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Abstract

Deep neural network (DNN) training is both data-intensive and
compute-intensive. As datasets grow, storing them entirely in mem-
ory becomes infeasible, making I/O a major bottleneck—often ac-
counting for 30%-90% of total training time due to the widening
gap between data loading and computation speed. While caching
can mitigate I/O latency, traditional strategies fail under random
sampling. Recent work shows that importance sampling can induce
data locality, enabling more effective caching; however, loss-based
importance ignores semantic attributes, limiting effectiveness in
I/O-bound tasks.

We propose SpiderCache, a semantic-aware caching strategy
for DNN training. It employs a graph-based importance sampling
algorithm that captures semantic relationships to compute global
sample importance, coupled with a dynamic cache manager that
adapts to training stages and user needs. Experiments show Spider-
Cache boosts cache hit ratio by up to 8.5 (avg. 4.15x) and speeds
up training by up to 2.33x (avg. 2.21x), while achieving the best
accuracy and adaptability across diverse workloads.
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1 Introduction

Deep neural networks (DNNs) have revolutionized various domains
by mimicking the human brain’s neural structure to process com-
plex data patterns. They are key in image recognition [25][17],
autonomous vehicles [5], facial recognition [36], machine transla-
tion [40], chatbot interfaces [12], and healthcare [13].

DNN training involves frequent data retrieval from I/O systems
followed by intensive computation to update model parameters.
Prior work has focused on improving computational efficiency via
GPU memory optimization [19, 33], faster data communication [16],
and compiler-level operator tuning [6, 34]. However, as datasets
grow from terabytes [11, 31] to petabytes [1]—exceeding memory
capacity—I/O becomes the main bottleneck. While accelerators
like GPUs, FPGAs, and ASICs evolve rapidly, I/O optimization lags
behind, severely limiting overall training efficiency [7, 22, 30]. In
modern HPC-AI centers, datasets are often cloud-stored and re-
motely accessed by VMs [7, 10], further aggravating I/O delays. For
image classification, I/O can account for 30%-90% of total training
time [7, 22].

Caching is a common strategy to reduce I/O costs by storing
frequently used items in memory. However, conventional policies
like LRU and LFU are ineffective during DNN training, where ran-
dom sampling disrupts data locality and hinders caching efficiency
[46][30]. To address this, CoorDL [30] introduces MinIO, which
prevents cache data replacement during training to improve the
cache hit ratio.

Importance sampling (IS) is a technique that has been proposed
to accelerate DNN training by dynamically adjusting the sampling
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probabilities based on each sample’s contribution to the learning
process, prioritizing those samples that have the most significant
impact on model performance [20] [21]. Recent studies, such as
SHADE [22] and iCache [7], show that IS induces data locality,
benefiting caching, and have explored adapting caching policies
based on IS to address the I/O problem.

However, commonly used IS algorithms are designed for com-
putation-bound tasks. While reducing GPU processing time by
omitting backpropagation for specific samples, these algorithms
are ineffective in I/O-bound scenarios [7]. We have conducted an
insightful analysis of this phenomenon and found that this inef-
fectiveness arises because these algorithms calculate importance
based on loss, which isn’t comparable across epochs and batches.
Effective caching policies require comparing the global, not just
the local or instantaneous importance of samples.

To address the above problem, we propose SpiderCache, a
semantic-aware caching strategy for DNN training. Here, semantic-
aware refers to understanding the intrinsic meaning of samples via
their embeddings. Based on this, we first introduce a graph-based
IS algorithm that calculates global importance scores by using the
graph structure to analyze the samples’ embeddings. Then, Spider-
Cache applies a semantic-aware caching mechanism that combines
importance scores and sample similarity, using a two-layer struc-
ture to boost hit ratio. Moreover, as different cache sections impact
training efficiency and accuracy differently, we develop an elas-
tic cache manager that dynamically adjusts section ratios during
training and accommodates user-specific performance goals.

Figure 1 illustrates SpiderCache’s design objectives across three
metrics. Compared to prior work, SpiderCache achieves superior
performance across all metrics (Section 6). Inspired by its use of
graph structures to capture global sample importance and its sensi-
tivity to dynamic changes—akin to how a spider web responds to
its environment—we name our approach SpiderCache.

In summary, this paper makes the following contributions.

e SpiderCache is the first approach to leverage the seman-
tic information of samples for cache management in DNN
training. Through a comprehensive analysis of common IS
algorithms, we propose a novel graph-based IS algorithm
tailored for I/O-bound scenarios.

e We design a semantic-aware cache mechanism, which uses
both importance scores and sample similarity, featuring a
two-layer structure designed to improve the total hit ratio.

e We developed an elastic cache manager that can not only
adjust the ratio between cache sections in real time but also
meet user-specific requirements for various performance
metrics.

e Extensive evaluation results demonstrate that SpiderCache
increases the cache hit ratio by up to 8.5x (avg. 4.15x) and
speeds up training by up to 2.33x (avg. 2.21x) compared
to the baseline, while also offering superior accuracy and
elasticity across various workloads.

