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We present the design, implementation, and evaluation of INSTalytics, a co-designed stack of a cluster file
system and the compute layer, for efficient big-data analytics in large-scale data centers. INSTalytics amplifies
the well-known benefits of data partitioning in analytics systems; instead of traditional partitioning on one
dimension, INSTalytics enables data to be simultaneously partitioned on four different dimensions at the same
storage cost, enabling a larger fraction of queries to benefit from partition filtering and joins without network
shuffle.
To achieve this, INSTalytics uses compute-awareness to customize the three-way replication that the cluster
file system employs for availability. A new heterogeneous replication layout enables INSTalytics to preserve
the same recovery cost and availability as traditional replication. INSTalytics also uses compute-awareness
to expose a new sliced-read API that improves performance of joins by enabling multiple compute nodes to
read slices of a data block efficiently via co-ordinated request scheduling and selective caching at the storage
nodes.
We have built a prototype implementation of INSTalytics in a production analytics stack, and we show
that recovery performance and availability is similar to physical replication, while providing significant improvements in query performance, suggesting a new approach to designing cloud-scale big-data analytics
systems.
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1 INTRODUCTION
All the powers in the universe are already ours. It is we who put our hands before our eyes and cry
that it is dark.
—Swami Vivekananda
Large-scale cluster file systems [13, 21, 26] are designed to deal with server and disk failures
as a common case. To ensure high availability despite failures in the data center, they employ redundancy to recover data of a failed node from data in other available nodes [14]. One common
redundancy mechanism that cluster file systems use for compute-intensive workloads is to keep
multiple (typically three) copies of the data on different servers. While redundancy improves availability, it comes with significant storage and write amplification overheads, typically viewed as the
cost to be paid for availability.
An increasingly important workload in such large-scale cluster file systems is big-data analytics
processing [2, 8, 35]. Unlike a transaction processing workload, analytics queries are typically
scan-intensive, as they are interested in millions or even billions of records. A popular technique
employed by analytics systems for efficient query execution is partitioning of data [35], where the
input files are sorted or partitioned on a particular column, such that records with a specific range
of column values are physically clustered within the file. With partitioned layout, a query that is
only interested in a particular range of column values (say 1%) can use metadata to only scan the
relevant partitions of the file, instead of scanning the entire file (potentially tens or hundreds of
terabytes). Similarly, with partitioned layout, join queries can avoid the cost of expensive network
shuffle [33].
However, as partitioning is tied to the physical layout of bytes within a file, data is partitioned
only on a single dimension; as a result, it only benefits queries that perform a filter or join on
the column of partitioning, while other queries are still forced to incur the full cost of a scan or
network shuffle.
In this article, we present INSTalytics (INtelligent STore powered Analytics), a system that drives
significant efficiency improvements in performing large-scale big-data analytics, by amplifying the
well-known benefits of partitioning. In particular, INSTalytics allows data to be partitioned simultaneously along four different dimensions, instead of a single dimension today, thus allowing a large
fraction of queries to achieve the benefit of efficient partition filtering and efficient joins without
network shuffle. The key approach that enables such improvements in INSTalytics is making the
distributed file system compute-aware; by customizing the three-way replication that the file system already does for availability, INSTalytics achieves such heterogeneous partitioning without
incurring additional storage or write amplification cost.
The obvious challenge with such logical replication is ensuring the same availability and recovery performance as physical replication; a naive layout would require scanning the entire file in the
other partitioning order, to recover a single failed block. INSTalytics uses a novel layout technique
based on super-extents and intra-extent circular buckets to achieve recovery that is as efficient as
physical replication. It also ensures the same availability and fault isolation guarantees as physical
replication under realistic failure scenarios. The layout techniques in INSTalytics also enable an
additional fourth partitioning dimension, in addition to the three logical copies.
The file system in INSTalytics also enables efficient execution of join queries, by supporting
a new sliced-read API that uses compute-awareness to co-ordinate scheduling of requests across
multiple compute nodes accessing the same storage extent, and selectively caches only the slices
of the extent that are expected to be accessed, instead of caching the entire extent.
We have implemented INSTalytics in a production distributed file system stack, and evaluate it
on a cluster of 500 machines with suitable modifications to the compute layers. We demonstrate
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that the cost of maintaining multiple partitioning dimensions at the storage nodes is negligible in
terms of recovery performance and availability, while significantly benefiting query performance.
We show through micro-benchmarks and real-world queries from a production workload that
INSTalytics enables significant improvements up to an order of magnitude, in the efficiency of
analytics processing.
The key contributions of the article are as follows.
• We propose and evaluate novel layout techniques for enabling four simultaneous partitioning/sorting dimensions of the same file without additional cost, while preserving the
availability and recovery properties of the present three-way storage replication;
• We characterize a real-world analytics workload in a production cluster to evaluate the
benefit of having multiple partitioning strategies;
• We demonstrate with a prototype implementation that storage co-design with compute
can be implemented practically in a real distributed file system with minimal changes to
the stack, illustrating the pragmatism of the approach for a data center;
• We show that compute-awareness with heterogenous layout and co-ordinated scheduling
at the file system significantly improves the performance of filter and join queries.
The rest of the article is structured as follows. In Section 2, we provide a background of big-data
analytics processing. In Section 3, we characterizate a production analytics workload. We present
logical replication in Section 4, discuss its availability implications in Section 5, and describe optimizations for joins in Section 6. We present the implementation of INSTalytics in Section 7, and
evaluate it in Section 8. We present related work in Section 9, and conclude in Section 10.
2

BACKGROUND

In this section, we describe the general architecture of analytics frameworks and the costs of bigdata query processing.
Cluster architecture: Big-data analytics infrastructure typically comprises a compute layer,
such as MapReduce [8] or Spark [32], and a distributed file system, such as GFS [13] or HDFS [26].
Both these components run on several thousands of machines and are designed to tolerate machine failures given the large scale. The distributed file system is typically a decentralized architecture [13, 18, 30], where a centralized “master” manages metadata while thousands of storage
nodes manage the actual blocks of data, also referred to as chunks or extents (we use the term
“extent” in the rest of the article). An extent is typically between 64 and 256 MB in size. For availability under machine failures, each storage extent is replicated multiple times (typically thrice).
The compute layer can run either on the same machines as the storage nodes (i.e., co-located), or
a different set of machines (i.e., disaggregated). In the co-located model, the compute layer has the
option of scheduling computation for locality between the data and compute, say at a rack-level,
for better aggregate data bandwidth.
Cost of analytics queries: Analytics queries often process millions or billions of records, as
they perform aggregation or filtering on hundreds of terabytes. As a result, they are scan-intensive
on the disks—using index lookups would result in random disk reads on millions of records. Hence,
disk I/O is a key cost of query processing given the large data sizes.
An important ingredient of most big-data workloads is joins of multiple files on a common field.
To perform a join, all records that have the same join key value from both files need to be brought
to one machine, thus requiring a shuffle of data across thousands of servers; each server sends
a partition of the key space to a designated worker responsible for that partition. Such all-to-all
network shuffle typically involves an additional disk write of the shuffled data to an intermediate
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Fig. 1. Data filtering in production queries.

file and subsequent disk read. Further, it places load on the data center switch hierarchy across
multiple racks.
Optimizations: There are two common optimizations that reduce the cost of analytics processing: partitioning and co-location. With partitioning, the data file stored on disk is sorted or
partitioned by a particular dimension or column. If a query filters on that same column, then it
can avoid the cost of a full scan by performing partition elimination. With co-location, joins can
execute without incurring network shuffle. If two files A and B are likely to be joined, then they
can both be partitioned on the join column/dimension in a consistent manner, so that their partition boundaries align. In addition, if the respective partitions are also placed in a rack-affinitized
manner, the join can avoid cross-rack network shuffle, as it would be a per-partition join. Further,
the partitioned join also avoids the intermediate I/O, because the respective partitions can perform
the join of small buckets in memory.
3 WORKLOAD ANALYSIS
We analyzed one week’s worth of queries on a production cluster at Microsoft consisting of tens
of thousands of servers. We share below our key findings.
3.1

Query Characteristics

Data filtering: The amount of data read in the first stage of the query execution vis-a-vis the
amount of data written back at the end of the first stage indicates the degree of filtering that
happens on the input. In Figure 1, we show a CDF of the data read and data written by unique
query scripts (aggregating across repetitions) along the X axis, sorted by the most expensive jobs.
As the graph shows, on average, there is a 7× reduction in data sizes past the first stage. This
reduction is due to both column-level and row-level filtering; while column-stores [19] help with
the former, we primarily focus on row-level filtering, which is complementary.
Importance of join queries: Besides filtering, joins of multiple files are an important part of
big-data analytics. In our production workload, we find that 37% of all queries contain a join, and
85% of those perform a join at the start of the query.
3.2

