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Abstract

Score-at-a-Time (SaaT) retrieval, utilising impact-ordered indexes,
remains a relatively overlooked search strategy with increasing
importance. Within the context of learned sparse representations
and approximate retrieval, SaaT has proven to be a competitive al-
ternative to the popular Document-at-a-Time (DaaT) approach. Yet,
there are only two notable implementations of SaaT search engines:
JASSv2 and IOQP. We are interested in the differences between
these systems and how those differences affect performance. We
identify differences in postings lists due to indexing, ranking func-
tions, and quantization. Thus, we introduce ciff Tools for quantizing
the c1FF indexes used by both search engines; eliminating these
differences. Then, in a reproducibility study we reproduce previous
experiments investigating the efficiency gap between the systems.
They also differ in their compression codecs, with IOQP using SIMD
BP-128 and JASSv2 using Elias Gamma SIMD VB. We, unexpectedly,
find in another reproducibility experiment that SIMD BP-128 and
QMX outperform Elias Gamma SIMD VB in situ. Finally, we inves-
tigate the CPU effect, and find the engines are affected differently.
Overall, JASSv2 has faster median latency on a server-grade CPU,
while on a desktop-grade they are evenly matched. IOQP has faster
tail latency regardless of CPU. Our work reduces the throughput
difference between JASSv2 and IOQP and offers insights into which
aspects affect the efficiency of SaaT.
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1 Introduction

For efficient information retrieval, we still rely on the inverted index
[26, 28]. Usually, this index will maintain, for each unique term,
a list of documents containing the term (the postings list), often
with additional information, e.g. the total occurrences of each term
in each document, or a pre-computed impact score. In Score-at-
a-Time (SaaT) retrieval, these indexes are impact-ordered. Rather
than sorting on document ID, each postings list is organised into
segments — where each segment contains a list of documents with
the same impact scores.

In learned sparse retrieval (LSR), neural networks are used to
learn the term-document weights. Mackenzie et al. [31] remark that
the weight distributions produced by these networks are “somewhat
unusual”: they found there were reduced opportunities for pruning
and early termination. Accordingly, rather than using the more
traditional Document-at-a-Time (DaaT) approach to retrieval, it
appears that SaaT retrieval can be more efficient for LSR [31, 32].

Though much of the current landscape is concerned with dense
retrieval [20, 36], it is clear that sparse retrieval, particularly with
learned sparse representations, is increasingly relevant. We high-
light two recent methods for retrieval with LSR, both found to
significantly outperform other existing models: sersmic [7], and
Block-Max Pruning (BMP) [35]. Hybrid retrieval [4, 9, 47], combin-
ing dense and sparse methods, is also popular. Indeed, it seems to
be more effective than dense or sparse retrieval individually. So,
any improvements or discoveries made regarding sparse retrieval
will also have an impact on hybrid retrieval. However, we remark
that LSR is not always appropriate; well-labelled datasets are not
always available. Additionally, though there are many recent works
on approximate retrieval, such as sersmic, exhaustive retrieval is
still worth consideration.

JASSv2 and IOQP are the only well-known open-source SaaT
search engines. They are capable of both approximate and exhaus-
tive query processing, and are not limited to learned sparse repre-
sentations. In an effort to gain insights into the efficiency of these
two systems, so that we may further improve upon SaaT retrieval,
we reproduce the work of Mackenzie et al. [28] — performing effi-
ciency and effectiveness comparisons between JASSv2 and IOQP.
We confirm previous results that IOQP outperforms JASSv2. For
clarity, our setup is mostly different from previous works, though
we do use much of the same source code.

Alongside this reproducibility study, we provide a resource to
facilitate working with the c1rr [25] format which both JASSv2
and IOQP use for indexing. In our initial attempts to recreate the
experiments by Mackenzie et al. [28], we were unable to produce
consistent postings lists between JASSv2 and IOQP, which led to
vastly different results. In order to ensure a fair comparison it is
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necessary to use the same index, and that is the purpose of the cIrr
format — to ensure the documents are processed and ordered con-
sistently. However, to our knowledge, there is no readily available
tool to quantize a cIFF for use in impact-ordered systems. Thus, we
introduce our open-source ciff Tools — which eliminates differences
in ranking caused by different ranking functions and quantization
methods. Further details on this resource are in Section 3.

Though there are many differences in the two search engines,
detailed in Section 2.2, we take particular note of the compression
of the postings lists as compression is known to have a large effect
on the throughput of in-memory search engines [27]. We reproduce
further experiments in JASSv2 and IOQP using various compression
codecs, and find that we are able to minimise the gap in performance.
Importantly, we note that we end up with a different conclusion to
past findings by Trotman [39] and Trotman & Lilly [42]. Perhaps
this is due to developments in computer architectures over the
last ten years, or improvements in compiler vectorization. Indeed,
Trotman [39] found the performance of a codec to be platform
specific. Our experiments are also in situ, and use a greater range
of collections and models.

Finally, we provide a brief investigation into the effects of using
different hardware. We run all experiments on a second machine
and find that the query latency is dependent on both the search
engine and the CPU architecture (other than frequency).

Our main contributions in this work are as follows:

e We introduce our open-source ciff Tools to extend the use of
CIFF beyond document-ordered indexes to include impact-
ordered indexes. (Section 3)

e We reproduce previous experiments comparing the efficiency
and effectiveness of JASSv2 and IOQP, and confirm that IOQP
is more efficient (with default codecs). (Section 5)

e We present a novel comparison of the efficiency of JASSv2
and IOQP with different integer compression codecs, and
find we can reduce latency for both systems. (Section 6)

e We provide a brief investigation into the effects of different
hardware, and find that query latency is affected by the CPU
architecture differently in each search engine. (Section 7)

e We provide QMX in Rust and SIMD BP-128 in C++ through
foreign function interfaces.

