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Abstract

HBM refresh overhead is becoming a major energy bottleneck in
Large Language Model (LLM) inference. In 3D-stacked HBM, high
thermal density aggravates DRAM charge leakage, forcing tighter
refresh intervals and significantly increasing refresh power. The
root cause is a semantic mismatch: JEDEC-style uniform refresh
protects all stored bits equally based on worst-case cell retention,
while LLM weights exhibit strong significance heterogeneity across
both weight elements and bit positions. Existing schemes still fall
short not only because they are either semantics-blind, coarse-
grained, or retraining-intensive, but more fundamentally, there still
lacks an interface that maps semantic significance to hardware-
controllable refresh domains.

We propose DARA, a data-aware refreshing architecture for
HBM power reduction in LLM accelerators. It combines a multi-tier
significance model with an analytical reliability model to translate
semantic error tolerance into safe refresh relaxation, and further
introduces significance-aware remapping and a hardware-assisted
runtime optimization framework to fully convert the significance
heterogeneity of LLM weights into hardware-executable differenti-
ated refresh. Across multiple LLMs and data formats, DARA reduces
refresh power by 32.7%-87.8% while preserving near-original infer-
ence quality with negligible runtime and hardware overheads.
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1 Introduction

The rapid scaling of Large Language Models (LLMs) has made High
Bandwidth Memory (HBM) a critical yet increasingly power-hungry
component of modern AT accelerators. In 3D-stacked HBM, high
thermal density aggravates charge leakage in 1T1C DRAM cells and
significantly increases refresh overhead: refresh energy can account
for up to 50% of total DRAM energy consumption [16]. Moreover,
rising temperature further tightens the refresh interval, which in
turn increases heat generation, forming a vicious positive feedback
loop and finally aggravating refresh power overhead. Our study
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shows that tightening the refresh period from 256 ms to 8 ms raises
the refresh-power fraction from 4.3% to 83.0%. Therefore, refresh
overhead has become a first-order bottleneck for energy-efficient
LLM inference on HBM.

This inefficiency primarily stems from the mismatch between uni-
form refresh policy and the significance heterogeneity of LLM weights.
JEDEC-style refresh uniformly protects all stored bits based on
worst-case cell retention [8], while LLM weights are highly non-
uniform in error sensitivity: at the element level, sparse or near-zero
data are more error-tolerant, whereas at the bit level, exponent bits
are much more sensitive than mantissa bits. As a result, uniformly
protecting all weight bits can over-protect semantically resilient
data and waste substantial refresh energy on regions whose cor-
ruption would have limited impact on inference quality.

Existing refresh optimizations still fall short. Prior schemes are
either data-agnostic [2, 5, 10, 16], coarse-grained [11, 14, 17, 20],
or retraining-heavy [11], and therefore cannot fully exploit the
significance heterogeneity of LLM weights, especially across bit-
planes. More fundamentally, conventional HBM layouts store all
bits of a weight element in the same physical bank row, preventing
differentiated refresh across data of different significance. Therefore,
these limitations expose the core missing abstraction gap in prior
work: to fully exploit the semantic significance heterogeneity of
LLM weights requires not only a significance metric to identify
critical data, but, more importantly, an interface that maps semantic
significance to hardware-controllable refresh domains.

To fill this gap, we present DARA, a data-aware refreshing
architecture that tightly couples semantic significance with hard-
ware refresh domains through a cross-layer design. First, DARA
establishes a unified modeling framework consisting of a multi-tier
significance model across weight elements and bit positions, and
a data reliability model that quantitatively translates semantic er-
ror tolerance to safe refresh relaxation. Second, DARA introduces
a significance-aware remapping strategy that reorganizes weight
bit-planes into independently refresh-able bank groups, enabling
hardware-executable differentiated refresh. Third, DARA provides
a hardware-assisted closed-loop optimization framework spanning
significance modeling, reliability calibration, physical remapping,
and runtime refresh control. Across multiple LLMs and data formats,
DARA reduces refresh power by 32.7%—-87.8% while preserving near-
original inference quality with negligible data reading latency and
hardware overheads.
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To summarize, our key contributions are:

e Significance and reliability modeling: A unified modeling
framework that quantifies data significance and translates se-
mantic error tolerance into safe refresh relaxation.
Significance-aware remapping: A strategy that reorganizes
weight data into independently refresh-able bank groups, en-
abling hardware-executable differentiated refresh.

e Hardware-assisted closed-loop optimization: A memory-
controller-assisted framework that enforces differentiated refresh
at runtime, achieving 32.7%-87.8% refresh-power reduction with
negligible overheads.

