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Abstract. The rapid growth of data volumes from large scientific collabora-
tions, such as the Large Hadron Collider (LHC), presents significant challenges
for the High Energy Physics (HEP) community. With annual data volumes
projected to increase by a factor of thirty by 2028, efficient data management
has become a critical concern. The HEP community’s reliance on wide-area
networks for global data distribution often results in redundant long-distance
transfers, leading to network congestion and degraded application performance.
This study investigates the effectiveness of regional data caches in mitigating
network congestion and enhancing application performance, using a large-scale
dataset of millions of access records from regional caches in Southern Cali-
fornia, Chicago, and Boston, which serve the LHC’s CMS experiment. Our
analysis reveals the substantial potential of in-network caching to transform
large-scale scientific data dissemination, enabling faster and more efficient data
access for researchers and scientists. Additionally, neural networks trained on
data from multiple regional caches demonstrate enhanced predictive accuracy,
particularly benefiting caches with limited historical data through transfer learn-
ing, thereby validating their robust generalization capability.

1 Introduction
The dramatic growth in data volumes from large-scale scientific collaborations, particularly
the Large Hadron Collider (LHC), presents significant technical challenges for High En-
ergy Physics (HEP) data management and distribution systems. With projected annual data
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volumes increasing by a factor of thirty by 2028 [1], the development of efficient data man-
agement strategies has become critical. Currently, the HEP community’s data distribution
infrastructure relies heavily on wide-area networks, leading to substantial redundancy in long-
distance data transfers and suboptimal resource utilization.

Empirical analysis reveals that a significant proportion of network traffic consists of re-
peatedly accessed datasets within institutional or regional boundaries. This pattern of redun-
dant data transfer introduces multiple inefficiencies: increased network congestion, elevated
bandwidth consumption, and heightened data access latency, collectively degrading the per-
formance of data-dependent applications. To address these challenges, we investigate the ef-
fectiveness of regional data caches [2], analyzing millions of access records from distributed
cache deployments in Southern California, Chicago, and Boston that serve the LHC’s Com-
pact Muon Solenoid (CMS) experiment [3].

Our comprehensive analysis of cache utilization patterns reveals region-specific charac-
teristics that necessitate adaptive cache management strategies. Through the application of
machine learning techniques, we demonstrate the feasibility of accurate cache usage pre-
diction and resource requirement forecasting. The study presents quantitative evidence that
in-network data caching can significantly optimize data transfer efficiency and access pat-
terns in scientific computing environments. This optimization reduced network congestion,
minimized latency, and enhanced application performance metrics.

Our experiments demonstrate that neural network models trained on data from multiple
regional caches exhibit enhanced predictive accuracy, despite the caches’ distinct operational
characteristics (e.g., access patterns, cache capacities, and latency profiles). This cross-cache
training approach proved particularly effective for the Boston Cache, where limited histori-
cal data constrained standalone model training. Contrary to initial assumptions that cache-
specific training data would be essential, our results reveal that transfer learning – leveraging
shared patterns across Southern California (SoCal), Chicago, and Boston Caches – achieves
comparable or superior performance to cache-isolated models. This finding underscores the
robust generalization capability of neural networks in distributed systems, offering a prac-
tical solution for mitigating data scarcity in emerging cache deployments. The empirical
success of this domain-adaptation strategy highlights neural architectures’ ability to capture
latent, cache-agnostic features, thereby validating their utility in optimizing resource alloca-
tion across heterogeneous storage environments.

2 Background

The 3 caches mentioned in this study serve data for the CMS experiment, a large and highly
distributed scientific collaboration that expands to 100+ institutions around the world [4, 5].
The SoCal Cache is a regional storage cache with approximately 2PB of total capacity with
23 federated caching nodes geographically distributed across: Caltech, UCSD and ESnet
Sunnyvale. The longest physical distance among these nodes exists between UCSD and the
ESnet Sunnyvale PoP with about 450 miles and an RTT of about 10ms. This cache supports
computing jobs at UCSD and Caltech. Its measurement data has been collected from June
2020 to March 2024, consisting of 30.94 million data access records, a total volume of 38.5
PB, and a hit ratio of 69.3%.

The Chicago Cache has 6 federated caching nodes, 5 of which are deployed at the Univer-
sity of Wisconsin in Madison, and 1 in the ESnet Chicago PoP. Its measurements have been
collected from October 2022 to March 2024, consisting of 9.05 million data access records,
a total volume of 25.8 PB, and a hit ratio of 48.4%.

Finally the Boston Cache is one of the latest deployments, and consists of a single caching
node at the ESnet Boston PoP. Measurements for this cache have been collected from August
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2023 to March 2024, consisting of 27.75 million data access records, a, total volume of 93.5
PB and a hit ratio of 6.6%.