Our initial findings indicate that IOQP generally outperforms
JASSv2. However, by changing the compression codec, we can
improve the performance of both engines whilst also reducing the
efficiency gap. Specifically, we found that both SIMD BP-128 and
QMX are faster than Elias Gamma SIMD VB. Additionally, we find
that IOQP and JASSv2 are differently affected by the hardware,
suggesting accumulator management may be sensitive to the CPU
architecture (other than frequency). Our experiments show that
for median latency, JASSv2 outperforms IOQP on the server-grade
CPU, while they are evenly matched on the desktop-grade. IOQP
has faster tail latency regardless of CPU.

2 Background

2.1 Score-at-a-Time / Impact-Ordered Indexes

The inverted index is a staple of modern information retrieval.
For each unique term, the index maintains a list of the documents
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it appears in with some additional information, usually term fre-
quency. Such a list is referred to as a postings list and is of the
form: < dy, frg, > < d2, fra, >, ..., < dn, fra, >, where d, is the
document ID and f; 4, is the term frequency for term t in document
dy,. Specifically, this is a document-ordered index.

Rather than storing term frequencies, what if we stored some
pre-computed score? Ranking functions such as BM25 [38] are
given as a sum of the contributions of each query term. Thus, if
we pre-compute each term-document contribution, we can simply
sum them at query time. Indeed, we refer to these pre-computed
weights as impact scores. Most ranking models used to create these
scores produce floating-point numbers, which are cumbersome to
compress. Thus, the impacts are quantized. This is normally done by
uniformly quantizing the full range of impacts into b bits, resulting
in integer scores in the range [0, 2% — 1] [1]. Further, if we organise
the document IDs into segments corresponding to each impact
score, we can sort the postings list by impact: < iy : dy, da, ..., dyp >,
where i; is an impact score corresponding to term t and d, . . ., d,
are the document IDs within the segment. This is used in an impact-
ordered index [1, 26].

In Score-at-a-Time retrieval [1], a query is processed in decreas-
ing impact order. This allows for effective results, even with early
termination. The process begins by determining which segments to
process, and in which order. That is, the postings lists for all query
terms are found, and the segments ordered by impact score. These
segments are then processed in this order, and the top-k documents
identified. Clearly, this search paradigm benefits from the structure
of an impact-ordered index.

2.2 JASSv2 & I0QP

JASSv2 [26, 40]! is a SaaT search engine in C++. Although it is
equipped to index some TREC collections, it is largely designed to
index from a CIFF as it is more focused on efficient/effective search
than indexing.

Currently, the default compression scheme for the postings lists
is Elias Gamma SIMD VB [42], henceforth referred to as EG VB.

For accumulator management, JASSv2 uses a slightly modified
version of the approach by Jia et al. [18]. The accumulator array,
containing one 16-bit accumulator per document, is modelled as a
two-dimensional array. This is then broken into a series of pages,
and a dirty-flag assigned for each page. Before writing to a particular
accumulator, the dirty-flag is checked. The page is only zeroed if
the flag is set, after which the flag is cleared and the accumulator
updated. Otherwise, it is known to be clean. The dirty-flags are
set to 1 at start of search, but the pages are only initialised when
needed. In JASSv2, the page size is always a whole power of 2.

During query processing, JASSv2 maintains a heap of the top-k
documents. When the current impact is added to the accumulator,
it is checked against the smallest score in the heap and, if it is
greater, a pointer to the accumulator is added. This means that the
algorithm is interruptible. For approximate query processing, i.e.
early termination, JASSv2 will process up to — but no more than —
p postings. If evaluating the next segment would put p over, it will
terminate. As segments are never partially processed, and segments

!https://github.com/andrewtrotman/JASSv2 (commit ef17edf)
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with lower impacts are typically longer, the algorithm will become
more accurate as the time budget increases [26].

IOQP [28]%, implemented in Rust, is another SaaT search engine.
It entirely relies on crIFF for indexing. SIMD BP-128 [22, 23] and
StreamVByte [24] are used for integer compression. Rather than
employing an accumulator management strategy as in JASSv2,
IOQP will simply zero the accumulator table at the start of each
query — relying on the Rust compiler to optimize the process [28].

Unlike JASSv2, IOQP does not keep track of the top-k documents
during query processing. Instead, for each chunk of accumulators, a
maximum-score is maintained. Once processing is terminated, the
first k accumulators are pushed into the min-heap, establishing an
entry threshold. Then, only chunks with a maximum score greater
than the current threshold are visited. Once all the chunks have
either been visited or skipped, the heap will contain the top-k
documents. Importantly, we note that early termination also differs
to JASSv2. That is, IOQP will always process at least p postings;
if the total postings processed is under p, it will still process the
next segment even if it would result in processing more than p
postings. In our experiments, we modified this behaviour so that it
is consistent with JASSv2.

2.3 Integer Compression & Postings Lists

Postings lists, whether impact-ordered or not, consist of document
IDs, i.e. integers. These are typically stored as compressed delta-
gaps (d-gaps), where the differences between document IDs are
used rather than the document IDs themselves. This allows for
better compression as it leads to smaller integers [42]. The choice
of compression codec used for the postings list has an impact on
the efficiency of search, and the effectiveness of indexing (i.e. com-
pression ratio, or index size). In our experiments, we encounter the
following codecs:

Elias Gamma SIMD VB [42] — In Elias Gamma [15], integers are
processed one-by-one and encoded in two parts. First, the base-2
magnitude M = |log,(x)] is stored in unary, then the integer itself
stored in binary.

In Elias Gamma SIMD VB, this is extended to work with 512-bit
SIMD words. First, the 512-bit word (i.e. payload) is broken into 16
X 32-bit “rows”. Then, 16 integers are read, the base-2 magnitude
(M) of the largest is computed, and this is written in unary to a
32-bit selector. From each row, a column of M bits is allocated and
the integers striped across them. This process continues until the
payload is full. The encoded sequence is stored with each 32-bit
selector followed by its corresponding 512-bit payload. We remark
that the result will be larger than with non-SIMD Elias Gamma
encoding, as the fixed-width columns result in wasted bits, but that
the decoding will be much faster due to the use of SIMD instructions.