2 Background & Motivation

2.1 Refresh Overhead in HBM-Based LLM
Inference

HBM has become the default substrate for storing LLM weights
due to the high capacity density and memory bandwidth enabled
by its 3D-stacked architecture. However, this tightly integrated
structure also creates high thermal density, causing the capacitors
in 1T1C DRAM cells to suffer from accelerated charge leakage and
substantially increasing refresh overhead. Prior studies report that
refresh-dominated static power can account for 20%-50% of to-
tal memory power [7, 16, 17, 21]. More critically, as temperature
rises, the refresh interval must be further tightened to preserve
data reliability. This higher refresh activity in turn increases power
consumption and heat generation, forming a vicious positive feed-
back loop, which exacerbate refresh power issue. For example, our
study shows that when the refresh period shrinks from 256 ms
to 8 ms, the fraction of DRAM power consumed by refresh rises
sharply from 4.3% to 83.0%. Therefore, reducing refresh overhead
is the first-order requirement for energy-efficient LLM inference
on HBM.

2.2 Uniform Refresh Is Semantically Wasteful
for LLM Weights

The inefficiency of conventional refresh stems from a fundamental
semantic mismatch. JEDEC-style uniform refresh is designed to
satisfy the worst-case cell-retention requirement and therefore as-
sumes that all stored bits deserve the same level of protection. LLM
inference, however, does not require uniform protection across all
weights. Instead, its accuracy depends on the non-uniform semantic
significance of the stored data. At the weight-element level, sparse
or near-zero weights are inherently more error-tolerant than a rel-
atively small subset of critical weights. At the bit level, modern
numerical formats such as BF16 and FP16 introduce another layer
of heterogeneity: exponent bits are substantially more sensitive
than mantissa bits because they determine the magnitude scale of
the value

As a result, different regions of LLM weight data exhibit signifi-
cantly different sensitivities of errors. Applying one rigid refresh
policy to all of them therefore over-protects semantically resilient
data and wastes a substantial amount of refresh energy on regions
whose corruption would have limited impact on inference qual-
ity. In this sense, the mismatch between uniform refresh and data

Fan et al.

significance heterogeneity directly leads to substantial semantical
refresh-energy waste.

2.3 Why Existing Schemes Cannot Exploit
Weight Heterogeneity

To mitigate DRAM refresh overhead, many refresh optimization
techniques have been proposed. However, they still fall short for
several reasons.
(1) Semantic-blind: Most prior works reduce over-refreshing using
cell-centric properties such as retention profiling, temperature-
aware refresh, ECC-assisted relaxation, and sub-bank scheduling [2—
5, 10, 16]. While effective at exploiting device-level characteristics,
these methods reason only about the physical state of memory
cells rather than the semantic importance of the stored data. As a
result, their data-agnostic strategy cannot exploit the significance
heterogeneity of LLM weights.
(2) Coarse-grained: More schemes such as EXTREME, EDEN, and
ADROIT incorporate application semantics, but their management
granularity is typically limited to pages, layers, or data types. This
granularity is too coarse to capture the strong heterogeneity within
LLM weights, especially across bit positions [11, 14, 17, 20].
(3) Computation-expensive: Some schemes rely on extensive
model retraining, imposing a prohibitive computational burden that
makes them practically unfeasible for massive-scale LLMs [11].
More fundamentally, even if a new significance metric could
identify the fine-grained heterogeneity within LLM weights, a core
abstraction is still missing to map data-significance heterogeneity onto
hardware refresh domains. Under the conventional word-centric
mapping policy in HBM, all bits of a weight element are stored in
the same physical bank row, making data with different semantic
significance physically inseparable for refresh control. As a result,
the hardware cannot assign different refresh intervals to seman-
tically different data. Therefore, what is missing is not merely a
better significance metric or a more accurate refresh model, but
an interface that maps semantic significance to hardware-
controllable refresh domains.

2.4 Design Requirements

To realize such an interface, three architectural requirements must
be met: (a) a unified modeling methodology consisting of a multi-
tier significance abstraction across weight elements and bit posi-
tions, together with an analytical data-reliability model that relates
refresh interval, temperature, and failure budget; (b) a remapping
strategy that maps logical data significance onto physical refresh
domains; and (c) a closed-loop control and optimization framework
that enforces differentiated refresh at runtime.