2 Background
2.1 I/O Characteristics in DNN Training

DNN training involves three stages—Data Loading, Preprocessing,
and Computation (Figure 2). Each epoch processes the entire dataset
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Figure 1: The Design Objective of SpiderCache

in mini-batches. Data Loading fetches these from storage; Prepro-
cessing handles decoding and collation; Computation performs
forward and backward passes on accelerators like GPUs.

DNN training is both data- and computation-intensive [8], re-
quiring substantial storage and compute resources. Data Loading
and Computation dominate training time, while Preprocessing is
typically lightweight [7]. DNN training datasets have grown from
terabytes [31][11] to petabytes [1], far exceeding typical memory
and some persistent storage. In recent years, accelerators such as
GPUs, FPGAs, and ASICs have continued to advance rapidly in ca-
pability and computing speed. However, Data Loading has not kept
pace in speed, causing accelerators like GPUs to remain in an idle
waiting state. The I/O is becoming a critical performance bottleneck
and significantly decreases overall training efficiency[22][30][7].

To reduce costs, deep learning often uses low-cost GPU Spot
VMs [26][2], which are prone to termination and may cause data
loss on local SSDs. Thus, datasets are usually stored in persistent
cloud storage, accessed remotely during training [22][7]. This setup,
common in HPC-AI centers [7][10], is widely adopted in recent
studies [22][7], worsening the I/O bottleneck.

To verify this, we trained four widely used DNN models on
a server with four A40 GPUs and SSD-based remote storage. As
shown in Figure 3(a), Data Loading and Computation together
account for over 95% of total training time. Notably, Data Loading
alone consistently takes up more than 60%, marking it as a major
performance bottleneck.

Caching is a common approach to mitigate I/O bottlenecks. How-
ever, DNN training often uses random sampling [46], which dis-
rupts temporal and spatial locality [30], reducing caching efficiency
[22][7]. Our analysis of LRU and LFU during ResNet18 training (Fig-
ure 3(b)), using cache sizes as a percentage of the dataset, confirms
their poor performance in this context.

2.2 Importance Sampling

Importance Sampling (IS) is a widely used technique in statistics and
machine learning to improve the efficiency of training by focusing
computational resources on more important samples.

In DNN training, IS algorithms can prioritize samples based
on metrics such as gradient magnitudes[21], model loss[20][27],
or training specific model[44]. One common approach involves
dynamically adjusting the sampling frequency based on the model’s
feedback. By focusing on more important samples—whether they
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Figure 2: The Pipeline of DNN Training

are difficult to classify or have higher gradients—these algorithms
optimize the use of computational resources and reduce training
time.

Figure 4 depicts an image classification task where samples from
groups (a), (b), and (c) are easily recognized and accurately classified
by the model after a few training sessions. Conversely, samples
from group (d) present a significant challenge and require more
extensive training, being considered important samples.

Under importance sampling (IS), some samples are sampled more
frequently than others, offering an opportunity for cache optimiza-
tion. We compare the sample frequency across different epochs
when training DNNs with importance sampling[20] and default
sampling. As shown in Figure 5, with default sampling, each item
is accessed once per epoch. In contrast, under IS, the sampling
frequency of each item varies according to its importance score.
Furthermore, the importance of samples varies across different
epochs.

Recent works such as SHADE[22] and iCache[7] have observed
this phenomenon and have begun to explore adapting cache policies
based on IS to mitigate I/O issues.

3 Motivation

Motivation 1: Global importance score are needed.

Existing importance sampling algorithms [20, 21, 44] are de-
signed for computation-bound tasks [7]. These methods reduce
training time by decreasing computation, such as skipping back-
propagation for certain samples to accelerate GPU processing. As
a result, they only assess sample importance locally and instanta-
neously within the current batch to decide whether to skip training
for those samples.

The most common approach is loss-based importance sampling
(IS), where a sample’s importance score is determined by the loss
function, a performance metric typically calculated after a forward
pass. The lower the loss, the better the samples are learned. Recent
works, such as SHADE[22] and iCache[7], have adapted caching
policies using loss-based IS to address the I/O problem.

In I/O-bound scenarios, effective cache policies aim to retain
the most important samples in the cache. This requires a global
comparison of sample importance across the entire dataset. As
training progresses, importance sampling does not update every
sample’s score in each epoch, so global cache management needs to
compare importance scores across broader time windows. However,
the loss-based importance sampling (IS) algorithm fails to fully
meet these requirements. It calculates an importance score that is
typically only comparative within the current batch. Additionally,
as shown in Figure 6(a), the variability of losses over time makes
importance scores incomparable across broader training periods.
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Motivation 2: The relationship between samples should
be explored.