Number of Dimensions Needed

Today’s systems limit the benefit of partitioning to just one dimension. To understand what fraction of queries would benefit from a higher number of dimensions, we analyzed each input file
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Fig. 2. Number of partition dimensions needed.

referenced in any job during a week, and we extracted all columns/dimensions that were ever
used in a filter or join clause in any query that accessed the file. We plot a CDF of the fraction of
files that were only accessed on K columns (K varying along X axis). As Figure 2 shows, with one
partitioning dimension, we cover only about 33% of files, which illustrates the limited utility of today’s partitioning. However, with four partitioning dimensions, the coverage grows significantly
to about 83%. Thus, for most files, having them partitioned in four dimensions would enable efficient execution for all queries on that file, as they would benefit from partitioning or co-location.
Supporting multiple dimensions: Today, the user can partition data across multiple dimensions by storing multiple copies. However this comes with a storage cost: to support four dimensions, the user incurs a 4× space overhead, and worse, a 4× cost in write bandwidth to keep the
copies up to date. Interestingly, in our discussions with teams that perform big-data analytics
within Microsoft, we found examples where large product groups actually maintain multiple (usually two) copies (partitioned on different columns) just to reduce query latency, despite the excessive cost of storing multiple copies. Many teams stated that more partition dimensions would
enable new kinds of analytics, but the cost of supporting more dimensions today is too high.
4 LOGICAL REPLICATION
The key functionality in INSTalytics is to enable a much larger fraction of analytics queries to
benefit from partitioning and co-location, but without paying additional storage or write cost. It
achieves this by co-designing the storage layer with the analytics engine, and changing the physical
replication (usually three copies that are byte-wise identical) that distributed file systems employ
for availability, into logical replication, where each copy is partitioned along a different column.
Logical replication provides the benefit of three simultaneous partitioning columns at the same
storage and write cost, thus improving query coverage significantly, as shown in Section 3. As we
describe later, our layout actually enables four different partitioning columns at the same cost.
The principle of logical replication is straight-forward, but the challenge lies in the details of the
layout. There are two conflicting requirements: first, the layout should help query performance by
enabling partition filtering and collocated joins in multiple dimensions; second, recovery performance and availability should not be affected.
In the rest of the section, we describe several variants of logical replication, building towards a more complete solution that ensures good query performance at a recovery cost and
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Fig. 3. Naive logical replication. The figure shows the physical layout of the input file and the layout with
naive logical replication. The file has four extents each consisting of six rows, three columns per row. Each
logical replica is range partitioned on a different column. The first replica is partitioned on the first column
(e.g., E1 has values from 0 to 99, E2 from 100 to 199 and so on). Recovering E1 from replica 2 requires reading
all extents from replica 1.

availability similar to physical replication. For each variant, we describe its recovery cost and potential query benefits. We use the term dimension to refer to a column used for partitioning; each
logical replica would pertain to a different dimension. We use the term intra-extent bucketing to
refer to partitioning of rows within an extent; and we use the term extent-aligned partitioning to
refer to partitioning of rows across multiple extents where partition boundaries are aligned with
extent boundaries. When the context is clear, we simply use the terms bucketing and partitioning,
respectively, for the above.
4.1

Naive Layouts for Logical Replication

There are two simple layouts for logical replication, neither meeting the above constraints. The
first approach is to perform logical replication at a file-granularity. In this layout the three copies
of the file are each partitioned by a different dimension, and stored seperately in the file system
with replication turned off. This layout is ideal for query performance as it is identical to keeping
three different copies of the file. Unfortunately this layout is a non-starter in terms of recovery;
as Figure 3 shows, there is inter-dimensional diffusion of information; the records in a particular
storage extent in one dimension will be diffused across nearly all extents of the file in the other
dimension. Thus, recovering a 200 MB extent would require reading an entire say 10 TB file in
another dimension, whereas with physical replication, only 200 MB is read from another replica.
The second sub-optimal approach is to perform logical replication at an intra-extent level.
Here, one would simply use intra-extent bucketing to partition the records within a storage extent along different dimensions in each replica. This simplifies recovery as there is a one-to-one
ACM Transactions on Storage, Vol. 15, No. 4, Article 23. Publication date: January 2020.
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Fig. 4. Super-extents and intra-extent bucketing. The file to be replicated is divided into super-extents
and logical replication is performed within super-extents. Any extent (like E1 of replica 2 as highlighted) can
be recovered by only reading extents of the same super-extent in another replica (E1 and E2 from replica 1).
Figure on the right shows a more detailed view of a super-extent (with 4 extents per super-extent instead
of 2 for clarity). Data within an extent is partitioned on a different column and this helps reduce recovery
cost further as recovering an extent only involves reading one bucket from each extent of the other replica.
Recovering E1 of replica 2 requires only reading slices from replica 1 whose C2 boxes are gray.

correspondence with the other replicas of the extent. This approach helps partly with filter queries
as the file system can use metadata to read only the relevant buckets within an extent, but is not
as efficient as the previous layout as clients would touch all extents instead of a subset of extents.
The bigger problem though is that joins or aggregation queries cannot benefit at all, because colocation/local shuffle is impossible. We discuss more about the shortcomings of this approach in
handling joins in Section 6.
4.2 Super-extents
INSTalytics bridges the conflicting requirements of query performance and recovery cost, by introducing the notion of a super-extent. A super-extent is a fixed number (typically 100) of contiguous
extents in the file in the original order the file was written (see Figure 4). Partitioning of records
happens only within the confines of a super-extent and happens in an extent aligned manner. As
shown in the figure this ensures that the inter-dimensional diffusion is now limited to only within
a super-extent; all records in an extent in one dimension are hence guaranteed to be present somewhere within the corresponding super-extent (i.e., 100 extents) of the other partitioning dimension.
All 3 copies of the super-extent have exactly the same information, just arranged differently. The
number of extents within a super-extent is configurable; in that sense, the super-extent layout
can be treated as striking a tunable balance between the two extremes i.e., global partitioning and
intra-extent partitioning.
Super-extents reduce recovery cost, because to recover a 200 MB extent, the store has to read
“only” 100 extents of that super-extent from another dimension. This is better than reading the
entire say 10 TB file with the naive approach, but the cost of recovery is still significantly higher
(100×) than physical replication. We improve on this below. From a query perspective, the superextent-based layout limits the granularity of partitioning to the number of extents per superextent. This limits the potential savings for filtering and co-location. For example, consider a very
selective filter query that matches only 1/1,000th of the records. With the super-extent layout,
the query would still have to read one extent in each super-extent. Hence, the maximum speedup
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because of partition elimination (with 100 extents per super-extent) is 100×, whereas the filelevel global partitioning could support 1,000 partitions and provide a larger benefit. However, the
100× speed up is significant enough that the tradeoff is a net win. Conceptually, the super-extentbased layout does a partial partitioning of the file, as every key in the partition dimension could
be present in multiple extents, one per super-extent. The globally partitioned layout would have
keys more densely packed within fewer extents.
Fourth partition dimension. Finally, super-extents benefit query execution in a way that filelevel global partitioning does not. As we do not alter the native ordering of file extents across
super-extent boundaries, we get a fourth dimension. If the user already partitioned the file on
a particular column, say timestamp, then we preserve the coarse partitions by timestamp across
super-extents, so a query filtering on timestamp can eliminate entire super-extents. Thus, we get
4 partition dimensions for no additional storage cost compared to today.1
4.3 Intra-extent Chained Buckets
While super-extents reduce recovery cost to 100 extents instead of the whole file, the 100× cost is
still a non-starter. Recovery needs to be low-latency to avoid losing multiple copies, and needs to
be low on resource usage so that the cluster can manage recovery load during massive failures such
as rack failures. Intra-extent chained buckets is the mechanism we use to make logical recovery
as efficient as physical recovery.
The key idea behind intra-extent chained buckets, is to use bucketing within an extent for recovery instead of query performance. The records within an extent are bucketed on a dimension
that is different from the partition dimension used within the super-extent. Let us assume that
C 1 , C 2 , and C 3 are the three columns/dimensions chosen for logical replication. Given 100 extents
per super-extent, the key-space of C 1 would be partitioned into 100 ranges, so the ith extent in
every super-extent of dimension C 1 would contain records whose value for column C 1 fall in the
ith range.
Figure 4 (right) illustrates how intra-extent chained buckets work. Let us focus on the first extent
E1 of a super-extent in dimension C 1 . The records within that extent are further bucketed by
dimension C 2 . So the 200 MB extent is now comprised of 100 buckets each roughly of size 2 MB.
The first intra-extent bucket of E1 contains only records whose value of column C 2 falls in the first
partition of dimension C 2 , and so on. Similarly the extents of dimension C 2 have an intra-extent
bucketing by column C 3 , and the extents of dimension C 3 are intra-extent bucketed by column C 1 .
With the above layout, recovery of an extent does not require reading the entire super-extent
from another dimension. In Figure 4, to recover the first extent of replica 2, the store needs to read
only the first bucket from extents E1 to E4 of replica 1, instead of reading the full content of those
4 extents. We refer to replica 1 as the friendly replica for recovery of extents in replica 2.
Thus, in a super-extent of 100 extents, instead of reading 100 × 200 MB to recover a 200 MB
extent, we now only read 2 MB each from 100 other extents in a friendly replica, i.e., read 200
MB to recover a 200 MB extent, essentially the same cost as physical replication. By reading 100
chunks of size 2 MB each, we potentially increase the number of disk seeks in the cluster. However,
given the 2 MB size, the seek cost gets amortized with transfer time, so the cost is similar especially
since physical recovery also does the read in chunks. As we show in Section 8, the aggregate disk
load is very similar to physical replication. From a networking perspective, the bandwidth usage
is similar, except we have a parallel and more distributed load on the network.