Figure 1 shows the overall architecture of DARA and illustrates
how these requirements are addressed in a cross-layer manner. At
the software layer, requirement (a) is addressed by the Significance
Profiler and the Refresh Policy Generator, which are driven by two
coupled analytical models (Section 3) to determine failure budgets,
mapping configurations, and the initial refresh intervals for all Bank
Groups. At the HW-SW interface layer, requirement (b) is addressed
by the Significance-aware Remapper, which guides the Data Slicing
process to partition and remaps weight data according to semantic-
significance profiling results (Section 4). At the hardware layer,
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Figure 1: Overall architecture of DARA, illustrating the significance-aware cross-layer closed-loop optimization framework

across the sensing, decision, and execution stages.

requirement (c) is mainly addressed by the Real-time Calculation
Engine (RCE) and the Adaptive Refresh Manager (ARM) implemented
in the memory controller, which compute and update the refresh
interval in runtime for each Bank Group based on temperature mon-
itoring, while preserving compatibility with conventional memory
I/0 protocols (Section 5). Together, these three cross-layer designs
form a complete runtime closed-loop optimization framework.

3 Data Significance and Reliability Model

To quantify the significance heterogeneity of weight elements and
different bits, we firstly establish two coupled analytical models.
The multi-tire significance model quantifies the weight-element
significance and bit sensitivity, whereas the analytical data relia-
bility model quantifies the interplay between the refresh interval
t, operating temperature T, and the resulting failure probability F,
providing the physical bound for refresh relaxation.

3.1 Multi-Tier Significance Modeling

3.1.1  Weight Element-wise Significance. At the weight element
level, we evaluate the criticality of individual weight elements using
the Weight-and-Activation metric [22]:

Sij = lwijl - 11Xl (1)

where ||X||2 denotes the L,-norm of the input activations. This met-
ric identifies high-magnitude weights that coincide with large acti-
vation values as critical parameters, while sparse or low-activation
weights are categorized as resilient regions.

3.1.2  Bit-wise Numerical Sensitivity. At the fine granularity, the
numerical significance of each bit is dictated by its position within
the data format. For floating-point formats (e.g., BF16 and FP16),
the relationship between binary encodings and numerical values is
defined by the IEEE 754 standard:

M
W = (—1)° - 2Fblas. (1 +Zbi-2‘i) )
i=1

where s, E, and b; represent the sign bit, exponent, and i-th mantissa
bit, respectively. Any bit-flip in the exponent results in an exponen-
tial magnitude shift, whereas flips in the mantissa contribute only
linearly, making the former far more critical. For integer formats

Per-Bit-Plane Importance of BF16 Weights in HBM2
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Figure 2: Bit-level significance profiling using Average
Weight-and-Activation Magnitude (e.g., Qwen2.5-3B). Expo-
nent bits (7-14) exhibit sharp significance heterogeneity com-
pared to mantissa bits (0-6)

(e.g., INT8/4), the significance follows a linear weighted sum:

N-2
W =scale - [—by_p - 2NV71 + Z b; - 2! 3)
i=0

establishing a distinct hierarchy between Most Significant Bits
(MSBs) and Least Significant Bits (LSBs).

We profile a pre-trained Qwen2.5-3B model using the Weight-
and-Activation magnitude metric to confirm this heterogeneity. As
shown in Fig. 2, mantissa bits (0-6) exhibit a flat, low importance
profile, confirming their resilience. In contrast, exponent bits (7-14)
show highly non-uniform importance. Notably, Bit 14 (E[7]) shows
near-zero significance because weight magnitudes in Qwen2.5 are
largely clustered within |W| < 2.0, keeping this bit consistently
zero. The sign bit (15) remains critical as it dictates weight polarity.
Ultimately, a memory region’s importance is the product of its
element-level criticality and its bit-level sensitivity, providing the
theoretical foundation for DARA’s isolated refresh control.

3.2 Analytical Data Reliability Modeling

We utilize the Weibull distribution to model the cumulative failure
probability F of a DRAM cell due to charge leakage over time t:

F(5k2) =1 exp [— (%)k] (@)

where k is the shape parameter reflecting the retention time distri-
bution, and A is the characteristic life.
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The Arrhenius equation defines how A scales with absolute tem-
perature T:
E, (1 1
MT) = Agest - 2=z -= 5
(1) =t exp |2 (7 - 2| ©)
By substituting Eq. 5 into Eq. 4, we derive the governing equation
for the optimal refresh interval:

{(T, F) = [Arefexp (f—B (% - ﬁ))] [=In(1 = F)] V¥
(6)
Our evaluation employs conservative physical constants to en-
sure robustness against Variable Retention Time (VRT) and process
variations. Under identical conditions, our model is calibrated to
predict a bit error rate (BER) 10% to 10*x higher than field mea-
surements reported in the literature [12, 15]. Despite this relatively
conservative settings, remarkable results were observed in exper-
iments, which indicates parameter settings conforming to actual
measurements will leads to more significant results.

4 Significance-aware Remapping Strategy

The analytical models in Section 3 provide the theoretical founda-
tion for differentiated refresh. However, a key interface gap still
remains between logical data significance and physical refresh do-
mains. To bridge this gap, we propose a significance-aware data
remapping strategy that translates logical error budgets into physi-
cal storage domains.