Shorter lists use variable byte encoding as implemented in JASSv2;
integers are broken into 7-bit chunks and stored big endian, with
the high bit of each chunk acting as a termination flag.

StreamVByte [24] — StreamVByte is a variant of variable byte
encoding that takes advantage of SIMD instructions. Accordingly,
integers are considered in blocks of 4. To keep track of the size
of each integer, we assign a control byte to each block — with
each individual byte length using 2 bits. Then, since the number

Zhttps://github.com/JMMackenzie/IOQP (commit 00affoe)
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of compressed integers is recorded (N), the first f%l bytes of the
encoded sequence can be used to store them — followed by the
compressed integers. .

SIMD BP-128 [22, 23] — In binary packing, integers are grouped
into blocks and packed as tightly as possible in a variable number of
words, with the bit width (i.e. the number of bits needed to represent
the largest number in binary) stored as an extra byte. For SIMD
BP-128, blocks consist of 128 integers. For every 16 such blocks, a
16-byte selector (of 16 X 1-byte bit widths) is stored before the 16
blocks of 128 integers. The integers in each block are packed to the
width of the largest integer in said block.

Of course, there are usually leftover blocks. These are handled
separately. In each case, a selector byte containing the bit width
is written before each block of 128 encoded integers. Finally, any
remaining integers (less than 128) are compressed using a different
codec altogether. We use StreamVByte, though any form of variable
byte encoding is suitable.

QMX [39, 43] — Unlike the above codecs, QMX (Quantities Multi-
pliers eXtractors) targets both long and short postings lists. The idea
is to pack as many integers as possible into a single 128-bit word,
with the integers in each word being stored in the same number of
bits. These payloads are stored consecutively, with corresponding
bit widths specified by selectors stored after the encoded sequence.
Each selector is a single byte, where the first 4 bits describe the bit
packing, and the rest give a run-length. Originally, QMX stored a
variable byte encoded pointer (corresponding to the start of the
selectors) at the end of the encoded sequence. The implementation
we use, based on experiments by Trotman and Lin [43], removes
this pointer. Instead, the selectors are stored (and traversed) in re-
verse sequence, i.e. the final byte of the encoded sequence is the
first selector, and the second to last byte is the second.

2.4 Related Work

There is much recent work pertaining to dense retrieval [20, 36], and
though it does overcome the classic term mismatch problem it is not
without its limitations. For one, it is computationally expensive to
train dense models, and often an appropriate dataset is not available
for training. Further, dense models are not nearly as effective on
out-of-domain datasets, whereas sparse models are much more
robust [4, 9, 21]. To that end, we see many hybrid approaches,
which combine dense and sparse methods [4, 9, 47]. Indeed, many
tasks use a sparse model for a first ranking, followed by a dense
model [2]. Thus, the quality of sparse retrieval has a direct impact
on the overall ranking.

Learned sparse representations, which use LLMs to encode in-
put into sparse embeddings, are seeing a rise in popularity. With
this, and the incorporation of sparse methods into deep retrieval
pipelines, we are seeing much work on improving the efficiency of
sparse retrieval [5, 6, 32, 34, 35]. There is also an effort to improve
the effectiveness of the sparse embeddings themselves [16, 17],
though this is not the focus of our work.

Block-Max Pruning [35] (BMP) and sersmic [7] are two recent
approaches to learned sparse retrieval. BMP is a dynamic pruning
strategy operating in two main phases: block filtering, and evalua-
tion. In the first phase, they divide the document IDs into blocks,
noting the maximum impact score for each block — these scores
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are later used to calculate upper bounds when processing queries.
In the second phase, blocks are processed until a termination con-
dition is met. These blocks are accessed in decreasing order of the
upper bounds. For this strategy, a hybrid between an inverted and
forward index was used, and a top-k heap used for search. seismic
is a method for specifically approximate LSR retrieval. It also uses
an interesting design that employs both inverted and forward in-
dexes. Inverted lists are organised into blocks, each containing a
summary vector that allows for blocks to be easily skipped. When
a summary instead indicates that a block should be examined, the
forward index is used to retrieve the exact embeddings. Essentially,
SEISMIC introduces an exciting approach to early termination.

It has been shown that sersmic outperforms IOQP [7]. Thus, it
will also outperform JASSv2. However, we point out that sEismic
only uses approximate query processing, whereas we also examine
exhaustive query processing. Further, sEIsmic is not compatible
with cIFF, and only works with embeddings. That is, SE1sMmIc is cre-
ated for approximate retrieval over learned sparse representations.
Similarly, BMP also outperforms IOQP [35]. Though BMP does use
cIFF indexes, and can perform exhaustive processing, it is designed
specifically for LSR.

3 ciff Tools

The Common Index File Format (c1rF) [25], used by both JASSv2 and
IOQP, is a format for sharing indexes between search systems. CIFF
eliminates differences in rankings caused by different document
processing pipelines, and ensures the documents are consistently
ordered. However, it does not support comparisons between SaaT
search engines with impact-ordered indexes; it does not eliminate
differences caused by ranking functions or quantization methods.

As with variable byte encoding, referring to BM25 [38] can be
quite inconsistent due to the many variants [19, 44]. Yet, it has
been found that the different implementations of BM25 result in no
discernible difference in overall effectiveness [19, 44]. Lin et al. [25]
found that even so, there were still differences in ranking on a per-
topic basis, and that the use of their c1rr format greatly reduced such
differences. But what of efficiency? If different ranking functions are
used — whether BM25 or something else entirely — it will influence
the impact scores, and result in inconsistencies between postings
lists — particularly when combined with quantization. Thus, it is
still important to ensure the same ranking function is used.