Table 1: Summary of data access from SoCal, Chicago and Boston Caches. About 69.3%,
48.4%, and 6.6% of the requested data sizes are satisfied by the SoCal, Chicago and Boston
Caches respectively.

# of accesses cache miss (TB) cache hits (TB)

6/2020-3/2024 SoCal Total 30,939,524 11,837.38 26,686.73
Daily Average 22,114 8.46 19.08

10/2022-3/2024 Chicago Total 9,054,942 13,315.37 12,494.41
Daily Average 16,553 24.34 22.84

8/2023-3/2024 Boston Total 27,754,028 87,311.58 6,173.02
Daily Average 114.214 359.31 25.40

In the following, we refer to a "cache hit" when talking of a data access request that is
served directly from the cache, whereas a "cache miss" triggers a data transfer from a remote
storage to the cache before the request can be served. Table 1 shows the summary of data
accesses during the data collection period for three regional caches.

3 Cache utilization trends

In this section we analyze the hit and miss patterns observed in the 3 regional caches. For
each cache we present 2 pairs of figures: on the left pair we plot the distribution of hits and
misses in terms of the number of accesses whilst on the right we do it in terms of the amount
of data requested. Bottom plots are the normalized version of the plot directly above them.
Every bar in these plots represents the daily sum of access counts (left) and access size (right).

Starting with the SoCal Cache (Figure 1) we can note 2 distinct patterns in 2 different
time periods. The first one between October 2021 and July 2022, which shows a dominant
pattern of the cache misses. This has been previously studied and concluded that the reason
for this pattern was the presence of an unusual analysis workflow that requested unusually
large files [6]. Then a second period, from July 2022 to March 2024 (the last 21 months of
this study), that shows a dominant pattern of cache hits with nearly 95% of the data requested
being directly served from the cache. In this same period and looking just at the pattern of
the cache misses (orange color) we can observe a significant difference between left and right
plots, which indicates cache misses were triggered mainly by small requests.

Figure 1: Daily activities and rates for cache hits and cache misses from SoCal Cache

In Figure 2, we can see the distribution of cache hits and misses in the Chicago Cache.
We can observe a very similar pattern between access counts and access sizes, and see how
the left and right plots are almost identical. This indicates a very consistent daily average
request size with a similar daily variation as shown in Figure 4 (b).

Similarly to the Chicago Cache, the Boston Cache usage, depicted in Figure 3, shows
a consistent average request size with a small variation as shown in Figure 4 (c) but more
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importantly, it shows a dominant pattern of the cache misses. The reason for this is the total
amount of disk space available to the cache. Compared to the Chicago Cache, which caches
the same superset of data, this cache has only 60% of the disk space. In order to increase
the cache hit/miss ratio, the cached superset for this cache has been recently reduced, and we
expect to see an improvement in the future.

Figure 2: Daily activities and rates for cache hits and cache misses from Chicago Cache

Figure 3: Daily activities and rates for cache hits and cache misses from Boston Cache

Figure 4: Average data access size per request from each federated storage nodes in three
regional caches. (a) SoCal Cache showing average data access size between 1GB and 4GB,
(b) Chicago Cache showing average request size occasionally goes above 4GB, (c) Boston
Cache showing average size between 3GB and 4GB.

4 Modeling the cache utilization

Our exploration further employed Long Short-Term Memory (LSTM) [7, 8], a machine learn-
ing model for predicting cache utilization patterns within regional data caches.
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Table 2: RMSE of daily LSTM model results for cache utilization. The relative prediction
errors, ratios of testing RMSE and standard deviation, are less than 0.8.

SoCal Chicago Boston
Testing
RMSE

standard
deviation

Testing
RMSE

standard
deviation

Testing
RMSE

standard
deviation

Daily volume of cache hits (TB) 21.1 26.3 15.7 30.7 24.1 31.1
Daily count of cache hits 6571.9 12827.7 4583.6 9355.9 6993.5 9310.9

Daily volume of cache misses (TB) 2.1 17.8 14.7 72.5 172.1 411.6
Daily count of cache misses 2144.3 8811.3 5604.2 21979.2 49560.0 123120.0

Figure 5 shows the prediction result of the daily cache utilization for regional caches.
Our model includes 6 features such as access counts, access size, cache hit counts, cache
miss counts, cache hit size and cache miss size. The parameters include 128 units with
tanh activation function, 0.04 dropout rates, and the number of epochs of 50. The training
data comes from the first 80% of the study period, and the testing data comes from the last
20%. We observe that the predictions in cache misses are closer to the actual values than
the predictions for cache hits. The daily cache misses for both request counts and sizes from
all three regions show that the relative root-mean-square error (RMSE) error in the testing
dataset is less than 0.41, much less than cache hits (0.80), as shown in Table 2.