Current methods overlook sample relationships, resulting in
suboptimal cache strategies. SHADE[22] caches samples solely
based on their importance score. iCache([7] divides samples into H-
samples (important) and L-samples (non-important). For H-samples,
it caches by importance score; for L-samples, it randomly replaces
items in the cache to improve hit rates. While this boosts the hit ra-
tio, it significantly degrades the model’s final accuracy (Figure 6(b)).

Neither SHADE[22] nor iCache[7] accounts for the relation-
ships between samples, which leads to a suboptimal caching policy
and potentially decreases the model’s accuracy. This motivates
the identification of these relationships to enable more rational
replacements, thereby enhancing training efficiency and model per-
formance. Therefore, the cache region should be divided into two
sections: one for a caching strategy based on importance scores,
and the other for one that considers sample relationships.

Motivation 3: Cache partition should be made elastic.

Both SHADE[22] and iCache[7] overlook the evolving distri-
bution of importance scores during training. To analyze this, we
tracked the standard deviation (std) of score changes throughout
the training process.

Figure 6(c) shows the std of importance scores across four model
training configurations first increases and then decreases, reflecting
that the variance rises early in training and later converges. As the
variance shrinks, importance scores become more uniform across
samples, importance sampling assigns similar probabilities to most
samples, thus lowering the proportion of "important" ones. In Mo-
tivation 2, we propose dividing the cache region into two sections.
As the portion of important samples changes over time, the ratio
between different cache sections should be adjusted dynamically.

4 Design

The SpiderCache design comprises three components: Graph-based
IS Algorithm, Semantic-aware Cache Mechanism, and Elastic
Cache Manager, addressing the three key challenges. Figure 7
shows the workflow. During Data Loading, data is first retrieved
from the Semantic-aware Cache; on a miss, it’s fetched from
remote storage. In Data Processing, forward propagation computes
embeddings and loss; loss is used for backpropagation, while em-
beddings feed into the Graph-based IS Algorithm, which uses
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a graph to evaluate sample importance and update high-degree
nodes into the homophily cache. Meanwhile, the Elastic Cache
Manager in the Data Analyzing stage monitors model accuracy
and score distribution to adjust cache space allocation dynamically.

4.1 Graph-based Importance Score Algorithm

Loss-based IS algorithms often capture only local, instantaneous
importance, ignoring the global view. Inspired by the success of
graph structures in modeling global relationships across domains
[15][3], we propose a graph-based IS method that evaluates sample
importance from a global perspective.

We construct a graph where each sample is a node. While loss
indicates current learning status, it lacks intrinsic or semantic mean-
ing. To capture this, we use embeddings from the feature extraction
layer of the DNN, which provides feature-rich, high-level represen-
tations effective for tasks like clustering, similarity measurement,
and transfer learning [4][29].

For instance, DNN training aims to cluster same-class embed-
dings closely and separate those of different classes. As illustrated
in Figure 8, colors denote sample classes, showing intra-class clus-
tering and inter-class separation. To capture global embedding
relationships efficiently, we adopt the Approximate Nearest Neigh-
bor (ANN) algorithm [18], which enables fast, accurate neighbor
search in large datasets. Specifically, we use the HNSW library [28]
for its fast index construction and support for dynamic sample
updates.

With HNSW, we can efficiently compute the Euclidean distance
between samples, where n represents the dimension of the embed-
ding. As shown in Equation 1, the distance is calculated as:

Z (xi = yi)?
i=1

Based on this distance, the similarity score, ranging from 0 to 1,
is computed using an exponential decay function, as shown below:

d(x,y) = (1)

—Axd(x,y)

@

The similarity decreases as the distance increases and vice versa.
This relationship is controlled by the hyperparameter A, which
adjusts the decay rate. When the similarity between two samples
exceeds a threshold «, an edge is established between them. This
relationship is defined as:

sim (x,y) =e

1 if score(sim(x,y)) > a 3)

0 otherwise

edge(x,y) = {

The analysis is conducted on the entire dataset. For each node
x, two values are computed: xsqme, representing the number of

Figure 6: Training Observations over 100 Epochs

neighboring nodes with the same class as x, and x,;p,, represent-
ing the number of neighboring nodes with a different class. The
importance score of the sample is then defined as:

Xother
neigbormax

score(x) =1In (4)
Xsame

The neigbormax is usually set to 500 in the HNSW default set-
ting. Intuitively, Part1: —— emphasizing the rarity of intra-class

Xsame
Xother

neighormax’
inter-class neighbors. The logarithm function is applied to smooth

the distribution of importance scores.
As depicted in Figure 8(b), We categorize trained samples into
three states:

neighbors, and Part2: highlighting the presence of

o State 1: Well-classified samples. High xsame, low X556
Both Part1 and Part2 scores of Equation 4 are low, resulting
in the lowest overall score.

o State 2: Boundary samples. High xs4me, high x4, Part1
score is low, and Part2 has a moderate score, resulting in a
medium overall score.

o State 2: Isolated samples. Low Xsame oW Xospe,. Partl
score is high, and Part2 is low, resulting in a medium overall
score.

o State 3: Misclassified samples. Low xsgme, high x,:56,-
Both Part1 and Part2 scores are high, yielding the highest
overall score.

