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ABSTRACT
Dense retrieval is an effective method to enable table search for
downstream tasks, but the process of serializing, embedding, and
indexing tables can be costly. This cost of producing tables em-
beddings is exacerbated in large data lakes, where many tables
may never be queried but still require expensive document-side
encoding. In this work, we examine the trade-offs between exist-
ing retrieval methods, with a focus on reducing the startup cost of
building a dense index. Using the TARGET benchmark, we compare
sparse and dense retrieval with different cost profiles, and light-
weight adapters that map cheap table embeddings into the latent
space of a stronger model. We find that existing embedding models
do not offer a smooth cost/quality frontier, and a simple adapter
model to serve as a first-stage retriever shows promising results.
However, we also find that training such an adapter to generalize to
unseen table distributions is much harder. Our findings suggest that
there is no simple way to avoid the startup cost of dense retrieval,
but that a calibrated cheap representation can help defer some of
the expensive embedding work until query time.
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1 INTRODUCTION
As large language models (LLMs) are applied to tabular data tasks
such as question answering, fact verification, data analysis, and text-
to-SQL, it is crucial to have high-quality retrieval of relevant tables
to provide useful context. This is especially important for enterprise
data lakes, which may contain a large number of candidate tables
to consider for retrieval. A table can be represented through its
schema, cell values, rows, columns, metadata, sampled views, or
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summaries, and each choice changes both the retrieval signal and
the amount of document-side work required before the system can
serve queries.

Recent work has shown that retrieval quality matters for gen-
erative tasks over tables. TARGET [6] benchmarks table retrieval
for downstream generation tasks such as question answering, fact
verification, and text-to-SQL, and finds that sparse retrieval is gen-
erally weak while dense retrieval over table content is a strong
default. This result clarifies the quality side of the problem. But it
also raises a question about the cost of building such a retrieval
system – how good is good enough? Typically, larger models with
more complex internal representations yield better retrieval quality.
However, these larger models also require more time and computa-
tional resources. Thus, it is not entirely clear how practitioners can
control the cost/quality trade-off when building a dense retrieval
system, and whether this trade-off can be managed gracefully.

In this work, we focus on the start-up cost of building a dense
retrieval system for tabular data. This cost is a combination of multi-
ple steps. A table must be serialized, passed through an embedding
model, and inserted into an approximate nearest neighbor (ANN)
index. For a small benchmark corpus, this cost may be trivial. How-
ever, for a large data lake with millions of tables, this cost can be
prohibitive: every table may need to be embedded before the work-
load is known, even though only a small fraction may be relevant to
early user queries. The cost is amplified by table-specific represen-
tation choices, since a system may choose to embed full tables, row
subsets, column subsets, metadata, summaries, or multiple sampled
views of the same underlying table. In order to understand how to
manage this cost, we break down the problem into three research
questions. First, can sparse retrieval replace dense retrieval for a
meaningful subset of table queries, allowing the system to avoid
dense indexing for those cases? Second, do existing embedding
models provide a useful cost/quality frontier, so that a user may
simply choose a cheaper model when indexing time is limited?
Third, can we learn an intermediate representation that uses a
cheap embedder to approximate the neighborhood structure of a
stronger, more expensive embedder?

We answer these questions using the TARGET benchmark and
additional distractor tables sampled from NQTables [4]. Our analy-
sis shows that BM25 rarely retrieves tables that a strong densemodel
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misses, which limits its usefulness as a substitute for dense retrieval.
We then compare a range of embedding models and find that model
choice alone does not provide a graceful trade-off: cheaper models
are much faster but substantially weaker, while the stronger models
require much larger indexing times. Finally, we train lightweight
adapters from MiniLM table embeddings into STELLA’s embedding
space. These adapters do not replace the expensive model, but they
are useful as first-stage retrievers that identify which tables should
be embedded by the expensive model next.

Overall, our findings suggest that the central optimization prob-
lem is not whether dense table retrieval is necessary, but how to
schedule dense document-side work. Sparse methods do not pro-
vide enough coverage, and current embedders do not offer enough
granularity in the cost/quality trade-off. A calibrated cheap rep-
resentation, however, can help defer expensive embedding calls
until they are likely to matter. This points toward retrieval systems
that are dense by default, but budget-aware in how they build and
expand their indexes.

2 RELATEDWORK
Table retrieval. Table retrieval covers several related but distinct
problems. In data management, the query is often a table, and the
goal is to find tables that can be joined, unioned, or used for aug-
mentation. Semantic table union search, such as SANTOS, retrieves
tables whose schemas, values, and inter-column relationships make
them unionable [7]. Table augmentation systems retrieve joinable
candidates before merging them into a downstream prediction
task [2]. These settings share our data-lake motivation, but their
retrieval signal is table-to-table compatibility rather than a natural-
language information need.