We first describe the Data Layout and Physical Mapping details,
which answers what data regions should be remapped to differ-
entiated refresh domains and how this remapping can be realized
while preserving compatibility with multiple memory addressing
policies. We then present the Remapping configuration Flow, which
answers how to set the refresh interval ¢ based on the operating
temperature T and failure probability F.

4.1 Data Layout and Physical Mapping

To bridge the gap between semantic importance and physical con-
trol, DARA decouples bits with identical significance to form bit-
planes P; = (bjy,...,bjk-1). These logical planes are mapped to
HBM hardware during the HBM data-write phase.

The HBM2 organization considered in this work consists of eight
physical channels, each divided into two pseudo-channels, resulting
in 16 pseudo-channels in total. As illustrated in Figure 3, the stan-
dard storage model(left) utilizes word-centric interleaving where
each channel burst delivers complete, multi-bit weights. In contrast,
our bit-slicing model(right) clusters bits of the same significance
index from multiple weights into dedicated channels. For example,
a burst across 16 channels in HBM2, which traditionally provides
16 complete FP16 weights per cycle, is reorganized such that each
channel carries a specific bit-plane for a larger set of 256 weights.
It details this transition within a specific channel (e.g., CHO), which
lays at the bottom of the figure and has four bank groups. The
numbers represent the location from CH@.BG@.BK@.ROW@.COL® to
CHO.BG3.BK@.ROW®@.COL1 and the order of the numbers represents
the reading order in this channel. In the standard model, the data in
the location CHO.BG@ . BK@.ROW@ . COL®@ contains a sequence of com-
plete weights (a; to a;6). Through our remapping logic, this same
physical location is transformed to store only a specific bit-plane
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Figure 3: Transformation of data organization from standard
word-centric interleaving (left) to significance-uniform do-
mains (right) in HBM2.

(e.g., bit0) for the expanded weight set a; to azs¢. The data stored
in the same location but different channel id is the different bits of
the same weight.

In HBM systems, address mapping schemes define how logical
addresses are translated into physical coordinates. The reading
order in CHO, which is represented by eight numbers, implies a
given address mapping. Assuming that the weights in the next
parallel reading are complete a257-a512. In the bit-slicing storage
model, the block marked with the number two should store the
bit0 of a257-a512. While the data of this block may stored in differ-
ent locations (such as CH0.BG@.BK1.ROW@.COL®) in other address
mappings according to their different reading orders. It indicates
that under different address mapping schemes, discrepancies in the
internal traversal sequence within each channel cause the same
physical bank group to store distinct data content, even though the
data retrieved in a single parallel burst remains identical and the
required logic transformations are correctly applied.

The transformation from standard storage model to bit slicing
storage model is implemented purely through modifications to the
address mapping logic and is adaptable to any address mapping
schemes, requiring no structural alterations to the HBM’s native I/O
interface protocols, such as bit-width, burst length, or physical stor-
age architecture. By isolating bit-planes into separate Bank Groups
(BGs), DARA establishes the physical foundation for independent,
significance-aware refresh control while maintaining strict data
correctness and satisfying inference latency requirements.

4.2 Remapping Configuration Flow

After bit-slicing address remapping, we use a two-phase searching
algorithm to establish the refresh intervals for each bank group. It
follows a coarse-to-fine search strategy, as detailed in Algorithm
1, to maximize power savings while strictly adhering to a global
perplexity (PPL) target mrig.
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Algorithm 1: Adaptive HBM2 Per-BG Refresh Interval
Search
Input: Model M, PPL target g, refresh range [tmin, tmax|
Output: Per-BG refresh intervals {1}

{sx} <« WEIGHT-AND-ACTIVATION SCORE(M) ;

// Importance metric for each Bank Group

Sort BGs ¢4, . . // Relax
least-sensitive BGs first

., gk by si ascending ;

// Phase 1: Bit-plane Level Coarse Search
foreach bit-plane b do
tp < BINARYSEARCH(tmin, tmax);
Inject errors at rate €(t) on bit b of all BGs;
Find max t s.t. PPL(M) < migy;

// Phase 2: Per-BG Fine-grained Relaxation
t < ty(k) forall k ; // Initialize with Phase 1
results as lower bound
for k =1to K do
tr < BINARYSEARCH(f%, tmax);
Inject errors into gy, . . ., gk simultaneously using
current {t1,..., & };
Find max t s.t. PPL(M) < 7y

return {#};

Phase 1: Bit-plane Level Coarse Search. Phase 1 determines the
maximum error-tolerance budget (F) for each bit-plane. Guided
by the reliability model, we inject uniform retention errors into
bit-planes to empirically link hardware-level failures to software-
level accuracy. Then, for each bit-index b, the algorithm performs
a binary search to identify the maximum refresh interval #; that
maintains the PPL within 7. The resulting intervals {t;} provide
a baseline reliability floor for the significance-uniform partitions
established by our mapping strategy, effectively translating the
abstract importance of bit-planes into concrete failure budgets for
real-time hardware execution.