1 This fourth dimension is not equally as powerful as the first three, because while it provides partition elimination for
filters, it does not provide co-location for joins.
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Thus, with super-extents and intra-extent chained buckets, we achieve our twin goals of getting the benefit of partitioning and co-location for more queries, while simultaneously keeping
recovery cost the same as physical replication.
4.4

Making Storage Record-aware

To perform logical replication, the file system needs to rearrange records across extents. However,
the interface to the file system is only in terms of opaque blocks. Clients perform a read block
or write block on the store, and the internal layout of the block is only known to the client. For
example, the file could be an unstructured log file or a structured file with internal metadata. One
could bridge this semantic gap by changing the storage API to be record-level, but it is impractical
as it involves changes to the entire software stack and curtails the freedom of higher layers to use
diverse formats.
To bridge this tension, we introduce the notion of format adapters in INSTalytics. The adapter
is simply an encoder and decoder that translates back and forth between an opaque extent, and
records within that extent. Each format would have its own adapter registered with the store, and
only registered formats are supported for logical replication. This is pragmatic in cloud-scale data
centers where the same entity controls both the compute stack and the storage stack, and hence
there is co-ordination when formats evolve.
A key challenge with the adapter framework is dealing with formats that disperse metadata. For
example, in one of our widely used internal formats, there are multiple levels of pointers across
the entire file. There is a footer at the end of the file that points to multiple chunks of data, which in
turn point to pages. For a storage node that needs to decode a single extent for logical replication,
interpreting that extent requires information from several other extents (likely on other storage
nodes), making the adapter inefficient. We therefore require that each extent is self-describing in
terms of metadata. For the above format, we made small changes to the writer to terminate chunks
at extent boundaries and duplicate the footer information within a chunk. Given the large size of
the extent, the additional metadata cost is negligible (less than 0.1%).
4.5 Creating Logical Replicas
Logical replication requires application hints on the dimensions to use for logical replication, the
file format, and so on. Also, not all files benefit from logical replication, as it is a function of the
query workload, and the read/write ratio. Hence, files start off being physically replicated, and an
explicit API from the compute layer converts the file to being logically replicated. Logical replication happens at the granularity of super-extents; the file system picks 100 extents, shuffles the
data within those 100 (three-way replicated) extents and writes out 300 new extents, 100 in each dimension. The work done during logical replication is a disk read and a disk write. Failure-handling
during logical replication is straight-forward: reads use the three-way replicated copies for failover,
and writes failover to a different available storage node that meets the fault-isolation constraints.
The logical replication is not in-place. Until logical replication for a super-extent completes, the
physically replicated copies are available, which simplifies failure retry. As the application that
generates data knows whether to logically replicate, it could place those files on SSD, so that the
extra write and read are much cheaper; because it is a transient state until logical replication, the
SSD space required is quite small.
4.6 Handling Data Skew
To benefit from partitioning, the different partitions along a given dimension must be roughly balanced. However, in practice, because of data skew along some dimensions [4], some partitions may
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have more data than others. To handle this, INSTalytics allows for variable sized extents within a
super-extent, so that data skew is only a performance issue, not a correctness issue. Given the
broader implications of data skew for query performance, users already pre-process the data to
ensure that the partitioning dimensions are roughly balanced (by using techniques such as prefixing popular keys with random salt values, calibrating range boundaries based on a distribution
analysis on the data, etc.). As the user specifies the dimensions for logical replication, as well as the
range boundaries, INSTalytics benefits from such techniques as well. In future, we would like to
build custom support for skew handling within INSTalytics as a more generic fallback, by performing the distribution analysis as part of creating logical replicas, to re-calibrate partition boundaries
when the user-data is skewed.
5 AVAILABILITY WITH LOGICAL REPLICATION
The super-extent-based layout that we described in previous sections solves the recovery cost
problem. However, a more subtle consequence of logical replication is that of availability. An extent is unavailable if ① the machine that contains it is down, and ② it cannot be recovered from
other replicas (reads to the extent would then fail with a non-retryable error). With physical replication, this would be the case if and only if all three machines holding the three copies of the
extent are down. Hence, if p is the independent probability that a specific machine in the cluster
goes down within a fixed-time window, then the probability of unavailability in physical replication for a given extent is p 3 . But with logical replication, an extent becomes unavailable if ① the
machine with that extent is down and ① additionally at least one of the 100 machines in each of the
other two dimensions containing replicas of the super-extent are down, making the probability of
unavailability
①
②
 
100
p × (1 − (1 − p) )(1 − (1 − p) 100 )
= 104 .p 3 ± O(p 4 ).
Assuming p  1 and neglecting higher order terms in the Taylor-series expansion this approximates to 104 · p 3 , i.e., the probability of unavailability is 10,000 times higher than that of physical
replication. This is obviously problematic and needs to be dealt with. Note that in this reasoning,
we only consider independent machine failures, as this is the worst-case. Correlated failures can
be handled with fault-isolated placement as described later in this section.
5.1

Parity Extents

To handle this gap in availability, we introduce an additional level of redundancy in the layout.
Within a super-extent replica, which comprises 100 extents, we add 1 parity extent with simple
XOR-based parity for every group of 10 extents (to form a parity-group of 11 extents), i.e., a total
of 10 parity extents per super-extent replica. Now, since each parity group can tolerate one failure,
for an extent to be unavailable the following need to be true:
① The machine with that extent is down.
② There has to be at least one other failure in the extent’s parity group.
③ At least one parity group in each of the other two dimensions should have ≥2 failures.
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The expression for probability of unavailability is thus the conjunction of the probabilities of
these three conditions being true:
③
②
①  



 
10 2
p × 1 − (1 − p) 10 1 − (1 − p) 11 + 11 · p(1 − p) 10
2

11
· p 2 ± O(p 3 ) 
= p.10 · p ± O(p 2 ) 10 ·
2



11 2
11 2
= p × 10p × 10.
.p × 10.
.p ± O(p 7 )
2
2
= 3.02 × 106 .p 6 ± O(p 7 )
≈ 3.02 × 106 .p 6 , if p  1.

