead on the OceanStor controller stays below 1% CPU and has
no measurable impact on client I/O.

Deployment lesson. Operators require an interpretable, closed-
form fast path: every bandwidth decision must be explainable from
a small set of pressure values. Black-box per-task controllers were
hard to reason about during incident reviews; we believe this is the
main reason a backpressure-style orchestrator is a better industrial
fit than end-to-end RL for migration coordination.

5 RELATED WORK

Prior work on data migration in storage systems falls into two
camps. “How to” research decides what to migrate and via which
path: garbage-collection strategies within single-tier storage [13,
25, 34, 38], inter-tier data migration, and cross-tier data placement
in multi-tier storage [23, 32, 33, 37, 44, 51]. “How much” research
decides the bandwidth allocated to those flows [2, 29, 50].

How to. GC-side techniques include semipreemptible GC [30],
host-offloaded segment compaction over ZNS [16], GC-free log-
structured filesystems via partition-size decoupling [24], reclaiming
invalid sections through underlying flash GC [25], and scalable
GC on commodity SSDs [13]. These optimize GC within a sin-
gle tier; PASCAL complements them by coordinating bandwidth
across tiers. Cross-tier placement and tiering have been studied via



Table 6: Evaluation with MLPerf workloads under Direct Data Access (DDA). DDA boosts throughput but amplifies jitter on HSS.
PASCAL effectively harnesses the performance benefits of DDA while eliminating the severe performance jitter it introduces,

thereby unifying high throughput with system stability.

Workload & Method T1 T2 T3
Mean throu. | Tail latency Mean throu. | Taillatency Mean throu. | Tail latency

Workload Method (MB/s) (ms) Throu. jitter (MB/s) (ms) Throu. jitter (MB/s) (ms) Throu. jitter
Mix. 4663.1 31.4 19.0% 3224.1 43.6 27.7% 3008.1 32.7 19.6%
W3 Mix.+DDA 6990.3 18.0 29.5% 5337.8 25.7 38.4% 4483.5 17.9 28.4%
U-Net3D  [\ix +DDA+L-QoCo 7133.6 16.5 22.5% 5902.3 215 29.5% 5009.4 14.6 21.3%
Mix.+DDA+PASCAL 8122.1 13.1 10.3% 6883.5 13.7 15.2% 6093.1 9.8 9.8%
Mix. 6912.9 38.7 21.9% 5324.8 47.3 24.9% 4205.1 39.0 18.04%
W4 Mix.+DDA 9233.6 18.9 42.1% 8556.1 223 38.6% 7802.3 22.6 34.1%
ResNet 50 [ \ix +DDA+L-QoCo 10950.3 13.1 31.6% 9103.7 18.7 30.0% 8151.2 19.8 27.9%
Mix.+DDA+PASCAL 12319.6 12.7 15.2% 11165.4 13.7 7.1% 9086.2 11.6 10.7%
Mix. 6223.9 48.2 22.0% 4997.2 52.7 19.5% 4227.8 33.9 18.8%
W5 Mix.+DDA 8762.1 27.3 35.8% 7224.8 39.4 25.3% 6684.0 18.3 27.9%
CosmoFlow Mix.+DDA+L-QoCo 9223.0 23.8 26.9% 7820.1 31.3 24.9% 7557.5 16.4 22.5%
Mix.+DDA+PASCAL 11009.3 18.2 13.9% 8885.7 26.6 12.2% 8006.2 16.5 10.3%

Table 7: Real-world workload results (W6-a/b/c) under HSS with and without DDA. PASCAL delivers the best throughput—jitter
trade-off across all three production workloads, hardware configurations and different architectures.

Real-world Workload & Method T1 T2 T3
Mean throu. | Tail latency Mean throu. | Tail latency Mean throu. | Tail latency

Workload Method (MB/s) (ms) Throu. jitter (MB/s) (ms) Throu. jitter (MB/s) (ms) Throu. jitter
Mix. 5789.2 50.5 24.5% 4762.9 59.2 26.8% 4228.7 38.9 19.7%
Wé6-a Mix.+PASCAL 7221.0 323 12.9% 5378.5 44.5 11.7% 4890.2 24.9 15.5%
Bank Mix.+DDA 8997.1 26.7 33.7% 7282.8 27.6 43.8% 6753.2 214 38.6%
Mix.+DDA+PASCAL 10378.9 16.9 14.6% 8179.0 20.3 14.5% 6330.7 16.6 11.2%
Mix. 6889.2 49.6 25.9% 5444.3 56.3 21.8% 4889.5 39.6 20.7%
Wé6-b Mix.+PASCAL 7563.3 39.5 13.9% 5770.8 46.2 17.2% 5441.9 30.6 13.8%
Al Training Mix.+DDA 9923.0 26.6 33.7% 8846.0 33.2 29.0% 7531.1 23.8 29.8%
Mix.+DDA+PASCAL 11358.7 219 14.6% 9456.5 26.0 14.7% 7905.2 20.9 15.5%
Mix. 5586.9 38.5 19.9% 5122.4 41.5 21.9% 4763.2 35.8 19.7%
Wé6-c Mix.+PASCAL 6031.2 27.8 8.2% 5782.3 37.2 11.0% 5339.1 25.0 8.6%
Al Inference Mix.+DDA 8345.1 21.1 38.5% 7650.9 24.8 37.2% 6880.5 22.7 28.6%
Mix.+DDA+PASCAL 9450.2 22.9 18.6% 8047.9 22.0 13.8% 7223.1 17.3 15.2%

initial-block allocation and migration for hybrid devices [45], extent-
based dynamic tiering [11], SSD-as-cache hybrid systems [46], RL-
based placement [37, 51], ML-assisted layout [32], NVMe flexi-
ble data placement [3], bottleneck-set bandwidth allocation [41],
non-hierarchical caching [44], and meta-layer aggregation across
medium-specific file systems [33]. These target what to migrate;
PASCAL operates at a complementary level by governing how much
bandwidth each concurrent task receives.

How much. LBICA [2] mitigates I/O-cache bottlenecks via adaptive
write policies; SIB [26] redirects read I/O from a saturated SSD
cache to idle HDDs; L-QoCo [50] applies RL to cache-bandwidth
control; and Robus [29] focuses on single-tier cache allocation and
bandwidth control. These all target a single task. PASCAL extends
this line to the multi-task setting with a pressure-based system-
wide metric that collaboratively regulates concurrent migration
flows.

6 CONCLUSION

Modern HSSs must coordinate, not isolate, their concurrent migra-
tion tasks. Combining state-of-the-art per-task optimizers raises

throughput but introduces severe jitter that single-task bandwidth
controllers cannot resolve. We propose PASCAL, a pressure-aware
bandwidth orchestration framework grounded in Pascal’s law: each
tier is a pressurized vessel, utilization translates into dynamic pres-
sure, and pressure gradients drive collaborative bandwidth alloca-
tion across all migration flows, with Bayesian optimization tuning
the operating points online. Across three hardware configurations
and eight workloads, PASCAL achieves up to 20% higher through-
put, 67% lower tail latency, and 79% reduced throughput jitter over
local state-of-the-art controllers and the composed industrial prac-
tice, and cuts DDA-induced jitter by up to two-thirds while preserv-
ing DDA’s throughput and latency benefits.
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