After calculation, we update the global importance scores cor-
responding to the processed samples, storing the node with the
highest xsqme With its neighbor lists for future cache updates. We
then perform importance sampling based on these scores, using the
biased sampling method torch.multinomial from PyTorch. Figure 10
(Line 16-23) exhibits the detailed process.

4.2 Semantic-aware Cache Mechanism

Previous approaches often result in suboptimal cache policies by
ignoring relationships among samples (see Section 3). Moreover,
DNN training datasets frequently contain many duplicate or highly
similar samples [43], which generally have similar effects on model
accuracy [37, 41]. Identifying and replacing them with similar coun-
terparts in the cache can significantly reduce I/O overhead.

To address these issues, the graph structure (Section 4.1) cap-
tures sample relationships by connecting highly similar samples via
edges (Equation 3). Moreover, high-degree nodes, which are often
connected to many other nodes in the graph, generally represent
a higher level of similarity to other nodes. By caching these high-
degree nodes, we can replace a sample with its adjacent high-degree
node during training, thereby reducing I/O overhead.
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Inspired by this insight, we propose a Semantic-aware Cache
Mechanism, as illustrated in Figure 9(a), which includes both an
importance-driven cache (Importance Cache) and a homophily-
replaceable cache (Homophily Cache).

1) Importance Cache: Eviction and prefetching are driven by
sample importance scores. A min-heap manages the cache, evict-
ing the least important samples when full. The Importance Cache
prioritizes retaining critical samples identified by our graph-based
IS algorithm.

2) Homophily Cache: Homophily in graph analysis refers to
the tendency of nodes to connect with similar others [14]. The
Homophily Cache stores high-degree nodes along with the IDs of
their neighbors, which are listed in a neighbor ID list. If an incoming
sample matches a neighbor, the corresponding high-degree node
is fetched from the cache. This cache uses a FIFO (First-In-First-
Out) update strategy, which ensures that all samples are regularly
replaced, thereby fostering greater diversity in the training data.

The two caches are exclusive, with no data exchange or sharing
between them. Figure 9(b) illustrates the data workflow of the
Semantic-aware Cache. Samples are first searched in the Importance
Cache; if not found, the Homophily Cache is queried. If both miss,
the data is fetched from remote storage. After computation, the
highest-degree node in the batch is used to update the Homophily
Cache. Combined with Figure 9, there are four cases to illustrate
how this cache mechanism work:

Case 1: Sample a (importance 0.4) hits the Importance Cache
and is directly fetched.

Importance Cache Homophily Cache

head Queue back

lglum[h[c[ilo] [jlwlh]
Neighbor ID lists

Min Heap

S

(a) Structure
g i Semantic-aware Cache Node |:|
J Importance ) Homophily ID lists [kIalrTt]
o] i L_Cache Cache Update Homophily Cache|
r 3
| & Remote Storage | L4 Computationl»
(b) Data Workflow

Figure 9: Semantic-aware Cache Mechanism

Case 2: Sample b (importance 0.2) misses both the Importance
Cache and the Homophily Cache. It is then fetched from remote
storage. Since its score is lower than e’s (0.3) at the top of the Min
Heap structure, no update happens to the Importance Cache.

Case 3: Sample ¢ (importance 0.5) misses the Importance Cache
but matches a neighbor in the Homophily Cache. Its similar node h
from the Homophily Cache is fetched as a replacement.

Case 4: Sample d (importance 0.6) misses both caches and is
fetched from remote storage. As its importance exceeds e’s (0.3), e
is evicted and d is inserted into the Importance Cache.

The Importance Cache is updated only when a sample misses
both caches and is fetched from remote storage. The Homophily
Cache is updated after processing a batch. When samples a, b, c,
and d are processed, the highest-degree node b, which was not
previously in the Homophily Cache, is selected. g is evicted from
the Homophily Cache, and b with its neighbor ID list is inserted.
Details of the Semantic-aware Cache Mechanism are provided in
Figure 10 (Line 4-13).