When 3.02 × 106 .p 6 < p 3 , the availability of this scheme would be better than that of physical replication. This is true, as long as (p < 0.7%). In rare cases of clusters where the probability is higher, we could use double-parity [5] in a larger group of 20 extents, so that each group
of 22 extents can tolerate two failures. The probability of unavailability then approximates to
22
22
2
3
3
9 9
p.( 21
2 ).p × 5.( 3 ).p × 5.( 3 ).p = 12.45 × 10 .p (assuming p  1), so the cut-off point becomes
p < 2.1%. Note that another knob to control availability is the size of a super-extent: with superextents comprising 10 extents instead of 100, the single parity itself can handle a significant failure
probability of p < 3.2%.
The general expression for the probability of unavailability, given a super-extent size of s and
assuming l parity extents are added to each group of k extents (assuming k divides s) such that
each parity-group of k + l extents can tolerate up to l failures, is as follows:
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The machine failure probability p above refers to the failure probability within a small time
window, i.e., the time it takes to recover a failed extent. This is much lower than the average %
of machines that are offline in a cluster at any given time, because the latter includes long dead
machines, whose data would have been recovered on other machines anyway. As we show in
Section 8, this failure probability of random independent machines (excluding correlated failures)
in large clusters is less than 0.2%, so single parity (1 parity extent per 10 extents) is often sufficient,
and hence this is what we have currently implemented in INSTalytics.
Recovering a parity extent requires 10× disk and network I/O compared to a regular extent,
because it has to perform an XOR of 10 corresponding extents. As 10% of logically replicated
extents are parity extents, this would double the average cost of recovering an extent (90% × 1x +
10% × 10x ≈ 2x). We therefore store two physically replicated copies of each parity extent, so that
during recovery, most of the failed parity extents can be recovered by simply copying data from the
other replica, and we incur the 10× disk and network cost only for the tiny fraction of cases where
both replicas of the parity extent are lost. This is a knob for the cluster administrator—whether to
incur the additional 10% space cost, or the 2× average I/O cost during recovery; in our experience,
recovery cost is more critical and hence the default is two-way replication of parity blocks.
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5.2 Fault-isolated Placement
Replication is aimed at ensuring availability during machine failures. As failures can be correlated,
e.g., a rack power switch failure can take down all machines in that rack, distributed file systems
perform fault-isolated placement. For example, the placement would ensure that the three replicas
of an extent are placed in three different failure domains, to avoid simultaneously losing multiple
copies of the extent. With logical replication, the records in a given extent are spread across multiple other extents in the other replicas of the super-extent, thus requiring a different strategy for
fault-isolation. The fundamental low-level property we would like to ensure is that the copies of
any single record should be present in different failure-domains. The way INSTalytics ensures this
property is by reasoning about fault isolation at the super-extent level, because all replicas of a
given super-extent contain exactly the same set of records. We thus place each replica of the superextent in a disjoint set of failure domains relative to any other replica of the same super-extent. It
should be easy to see that doing this is sufficient to ensure the record-level fault isolation property.
Large-scale failures in production clusters are typically correlated in nature [12]. Fault-isolated
placement enables INSTalytics to deal with these kinds of failures. For example, consider a data
center that has three top-level failure domains (each containing 1/3rd of the machines). Even if
all the machines in two failure domains (i.e., 66.6% of machines) are down, all extents would still
remain available as one replica of each super-extent will still be intact.
5.3 Dealing with Query-time Failures and Stragglers
One of the key benefits of replication, is the ability to mitigate failures and stragglers that occur
during query execution: the compute layer can simply fall back to another replica of the failed/slow
extent, and hence incurs very little I/O cost. To achieve similar functionality in INSTalytics, we
introduce the notion of on-demand recovery, where a compute task can recover an extent’s data
on the critical path during query execution. As described in Section 4, the I/O cost for doing this
is identical to reading from another replica.
6 EFFICIENT PROCESSING OF JOIN QUERIES
The multi-dimensional partitioning in INSTalytics is designed to improve performance of join
queries in addition to filter queries. In this section, we first describe the localized shuffle that is
enabled when files are joined on one of the dimensions of logical replication. We then introduce
a new compute-aware API that the file system provides, to further optimize joins by completely
eliminating network shuffle.
6.1 Localized Shuffle
Joins on a logically replicated dimension can perform localized shuffle: partition i of the first file
only needs to be joined with partition i of the second file, instead of a global shuffle across all
partitions. Localized shuffle has two benefits. First, it significantly lowers (by 100×) the fan-in of
the “reduce” phase, eliminating additional intermediate “aggregation” stages that big-data processing systems introduce just to reduce the fan-in factor for avoiding small disk I/Os and for faulttolerance [33]. Elimination of intermediate aggregation reduces the number of passes of writes
and reads of the data from disk. Second, it enables network-affinitized shuffle. If all extents for a
partition are placed within a single rack of machines, then local shuffle avoids the shared aggregate
switches in the data center and can thus be significantly more efficient.
The placement by the file system ensures that extents pertaining to the same partition across
all super-extents in a given dimension are placed within a single rack of machines. The file system
ACM Transactions on Storage, Vol. 15, No. 4, Article 23. Publication date: January 2020.

INSTalytics: Cluster Filesystem Co-design for Big-data Analytics

23:13

Fig. 5. Using SlicedReads to obtain finer-grained partitions. This figure shows how sliced-reads can be
used to obtain finer-grained partitioning. There are 8 compute tasks, reading from a file with super-extent
size 4. Below each extent is the range of C1 values that it contains. Above each compute task is the range
of C1 values read by that task. Even though the file actually has only 4 partitions, using a slice-factor of 2
we are effectively able to get 8 partitions. Each compute task retrieves records pertaining to its C1 range, by
performing sliced-reads on multiple extents.

supports an interface to specify during logical replication the logical replica of another file to coaffinitize with.
6.2

Sliced Reads

Localized shuffle avoids additional aggregation phases, but still requires one write and read of
intermediate data. If the individual partitions were small enough, then the join of each individual
partition can happen in parallel in memory, avoiding this disk cost. However, as the super-extentbased layout limits the number of partitions to 100, joins of large files (e.g., 10 TB) will be limited
by parallelism and memory needs at compute nodes.
To address this limitation, INSTalytics introduces a new file system API called a SlicedRead, which
allows a client to read a small semantic-slice of an extent that contains records that belong to a
sub-range of its overall key-range, further sub-dividing its key-range into slice-factor number of
pieces. For instance, if an extent contains records with column C1 in range 0–10k, a SlicedRead
with a slice-factor of 100 on this extent can ask for only records with column C1 in range 9k–
9.1k (0–10k gets divided into 100 pieces of size 100 each: 0–100, 100–200, . . . 9k–9.1k, . . . 9.9k–10k).
Using SlicedReads the compute layer can effectively get the benefits of having a larger number
of partitions. For example, with a super-extent size of 100 and a slice-factor of 100, one could get
10,000 partitions. For a 10 TB file, 10,000 partitions would mean each is of size 1 GB, and hence join
on each pair of partitions can easily be processed in memory. For larger files, one can use larger
slice-factor to obtain more partitions.
Figure 5 illustrates how this is possible. In this example, the input file is logically replicated with
one of the replicas partitioned on C1. The super-extent size is 4, and there are a total of 8 extents,
i.e., 2 super-extents. Since the super-extent size is 4, the layout gives us 4 partitions (ith extent
of each super-extent forms partition i). Let us call these Real Partitions, as they are an artifact
of the physical layout of data on disk. Using SlicedReads the compute layer can effectively get
4 ∗ 2 = 8 partitions. Let us call these finer-grained partitions Virtual Partitions. The Figure shows
8 compute tasks, each reading 1 of these partitions. Each Virtual Partition is associated with one
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Real Partition. Virtual Partitions are essentially sub-divisions of Real Partitions. In this example
each Real Partition maps to 2 (slice-factor) Virtual Partitions. To read a Virtual Partition, under the
hood, the compute task performs 1 SlicedRead on each extent of the corresponding Real Partition.
Here, since each RealPartition consists of 2 extents, each compute task performs 2 (number of
super-extents) SlicedReads. For example Task T1 does SlicedReads requesting records with C1 in
1–50 on extents 1 and 5, and with that it gets all records in the file with C1 in 1–50. Similarly each
extent gets 2 (slice-factor) SlicedRead requests with disjoint key-ranges. For example, extent 1 gets
one SlicedRead requesting range 1–50 from T1, and another SlicedRead requesting range 51–100
from T2.
It would be possible to serve SlicedReads directly off disk, if the records inside an extent were
sorted by the SlicedRead column. However, with chained intra-extent bucketing (Section 4.3),
the ordering of records within an extent is by a different dimension. For example, as shown
in the zoomed-in view of the last extent in Figure 5, the extent is internally bucketed by C2,
while the SlicedReads are on C1. Hence, to return slices, the storage node must locally re-order
the records within the extent. As multiple compute nodes will read different slices of the same
extent, a naive implementation that reads the entire extent, re-partitions it and returns only the
relevant slice, would result in excessive disk I/O (e.g., 100× more disk reads for a slice-factor of
100). In-memory caching of the re-ordered extent data at the storage nodes can help, but incurs a
memory cost proportional to the working set (the number of extents being actively processed).
To bridge this gap, the storage node performs co-ordinated lazy request scheduling, as it is aware
of the pattern of requests during a join through a SlicedRead. In particular, it knows that slice-factor
compute nodes would be reading from the same extent, so it queues requests until a threshold
number of requests (e.g., 90%) for a particular extent arrives. It then reads the extent from disk,
re-arranges the records by the right dimension and services the requests, and caches the slices
pertaining to the stragglers, i.e., the remaining 10%. Thus, by exploiting compute-awareness to
perform co-ordinated request scheduling and selective caching, SlicedRead enables join execution
without incurring any intermediate I/O to disk.
Staged Execution. For efficient processing of SlicedReads at the storage nodes, INSTalytics schedules join tasks at the compute layer in a staged fashion. Each stage consists of all tasks reading
from a particular RealPartition. For example, in Figure 5, tasks T1 and T2 form stage 1, T3 and T4
form stage 2, and so on. This has two key benefits. First, it enforces implicit co-scheduling of all the
tasks reading from the same Real Partition, avoiding possible deadlocks when there is fixed parallelism. Consider the example in Figure 5, with a parallelism (number of concurrent tasks allowed)
of 2. Since there is no constraint on the order in which tasks can be scheduled, it is possible for
instance that tasks T1 and T3 get scheduled first. This would result in a deadlock, since these tasks
each read from a different Real Partition, and neither can make progress. Staging would avoid this
from happening, ensuring that tasks T1 and T2 run first, followed by T3 and T4 and so on. The
second benefit of staging is that it enables further reduction in cache usage. For example, if there
are 10 stages and 10% of data is selectively-cached at storage nodes while processing SlicedReads,
then the cache usage would be bounded to 1/10th of 10% = 1% of the input file size.
Discussion
Both localized shuffle and sliced reads for efficient joins require the cross-extent partitioning that
super-extents provide, and would not work with a naive approach of simply bucketing within an
extent, as all extents will have data from all partitions in that model. With the super-extent-based
layout, for SlicedReads each compute task needs to touch only 1/100th of all extents in the file. This
reduced fan-in is crucial to the feasibility of staged execution and co-ordinated scheduling.
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Fig. 6. Architecture of existing filesystem. The figure depicts the two main components of the filesystem:
the Master and the Storage Nodes. Toward the left, it shows a zoomed-in view of the metadata that the
Master stores for a file with four extents and that of one of its extents that contains three replicas. Two of
the extents in the file are highlighted to show the locations of their replicas in the Storage Nodes. Towards
the right, it shows the API calls made by the Client to read file data, and the operations involved in recovering
an extent.