Perhaps even more crucial, is the method of quantization used.
Even with the same ranking function and using the same number
of bits, a difference in methodology will result in different postings
lists — and thus a fair efficiency comparison cannot be made, as it
would involve comparing different indexes.

JASSv2 and IOQP both use ATIRE BM25 [41], but slightly dif-
ferent means of quantization. Thus, even starting from the same
CIFF, they produce vastly different results — which we encountered
in our preliminary comparisons of the two engines. To facilitate a
fairer comparison we eliminated differences in ranking, and thus
we present our open-source resource: ciff Tools®. This takes a CIFF
and quantizes it by converting term frequencies into impact scores;
eliminating any discrepancies caused by different ranking functions
and quantization methods.

3https://github.com/Axiomatic314/ciff Tools
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For ranking, as in JASSv2 and IOQP, we use ATIRE BM25:

N (k1 +1)-tfia
rg=) log|—]- -
! ,Z; g(dﬁ) ki(1=b+b- (L)) +tfg

vg

Where N is the number of documents in the collection, df; is the
number of documents containing term ¢, tf; 4 is the corresponding
frequency of the term in document d, and Ly and Ly are the
length of the document d and the average length of all documents,
respectively. Finally, the parameters k; and b are tunable.

However, JASSv2 and IOQP use different implementations of
uniform quantization [1]. Given as:

JASSv2:
Xtd —L
Bp= |2 b v
U-L
IOQP:
zb
iy = "xt,d . E}

where i; is the quantized impact corresponding to document d
and term ¢, x; 4 is the corresponding impact, b is the number of bits
to quantize the impact into, and U and L are the highest and lowest
impact scores in the collection, respectively.

Importantly, we see that these will give a different range of in-
tegers. JASSv2 outputs integers in the range [1,2° + 1], and IOQP
[0, 2”]. Thus, we use a slightly modified version of uniform quanti-
zation [1]. Our implementation ensures impact scores are kept in
the range [1, 2% — 1] — avoiding overflow while ensuring all terms
have a contribution. This is defined as:

.o b Xtd—L
zt_{((z —2)-—U_L )+1J

We have also included a secondary function of producing a
human-readable dump of a cIFF, quantized or not.

To demonstrate the benefits of using our solution, let us con-
sider a small example: the query “New Fuel Sources” on the TREC
Robust04 collection. Without using ciff Tools, we find that the top
10 results are entirely different between JASSv2 and IOQP (even
considering tiebreakers). In particular, the document at rank 1 for
JASSv2 is at rank 10 for IOQP. With the use of ciff Tools, the re-
sults become more consistent. The top 10 results for both search
engines contain the same documents, and any differences are due
to tiebreaking.

4 Experimental Setup
4.1 The Pipeline

We use a variety of tools to prepare our indexes for our experi-
ments: Anserini [46], cIFF [25], ciff Tools, and Faster Graph Bisec-
tion (FGB) [30]. With the exception of ciff Tools, we follow the
pipeline used by Mackenzie et al. [28].

Anserini is a Java software toolkit built around the open source
search engine Lucene. It focuses on reproducibility, with many
guides for working with standard IR collections — including the
majority of those used in our experiments.

CIFF is a binary data exchange format for indexes using protocol
buffers. Provided in Java, the namesake repo* takes in indexes

“https://github.com/osirrc/ciff/tree/master
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produced by Anserini, and gives a cIFF index that can be ingested
by a compatible search engine (e.g. JASSv2 or IOQP).

Our ciff Tools, as detailed in Section 3, is a collection of Go tools
for working with the cIrr format. Notably, it provides a means
of producing quantized cIFF indexes — ensuring that scoring and
quantization remains consistent between search engines.

FGB expands on the bipartite graph partitioning by Dhulipala
et al. [14], making several changes to reduce computation time
and workload. This tool, offered in Rust, topically reorders the
documents in a c1FF, which results in smaller indexes and faster
query throughput [29].

Our indexing process is as follows:

(1) Index with Anserini. We use the optimize flag to combine
into a single index segment for cIFF compatibility. It is also
crucial to use Anserini’s DumpAnalyzedQueries tool to apply
consistent processing (e.g. stemming) on the queries.

(2) Convert the Anserini index into a CIFF.

(3) Quantize the crrr with ciff Tools.

(4) Reorder the quantized cIrF using FGB. We used the default
gain function.

(5) Input the reordered, quantized cIFr into JASSv2/IOQP.

We note that in the experiments by Mackenzie et al. [28], Step 3
was not used. Indeed, to our knowledge, there is no readily available
tool to produce a quantized cIFF, other than our ciff Tools.

4.2 Document Collections

Following the work by Mackenzie et al. [28], we utilise the Gov2
corpus and the MSMARCO passage collection in our experiments.
We further extend these comparisons by including the Robust04
collection, allowing us to see the efficiency of these systems with
small collections in addition to the large corpus (Gov2) and sparse
indexes (MSMARCO).

Robust04 is a small collection of 522, 565 documents from TREC.
Queries are from the TREC 2004 robust track [45], and effectiveness
is measured in MAP. We use the default ATIRE BM25 values of
ki =09and b =0.4.

Gov2 contains 25 million documents from a crawl of the .gov
domain. We use topics 701-850 from the TREC terabyte tracks [8,
10, 11], with MAP as our effectiveness measure. Again, we use
ATIRE BM25 k; = 0.9 and b = 0.4

Finally, we use the MSMARCO passage collection, consisting
of 8.8 million passages. We use a mix of traditional and neural-
augmented models: ATIRE BM25 on the original index (BM25),
ATIRE BM25 on a doc2query-T5 expanded index (BM25-T5) [37],
and ATIRE BM25 on a DeepCT weighted index (DeepCT) [12, 13].
As well as some learned sparse models: DeepImpact [33], uniCOIL-
TILDE [48], and SPLADEv2 [16]. To keep our experiments consis-
tent with prior work, we use the same ATIRE BM25 parameters as
Mackenzie et al. [28]. Aside from DeepCT, the MSMARCO collec-
tions used k; = 0.82 and b = 0.68. As the parameters for DeepCT
were not given, we followed the recommendations from the DeepCT
project®: k; = 10 and b = 0.9. We used the dev queries [3] for all
models, reporting effectiveness as RR@10.