4.3 Elastic Cache Manager

Section 4.2 splits the cache into two: the Importance Cache, which
stores samples by importance, and the Homophily Cache, which
replaces samples with high-degree nodes. A fraction x of the cache
is allocated to the Importance Cache, denoted as imp-ratio, leaving
(1 — x) for the Homophily Cache. Increasing imp-ratio helps pre-
serve accuracy, while decreasing it may slightly reduce accuracy
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Algorithm 1 SpiderCache: A Semantic-aware Caching Strategy for DNN Training

1: for each epoch in epochs do

2 for each batch in batches do

3 // 4.2 Semantic-aware Cache Mechanism

4 for each index in batch do

5: if importance_cache.contains(index) then
6 item « importance_cache.get(index)
7 else if neighbor_list.contains(index) then
8

> Check if the sample is in the Importance Cache

> Check if the sample is in the neighbor list of the Homophily Cache

neighbor_index « neighbor_to_key(index), item «— homophily cache.get(neighbor_index)

9: else
10: item < remote_storage.get(index), importance_cache.update(item)
11: end if
12: end for
13: (loss, embeddings) < Forward(items)
14: // 4.1 Graph-based IS Algorithm
15: ANN_index.update(indices, embeddings)
16: for each (index, item) in zip(indices, items) do
17: (score, neighbor_list) «— compute_score(index), imp_score[index] « score
18: if length(neighbor_list) > length(max_neighbor_list) then
19: max_node, max_index, max_neighbor_list « item, index, neighbor_list
20: end if
21: end for
22: homophily_cache.update_cache(max_node, max_neighbor_list)
23: //4.3 Elastic Cache Manager
24: imp_ratio <— Control_ratio(imp_score, model_accuracy)
25: end for
26: end for

> Fetch from remote storage

> Update ANN with new embeddings

> Update global imp_score
> Pick the highest degree node

> Update Semantic Cache

> Adjust cache strategy based on performance

Figure 10: Algorithm 1

but improve cache hit rates. This is because the Importance Cache
retains original samples, whereas the Homophily Cache substitutes
them with similar ones (see Section 6.5).

As shown in Figure 6(c), the standard deviation of importance
scores first increases and then decreases, indicating that sample
importance diverges early in training and later converges. This
trend suggests a declining proportion of important samples (x)
over time. As importance scores stabilize, the Importance Cache
becomes less effective, and allocating more space to the Homophily
Cache can improve cache hit rates.

To maintain model accuracy while maximizing the cache hit
rate, we propose an Elastic Cache Manager that monitors training
in real time and dynamically adjusts cache space allocation. In
particular, it consists of three components Importance Monitor,
Accuracy Monitor, and Ratio Controller.

1) Importance Monitor: This component is designed to monitor
the slope of the standard deviation (o) of importance scores. When
the slope turns negative, indicating a decrease in the portion of
important samples, an activation factor(p) is triggered. The formula
to represent this operation is:

f= 1 if ‘fi—‘; <0 5)
0 otherwise

2) Accuracy Monitor: Given a series of accuracy measurements
{at}, and considering the fluctuations in accuracy, we employ the
Savitzky-Golay filter[35] to obtain the smoothed accuracy {d;}. We
then use the smoothed accuracy {d;} to calculate the latest average
accuracy growth rate A;:

1 m—1
Ap=— Z (@t-m+it1 = Ar-m+i) (6)
m 4
i=0
m denotes the size of the window, which is typically set to 5 in

our experiments. The penalty factor u is introduced to regulate the
rate of change in the important cache ratio. It is defined as:

Figure 11: Ratio Change

Ay
= 7
u Y+At ()

v is a balancing factor that controls the impact of A; on u. When
Ay is large (indicating rapid growth), u — 1; when A; is small
(indicating growth stabilizes), u — 0.

3) Ratio Controller: Based on the activation factor f and penalty
factor u, the update rule for the important cache ratio imp-ratio(t)
is:

o 1+u
T) ®)

Tstart and re, g represent the initial and final values of the imp-
ratio. When the activation factor « is 0, the imp-ratio remains at
rstart- As P reaches 1, the imp-ratio begins to change. ¢ denotes
the current training time, and T is the total training duration. The
term 1 + u controls the rate at which the cache ratio changes over
time.

Figure 11 exhibits the process of the imp-ratio changing from
Istart 1O Tepq. As u transitions from 1 to 0, the adjustment trend
shifts from the upper line to the bottom. During the rapid growth
phase of accuracy (u — 1), the adjustment slows down to maintain
the model’s accuracy. In the stabilized growth phase (u — 0),
the adjustment speeds up, gradually decreasing the portion of the
Importance Cache and increasing the Homophily Cache, improving
the total cache hit ratio.

imp_ratio(t) = rstart — B (Fstart = Tend) (
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Figure 12: Pipeline of SpiderCache’s DNNs Training

After extensive experimentation (discussed in Section 6.5), we
recommend setting rssqr¢ and r,p,q to 90% and 80%, respectively. Ad-
ditionally, We observe that the choice of ratio has varying impacts
on different model metrics. To accommodate this, we have made it
an adjustable parameter, enabling users to customize it based on
their specific training requirements.

5 Overhead Analysis and Mitigation

SpiderCache is implemented in PyTorch2.7.0 by modifying Dat-
aLoader and Sampler, and uses Redis for in-memory caching, follow-
ing SHADE[22]. This design enables easy integration into existing
projects.