7 IMPLEMENTATION
We have implemented INSTalytics in the codebase of the analytics stack that is used in production
internally at Microsoft. The stack has been in use since more than a decade and has significantly
evolved over the years to meet the scale, performance, and reliability demands of first-party workloads. Today it is responsible for storing and processing several exabytes of data on a weekly basis.
The architecture of various layers in the stack and their optimization have been the topic of numerous research papers [6, 7, 16, 21, 34]. We begin by describing the architecture of the existing
cluster file system in our analytics stack. We then list some key constraints that we needed the
implementation to conform to, to be pragmatic. Finally, we proceed to the actual details of the
implementation.
7.1 Existing File System Architecture
The architecture of the file system in our analytics stack is very similar to that of a standard appendonly distributed file system [13, 26], and is depicted in Figure 6. The two key components of the
file system are the Master and the Storage Nodes. The Master is a Paxos-based replicated service
that is responsible for two things: First, it stores global file system level metadata in memory. This
includes the directory hierarchy, files, extents, the location of extent replicas and any metadata
associated with each of these entities. Second, it periodically synchronizes with the storage nodes,
tracking their health and triggering recovery of extents when necessary. The Storage Nodes are
responsible for actually storing the the extents on disk. In addition, they also store some local perextent metadata such as CRC checksums. A production cluster typically consists of several tens of
thousands of Storage Nodes.
The Master uses in-memory data structures to store file and extent level metadata. Files and
extents are identified by globally unique IDs. The file data structure contains a list of extents that
belong to the file. The extent data structure contains fields to track the length of the extent and
the list of its replicas, i.e., the identifiers of the Storage Nodes that have replicas of this extent.

ACM Transactions on Storage, Vol. 15, No. 4, Article 23. Publication date: January 2020.

23:16

M. Sivathanu et al.

7.1.1 Read Path. As illustrated in Figure 6, clients that want to scan data from a particular file
first issue a ReadFile call to the Master to get the file’s list of extents and the corresponding locations
of their replicas. Then they issue a sequence of ReadExtent calls to the requisite Storage Nodes to
retrieve extent data.
7.1.2 Recovery Path. Since the Master periodically synchronizes with the Storage Nodes it has
a global view of the cluster state. When it detects that a particular Storage Node is unavailable, it
triggers recovery operations for all the extents on that Storage Node. To recover an extent it picks
a healthy Storage Node to house a new replica of the extent and sends it a RecoverExtent request
along with information about the existing replicas of the extent (as illustrated in Figure 6). The
Storage Node then reconstructs the extent locally by reading the extent data from a different healthy
replica. The placement logic at the Master involved in picking the new Storage Node enforces failure
isolation constraints of the new replica with respect to the existing replicas. At steady state, the
Master tries to ensure each extent has exactly three healthy replicas, i.e., if the number of healthy
replicas is less than three, then it triggers recovery, and if it is more than three, then it triggers
deletion of the redundant replicas.
7.2 Constraints
For INSTalytics to be practically deployable, we had to adhere to certain constraints while making
changes to the stack.
• The changes should be minimal and surgical to the extent possible.
• Since the Master stores all metadata in memory, any metadata change that materially increases the memory overhead is unacceptable. In particular, the number of extents that the
Master tracks is several orders of magnitude higher than the the number of files. Consequently, we want to avoid introducing any additional extent-level metadata.
• Logically replicated files should be able to co-exist with physically replicated files. The
changes should not introduce additional cost/overheads for operations/metadata pertaining
to physically replicated files.
• Critical operations such as Read and Recovery for logically replicated data should not incur
additional round-trips to Master or interactions between Master and Storage Nodes (when
compared to the same operations on physically replicated files).
In the following sections, we describe the key aspects of our implementation, while discussing
the challenges introduced by the above constraints and the techniques we used to address them.
7.3

Metadata Changes

In this section, we describe the new metadata changes that we introduced in the Master and the
Storage Node as part of the INSTalytics implementation. These changes form the basis for the various code paths that we describe in following sections.
7.3.1 Metadata in Master. With logical replication, the fundamental semantics of files and extents change: Files are now composed of an array of super-extents as opposed to a linear array of
extents. Extents are no longer homogeneous entities: The data inside an extent is spread across
multiple other extents in a different partition dimension, i.e., an extent no longer has exact “replicas.” Instead of introducing new data structures to deal with the new semantics, the approach
we take in our implementation is to piggyback on existing file/extent data structures, introducing
additional fields in them only when absolutely necessary. This enables us to achieve our goals of
minimal additional memory overhead and surgical code changes (Section 7.2).
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We add a new flag to the file data structure to identify whether or not a given file is logically
replicated. The file contains a linear array of extent as usual. Since the size of super-extents in a
given file is fixed, in theory the super-extent boundaries can be implicit; i.e., extents 1–100 form
super-extent 1; 101–200 form super-extent 2; and so on. The remainder of extents at the end, which
are not sufficient to fill a super-extent, form the tail and remain physically replicated. However,
we would like to support concatenation of files as a metadata-only operation (i.e., creating a new
file that points to the extents in both the source files). When two files are concatenated, if the first
file has a tail, that would lead to the presence of a hole/gap of physically replicated extents in the
middle of the concatenated file. To deal with this more general scenario, we add a super-extent
table to the file data structure, which tracks the offset of the starting extent of every super-extent.
Note that the memory overhead of this table is very minimal (one integer per 100 extents).
The extent data structure continues to track three replicas as usual: We implicitly map these to
the bucket index across all three partition dimensions. (e.g., replicas of extent 1 in a super-extent
would track the first bucket of all three partition dimensions). Note that these are not really exact
“replicas”: This is just a trick we use to avoid additional metadata. The actual physical sizes of
these replicas may be different due to skew in data distribution. To deal with this, we hide the
actual sizes of the replicas from the Master. Another important piece of information that needs to
be tracked is the identity of the extent replicas, i.e., which partition dimension each replica belongs
to. We make this information implicit, by enforcing an order on the extent replica list, i.e., the first
replica belongs to partition dimension 1, the second replica belongs to partition dimension 2 and
so on. This works when the extent is in steady state, i.e., it has exactly 1 replica in each partition
dimension. However, given the dynamics of the cluster (failure and recovery events), an extent
could enter a state where it has 0 or more than 1 replicas of a given partition dimension. In this
case it is not possible to track the identity of the replicas implicitly based on ordering. The naive
approach to dealing with this issue is to add an additional field to the extent data structure to track
the number of replicas in each partition dimension. As mentioned in Section 7.2, we cannot afford
to do this, as it would increase the memory footprint at the master.
We solve this problem by introducing the notion of a Conditional Header Replica. In steady-state
the extent has exactly three replicas and their partition dimensions are implicit. When the extents
are not in steady-state, we add a dummy replica at the beginning of the replica list, which stores
the counts of replicas per partition dimension. This dummy replica includes a magic number to
enable detection of its presence. The logic of dealing with these two separate cases is abstracted
away in the implementation of the extent data structure’s accessor methods, hence obviating the
need to modify other code paths that operate on this data structure. With this, only extents that
are not in steady state bear the memory overhead of an additional replica in their list. Since, at
any given point in time only a small fraction of all the extents are in non-steady state, the memory
overhead of this approach is negligible.
7.3.2 Metadata in Storage Nodes. The efficient recovery scheme that we described in Section 4.3
requires reading buckets within extents. To enable this, the byte offsets of these buckets within
each extent need to be stored, alongside the extent data in the Storage Nodes. We do this by storing
an additional metadata extent associated with every logically replicated extent. The data of this
auxiliary extent contains the byte offsets of buckets in the actual extent. The ID of the metadata
extent is computed by applying a deterministic hash function on the actual extent’s ID. This enables
mapping between the two without additional structures. The size of this metadata is negligible
compared to the actual size of the extent. Also, the metadata extents are tracked locally by the
Storage Nodes and their lifetime is tied to their corresponding extents, so the Master does not
need to explicitly track them. As a result, they do not lead to any additional memory overhead or
complexity at the Master.
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Fig. 7. Creation of a logically replicated file. The figure depicts the end-to-end flow of operations involved in the creation of a new logically replicated file. On the left is a zoomed-in view of the datapath inside
Destination and Source Storage Nodes during a super-extent shuffle.