Phase 2: Per-BG Fine-grained Relaxation. Phase 2 refines the re-
fresh policy by exploiting the non-uniform importance of weights

within the same bit-plane. We first calculate the Weight-and-Activation

Score (S = |[W] - ||X]||2) to quantify the contribution of each weight
tensor to the output. BGs are then ranked in ascending order of
their mean Weight-and-Activation scores, allowing the algorithm
to prioritize the relaxation of less critical physical regions.

Starting from the Phase 1 bounds (tx = tp(x)), we iteratively relax
the refresh interval for each BG. Crucially, we employ cumulative
injection: for each candidate f;, we formulate data retention errors
through data reliability model, and simultaneously inject them into
the current BG and all previously optimized BGs (g3, . . ., gx—1). This
ensures that the aggregated error floor of the entire HBM stack
remains below the accuracy threshold, effectively squeezing the
maximum power reduction out of non-critical weights.

4.3 Deployment and Online Execution Flow

During the software-driven initialization phase, the model’s signifi-
cance profile is translated into a set of failure budgets Fy assigned to
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individual Bank Groups (BGs). These budgets represent the error-
tolerance floor of each data domain and are deployed onto the
internal registers of the memory controller. Once configured, the
budget of each BG remains fixed throughout the model’s opera-
tional lifetime to ensure predictable inference accuracy.

During real-time inference, these budgets are further leveraged
by the hardware-assisted closed-loop optimization framework to-
gether with runtime thermal monitoring, enabling the system to
fully exploit semantic heterogeneity in real HBM hardware.

5 Hardware-assisted closed-loop optimization

To leverage the mentioned remapping strategy, we further propose
a memory-controller-assisted closed-loop optimization to alter the
refresh interval of each bank group according to the real-time tem-
perature. A data access and reconstruction process is also proposed
to preserve compatibility with conventional memory I/O protocols.

5.1 Significance-Aware Memory Controller

Memory Controller

APB Adaptive Synergy Command Orchestration Unit
Scheduler t
= Refresh Real-time
g Eg Synchronization Calculation
S x Unit(RsU) Engine
Sz CCO | ==+ | CC7
SE ! |
n O
§ & Adaptive Refresh Manager
Y J_L
Interface |
Cco-cc7

Figure 4: Architecture of the SAMC in HBM2. Eight physical-
channel controllers(CC0-CC7) each serve two pseudo-
channels, while the ASS coordinates differentiated refresh
and transparent bit-plane mapping across all 16 pseudo-
channels.

To support the runtime optimization strategy, we modified mem-
ory controller in HBM2 (denoted as SAMC), incorporating the Adap-
tive Synergy Scheduler (ASS) to bridge the gap between software-
level significance profiling and hardware-level refresh execution.

As shown in Figure 4, the ASS is integrated into the control path
of the memory controller, interacting with the host interface and the
8 parallel physical channel controllers (CC0-CC7). To ensure that
significance-aware decisions are executed with minimal impact
on memory bandwidth, the ASS is organized into four primary
functional units:

e Command Orchestration Unit (COU): This unit manages the
top-level command flow and host request queuing. It features
a Weight Slicing/Reassembly Unit (WS/RU) that slice complete
weights during the data-write phase in HBM and reassemble
bit-fragments from the parallel channels. Furthermore, it orches-
trates the broadcasting of commands across all parallel channels,
while effectively differentiating and scheduling standard memory
requests alongside those in bit-slicing mode.

Real-time Calculation Engine (RCE): The RCE serves as the
computational core that executes the thermal-scaling component
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Figure 5: The data path of DARA in HBM2. During reads, the hardware reassembles bit fragments into weights in their original

format (BF/FP16 shown), maintaining functional transparency.

of the analytical reliability model. Instead of solving full Weibull-
based equations in real time, it applies sensed thermal gradients to
pre-loaded baseline refresh intervals (c_bg) derived during offline
profiling. By leveraging a high-performance 11-stage Arrhenius
calculation pipeline, the RCE dynamically scales these intervals
to provide precise, per-BG refresh updates with minimal logic
overhead.

e Refresh Synchronization Unit (RSU): Implements synchro-
nization window logic to monitor refresh events in critical MSB
channels and orchestrate aligned refresh operations for resilient
LSB domains. This ensures strict adherence to JEDEC timing con-
straints while maximizing power savings through coordinated
execution.

e Adaptive Refresh Manager (ARM): The ARM serves as the
execution bridge to the channel controllers. It utilizes a coordi-
nated command orchestration and a priority encoder to manage
an array of per-BG programmable counters. By translating RCE
decisions into localized refresh signals, the ARM ensures that crit-
ical bits are protected while aggressively extending the intervals
for error-tolerant memory regions.