Shttps://github.com/AdeDZY/DeepCT
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4.3 General Implementation Details / Setup

All experiments were conducted single-threaded with in-memory
indexes on an otherwise idle machine running Linux Mint 21 and
equipped with an Intel i7-9800X (3.80 GHz) and 128GB RAM. We ran
each experiment 9 times to a depth of k = 1000. The mean, median,
and tail latencies were taken over each set of 9 runs. Results were
obtained for both exhaustive and approximate query processing. In
the case of approximate processing, we set p to 10% of the collection
size. We used 8-bit quantization to produce our indexes, and 16-bit
accumulators for search. Further, we note that timing for JASSv2
was modified to ignore the cost of parsing query terms, to stay
consistent with the timing for IOQP, and thus the work done by
Mackenzie et al. [28]. Finally, we implemented JASSv2 termination
logic into IOQP — so both engines will process at most p postings.

Throughout this project we used rustc 1.87.0-nightly (2025-03-
26) to compile our Rust, and g++ 12.3.0 to compile our C++. We
used -O3 optimizations.

5 JASSv2 vs IOQP

In this experiment, we reproduce the efficiency and effectiveness
experiments done by Mackenzie et al. [28] on JASSv2 and IOQP.
For each collection we report mean, median, and 99th percentile
latency, along with the appropriate effectiveness measure. Note
that throughout this section, as with the previous study, there is no
distinguishable difference in effectiveness between the two search
engines.

In Table 1, we present the results of searching on the Robust04 col-
lection with exhaustive and approximate query processing. Mean,
median, and tail latency are nearly indistinguishable on this scale.

Table 2 shows the efficiency for Gov2. For mean and median
latency there is little difference between the two, though JASSv2
has noticeably higher tail latency.

Finally, in Table 3, we observe the efficiency across the various
MSMARCO models. For both exhaustive and approximate process-
ing, IOQP completely outperforms JASSv2.

To determine the statistical significance of our results, we em-
ployed the t-test for independent samples (not assuming equal
variance) and used a threshold of 0.05. We found that IOQP showed
a statistically significant improvement over JASSv2 across all the
vast majority of both exhaustive and approximate processing. The
exceptions being mean and median latency for approximate Gov2
and exhaustive MSMARCO-DeepCT.

These results are as expected. The trends we observe with both
Gov2 and MSMARCO are mostly consistent with the findings of
Mackenzie et al. [28] across both exhaustive and approximate pro-
cessing, with one exception — approximate BM25-T5 on MSMARCO.
In the aforementioned work, they discovered uncharacteristically
high tail latency for IOQP on this collection, even suggesting IOQP
may benefit from adopting JASSv2 termination logic [28]. Indeed,
we found that this considerably improved IOQP’s performance.

6 Compression

In Section 2.2, we highlighted several differences between JASSv2
and IOQP — notably integer compression codecs, and accumulator
management strategies. In the interest of finding the main cause
of difference in performance, we focus now on compression — as
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Table 1: Mean, median, and 99th percentile latency (ms) and MAP scores for JASSv2 and IOQP on the Robust04 collection.
Percentage improvements over JASSv2 are given in parentheses. T indicates statistically significant improvement over other

scores.

Model JASSv2 I0QP
Mean P5() ng MAP Mean P50 ng MAP
Exhaustive
BM25 045 043 119 0253 038" (15.4) 0.387(12.9) 0.86' (27.7) 0.253(0.0)
Approximate
BM25 038 042 060 0249 0347 (10.7) 038" (9.6) 0.487 (19.1) 0.249 (0.0)

Table 2: Mean, median, and 99th percentile latency (ms) and MAP scores for JASSv2 and IOQP on the Gov2 collection. Percentage
improvements over JASSv2 are given in parentheses. 1 indicates statistically significant improvement over other scores.

Model JASSV2 10QP
Mean P50 P()() MAP Mean P50 P()() MAP
Exhaustive
BM25 153 118 527 0305 1407 (85) 116" (2.2) 40.17(23.8) 0.305(0.0)
Approximate
BM25 92 1017 258 0297 9.2 (-0.1) 102 (-1.3) 14.6" (43.4) 0.297 (0.0)

Table 3: Mean, median, and 99th percentile latency (ms) and RR@10 scores for JASSv2 and IOQP on the MSMARCO passage
collection. Percentage improvements over JASSv2 are given in parentheses. ¥ indicates statistically significant improvement

over other scores.

Model JASSv2 I0QP
Mean P50 ng RR Mean P50 P99 RR
Exhaustive
BM25 8.2 6.7 282  0.188 6.6" (19.6) 557 (18.0)  20.6" (26.8) 0.188 (-0.1)
BM25-T5 33.4 187 4814 0274 1647 (50.8) 1587 (155) 44.47 (90.8) 0.274 (0.0)
DeepCT 3.2 2.9 9.1  0.243 31 (1.6) 2.8 (2.3) 8.17 (10.5) 0.244 (0.0)
DeepImpact 23.6 25.0 63.7 0327 18.07(23.9) 18.47(26.6) 4937 (22.6) 0.327 (0.0)
uniCOIL-TILDE ~ 58.2 487 1973 0350 4487 (23.1) 3757 (22.9) 15117 (23.4) 0.350 (0.0)
SPLADEv2 231.2 2279 4435 0369 18597 (19.6) 182.87 (19.8) 359.07 (19.1) 0.368 (0.2)
Approximate
BM25 5.7 6.4 82  0.187 5.0" (12.2) 5.6 (13.4) 7.0 (13.7)  0.187 (-0.1)
BM25-T5 438 49 8.1 0.272 3.87 (19.6) 4.0" (17.2) 6.97 (61.6) 0.273 (0.1)
DeepCT 3.2 2.9 78 0.243 3.07 (4.9) 2.87 (4.6) 6.87 (12.9) 0243 (0.0
Deeplmpact 6.1 6.5 83  0.319 5.27 (15.9) 5.47 (16.9) 717 (14.9) 0318 (-0.1)
uniCOIL-TILDE 7.2 73 8.8 0335 6.4" (11.3) 6.4" (12.4) 83" (6.0) 0336 (0.2)
SPLADEv2 7.7 7.7 9.2 0.319 6.5" (15.2) 6.5" (15.6) 8.2" (11.2)  0.318 (-0.5)