7.4

New APIs and Their Implementation

We now describe the new APIs that we introduced as part of the INSTalytics implementation. To
illustrate how and when these APIs are invoked, we discuss three key code paths: the Create,
Recovery, and Read paths.
7.4.1 Create Path. This is the path through which logically replicated files are introduced into
the system. The flow of operations is as depicted in Figure 7. We add a new API LogicallyReplicate
at the Master, that enables users to transform an existing physically replicated file into a logically
replicated one. This way users can pick which subset of their files need logical replication, and
these can co-exist with other physically replicated files in the system (which is a requirement as
mentioned in Section 7.2). The LogicallyReplicate API takes as parameter, the URL of the target file,
and other parameters relevant to logical replication such as the super-extent size, and the adapter
that needs to be used depending on the file format.
Upon receiving the LogicallyReplicate request the Master performs two actions: First, it creates
a new temporary file structure to serve as a placeholder for the new logically replicated file that
is to be created. Then, it kicks off an asynchronous logical replication operation by enqueuing a
job into the Logical Replication Scheduler. At this point the API call returns Success to the client
and further processing happens asynchronously in the background. The client can poll the status
of the original file to determine when the process is complete. The Scheduler breaks the logical
replication job into tasks: Each task encapsulates the processing necessary to produce one superextent in the file. Hence, the number of tasks is equal to the number of super-extents. For each
task it picks an arbitrary Storage Node to serve as the Orchestrator. This Orchestrator is responsible
for coordinating the process of shuffling data pertaining to a given super-extent. The amount of
cluster resources used for logical replication can be controlled by tuning the number of concurrent
tasks the Scheduler is allowed to run.
To kick off a task, the Master sends a ShuffleSuperExtent request to the Orchestrator. This request carries two key pieces of information: First, the locations of the source extents: extents in the
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original physically replicated file, which correspond to the super-extent that this Orchestrator is
responsible for. Second, the identifiers of the Destination Storage Nodes where the newly created
extents should be placed. With a super-extent size of 100, the number of source extents would be
100 (each having 3 replicas), and the number of destination Storage Nodes would be 300. The goal is
to read data from the source extents, shuffle it across the network and write it out to the Destination
Storage Nodes, such that the final layout of data is as described in Section 4.
In our implementation this shuffle is performed via a pull-based mechanism. The Orchestrator
issues CreateLogicalExtent requests to each of the destination Storage Nodes. Each of these requests
carry the locations of all source extents. In response to these requests, each destination Storage Node
pulls the data that it requires from the source extents. This is done by issuing DecodedRead requests
to the Storage Nodes containing the source extents. In addition to the extent id, the parameters to
DecodedRead include the column to partition on and the partition id. For example, if replica 0 is
to be partitioned on column C1, then the destination Storage Node responsible for replica 0 of the
first extent in the super-extent would issue DecodedRead(C1, 0) on all the source extents. As a
result it would end up fetching all the data corresponding to partition id 0 when partitioned by
C1. Similary, the read for replica 0 of the next extent would issue DecodedRead(C1, 1) and so on.
The data-path for processing these DecodedReads at the Storage Nodes is shown in the zoomedin view of Figure 7. First, the extent data is read from disk, then it is decoded using the decoder
(which is supplied by the format adapter) to convert from byte-space to row-space. The rows are
then partitioned based on the specified column, and rows corresponding to the required partition
id are returned in response. In addition the decoded extent data is stored in the Decoded Data Cache,
so that future DecodedReads on the same extent can be served directly from cache. This ensures
that each source extent is read from disk only once during the shuffle process. The zoomed-in view
of Figure 7 also shows the data path inside the destination Storage Nodes. Once all the DecodedReads
return, their responses are assembled, following which the data is partitioned by a different column
and passed through the adapter-supplied encoder before finally being written to disk. Note that
the partitioning by different column is needed to support intra-extent chained buckets described
in Section 4.3. After the new extent’s data has been successfully written to disk, the Storage Node
returns success on the CreateLogicalExtent call made by the Orchestrator.
Once all CreateLogicalExtent calls at the Orchestrator return, it returns success on the ShuffleSuperExtent call from the Master, along with metadata corresponding to the newly created extents.
The master then appends extent structures for these new extents to the temporary file. Given
that multiple super-extent shuffles are processed concurrently, they could complete out of order.
To deal with this the Master buffers shuffle completions and processes them in the right order.
Once all of the super-extent shuffles are complete and all of the new extents are appended to the
temporary file, the original file is atomically substituted with the temporary file. At this point the
creation process is complete, and the original file has been successfully transformed into a logically
replicated one.
Failure Handling. During the creation process, failures can happen and dealing with these is
essential to ensure that the process eventually completes. Any of the components involved in the
process can fail at any point in time: This includes source Storage Nodes, destination Storage Nodes,
Orchestrator, and even the Master. Our implementation is equipped to handle all of these failure
cases. When a Source Storage Node fails during a DecodedRead, the Destination Storage Nodes
simply fall back to a different replica of the source extent. To deal with destination Storage Node
failure, the Master provides the Orchestrator with a pool of redundant Storage Nodes on which
CreateLogicalExtent calls can be retried upon failure. If the Orchestrator fails, then the partially
complete shuffle is discarded and a fresh one is initiated by the Master on a new Orchestrator.
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Fig. 8. Recovery of a logical extent. This figure depicts the flow of operations involved in the recovery of
an extent in a logically replicated file. The Master invokes a request on the target Storage Node to trigger
recovery. Inside the target SN, the figure shows the datapath involved in processing the recovery request by
reading intra-buckets from the friendly replica’s extents.

This could lead to work being wasted, but since there is only 1 Orchestrator per super-extent
the probability of Orchestrator failure is low and this is not a significant problem. Finally, when
the Master fails, it falls back to a secondary. Since the in-memory state of the Master is Paxos
replicated, the secondary will have a copy of the temporary file structure, and it can resume
processing from whichever point the old Master stopped.
7.4.2 Recovery Path. The high-level flow of operations (as shown in Figure 8) in the recovery
path for extents in logically replicated files is very similar to that for those in physically replicated
files (Section 7.1.2): the master sends a request to a Storage Node to trigger the recovery of an
individual extent, and the Storage Node takes care of the processing necessary to produce a local
copy of the required extent. This satisfies our constraint of no additional interactions between
Master and Storage Nodes (Section 7.2). The key differences lie in how the Master decides when to
trigger recovery for an extent, information passed in the recovery request and how the Storage Nodes
process recovery requests.
The condition in the Master for triggering extent recovery today is: extent has less than three
healthy replicas. This condition is not sufficient for extents in logically replicated files. For example,
such an extent could have two healthy replicas in partition dimension 0, 1 in partition dimension
1, and 0 in partition dimension 2. Even though it has three healthy replicas, we still need to trigger
recovery as one of the partition dimensions has 0 healthy replicas. Essentially, the recovery trigger
condition needs to be aware of partition dimensions. For extents in logically replicated files, we
change the condition to: at least one partition dimension has no healthy replicas.
Once the Master decides to recover an extent, it picks a target Storage Node to house a new
replica of the extent and sends it a CreateLogicalExtent request with mode set to MODE_RECOVER.
While making this choice, it enforces super-extent level fault-isolation (Section 5.2). In contrast to
physical extent recovery, where only the list of existing replicas of the extent to recover are passed
in the request, here we pass information about all extent replicas in the corresponding super-extent
to which the extent belongs.
The data-path involved in processing the recovery request at the Storage Node is similar to that of
the Destination Storage Nodes during the create path. The target Storage Node issues DecodedRead
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requests to all of the extents in the friendly replica.2 Since these extents are already internally
bucketed by the required column, the DecodedRead can be serviced by simply fetching the required
bucket from disk. Once all DecodedReads have returned, the target Storage Node assembles the
received data, decodes it with the adapter-supplied decoder, partitions it by a different column
(requirement of the layout in Section 4.3) and passes it through the adapter-supplied encoder before
finally writing to disk. Note that since the create and recovery data-paths are similar, a lot of code
in the Storage Node is shared between the two. This greatly minimizes the amount of code changes.
Failure Handling. If any of the extents in the friendly replica becomes unavailable during the
process, then the target Storage Node performs Recursive Recovery, i.e., it first recovers the lost
extent from its friendly replica and then proceeds with the actual recovery. The implementation
also contains logic to use/recover parity extents when necessary.
7.4.3 Read Path. Extent Reads. Because of the adapter-based design at the Storage Nodes, clients
can continue to read extents through the normal block-based interface, i.e., this path does not
require any modifications. We only change the client library of the file system to initiate on-demand
recovery (Section 5.3) upon failure while reading an extent.
Filtered Reads. To accrue the benefits offered by the layout, filter queries running in the compute
layer need the ability to read only a specific subset of the extents in a file based on the filter
condition. We provide filtered read functionality at the storage layer for this purpose; the end-toend read path consists of making a filtered read on the file to get information of only the required
subset of extents, followed by a sequence of ReadExtent calls. This is analogous to the read path
for physically replicated files (Section 7.1.1), with a filtered read instead of ReadFile. Hence, this
satisfies our constraint of no additional round-trips to Master (Section 7.2).
Instead of introducing a new API for this purpose, we implement this functionality through the
notion of Logical Views at the Master. For example if a client is interested in only the fifth partition
of replica 0 of a logically replicated file foo.csv, it can simply reference foo.csv:logicalview[0][5]. This
is essentially a “view” of the file that contains only the extents belonging to partition 5 in replica
0. For all practical purposes these views are equivalent to normal files from the perspective of the
compute layer. Under the hood, within the storage layer however, these are not really separate
files: this logic is implemented by simply modifying the ReadFile request processing at the Master
to detect the presence of these special suffixes (:logicalview[][]) at the end of the filename, and
return only the required subset of extents.
Sliced Reads. For Sliced Reads, as described in Section 6.2, we introduce a new API at the Storage
Nodes. The processing necessary for this API is very similar to that of DecodedReads at source Storage Nodes in the create path. Hence, for the implementation we re-use most of this functionality,
leading to minimal additional code changes. For example the Decoded Data Cache is used to store
data that needs to be selectively cached during sliced reads.
7.5 Changes to Compute Layers
The changes mostly have to deal with how the multiple dimensions are exposed to layers such as
the query optimizer; the optimizer treats them as multiple clustered indexes. With our changes, the
query optimizer can handle simple filters and joins by automatically picking the correct partition
dimension; full integration into the query optimizer to handle complex queries is beyond the scope
of this article.
2 Recall