Table 2 shows the RMSE of daily request counts and sizes of cache hits and misses. The
RMSE is measured and compared to the standard deviation of the input data values to provide
a reference to determine how large the errors of predictions are. The relative error, ratio of
testing RMSE and standard deviation, is less than 0.8 for all three regional caches, indicating
strong predictive performance. The relative errors from the Boston Cache show larger than
the other two caches because the number of input data for Boston Cache is relatively smaller
as the Boston Cache is a recent deployment covering a shorter study period, and it’s not
enough to train the model relative to the other two caches. To accommodate smaller training
datasets, we next explore the transfer learning model [9, 10] for Chicago and Boston Caches.

Figure 6 shows the relative length of the study period of the three regional caches and
the overview process of the transfer learning. Based on the model from SoCal Cache, 20%
of the records from Chicago Cache and 15% of the records from Boston Cache are used to
refine the model for each cache, instead of the previous models with 80% of the data. We
have selected 20% and 15% of the records for training data size for each cache because those
produced similar results to the previous models without the transfer learning. Figure 7 shows
the prediction results from the transfer learning for cache hit size. The relative error for
Chicago Cache is 0.45, similar to 0.47 of the previous model without the transfer learning,
but with less training data. The relative error for Boston Cache is 0.64, slightly dropped
from 0.77 of the previous model without the transfer learning, but with less training data.
Daily cache hit size predictions for Boston Cache with the transfer learning in Figure 7b
actually follow the trends better than the one in Figure 5c, and it shows the transfer leaning
not only makes up the insufficiency of the length of the training data, but also results in better
prediction with less number of training data.

5 Discussion

While comparing the logs from three regional caches, we observe that the cache capacity
has a significant impact on the cache utilization. If the cache capacity is doubled in Chicago
Cache, the cache hit rates would be improved a lot from the currently observed 0.48 during
the study period. Further simulation work on the resource allocation is planned for the future
work. Also, the site configuration at the Boston Cache is planned to be adjusted for the cached
superset of data to improve the low cache hit rates under the same cache capacity.
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(a) SoCal Cache

(b) Chicago Cache

(c) Boston Cache

Figure 5: LSTM prediction for daily cache activities from three different regional caches.
Total data requests, cache hits and cache misses for both request counts and requested data
size, showing actual measurements (blue bars), training predictions (orange bars), and testing
predictions (red bars).

Figures 1, 2 and 3 show some number of spikes for cache utilization. While the pre-
dictions capture those patterns in the spikes in Figure 5, they may not precisely match the
heights, and large fluctuations are generally hard to predict. For modeling the usage trends,
it is not necessary to capture such spikes precisely. We could use the alternative approaches
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Figure 6: Measurement data length comparison from three regional caches and overview of
transfer learning model.

(a) Daily cache hits size prediction with transfer learning with 20% training data for Chicago Cache

(b) Daily cache hits size prediction with transfer learning with 15% training data for Boston Cache

Figure 7: Transfer leaning based prediction for daily cache hits size from Chicago and Boston
caches, showing actual measurements (blue bars), training predictions (orange bars), and
testing predictions (red bars).

such as moving average method to obtain a performance model for the general trends. Un-
derstanding the impact of these usage spikes in the long term resource utilization would help
us provisioning of the future in-network cache deployments.

Prediction results from the LSTM models in Figure 5 offer insights for resource usage es-
timation, including storage cache and network requirements, and can provide improvements
in application workflow performance within regional data cache systems. Results from the
transfer learning in Figure 7 follow the usage trends better with the less number of training
data, and show an approach to accommodate the shortage of the training data. Also, it gives
us ways to explore the base foundation model further for characterizing the cache utilization
and resource provisioning.

6 Conclusion

In this study, we present a comparative analysis of cache utilization patterns across three re-
gional caches serving the LHC CMS experiment: Southern California, Chicago, and Boston.
Our analysis reveals distinct usage patterns unique to each region, highlighting the impor-
tance of developing region-specific approaches for future cache deployments.

To predict cache utilization trends, we evaluated two machine learning approaches:
LSTM models and transfer learning. Both approaches demonstrated strong predictive perfor-
mance, with RMSE values significantly lower than the standard deviation of the input data.
Notably, our transfer learning models achieved comparable or superior prediction accuracy
while requiring less training data, suggesting their potential for forecasting future resource
utilization.

The effectiveness of the caching system is particularly evident in the Southern California
deployment, where approximately 95% of the requested data volume was served from the
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cache during the 21-month study period. This high cache hit rate demonstrates the system’s
success in reducing wide-area network traffic and minimizing data access latency. Further-
more, our analysis provides valuable insights into cache utilization characteristics, contribut-
ing to improved resource efficiency and application performance.

Future work will focus on simulating cache utilization using observed characteristics from
current deployments. This simulation-based approach will deepen our understanding of the
caching system and allow us to further explore the predictability of cache utilization and
resource provisioning.
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