it is known to have a large effect on throughput [27]. To that end,
we perform a comparison on the efficiency of JASSv2 and IOQP
with different integer compression codecs. In doing so, we partially

reproduce previous work by Trotman [39] and Trotman & Lily [42].

Note we use the same experimental setup as in Section 5.
Trotman [39] performed comparisons between QMX and various
SIMD codecs, namely SIMD BP-128. He found that QMX was more
efficient and more space effective than SIMD BP-128. Trotman
& Lilly [42] extended the Elias algorithms to benefit from SIMD
instructions, with comparisons between Elias Gamma SIMD VB and

QOMX. They found that Elias Gamma SIMD VB was more efficient,
but less effective than QMX.

In our experiments, we recreate both of these comparisons. We
compare the performance of Elias Gamma SIMD VB, QMX, and
SIMD BP-128 within JASSv2, and QMX and SIMD BP-128 within
IOQP. By replicating these experiments in situ — on more modern
hardware, across two different search engines, and across more
document collections/models — we hope to gain some new insights
regarding their performance.

By default, JASSv2 uses Elias Gamma SIMD VB, though previ-
ously the default was QMX [26, 40]. IOQP defaults to SIMD BP-128
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Table 4: Index Sizes for JASSv2 and IOQP with different post-
ings list compression. Reported in MB. Percentage differ-
ences to EGVB are given in parentheses.

uniCOIL-TILDE 1869 1950 (—0.04) 1936 (—0.04
SPLADEv2

2032 (—0.09) 2019 (—0.08)
4043 (—0.07) 4092 (—0.09)

Model JASSv2 10QP
EG VB QMX BP-128 QMX BP-128
Robust04
BM25 199 212 (=0.07) 204 (=0.03) 254 (=0.28) 246 (—0.24)
Gov2
BM25 9054 9287 (~0.03) 9451 (~0.04) 11331 (—0.25) 11503 (—0.27)
MSMARCO
BM25 688 696 (-0.01) 679 (0.01) 845 (—0.23) 828 (—0.20)
BM25-T5 907 931 (—0.03) 934 (-0.03) 1101 (-0.21) 1104 (—0.22)
DeepCT 494 500 (—0.01) 478 (0.03) 621 (=0.26) 599 (—0.21)
Deeplmpact 1422 1435 (—0.01) 1392 (0.02) 1643 (—0.16) 1600 (~0.13)
)
)

3770 3959 (=0.05) 4008 (—0.06

(and StreamVByte on smaller blocks). Accordingly, we used the
same experimental setup as in Section 5, but with the addition of
JASSv2 using SIMD BP-128, and IOQP using QMX. We did not put
Elias Gamma SIMD VB in IOQP, as we found QMX to be more
worthwhile in our preliminary experiments.

For consistency, we used the original implementations of each
algorithm from each search engine, i.e. rather than implementing
QMX in Rust by hand, or SIMD BP-128 and StreamVByte in C++,
we used zero-overhead gateways in the form of foreign function
interfaces. Both Rust and C++ compile to native, and are linked
together into the final executables.

We will briefly touch on the space effectiveness of the various
compression schemes, demonstrated by their corresponding index
sizes seen in Table 4. For the JASSv2 indexes, we see that all three
codecs are reasonably close over all of the collections. The biggest
difference between sizes is on the Gov2 collection with about 400MB
between Elias Gamma SIMD VB and SIMD BP-128. We observe a
similar trend for the IOQP indexes, again noting that the largest
difference in size is over Gov2 (about 200MB). Finally, we note that
all of the JASSv2 indexes are smaller than their IOQP counterparts.

To be consistent with prior work, we previously reported mean,
median, and 99th percentile latency as well as effectiveness for
our search results. For clarity, we only report median and 99th
percentile latency. These are more indicative of performance than
the mean latency, and the effectiveness is unaffected by the codecs.

We begin with Table 5, which shows the results of searching on
the Robust04 collection for exhaustive and approximate query pro-
cessing. Overall, the performance between the two search engines,
and between the different compression schemes was very similar —
almost unnoticeable on the scale of milliseconds.

Moving to our largest collection, Table 6 contains the results
of searching on Gov2. Here, we see some more variation in per-
formance. For median latency, JASSv2 (particularly with BP-128)
performed better than IOQP for both exhaustive and approximate
processing. As for tail latency, IOQP (particularly with BP-128)
outperformed JASSv2 for approximate processing.

Finally, in Table 7, we examine the results of searching on the MS-
MARCO passage collection across various ranking models. For ex-
haustive and approximate processing, JASSv2 and IOQP are largely
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similar. The exception being exhaustive BM25-T5, where JASSv2
has much larger tail latency regardless of codec. We also notice
that within each search engine, there is not much of a difference in
performance between QMX and SIMD BP-128.