that with chained intra-extent bucketing, extents for a replica on one dimension can be efficiently recovered from
a friendly replica that is intra-extent bucketed by that dimension (Section 4.3).
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Fig. 9. Cluster network load during recovery.
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Fig. 10. Cluster disk load during recovery.

In addition, we had to make minimal changes to the JobManager (based on Dryad graph execution engine), to enable staged execution of join compute tasks for sliced reads. We achieve this
adding null edges between nodes of the job graph to express artificial dependencies between tasks.
8

EVALUATION

We evaluate INSTalytics in a cluster of 500 servers (20 racks of 25 servers each). Each server is a
2.4 GHz Xeon with 24 cores and 128 GB of RAM, 4 HDDs, and 4 SSDs. Out of the 500 servers, 450
are configured as storage (and compute) nodes, and 5 as store master. We answer three questions
in the evaluation:
• What is the recovery cost of the INSTalytics layout?
• What are the availability characteristics of INSTalytics?
• How much do benchmarks and real queries benefit?
For our evaluation, unless otherwise stated, we use a configuration with 100 extents per superextent with an average extent size of 256 MB.
8.1 Recovery Performance
For this experiment, we take down an entire (random) rack of machines out of the 20 racks, thus
triggering recovery of the extent replicas on those 25 machines. We then measure the load caused
by recovery on the rest of the machines in the cluster. For a fair comparison, we turn off all throttling of recovery traffic in both physical and logical replication. During the physical/logical replication experiment, we ensure that all extents recovered belong to physically/logically replicated
files, respectively. The number of extents recovered is similar in the two experiments, about 7,500
extents (∼1.5 TB). We measure the network and disk utilization of all the live machines in the cluster, and plot average and 90th percentiles. Although the physical and logical recovery are separate
experiments, we overlay them in the same graph with offset timelines.
Figure 9 shows the outbound network traffic on all servers in the cluster during recovery. The
logical recovery is more bursty because of its ability to read sub-buckets from 100 other extents.
The more interesting graph is Figure 10 that shows the disk utilization of all other servers; because
each server has four disks, the maximum disk utilization is 400%. As can be seen, the width of the
two spikes are similar, which shows that recovery in both physical and logical complete with
similar latency. The metric of disk utilization, together with the overall time for recovery, captures
the actual work done by the disks; for instance, any variance in disk queue lengths caused by extra
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Fig. 11. Availability with single parity.

load on the disks due to logical recovery, would have manifested in a higher width of the spike
in the graph. The spike in the physical experiment is slightly higher in the 90th percentile, likely
because it copies the entire extent from one source while logical replication is able to even out the
load across several source extents. The key takeaway from the disk utilization graph is that the
disk load caused by reading intra-extent chained buckets from 100 storage nodes, is as efficient
as copying the entire extent from a single node with physical replication. The logical graph has
a second smaller spike in utilization corresponding to the lag between reads and writes (all subbuckets need to be read and assembled before the write can happen). For both disk and network, we
summed up the aggregate across all servers during recovery and they are within 10% of physical
recovery.
8.2 Availability
In this section, we compare the availability of logical and physical replication under two failure
scenarios: isolated machine failures and co-ordinated rack-level failures. Because the size of our
test cluster is too small to run these tests, we ran a simulation of a 10K machine cluster with
our layout policy. Because of fault-isolated placement of buckets across dimensions, we tolerate
up to five rack failures without losing any data (with parity, unavailability needs two failures in
each dimension). Figure 11(a) shows the availability during pod failures. As can be seen, there is a
crossover point until which logical replication with parity provides better availability than physical
replication, and it gets worse after that. The cross-over point for isolated machine failures is shown
in Figure 11(b) and occurs at 80 machines, i.e., 0.8%. We also ran simulations for the configuration
where the super-extents contain 50 extents (instead of 100 extents in the default case), with 1 parity
extent per 10 extents. Finally, we also evaluate availability for the double-parity configuration
(super-extents of size 100, and 2 parity extents per 20 extents); The results are shown in Figures 12
and 13, respectively.
To calibrate what realistic failure scenarios occur in practice, we analyzed the storage logs of
a large cluster of tens of thousands of machines over a year to identify dynamic failures; failures
that caused the master to trigger recovery (thus omitting long-dead machines, etc.). We found that
isolated machine failures are rare, typically affecting less than 0.2% of machines. There were 55
spikes of failures affecting more machines, but in all but 2 of those spikes, they were concentrated
on one top-level failure domain, i.e., a set of racks that share an aggregator switch. INSTalytics
places the three dimensions of a file across multiple top-level failure domains, so is immune to
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Fig. 12. Availability with super-extent size 50.

Fig. 13. Availability with double parity.

these correlated failures, as it affects only one of three dimensions. The remaining 2 spikes had
random failures of 0.8%, excluding failures from the dominant failure domain.
8.3 Query Performance
We evaluate the query performance benefits of INSTalytics on the AMP big-data benchmark [1,
20] and on a slice of queries from a production big-data workload. We use two metrics: the query
latency, and the “resource cost,” i.e., the number of machine hours spent on the query. All slicedread joins use a request threshold of 90% and 10 stages. The baseline is a production analytics stack
handling exabytes of data.
8.3.1 AMP Benchmark. The AMP benchmark has four query types: scan, aggregation, join, and
external script query; we omit the last query, as our runtime does not have python support. As
the emphasis is on large-scale workloads, we use a scale factor of 500 during data generation. We
logically replicate the uservisits file (12 TB) on three dimensons: url, visitDate, and IP and the
rankings file (600 GB) on 2: url and pagerank. Figures 14 and 15 show the benefit from INSTalytics
in terms of cost and latency, respectively.
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Fig. 14. Resource cost of AMP queries.

Fig. 15. Latency of AMP queries.

Fig. 16. Resource cost of AMP Q2 variations.