DARA primarily modifies the memory controller through the
RCE, ARM, RSU, and COU. The assumed HBM-stack support is
limited to TAR-style thermal sensing and region-level differentiated-
refresh execution, following prior work [6].

5.2 Closed-loop Optimization Framework

5.2.1 Adaptive Refresh Policy Determination. The runtime refresh-
interval decision-making is the core process, which is primarily
centered on the Real-time Calculation Engine (RCE). This unit
bridges the gap between high-level data semantics and low-level
physical constraints by integrating real-time thermal sensing data
with offline-derived significance configurations.

The first step is real-time thermal sensing at the Bank-Group
granularity. Specifically a digital temperature sensor, reported in
prior work [6], is integrated at the geometric center of each physical
bank group to provide real-time thermal monitoring for the HBM2
architecture. These sensors generate 7-bit thermal readings that
cover a range of 0 — 105°C with 1°C resolution. At the second step,
the RCE aggregates temperature zone indicators directly from the
BG-level sensors and applies them to the pre-programmed baseline
refresh intervals (c_bg). Instead of implementing a full, compu-
tationally expensive solver for the Weibull reliability equations
on-chip, the RCE executes a high-performance 11-stage Arrhenius
calculation pipeline to determine the thermal scaling factor in real

time. At the final step, this factor is then multiplied by the baseline
intervals to dynamically compute the optimal tggpy for each Bank
Group.

This architecture design ensures that refresh frequencies are
precisely calibrated to current thermal gradients while maintain-
ing a low hardware footprint by offloading complex significance

budgeting to the offline profiling stage.

5.2.2  Refresh Execution. With specific refresh strategies, the phys-
ical assignment and execution of differentiated refresh commands
is required, which is orchestrated by the Adaptive Refresh Manager
(ARM).

To facilitate this granular control, the standard global refresh
counter is replaced with an array of per-BG programmable coun-
ters. The ARM continuously translates timing decisions from the
RCE into hardware thresholds, utilizing a priority encoder and
a sticky-request handshake mechanism to handle concurrent re-
fresh demands across different bank groups. By employing a signed
difference logic for time comparison, the ARM ensures robust
operation even across counter wrap-around events. When a BG-
specific counter reaches its programmed threshold, a localized re-
fresh operation is triggered independently and remains pending
until a hardware acknowledgment is received from the channel
controller. DARA changes only the selected refresh region and the
programmed interval; each issued refresh still follows the standard
channel-controller timing and arbitration constraints.

This mechanism is the key to minimizing HBM static power,
as it allows the hardware to maintain high-frequency protection
for critical exponent bit-planes while aggressively extending the
intervals for error-tolerant mantissa regions.

5.2.3 Data Access and Reconstruction. The bit-slicing storage for-
mat fundamentally alters the conventional memory access pattern
by isolating weight bits into significance-uniform domains across
physical channels. While a standard HBM burst delivers complete
weights from a single channel, DARA requires each channel to re-
trieve a sequence of bit fragments belonging to a specific bit-plane.
To preserve compatibility with conventional memory I/O proto-
cols, the hardware must perform real-time bit reorganization to
reconstruct the original weight values before they reach the host.
As illustrated in Figure 5, when a read order is dispatched, the
Command Orchestration Unit (COU) coordinates parallel data re-
trieval across all 16 pseudo-channels. The Weight Slicing/Reassembly
Unit (WS/RU) then utilizes a combinational wiring matrix to aggre-
gate these fragments back into the original BF/FP16 format through
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a deterministic five-stage synchronous pipeline. This reconstruc-
tion process, integrated with address-based routing logic, ensures
that the significance-aware memory organization remains entirely
transparent to the LLM accelerator while maintaining compatibility
with standard storage patterns at a negligible latency overhead.
During writes, the hardware performs the inverse operation by
slicing BF/FP16 weights into bit fragments and distributing them
across the corresponding pseudo-channels.

6 Evaluation

In this section, we present a comprehensive evaluation of DARA to
validate its effectiveness across three primary dimensions: refresh
energy efficiency, inference performance, and hardware implemen-
tation cost. Our assessment aims to demonstrate that by leveraging
the significance heterogeneity of LLM weights, DARA can achieve
substantial power savings with negligible impact on model accuracy
and system latency.