Natural-language table retrieval is closer to retrieval-augmented
QA, fact verification, and text-to-SQL: the query is a question, claim,
or task description, and the retriever must identify evidence tables
for a downstream model. Open-domain table QA introduced dense
retrievers for answer-bearing tables [4], while FeTaQA and Tab-
Fact stress generative QA and fact verification over tables [3, 11].
TARGET builds on this line and shows that dense embedders over
table and row serializations are generally stronger than sparse re-
trieval under weak metadata [6]. This result motivates our question:
if dense representations are the strongest default, how much dense
document-side work must be paid before the first query can be served?

Distillation and query generation. Dense retriever distilla-
tion transfers behavior from a stronger retriever to a cheaper model
or representation. LEAD, for example, studies feature-based distil-
lation and argues that direct feature matching should be guided
by retrieval behavior [15]. This is relevant to our projection and
adapter experiments, but much of the literature assumes training
queries or teacher rankings, and optimizes final quality or online
latency rather than cold-start document encoding cost.

Query generation improves retrieval without manually labeled
target queries. Document expansion predicts likely queries for
each document and appends them to the indexed text [12]; GPL
generates synthetic queries and pseudo-labels for unsupervised
dense-retriever adaptation [17]; and table-specific work generates
questions from partial table views [9]. These methods inform our

synthetic-query experiments, but their usefulness depends on do-
main alignment and negative-label quality. Our target constraint is
different: reducing dense document-side work before the workload
is known.

3 TASK SETUP
We study the cold-start setting for natural-language table retrieval,
where our task is take a natural language query and retrieve relevant
tables. Given a collection of tables T and a set of queries Q, the
system must build an index over T before it can perform retrieval.
Each table 𝑡 ∈ T is first converted into text using a serialization
function 𝑠 (𝑡), encoded by an embedding model 𝑓 , and then inserted
into an approximate nearest neighbor (ANN) index. At query time,
a query 𝑞 is encoded by the same model and the index returns the
most relevant tables, ranked by the cosine similarity between 𝑓 (𝑞)
and 𝑓 (𝑠 (𝑡)). In our experiments, we use markdown syntax of tables
as the default serialization scheme with a single view per table
(sampling up to 100 rows), following the Dense Table Embedding
baseline from TARGET.

We evaluate retrieval systems along two axes. The first is re-
trieval quality, measured by Recall@10 – a query is successful if
at least one gold table appears among the top 10 retrieved tables.
Following the TARGET benchmark, we compute the average Re-
call@10 for each benchmark to get the overall score. The second
axis is index creation time, which captures the amount of document-
side work required before the system can serve queries. This cost
can be decomposed as

𝑇index =𝑇serialize +𝑇embed +𝑇ANN,

where 𝑇serialize is the time to construct table text, 𝑇embed is the em-
bedding model forward-pass time over those texts, and 𝑇ANN is
the time to build or update the ANN index. In this work, we focus
primarily on 𝑇embed, which can be controlled by picking different
model sizes, unlike the near-static cost of 𝑇serialize and 𝑇ANN.

Themain question wewish to answer is: Is it possible to maintain
reasonable Recall@10 while reducing 𝑇embed? In other words, can
we find a method that allows us to serve queries with high recall
without having to pay the full cost of embedding every table before
the first query is served? This is especially important in large data
lake settings, where the number of tables can be very large and the
workload may be unknown at startup.

A sparse methodmay reduce𝑇embed by avoiding dense encodings,
a smaller embedder may reduce the forward-pass cost, and a learned
surrogate model may defer calls to a stronger embedder until the
system has narrowed the candidate set. The following experiments
test these possibilities under the same retrieval benchmark and
runtime environment.

4 EXPERIMENTS AND ANALYSIS
To better understand howwe can gracefully control the cost/quality
trade-off, we break down the problem into three research questions,
leading up to our prototype implementation
RQ1. Can sparse retrieval replace dense retrieval for some ta-

ble/queries?
RQ2. How good are existing dense retrievals? Can we budget by

simply picking a different embedder?
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RQ3. Can we learn to approximate the expensive embedder’s
latent space using a cheaper embedder?

The first question is a sanity check for the necessity of dense
retrieval. If sparse retrieval already covers most of the same queries,
then the startup cost of dense retrieval may not be justified. The
second question is whether we can simply pick a cheaper embedder
to reduce startup cost – i.e. if the cost/quality trade-off of existing
embedding models have enough granularity/variety to allow the
user to balance the startup cost against the final recall, without
needing to change the retrieval architecture. The third question is
whether we can train a cheap surrogate to approximate the expen-
sive embedding space, which would allow us to use the surrogate
for candidate selection before the expensive index is fully built.

