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Presenter Notes
Presentation Notes
We start with data added by a transaction T0; this is just a data file d adding some data to the table
Next a transaction T1 will add some new tuples, including updating some rows from T0.
Here, Terry Semel is updated to Terence Semel
Since D0 is immutable and we don’t want to rewrite all the rows we didn’t change,
T1 will mark some of its rows as deleted by adding a new file to mask those rows.

Position delete vectors tombstone rows by position in particular files.
Readers merge all three objects to obtain the state of the table after T1 commits.
While correct, as deltas accumulate the merge overhead accumulates and can be as high as 2-3x.


Compaction

4

Ty

?

{dé’ —dy(dg) — dy(dg) + dif —dz(dy) +d§'}

{ C(dg — dy(dg) +di) }

C (Ty..Ty)



Presenter Notes
Presentation Notes
Every reader pays this overhead, so operators will schedule compactions to materialize a full scan of data files in a table
After copying “live” rows to a new file, subsequent commits reference the compacted layout
The layout change is committed as a normal transaction C, omitting files written by transactions T0 and T1
state is the same as T1: it’s just a different layout

But this creates a problem: concurrent transactions like T2 are unaware of C and they refer to the old layout.
Even though C represents the same logical state, T2 must be re-run
The snapshot committed by C doesn’t include D0 and D1
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Presenter Notes
Presentation Notes
We need to re-run our transaction over D2- even though it’s the same state- and recompute our result so T3 is a proper successor of the compaction
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Presenter Notes
Presentation Notes
We have the same problem with compaction. Once T2 commits, C is not a valid successor since it would revive rows deleted by T2


Compaction
Ty
dg
d— [ AR
deref dg —di(dg) —dy(dg) +df —d3(dy) +d3
does not commute
reorder_rows |-
C(dg — di(dg) —d;(dg) +di —d;(df) +d3)



Presenter Notes
Presentation Notes
C must be re-run to include T2, repeating most of the work it did previously.
This is a common problem in Iceberg tables: compactions must be scheduled and sized to avoid expensive re-executions
It’s also common to resort to pessimistic locking should data arrive faster than the compaction can process
for example, if T3 were to arrive before this compaction completed, then it would need to restart AGAIN

Our problem is that we create new direct references in new transactions and rewrite them in compactions
these don’t commute; we can’t reorder rows of direct references in a new layout if we can introduce new direct references in the old layout


Layout Conflicts
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Presenter Notes
Presentation Notes
At its core, the problem is one of representation. We have direct references between objects in the store
How would we usually solve this?
Pointer swizzling: convert references to directly access memory when the page is in memory, but fault when it’s on disk
But we can’t rewrite references in-place; these objects are immutable
We can’t know when it’s safe to swizzle
We could re-scan to find new positions, but this is about the same as re-execution
Intercept references: classic “add a layer of indirection”, shuffling pointers to rows rather than moving rows
Need to provision a separate service on top of object storage
Don’t want to sign up to replace the object store; those are hard to build
The working set of “active” rewritten pointers is hard to bound in practice

So what can we do instead?


Compaction: Layout Conflicts
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Presenter Notes
Presentation Notes
Let’s go back to our earlier example: the compaction committed, T2 needs to re-execute
But what if we could consult an oracle? If it remembered where C mapped each of the regions, we could locate the positions of the live rows it moved.
sound, b/c T2 can only refer to live rows, and C moved all the live rows to effect the compaction.
T2 inserts don’t change; it’s only the row identity of deleted rows that get mangled

So what we need is a remapping function that rewrites our deletion vectors to the new layout

The compaction throws this information away when it exits.
Instead, let’s write it into the table.

We can’t make these operations commute on their own, but if we can lift these operations into a commutative algebra (addition and subtraction commute), then this logical noop can commute with concurrent transactions
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Presenter Notes
Presentation Notes
During compaction, we maintain and commit a compaction map that records where each run of data from the source was relocated in the destination.
Following conventions in Iceberg, we use Apache Avro. Details are in the paper and in the prototype, but with very little effort it is compact.

What it’s doing is very simple:
(1) This source region was remapped to this new region in the compacted file.
(2) We have a position delete pointing to position 500 in the original, we need to compute its position in the compacted file
(3) The compaction map stores the start position of each region
(4) And also its length, so our point was moved with this region
we compute the region offset (100) by subtracting src_start
(5) And add that to the offset of the region in the compacted file
(6) Yielding the remapped position
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Presenter Notes
Presentation Notes
For example, assume T2 deleted runs of rows from D0 and D1
We can remap these positions by first finding the range they were deleted from
If T2 deleted rows 500-650 in the original file, we find the region each point was relocated to: these are all part of this region starting at position 800
then we align the delete to the updated region: pos(500) – offset of the start of the region in the original file (400) + target start (800)
so 800 + 500 – 400 is (I hope) 900
T2 can do the same for deletes pointed to D1, effectively “rebasing” T2 on top of C
or “commuting” C with T2
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Presenter Notes
Presentation Notes
Symmetrically, compaction maps can be used by the compaction to repair itself!
if transaction T2 commits while C is running, we don’t need to throw away the result
we just need to remap the deletion vectors that point to the snapshots in C
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Presenter Notes
Presentation Notes
And in fact, we can commute this compaction with multiple transactions. 
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Presenter Notes
Presentation Notes
By including the insertions from T2 and T3 and rewriting their deletion vectors, C can commit a state equivalent to T3 and preserve its compaction of T0 and T1.
for the case where data are arriving faster than the compaction can complete, where previously we might take a lock to stall updates

OK. So how quickly can we remap positions with a compaction map?
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Presenter Notes
Presentation Notes
Results for roaring bitmaps, in milliseconds
For Iceberg transactions, a 100-500ms is noise.
The speedup is both arbitrary and conservative. A 500ms rewrite is higher than we observed in any scenario. User transactions could take hours to re-execute (but probably not).
Without belaboring the comparison to the baseline: using a compaction map makes conflicts with compactions ignorable

Compactions (layout changes, logical noops) are necessary maintenance that create conflicts- including SLO misses- in production workloads.