Considering the computational overhead introduced by our Graph-
Based Importance Sampling (IS) Algorithm, we next analyze the
time and space overheads and propose strategies to alleviate these
overheads. Specifically, we segment the deep neural network (DNN)
training process into three stages: Data Loader and Forward Pass
(Stagel), Backward Pass and Optimization (Stage2), and IS compu-
tation using the Graph-Based IS Algorithm (IS, or Stage3), to better
understand where these overheads occur.

In DNN training, Stage2 follows Stage1, while IS requires Stage1’s
embeddings as input. IS computation uses HNSW, whose runtime is
mainly influenced by embedding dimension, not index size. Table 1
shows average per-mini-batch execution times across models and
stages.

Table 1: Time Consumption Analysis.

Model | Stagel | Stage2 IS
Resnet18 42ms 35ms 16ms
Resnet50 48ms 37ms 18ms
AlexNet 62ms 33ms 35ms

Vggl6 56ms 28ms | 31ms

To minimize computational overhead, we employ a pipelined
parallelization strategy. Figure 12 shows the pipeline settings in Spi-
derCache. For most models like ResNet18, ResNet50, MobileNetV2,
and Inception-v3, which require relatively shorter IS computation
times, the IS stage overlaps with Part2, as shown in Figure 12(a).
We also test models like AlexNet and VGG16, which have largest
embedding dimensions among commonly used DNN models and
thus longer IS computation times, we allow the IS stage to overlap
with Part2 and the Part1 time of the next mini-batch, as shown in
Figure 12(b).

This pipelined approach perfectly hides the time overhead of
Graph-based IS computation without impacting the model accuracy
and cache hit rate. This is because the Graph-based IS computation
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only updates the importance scores for the current batch, and any
slight delay in updates does not affect the global computation.

During the execution of the Graph-based IS Algorithm, we lever-
age a graph structure for importance analysis; however, this graph
is transient and not stored persistently. Specifically, to compute the
global importance of each node, we only evaluate its degree (i.e.,
number of neighbors), which suffices to estimate the importance
score. Neighbor IDs are temporarily stored only for the top-degree
nodes within each mini-batch, while for all other samples, the graph
structure is discarded immediately after scoring. Consequently, the
main storage overhead comes from the Approximate Nearest Neigh-
bor (ANN) index, rather than the graph itself.

To handle large-scale datasets efficiently, we adopt the HNSW al-
gorithm in conjunction with quantization (Product Quantization) to
minimize storage and ensure fast retrieval. Notably, such techniques
are widely adopted by leading technology companies (e.g., Google,
Meta, Amazon) in large-scale retrieval systems to optimize both
storage and latency[39][9]. For instance, in the case of ImageNet-
1K, which comprises 1.2 million images ( 138 GB of raw data), the
HNSW-based ANN index requires only 134 MB, achieving a com-
pression ratio of over 1000x. This trend generalizes across datasets,
as shown in Table 2, where massive datasets such as LAION-400M
and YFCC100M can also be indexed efficiently with storage budgets
under tens of gigabytes.

Table 2: Storage efficiency of HNSW-based ANN indexing on various
datasets.

Dataset Image Count | Raw Size | Index Size | Compression Ratio
ImageNet-1K ~1.2M ~138 GB ~134 MB ~1029%
Open Images (V6) ~9M ~600 GB ~965 MB ~622X
ImageNet-21K ~14M ~13TB ~1.5 GB ~870x
YFCC100M ~100M ~100 TB ~11.2 GB ~8928%
LAION-400M ~400M ~240 TB ~44.8 GB ~5357X
LAION-5B ~5B ~2.5PB ~560 GB ~4464X

6 Evaluation
6.1 Experimental Setup

Environment. The experiments are conducted on four servers,
each equipped with an NVIDIA V100 32GB GPU, and one server
equipped with four NVIDIA A40 48GB GPUs specifically used
to evaluate multi-GPU performance (detailed in Section 6.6). All
servers are connected via a 10 Gbps Ethernet network. The imple-
mentation is compatible with Pytorch2.7.0, with CUDA 11.8 and
cuDNN 8.0 for GPU acceleration. The training datasets are stored
in an NFS file system located within the same datacenter, consistent
with SHADE[22].

Datasets. We conducted experiments on three widely-used DNN
training datasets: ImageNet [11], with 1.2 million images (138 GB)
across 1,000 classes, a leading dataset in image recognition; CIFAR-
10 [24], consisting of 50,000 images across 10 classes; and CIFAR-
100 [24], also with 50,000 images but spanning 100 classes for finer
classification.

Models. We evaluated our approach using four widely-adopted
architectures: ResNet-18 [17], a compact 18-layer model, fast and
resource-efficient; ResNet-50 [17], with 50 layers, offering deeper
feature extraction for complex tasks; AlexNet [25], a pioneering
eight-layer network balancing efficiency and performance; and
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Figure 13: Comparison of IS Algorithm Performance in Terms of Accuracy and Loss

VGG-16 [38], a 16-layer model emphasizing depth with 3x3 convo-
lution filters.