To determine if any of our results were statistically significant,
we performed the Tukey HSD test with a p-value of 0.05. Our in-
tention was to determine, for each collection and query mode, the
best JASSv2 codec and then the best IOQP codec, to then compare
with each other. However, for JASSv2, we found that neither SIMD
BP-128 nor QMX were better overall — though they were better
than Elias Gamma VB. For IOQP, while we did find that QMX was
generally better for tail latency, we could not make the same call
for median latency. Thus, our JASSv2 vs IOQP comparisons were
performed across all four variations with SIMD BP-128 and QMX.
For median latency, we found that JASSv2 and IOQP were evenly
matched. Though we were unable to determine if QMX or SIMD
BP-128 was better as it differed between collections. Interestingly,
we remark that IOQP typically performed better with QMX (as
taken from JASSv2) rather than its included codecs. For tail latency,
we found that IOQP largely outperformed JASSv2, with a few ex-
ceptions, e.g. SPLADEv2 and unicoil-TILDE. Although it is clear
that IOQP is overall better for tail latency, we are still unable to
determine if QMX or SIMD BP-128 is more efficient overall.

In previous work by Trotman [39], they found QMX to largely
outperform other SIMD codecs — including SIMD BP-128. We found
little difference in performance between the two. In later work by
Trotman & Lilly [42], they found that Elias Delta SIMD had a large
space effectiveness loss on Gov2 compared to QMX, but a gain in
efficiency — which we did not find, hence our inclusion of only
QMX. Moreover, they report their Elias Gamma SIMD as being
more efficient and less space effective than QMX. However, this
too no longer appears to be the case. Perhaps these results are due
to improvements in hardware, or differences in compilers. As an
example, Trotman [39] found the performance of a codec to be
platform specific. Another possibility is our use of Faster Graph
Bisection; this was not employed in either of their works.

We performed this experiment with the intention of finding the
main cause of performance discrepancy between JASSv2 and IOQP.
To that end, we have been somewhat successful. By replacing Elias
Gamma SIMD VB with either QMX or SIMD BP-128, JASSv2 and
10QP perform similarly.

7 CPU

Up to this point, we have used an Intel i7-9800X (3.80 GHz) CPU.
However, Mackenzie et al. [28] used dual Intel Xeon Gold 6144
CPUs. Thus, to investigate the impact of using a desktop-grade
CPU instead of a server-grade, we introduce a second machine
— equipped with an Intel Xeon W-2195 (2.30 GHz) and 256GB of
RAM. To keep things consistent, we use the same OS and compiler
versions as before.

Within each search engine, across all codecs, modes, and col-
lections, we found that using the Xeon generally decreased query
latency. More than that, we wanted to determine if the performance
gap changed. To demonstrate this idea we present, in Figure 1, the
difference in median latency between JASSv2 and IOQP on the
different CPUs. For both approximate and exhaustive processing,
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Table 5: Median and 99th percentile latency (ms) for JASSv2 and IOQP on the Robust04 collection. Percentage improvements
over EGVB are given in parentheses. T indicates statistically significant improvement over other scores.

JASSv2 10QP
Model EG VB OMX BP-128 OMX BP-128
Psp Pyy Psp Pyy Psp Pyy Psp Pyy Psp Pyy
Exhaustive
BM25 043 119 037 (141) 092 (23.1) 041 (58) 1.03 (13.8) 0.367(18.0) 093 (21.9) 038 (12.9) 0.867(27.7)
Approximate
BM25 042 060 037 (10.6) 054 (9.2) 038 (7.7) 058 (35) 0.357(15.4) 0.457(25.6) 038 (9.6) 0.487(19.1)

Table 6: Median and 99th percentile latency (ms) for JASSv2 and IOQP on the Gov2 collection. Percentage improvements over
EGVB are given in parentheses. { indicates statistically significant improvement over other scores.

JASSv2 10QP
Model EG VB QMX BP-128 QMX BP-128
Psp Pyy Psp Pyy Psp Pyy Psp Poy Pso Pyy
Exhaustive
BM25 118 527 98 (17.3) 464 (11.8) 9.67(19.2) 4027(23.6) 115 (3.0) 515 (23) 116 (22) 40.1%(23.8)
Approximate
BM25 101 258 85 (161) 23.6 (85) 837(18.4) 199 (228) 105 (=3.6) 140 (45.8) 102 (—=1.3) 14.67(43.4)

Table 7: Median and 99th percentile latency (ms) for JASSv2 and IOQP on the MSMARCO passage collection. Percentage
improvement over EGVB given in parentheses. T indicates statistically significant improvement other over scores.

JASSv2 10QpP
Model EG VB OMX BP-128 OMX BP-128
Pso Poy Pso Pyg Pso Pog Psp Py Pso Pyy
Exhaustive
BM25 67 282 56 (165) 225 (203) 56 (15.8) 224 (204) 54 (18.6) 220 (220) 55 (180)  20.67(26.8)
BM25-T5 187 4814 166 (113) 4810 (0.1) 14.67(22.0) 5050( 49) 276 (-47.8) 656 (86.4) 158 (155)  44.47(90.8)
DeepCT 2.9 9.1 25 (134) 76 (165) 26 (9.2) 8 (143) 25 (120) 717(21.4) 28 (23) 8.1 (10.5)
Deeplmpact 250 637 198 (21.0) 515 (19.1)  19.2 (23.2) 501 (213) 197 (21.1) 487 (235) 184 (26.6) 493 (22.6)
wniCOIL-TILDE 487 1973 412 (153) 168.1 (14.8) 417 (143) 1698 (13.9) 39.1 (19.7) 1627 (17.6) 37.5 (22.9) 151.1 (23.4)
SPLADEv2 2279 4435 188.1 (17.5) 3763 (15.2) 1817 (20.3) 354.6 (20.1) 1842 (19.2) 3761 (15.2) 182.8 (19.8) 359.0 (19.1)
Approximate
BM25 6.4 8.2 54 (160) 7.0 (143) 53 (167) 69 (156) 53 (166)  6.61(18.9) 56 (134) 7.0 (13.7)
BM25-T5 49 181 39 (19.1) 172 (49) 40 (182) 177 (21) 40 (178) 6.07(66.7) 40 (17.2) 6.9 (61.6)
DeepCT 2.9 7.8 26 (11.9) 67 (13.8) 2.6 (10.1) 67 (142) 2.6 (101)  6.47(18.0) 28 (46) 68 (12.9)
DeeplImpact 6.5 8.3 55 (143) 7.7 (7.3) 53 (180) 72 (142) 52 (188)  6.77(19.6) 54 (169) 7.1 (14.9)
wniCOIL-TILDE 7.3 8.8 6.2 (149) 7.6 (13.5) 63 (144) 77 (129 59 (192) 7.6 (13.7) 64 (124) 83 (6.0)
SPLADEv2 7.7 9.2 63 (185) 7.7 (160) 6.6 (143) 83 (10.0) 61 (215) 7.6 (17.4) 65 (156) 8.2 (11.2)

we see that JASSv2 is largely outperforming IOQP on the Xeon.
We acknowledge that the size of the difference between JASSv2
and IOQP is relative to the CPU frequency, and that we have not
normalised by this.