Remapping Latency: end-to-end
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Presenter Notes
Presentation Notes
Some quick call-outs for the Iceberg fans who want more detail
We also implemented compaction maps for v2 tables with position delete files
Position Delete Files can take over two seconds to run, but it’s still noise
easily backported, clients may ignore it (SLO miss still active) BUT compactions will commute with user transactions
solves the other case we were talking about earlier, when a compaction can’t keep up with the ingestion rate


Remapping: Policy
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Presenter Notes
Presentation Notes
We also benchmarked multiple strategies for the join between positions in the DV and runs in the compaction map
differently sized data, different strategies benchmarked
large relative speedup, but in absolute terms the gains are not exciting; maybe 100us from 7s (still noise)
Please reach out if you’re interested in more details

----


3 cells for each item: “gap ratio”: percentage of the range that is gaps: 0.0: dense, 0.3 (moderate gaps), 0.5 (sparse, 50% data deleted)
e.g., cases where rangeQuery is winning are sparse maps where may ranges map no points
don’t need to read this too carefully, the point is that there’s no dominant strategy with PD files in the mix
DV files are always sorted, so this matters less
Intuitively, this is a join of positions with ranges and the optimal algorithm will depend on the size/density of each arm of the join

linear — Walks the run list from left to right for each position; O(r) per lookup, no setup cost; wins only when r is tiny.
binary — Standard binary search on runs sorted by sourcePosition; O(log r) per lookup; the baseline single-position algorithm.
intervalTree — Balanced BST of runs augmented with maxEnd per subtree, enabling early pruning when a query position is past everything  reachable below — O(log r) per lookup with fewer steps for gap/out-of-range positions. 
streamJoin — Sorted merge-join: a single coordinated walk through sorted positions and sorted runs in O(p + r); requires sorted input but  emits all mappings in one pass.
rangeQuery — Inverted approach: for each run, two binary searches over the sorted positions give the contiguous slice inside it, mapping a   whole range at once — O(r log p + matches); wins when r ≪ p or when gaps make most positions "miss."


Future Work

* SERIALIZABLE detects spurious read conflicts
* SORT, Z-ORDER compactions

* Too large? Change granularity of the map?

* Other maintenance: deduplication, GDPR
* Rebase applications that do their own dedup?

* Merge index (REMIX, Zhong et al. FAST’21)

* “Anchor keys” improve lookup + scan without a compaction

* Checkpoint inversion
* Rewrite transaction snapshots to reference newer checkpoints


Presenter Notes
Presentation Notes
We didn’t talk about it, but the existence of a compaction map in the manifest list also means that serializable transactions can ignore layout changes to their read set

We didn’t experiment with compactions that SORT or use Z-ORDER; these could produce much larger maps, but could be worth it? If you have workloads and want to experiment, let me know

There are other maintenance operations that could write to the table and commute with transactions.

This work was inspired by REMIX. Without creating a compaction, one could write an index-like structure that would speed up searches on sorted tables

As we saw, compactions can rewrite multiple transactions that commit later, but we can also rewrite the snapshots we’re compacting to refer to the _future_ snapshot



Table Formats and Data Warehouses
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Presenter Notes
Presentation Notes
There’s one more thought I’d like to leave you with, on the connection between open table formats and traditional databases.

If we look at the architecture of a database (and many data warehouses) and want to evolve it to look like a table format, we start with some surgical repairs…

Ah. Perfection.

HTPS: open world is the interesting part

Turn it into a puzzle instead of a statement

e.g., here’s a data warehouse; here’s Iceberg (no coordinator node)
saying the same thing at different workshops is a good thing
where’s the coordinator? Nowhere. It’s in storage, that’s what’s interesting




Table Formats and Data Warehouses

* Open world

* No knowledge of concurrent
transactions

* No admission control
* No external coordination

e Transaction eversion
* Execution in storage

* Write recovery data into the M
table assuming concurrent |
updates

Credit: Linda Thomas-Fowler
https://www.flickr.com/photos/ac4lt/


Presenter Notes
Presentation Notes
Table formats are interesting because they’re an open-world.
Transactions are not (necessarily) managed, admitted, and audited by a warehouse that owns the data
transaction engines follow the update protocol for the format and- like the starfish in this picture- evert their digestive tract and process transactions in storage
traditional swizzling/indirection pushes us to build a single-writer data warehouse over this multi-writer library (as many are doing)
We don’t need to do that. Instead, we’ll assume concurrent transactions and try to make recovery cheap in storage

Compaction maps are an example of cooperative concurrency control in table formats: writing information useful not only to future readers, but also concurrent writers.


Thank you

* Avoid re-execution of compactions and transactions
* Writer-centric state to repair conflicts

Chris Douglas Joseph M. Hellerstein
chris_douglas@berkeley.edu hellerstein@berkeley.edu

Thank you
Ashvin Agrawal, Carlo Curino, Owen O’Malley, Tiemo
Bang, Gopal Vijayaraghavan, Natacha Crooks, Micah
Murray, Pavan Lanka, and Sumedh Sakdeo


Presenter Notes
Presentation Notes


Thank you to the many friends and colleagues who discussed this with me and shared your insights on production workloads


Backup slides



Remapping Latency
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Presenter Notes
Presentation Notes
The difference is encoding and flushing the Parquet format to storage
TODO update with May 2026 benchmark
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