6.2 Effectiveness of Graph-based Importance
Sampling Algorithm

In this section, we focus solely on comparing the effectiveness of

the Importance Sampling (IS) algorithms, with all models having

cache policies disabled to ensure a fair comparison.

SpiderCache represents our proposed graph-based IS algorithm,
while SHADE refers to the loss-based IS algorithm proposed by
SHADE. iCache represents the IS algorithm proposed in [20], a
well-known computation-bound algorithm, adopted by iCache [7].
Finally, CoorDL represents the random sampling strategy utilized
by CoorDL [30].

Since ResNet18 achieves the best performance on CIFAR10 and
CIFAR100, and ResNet50 performs best on ImageNet, Figure 13
presents the experimental results obtained on CIFAR10 and CI-
FAR100 using ResNet18, and on ImageNet using ResNet50. Table 3
shows the Top-1 accuracy of different methods.

Table 3: Top-1 Accuracy(%)

Dataset | SpiderCache | SHADE | iCache | CoorDL
CIFAR-10 81.8 80.6 78.9 78.4
CIFAR-100 45.7 44.2 39.8 42.0
ImageNet 75.2 74.5 70.6 74.9

Key findings are as follows:

1) As shown in the accuracy comparison in Figure 13(a)-(c) and
Table 3, SpiderCache achieved the highest accuracy across all three
datasets. By utilizing the Importance Sampling (IS) algorithm, both
SpiderCache and SHADE consistently outperformed random sam-
pling (CoorDL). However, the computation-bound IS algorithm
used by iCache primarily focuses on accelerating computations by
skipping gradient updates for low-loss samples, resulting in the
smallest accuracy improvement.

2) Loss reflects a model’s learning status on the datasets, with
lower loss indicating better model performance. As shown in Figure
13(d)-(f), SpiderCache demonstrates superior performance to others

on CIFAR10 and CIFAR100. Given that CIFAR100 presents a more
demanding classification task than CIFAR10 (with 10 times more
classes), SpiderCache’s advantages are even more pronounced on
CIFAR100. ImageNet consists of 1.2 million images, provides a much
larger number of samples for model training than the other two
datasets. As a result, SpiderCache, SHADE, CoorDL, and iCache
perform comparably in the loss metric.

6.3 Cache Hit Rate

We investigate cache hit rates under different cache sizes (10%, 25%,
50%, and 75% of the dataset size), and use an LRU-based caching pol-
icy with random sampling as the baseline. We compare SpiderCache,
SHADE [22], iCache [7], and CoorDL [30]. For a more granular com-
parison, iCache was divided into iCache-imp (importance-cache-
only) and full iCache (add random replacement), while SpiderCache
was divided into SpiderCache-imp (importance-cache-only) and
full SpiderCache (add homophily cache).

Figure 14 shows the average epoch cache hit rates for four mod-
els (ResNet18, ResNet50, AlexNet, and VGG16) on CIFAR10 under
different cache sizes. The baseline uses PyTorch’s default random
sampling and LRU eviction. CoorDL[30] uses static caching, with
hit rates proportional to cache size ratio. SHADE[22] improves hit
rates with an importance-based strategy. iCache-imp[7], using a
computation-bound IS algorithm, has lower hit rates than SHADE.
Full iCache[7], with random replacement, achieves higher hit rates
than SHADE. SpiderCache-imp, using a Graph-based IS algorithm
for I/0O-bound scenarios, outperforms CoorDL, SHADE, and iCache-
imp. Combining homophily cache, SpiderCache achieves the high-
est hit rates, with up to 8.5Xx (average 4.15X) improvement over the
baseline.

6.4 End-to-End Performance

In the end-to-end evaluation, we analyze the performance of four
methods and the Baseline (LRU-based caching policy with ran-
dom sampling) on Accuracy (model accuracy) and Efficiency (total
training time), with all methods using a 20% cache size, a common
setting in prior work([7][22][30], and training for 100 epochs. All
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methods are evaluated with their full cache policies enabled. Imp-
ratio refers to the portion of Importance Cache in the total cache,
initially set to 90% and adjusted to 80% in the final evaluation.

Figure 15 presents the results of the best-performing models for
each dataset: ResNet18 for CIFAR10/100 and ResNet50 for ImageNet.
SpiderCache outperforms all baselines in both training efficiency
and accuracy, owing to its carefully designed sampling and caching
strategies. As shown in Tables 4 and 5, it achieves up to 2.33x
(average 2.21x) speed-up over the baseline while maintaining the
highest accuracy. SHADE reaches similar accuracy but is notably
less efficient. iCache improves efficiency over SHADE and CoorDL
via random replacement, but at the cost of accuracy. CoorDL and
Baseline show the lowest efficiency due to reliance on random
sampling.