Fig. 17. Latency of AMP Q2 variations.
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Query 1. This query filters rankings on the pagerank column and Queries 1A–1C are variations
with different selectivities. Queries 1A and 1B, which perform heavy filtering on pagerank column
of rankings, benefit significantly from partitioning; the latency benefit is lower than the cost
benefit because of the fixed startup latency. Query 1C scans almost all records in the file and
hence does not see any benefits.
Query 2. This query performs a group-by of uservisits on a prefix of the IP column. Queries
2A–2C use different prefix lengths. Group-by is performed using a map-reduce style shuffle. Local
aggregation is first done on the mapper side and global aggregation is done on the reducer side.
Local aggregation reduces the amount of data that needs to be shuffled. The benefits for Queries
2A–2C are primarily due to better local aggregation enabled by partitioning on IP column (we use
range partitioning so that IPs with similar prefixes end up together).
To better understand the group-by benefits, we ran more variations of query 2 with different IP
prefix lengths. The cost and latency benefits are shown in Figures 16 and 17, respectively. Interestingly, we observe a sweet spot at around a prefix length of 11, where we get maximum benefits
of local aggregation. This is because at lower prefix lengths, the baseline itself gets good local aggregation and partitioning does not add much value. At higher prefix lengths, we do not get much
local aggregation. Group-by on the full IP (last bar in figures) is a special case. Since there is a
replica partitioned on this column, we can use sliced-reads and do away with the need for on-disk
shuffle.
Query 3. This query performs a join of the two files on the url column followed by a group-by
on IP column. Before the join it filters uservisits on visitDate. Queries 3A–3C are variations
with different selectivities for the filter. Since both files have replicas partitioned on url, Query 3C
gets significant benefits while performing the join using sliced reads. Queries 3A and 3B perform
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Fig. 18. Resource cost of AMP Q3 variations.

Fig. 19. Latency of AMP Q3 variations.

Table 1. Performance of the Join in Q3
of AMP Benchmark

Configuration
Baseline
Localized Shuffle
Sliced Reads (10% cache)
Sliced Reads (5% cache)

Cost (h)
125
85
40.5
43

Latency (min)
11.8
8.4
3.8
4.1

heavy filtering before the join and hence benefit from the replica of uservisits partitioned on
the visitDate column.
This brings to light an interesting observation: depending on the selectivity of the filter before
the join one could choose to exploit either the replica of uservisits partitioned on the filter
column or the one partitioned on the join column. (Note that these choices are mutually exclusive).
To further study this, we ran more variations of Query 3 with nine different selectivities. Figures 18
and 19 show the resulting benefits in cost and latency, respectively. Below a selectivity of 20%, we
observe that it is better to exploit partitioning on the filter-column to get optimal benefits. Beyond
20% selectivity, it is better to exploit partitioning on the join column and use sliced-reads to perform
the join.
Discussion. In summary, today one can partition the two files on only one dimension each. This
would lead to benefits for only a subset of queries, but lose benefits for other queries; INSTalytics
enables simultaneously benefits on all queries by supporting partitioning on multiple dimensions.
Even within a single query (e.g., Query 3), different variations could entail partitioning by different
columns for optimal benefits. In these kinds of scenarios INSTalytics can deliver significant benefits.
Join Microbenchmarks. Table 1 focuses on just the join within Q3 (excluding the filter before and
group-by after the join). As can be seen, even the simple Localized Shuffle (Section 6.1) without
sliced-reads provides reasonable benefits. Further, we find that it reduces the amount of cross-rack
network traffic by 93.4% compared to baseline. Sliced-reads (Section 6.2) add to the benefit, providing nearly a 3× win for the join. To explore sensitivity to co-ordinated lazy request scheduling
during sliced-reads (Section 6.2), we show two configurations. In the “10% cache” configuration,
the storage nodes wait for 90% of requests to arrive before serving the request; for the remaining
10% slices, the storage node caches the data. The “5%” configuration waits for 95% of requests.
There is a tradeoff between cache usage and query performance; while the 5% configuration uses
half the cache, it has a slightly higher query cost.
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Table 2. Performance of Production Queries

Description
Baselinecost
INSTalyticscost
Baselinel at ency
INSTalyticsl at ency

Q1
251
59
39
7

Q2
414
206
66
21

Q3
22
0.3
23
1.4

Q4
20
1.1
4
2.3

Q5
398
403
50
51

Q6
242
239
20
20

Cost numbers are in compute hours, latency numbers are in minutes.

8.3.2 Production Queries. We also evaluate INSTalytics on a set of production queries from a
slice of a telemetry analytics workload. The workload has six queries, all operating on an input file
of size about 34 TB, sometimes joining with other files that are smaller. Table 2 shows the relative
performance of INSTalytics on these queries. INSTalytics benefit queries Q1–Q4. Q5 and Q6 filter
away very little data (<1%) and do not perform joins, so there are no gains to be had. Q1 and Q2
benefit from our join improvements, they both join on one of the dimensions. Q1 performs a simple
two-way join followed by a group-by. We see a huge (>4×) improvement in both cost and latency
as the join dominates the query performance (the output of the join is just a few GB). Q2 is more
complex, it performs a three-way join followed by multiple aggregations and produces multiple
large outputs (3TB+). INSTalytics improves the join by about 3× and does as well as the baseline in
the rest of the query. Q3 and Q4, because of their selectivities, benefit heavily from filters on the
other two dimensions, processing 34 TB of data at interactive latencies.
As seen from our evaluation, simultaneous partitioning on multiple dimensions enables significant improvements in both cost and latency. As discussed in Section 3, 83% of large files in our
production workload require only four partition dimensions for full query coverage, and hence can
benefit from INSTalytics. The workload shown in Section 3 pertains to a shared cluster that runs
a wide variety of queries from several diverse product groups across Microsoft so we believe the
above finding applies broadly. As we saw in Figure 2, some files need more than four dimensions.
Simply creating two different copies of the file would cover eight dimensions, as each copy can
use logical replication on a different set of four dimensions.
9 RELATED WORK
Co-design The philosophy of cross-layer systems design for improved efficiency has been explored in data center networks [17], operating systems [3], and disk systems [27]. Like Reference
[17], INSTalytics exploits the scale and economics of cloud data centers to perform cross-layer
co-design of big-data analytics and distributed storage.
Logical replication The broad concept of logical redundancy has also been explored; the Pilot file system [24] employed logical redundancy of metadata to manage file system consistency,
by making file pages self-describing. The technique that INSTalytics uses to make extents selfdescribing for format adapters is similar to the self-describing pages in Pilot. Fractured mirrors [22]
leverages the two disks in a RAID-1 mirror to store one copy in row-major and the other in columnmajor order to improve query performance, but it does not handle recovery of one copy from the
other. Another system that exploits the idea of logical replication to speed-up big-data analytics
is HAIL [10]; HAIL is perhaps the closest related system to INSTalytics; it employs a simpler form
of logical replication where they only reorder records within a single storage block; as detailed in
Sections 4 and 6, such a layout provides only a fraction of the benefits that the super-extent-based
layout in INSTalytics provides (some benefit to filters but no benefit to joins). As we demonstrate
in this article, INSTalytics achieves benefits for a wide class of queries without compromising on
availability or recovery cost. Replex [29] is a multi-key value store for the OLTP scenario that
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piggybacks on replication to support multiple indexes for point reads with lower additional storage
cost. The recovery cost problem is dealt with by introducing additional hybrid replicas. INSTalytics
instead capitalizes on the bulk read nature of analytics queries and exploits intra-extent data layout to enable more efficient recovery, without the need for additional replicas. Further the authors
do not discuss the availability implications of logical replication, which we comprehensively address in this article. Erasure coding [15, 23] is a popular approach to achieve fault-tolerance with
low storage-cost. However, the recovery cost with erasure coding is much higher than three-way
replication; the layout in INSTalytics achieves similar recovery cost as physical replication. Many
performance sensitive analytics clusters including ours use three-way replication.
Data layout In the big-data setting, the benefits of partitioning [25, 28, 31, 34] and co-location [9,
11] are well understood. INSTalytics enables partitioning and co-location on multiple dimensions
without incurring a prohibitive cost. The techniques in INSTalytics are complementary to columnlevel partitioning techniques such as column stores [19]; in large data sets, one needs both column
group-level filtering and row-level partitioning. Logical replication in INSTalytics can actually amplify the benefit of column groups by using different (heterogeneous) chocies of column groups in
each logical replica within an intra-extent bucket, a focus of ongoing work.
10

CONCLUSION

The scale and cost of big-data analytics, with exabytes of data on the cloud, makes it important from
a systems viewpoint. A common approach to speed up big-data analytics is to throw parallelism or
use expensive hardware (e.g., keep all data in RAM). INSTalytics provides a way to simultaneously
both speed up analytics and drive down its cost significantly. INSTalytics is able to achieve these
twin benefits by fundamentally reducing the actual work done to process queries, by adopting
techniques such as logical replication and compute-aware co-ordinated request scheduling. The
key enabler for these techniques is the co-design between the storage layer and the analytics
engine. The tension in co-design is doing so in a way that only involves surgical changes to the
interface, so that the system is pragmatic to build and maintain; with a real implementation in
a production stack, we have shown its feasibility. We believe that a similar vertically integrated
approach can benefit other large-scale cloud applications.
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