We benchmark our proposed architecture against standard JEDEC-
compliant HBM2 baselines using representative LLM workloads to
verify its practical viability in production-scale Al inference sce-
narios. To ensure data reliability, the maximum refresh interval is
capped at 5000 ms, following prior work [15].

6.1 Refresh Energy Efficiency and Reliability
Analysis

6.1.1  Experimental Methodology. We evaluate DARA using DRAM-
Sim3 [13] configured with HBM2 4-Hi specifications at 85°C and
90°C. The workloads include Qwen2.5-3B [24], Phi-3-mini [1],
and Gemma-2-2B [23] in BF16, FP16, INT8, and INT4 formats. At
85°C, the BF16,FP16,INT8,INT4 baseline powers are 249.2, 249.2,
124.6, 83.1mW for Qwen, 249.2, 249.2, 142.4, 71.2mW for Phi-3, and
249.2, 249.2, 124.6, 62.3mW for Gemma-2. The 90°C baselines use
the temperature-dependent refresh setting in Fig. 6. We addition-
ally evaluate Qwen2.5-3B under three address mappings: RoRaBg-
BaChCo, RoBaBgRaChCo, and ChRoBaBgRaCo, denoted AMS1-
AMSS3.

6.1.2  Results and Analysis. DARA reduces refresh energy by 32.7%—
87.8% compared to the JEDEC standard baseline, as shown in Fig. 6.
Fig. 6(a) illustrates that at 90°C, Qwen2.5-3B achieves peak sav-
ings of 87.8% in FP16 and 86.7% in BF16, while Gemma-2-2B reaches
85.0%. Phi-3-mini achieves approximately 56.0% savings in BF16,
FP16, and INTS; its similar results across formats arise from consis-
tently high numerical sensitivity and limited inter-BG variation.

Fig. 6 (b) presents the corresponding energy efficiency across
three representative address mapping schemes. These results con-
firm that the proposed refresh relaxations translate into substantial
energy reductions, with the rorabgbachco mapping achieving a
peak saving of 87.8% under 90°C. These experimental results un-
derscore that our proposed scheme remains consistently effective
across various address mapping configurations.

To ensure the data reliability, we set initial refresh intervals under
the constraint of a maximum 0.1 increase in perplexity (PPL). We
also employ conservative physical constants to ensure robustness
against variable retention time and process variations, which lead
to a predicted bit error rate (BER) 102 to 10*X higher than field
measurements [12, 15]. It indicates that more remarkable results
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Table 1: Weight-block read performance of DARA and the
baseline at 85 °C. Mixed Qwen sweeps vary independent 64-B
normal reads. Latency is in HBM2 cycles (tck = 0.5 ns), and
bandwidth includes both payload types.

Model-trace block latency

Model Average P95 P99

ode (DARA/Baseline) (DARA/Baseline) (DARA/Baseline)
Qwen2.5-3B 25.13/31.45 47/47 53/62
Gemmaz2-2B 28.42/28.62 55/41 136/52
Phi3Mini-3.8B 26.80/28.62 47/41 57/52

Qwen mixed-request average block latency

Independent 64 B normal reads 0 14K 42K 84K

Baseline 29.28 32.15 32,57 32.58
DARA 24.29 25.37 2645 26.67

Qwen mixed-request effective bandwidth (B/cycle)

Independent 64 B normal reads 0 14K 42K 84K
Baseline 207.25  205.08 200.13 194.00
DARA 248.11 244.29 236.21 225.66

will be observed under parameter settings which conform to actual
measurements. We also evaluate robustness under input variation.
DARA derives the refresh-budget table from profiling prompts
and then applies the same fixed error pattern to unseen prompts
without re-optimizing the budgets. On WikiText2, PPL changes
from 11.6096 to 11.6255 (+0.0159); on MMLU-Pro, PPL changes from
4.8390 to 4.9620. For OpenBookQA, where PPL is not the task metric,
multiple-choice accuracy changes from 32.01% to 31.59%. These
results suggest that fixed significance budgets remain stable across
held-out inputs, while deployment mismatch can be mitigated by
conservative intervals or periodic re-profiling.

6.2 Read Overhead Analysis

6.2.1 Experimental Methodology. We evaluate DARA against a con-
ventional BF16 baseline using Ramulator2 [18], extended with cus-
tom memory-system plugins for an HBM2 device with 16 pseudo-
channels. PyTorch forward hooks generate 20 M-request traces from
Qwen2.5-3B, Gemma-2-2B, and Phi-3-mini. We report average, P95,
and P99 weight-block latency and effective bandwidth. Each logical
1024 B weight block contains sixteen consecutive 64 B cachelines,
issued as conventional word-centric reads by the baseline and co-
ordinated as bit-sliced accesses across all 16 pseudo-channels by
DARA. For mixed traffic, the latency and bandwidth sweeps fix
200K and 119,616 weight-block reads, respectively.