Table 4: Total training time

Dataset SpiderCache | SHADE | iCache | CoorDL | Baseline
CIFAR-10 (min) 122 171 160 199 284
CIFAR-100 (min) 142 199 175 213 314
ImageNet (hour) 288 330 361 429 611

Table 5: End-to-End Top-1 Accuracy(%)
Dataset | SpiderCache | SHADE | iCache | CoorDL | Baseline
CIFAR-10 81.4 80.6 72.8 78.4 78.3
CIFAR-100 45.0 44.2 37.7 42.2 42.0
ImageNet 75.1 74.3 67.5 74.4 74.3

To evaluate the impact of Homophily Cache (Section 4.2) on
accuracy, we compare SpiderCache’s performance between Table 3
(without Homophily Cache) and Table 5 (with Homophily Cache),
showing that replacing highly similar samples has minimal impact
on model performance.

6.5 Effectiveness of Elastic Cache Manager

To evaluate elastic caching, we compared SpiderCache’s hit rates
on CIFAR10 (ResNet18) under three strategies: Imp-Ratio 90%—a
static 90:10 split between Importance and Homophily Caches; Imp-
Ratio 90%-80%—a dynamic shift from 90:10 to 80:20; and Imp-Ratio
90%-50%—a dynamic shift from 90:10 to 50:50 during training.

Figure 16(a) shows that a static 90:10 ratio leads to a declining
cache hit rate in later epochs as important samples decrease. A
dynamic shift to 80:20 maintains stable hit rates by compensating
with more Homophily Cache hits. Extending the shift to 50:50 fur-
ther improves late-stage hit rates, demonstrating the effectiveness
and necessity of elastic caching.
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Table 6: End-to-end comparison under different Imp-Ratio

90% | 90%-80% | 90%-50%
Top-1 Accuracy 81.63 81.44 78.87
Training time (min) | 165 125 109

Figure 16(b) illustrates the accuracy under three strategies. With
the same initial ratio, a lower Imp-Ratio shortens training time by
improving cache hit rates through expanded Homophily Cache.
However, this may slightly impact accuracy.

To quantify this, Table 6 reports the accuracy and training time
for the three strategies. In SpiderCache, the Imp-Ratio is adjustable,
allowing users to prioritize accuracy with a higher ratio or speed
with a lower one. This flexibility supports customization based on
specific data and training needs.

6.6 Multi-GPU Training

Figure 17 shows the per-epoch training time for ResNet18 on CI-
FAR10 with GPU counts ranging from 1 to 4. Compared to the
baseline, the LRU-based caching policy, SpiderCache significantly
reduces training time, with more pronounced decreases as the num-
ber of GPUs increases. This improvement arises from SpiderCache’s
ability to minimize I/O bottlenecks, thereby enhancing computa-
tional efficiency. Despite the acceleration achieved with multiple
GPUs, there remains significant potential to further reduce over-
all computation time, primarily due to added overheads such as
communication costs.

7 Related Work

In recent years, several approaches have been proposed to reduce
storage I/O during DNN training. CoorDL[30] introduced the con-
cept of data stalls—GPU idle time caused by slow I/O and preprocess-
ing—and analyzed its impact. To mitigate I/O overhead, it proposed
minilO, a caching method that retains data without updates across
epochs, leveraging full-dataset traversal in random sampling to
maintain a stable cache hit rate.

More recently, some studies have aimed to improve system effi-
ciency under importance sampling. The two most relevant works
are iCACHE[7] and SHADE[22]. iCACHE categorizes samples into
important and non-important groups, caching the former based
on importance scores and randomly replacing the latter from the
cache. However, its compute-bound sampling algorithm results in
a low cache hit rate for important samples, while random replace-
ment significantly harms accuracy. SHADE proposes a loss-based
sampling method that ranks samples within each mini-batch using
categorical cross-entropy, assigning a rank to each. Yet, it fails to
effectively compare sample importance across mini-batches, and
its cache strategy—based solely on importance scores—yields sub-
optimal performance.

A variety of works have been proposed to improve DNN training
efficiency. DeeplO[46] uses entropy-aware batching to select infor-
mative mini-batches, reducing epochs to convergence. Hoard[32],
Quiver[26], and FanStore[45] implement global caching across GPU
clusters. DLFS[47] accelerates data access via direct hardware in-
teraction. DIESEL[42] applies chunk-based shuffling and metadata
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for task-level caching. ReFlex[23] enables remote flash access with
local-like performance.

8 Conclusion

In this paper, we propose SpiderCache, a semantic-aware cache de-
sign for DNN training. We introduce a global importance sampling
algorithm and a semantic-aware caching mechanism to improve
cache hit ratio. Additionally, we present an elastic cache manager
that dynamically adjusts the cache size ratio between sections in
real-time, based on the training state. The manager offers tunable
parameters, allowing users to optimize for efficiency or accuracy.
Extensive evaluation shows SpiderCache outperforms SHADE[22],
iCACHE[7], and CoorDL[30] across efficiency, accuracy, and elas-
ticity, providing a highly effective solution for DNN training opti-
mization.
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