To determine if there was any statistical significance to our re-
sults, we performed two-way ANOVA between JASSv2 and IOQP.
We used QMX for both engines (the better codec for IOQP), and
separately investigated each collection across both exhaustive and
approximate processing. Our aim was to determine if the search

engine and CPU affected query latency. For exhaustive and approx-
imate processing, we found that, except for exhaustive SPLADEv2,
there was an interaction between search engine and CPU. That is
to say, query latency is affected by hardware — but the effects are
not equal across search engines. Although we found improved per-
formance on the Xeon overall, IOQP was less affected than JASSv2.
Indeed, a t-test between JASSv2 and IOQP showed that on collec-
tions like DeepCT and DeepImpact, where IOQP had previously
significantly outperformed JASSv2 for tail latency, we now find
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JASSv2 outperforms. Overall, we found JASSv2 was faster than
IOQP on the Xeon.

Our findings highlight the importance of reporting hardware
specifications. On the desktop-grade i7 IOQP was the better choice,
but for the server-grade Xeon it was JASSv2. Anecdotally, we point
out the opposite is true for indexing from a c1rr; IOQP needs server-
level resources (i.e. a considerable amount of RAM) while JASSv2
can index on a desktop.
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Figure 1: Actual difference in median latency (us) between
JASSv2 and IOQP using QMX. Negative values favour JASSv2.
Collections have been ordered by median number of postings
processed.

8 Limitations & Pitfalls

In the interest of reproducibility, the driving force behind this work,
we detail some difficulties we encountered. Our first pitfall occurred
early in the project; we could not get the consistent search results
we needed for fair efficiency comparisons. This led to us developing
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our ciff Tools, as detailed in Section 3. We also mention the impor-
tance of query standardisation. For Anserini, it is crucial to use the
DumpAnalyzedQueries tool to ensure query terms are processed in
the same way as the index. Otherwise, there is a mismatch between
the query terms and the index terms. Finally, we note that JASSv2
counts documents from 1, but IOQP starts from 0. Though this
seems unremarkable, it caused some issues when implementing
SIMD BP-128 into JASSv2.

We also address some of the limitations regarding our findings.
We did not do multi-threaded throughput tests, instead focusing on
compression codecs. But, there are other aspects of the engines that
could be influencing the result, such as accumulator management
strategies. We could have extended our experiments to collections
such as the ClueWeb; we leave this to future work. Although we did
not use the same versions of JASSv2 and IOQP as Mackenzie et al.
[28], we believe that the minimal changes made since the release
of said paper do not invalidate our findings.

9 Insights & Conclusions

In this work, we performed efficiency comparisons between JASSv2
and IOQP to reproduce work by Mackenzie et al. [28]. We also
experimented with the compression codecs used by these systems,
namely Elias Gamma SIMD VB, QMX, and SIMD BP-128 — thus
replicating work by Trotman [39] and Trotman & Lilly [42]. Finally,
we concluded a brief investigation into the effect of the CPU. This
has led to us gaining several insights into Score-at-a-Time retrieval:

o Different implementations often interpret parameters like p
differently. For a more like-to-like comparison, we kept the
treatment of p consistent between the two systems. Similarly,
we introduced our ciff Tools.

Compression codec has a significant effect on throughput.

Faster Graph Bisection likely has an effect on the space ef-

fectiveness and efficiency of compression codecs.

e Query latency is affected by CPU architecture differently
in each implementation, indicating that it is dependent on
more than just CPU frequency. We believe this may be due
to differences in accumulator management.

Overall, we found that JASSv2 typically had faster median latency
than IOQP with a server-grade CPU, but they were evenly matched
on a desktop-grade. For tail latency, IOQP was faster regardless.
We found that Elias Gamma SIMD VB was more space effective,
but less efficient than the other codecs. Although QMX and SIMD
BP-128 were similar across the datasets, we discovered that IOQP
particularly benefitted from QMX. Thus, we recommend swapping
both systems to QMX. We also suggest that IOQP adopt JASSv2
termination logic, as we found it decreased latency.

We provide QMX in Rust and SIMD BP-128/StreamVByte in
C++ through zero-overhead gateways between Rust and C++, the
code for which has been made publicly available®. Further, in the
interest of enabling ease of reproducibility, we provide our open-
source ciff Tools to facilitate working with cIrF files. Currently, this
resource provides a user with a means of quantizing a CIFF index,
or printing a human-readable dump of a cIFF index. It is our hope

®https://github.com/Axiomatic314/qmx_compression
https://github.com/Axiomatic314/bp_compression
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that our work encourages further developments in Score-at-a-Time
retrieval.

In future work, we will investigate accumulator management
strategies. Preliminary experiments suggest this has a considerable
effect on latency. In particular, the performance of the accumulator
management may be CPU-sensitive — possibly due to different
vectorization or cache sizes. Alongside this, as JASSv2 has been
demonstrated to benefit from 8-bit accumulators [32], we will con-
sider both 8-bit and 16-bit accumulators. Finally, it is evident that
JASSv2 would benefit from an investigation into its tail latency.
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