6.2.2 Results and Analysis. Table 1 summarizes the simulation
results.

Block latency is the decisive metric for compute performance.
DARA outperforms the baseline under both single and mixed re-
quest streams. DARA reduces it by compressing the controller-side
request-issue window. Specifically, the baseline issues conventional
cacheline reads over 15 ticks. Under the standard word-centric
layout, the baseline cannot use the same fanout semantics: broad-
casting one baseline address would fetch unrelated cachelines rather
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Figure 6: (a) Refresh power consumption of DARA across different LLM models, data formats (85°C,90°C) (b) Refresh power
consumption of DARA across three address mapping methods (85°C,90°C )

Table 2: ASS area breakdown under NanGate45.

Block / structure Cells Area (um?)  Share of ASS
RCE (incl. TCE) 14,158 20,648 42.70%
ARM 9,945 14,504 30.00%
RSU 2,777 4,050 8.38%
COu 6,272 9,147 18.92%
ASS total 33,152 48,349 100%
Fine-grained structures

Budget/interval registers 1,964 5,568 11.52%
COU request/pending queues 897 2,204 4.56%
Bit-slicing/reassembly + write swizzling 7,024 7,534 15.58%
Weight-region detection/fanout 22 26 0.05%

than the bit-planes of the same weight tile. In contrast, DARA in-
ternally fans out one bit-sliced weight-region read into sixteen
pseudo-channel reads, completing the 16-channel broadcast in 2
ticks. DARA exhibits higher P99 latency in two of the three work-
loads because the DARA chain must wait for the slowest of 16
channels, making it sensitive to occasional long refresh stalls that
do not block independent requests in the baseline.

Bandwidth is another important metric. Although each DARA
logical-block read completes only after all 16 pseudo-channel re-
sponses return, the shorter controller-side issue window provides
a net effective-bandwidth improvement in all evaluated mixed-
request configurations.

6.3 Hardware Overhead Analysis

6.3.1 Experimental Methodology. The Adaptive Synergy Scheduler
(ASS) was synthesized using Yosys [19] 0.63 targeting the Nan-
Gate45 45nm library. For area comparison, we use LiteDRAM [9]
controller as baseline, which is synthesized by the same tool chain
and library. Power is estimated at 1 GHz from a 276K-cycle Qwen
VCD trace using Liberty internal-power and leakage data, with an
estimated accuracy of +50%.

6.3.2 Results and Analysis. As shown in Table 2, the ASS occupies
48,349 pm?, which is equivalent to 6.6% of the synthesized 16-
controller Lite DRAM baseline.

The LiteDRAM instance serves as a representative single-channel
controller baseline. Because HBM pseudo-channels exhibit func-
tional behaviors analogous to standalone DDR channels, we cal-
culate the total HBM baseline area as 16x the area of a standalone

Table 3: ASS power overhead relative to adaptive refresh
power savings (1.126 mW at 1 GHz).

Model BF16 FP16 INT8 INT4
Qwen2.5-3B  0.56% 0.54% 1.16% 1.74%
Phi-3-mini  1.38% 1.38% 2.42% 3.19%
Gemma-2 0.59% 0.80% 2.60% 3.53%

LiteDRAM unit. The ASS is shared across all 16 pseudo-channels,
avoiding the need to replicate DARA-specific scheduling and remap-
ping logic for each pseudo-channel. Since both ASS and LiteDRAM
are synthesized under identical technology assumptions, the rela-
tive area ratio (6.6%) represents an intrinsic architectural advantage
that remains robust across process nodes.

Power consumption was estimated by extracting switching ac-
tivity from 276 K-cycle Qwen2.5-3B VCD traces. At 1 GHz, the ASS
consumes 1,126 pyW, with leakage dominating (89%) due to the low
refresh-triggered duty cycle (x 0.24%).

Table 3 compares this overhead against refresh power savings
across 3 models and 4 data formats. For Qwen2.5-3B FP16, DARA
saves 210.3 mW, yielding a net benefit ratio of 187x. At more ad-
vanced process nodes, lower supply voltages and improved leakage
control may further reduce ASS power.

7 Conclusion

This paper presents DARA, a data-aware refreshing architecture
for reducing HBM refresh power in LLM accelerators. DARA is
motivated by the observation of mismatch between conventional
uniform refresh and the significance heterogeneity of LLM weights.
To bridge this gap, DARA combines data significance and reliability
modeling, significance-aware remapping, and hardware-assisted
runtime closed-loop optimization into a unified cross-layer design,
successfully achieves substantial refresh-power reduction with neg-
ligible overheads.
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