We use the TARGET benchmark [6] to explore these research
questions. TARGET provides a set of 5 benchmarks for table re-
trieval, covering question answering, fact verification, and text-to-
SQL tasks. Each benchmark has a different set of tables and queries,
but they share the same retrieval pipeline: given a query, the re-
triever must identify the relevant table(s) from a large candidate
pool, and then a downstream model uses the retrieved tables to pro-
duce an answer or prediction. In order to simulate a larger data lake
setting, we also inject additional tables sampled from NQTables [4].
While TARGET used Gittables [5] as its source of distractor tables,
we find that the type of tables present in Gittables (mostly related to
downstream learning tasks) are distinct enough from the existing
benchmark corpus (small tables sampled from Wikipedia) and are
easily distinguished. Thus, we opt to instead use NQTables to pro-
vide a more challenging setting. To fairly measure index creation
time across methods, we run all experiments using single-thread
execution on a server with a H100 GPU and 512GB of RAM.

4.1 RQ1. When is sparse embedding enough?
While the results from TARGET have shown that dense embeddings
are generally much stronger than sparse retrieval methods [3], they
do not completely rule out the possibility that sparse retrieval meth-
ods may be effective in certain cases. To investigate the usefulness
of sparse retrieval on TARGET, we compare how often a query
achieves perfect recall when using a dense or sparse embedding.

Dataset Dense-only BM25-only Both

BIRD 1277 2 151
FeTaQA 1399 8 84
OTT-QA 899 21 1234
Spider 508 9 193
TabFact 6852 154 3680

Table 1: Retrieval comparison for STELLA [20] and BM25.
Each column shows the number of queries where only one
method retrieved the golden table.

Table 1 shows results comparing retrieval using a dense em-
bedding versus BM25, comparing the number of queries which
achieved perfect recall on only the dense embedding, only BM25, or
on both embeddings. We find that BM25 rarely retrieves tables that
a strong dense model misses, which limits its usefulness as a substi-
tute for dense retrieval. This suggests that sparse retrieval methods

Model FeTaQA OTT-QA TabFact

MiniLM (60M) [16] 0.2551/762.24 0.3198/655.54 0.3583/712.59
F2LLM-80M (80M) [22] 0.2126/605.27 0.3089/576.88 0.4532/639.63
E5-Base (100M) [18] 0.5706/796.56 0.6639/730.36 0.6601/818.35
F2LLM-160M (160M) [22] 0.2941/737.50 0.3839/719.68 0.4867/693.11
EmbGemma (300M) [13] 0.6286/3605.29 0.7312/3360.58 0.6831/3363.41
E5-Large (300M) [18] 0.5571/1230.23 0.5528/1206.36 0.6189/1705.59
STELLA (400M) [20] 0.6156/2930.64 0.7651/2391.12 0.6810/1843.49
Qwen3-0.6B (600M) [21] 0.4398/1746.19 0.5149/1718.80 N/A*

Approx. Adapter 0.5921/360.45 0.7425/355.38 0.6763/333.03
Table 2: Recall@10 and indexing runtime for different em-
bedding models (parameter size shown in parentheses) on
the FeTaQA, OTT-QA, and TabFact datasets from TARGET.
Approx. Adapter results are shown in the bottom, where run-
time excludes the MLP training time.
* Some inputs exceeded our environment’s memory limits.

like BM25 are not sufficient for serving a significant portion of
the queries in the TARGET benchmark, and that dense retrieval
methods are necessary to achieve high recall. This also means that
the startup cost of dense retrieval cannot be avoided by simply
relying on sparse retrieval for some subset of the queries, and that
we need to explore other ways to manage the cost/quality trade-off
in dense retrieval systems.

4.2 RQ2. Can we budget our embedder?
Having verified the gap between sparse and dense retrieval methods,
we next ask whether it is possible to “budget” between the start-
up cost and the downstream recall performance – i.e., can the
cost/quality trade-offs of embedding models allow the user to pick
the appropriate model for their use case? Or is it the case that the
most models have a similar trade-off curve, meaning the user would
not be able to pick some ideal model for their intended budget?

To test whether this hypothesis is true, we compare the re-
call performance of several embedding models by picking top-
ranking embedding models from the MTEB benchmark [10] with
less than 1 billion parameters. For consistency’s sake, we use the
same markdown-style serialization of each table (up to 100 rows) as
used in TARGET. Table 2 shows the recall@10 and the runtime for
indexing the tables in the same environment with equal resource
constraints. The results show that there is a large gap between the
cheaper models (MiniLM, F2LLM-80M, E5-Base, F2LLM-160M) and
the medium/larger models (EmbGemma, E5-Large, STELLA). This
suggests that existing embedding models do not show a graceful
cost/quality trade-off, and that simply picking a different model
may not be sufficient to achieve the desired balance between startup
cost and final recall performance.

It is also worth noting that the embedding models also display an
interesting trend with ANN-related operations. We note that some
models (STELLA, EmbeddingGemma) consistently show a higher
query time. This suggests that something about the geometry of the
embeddings produced by these models makes them more expensive
to index and search, leaving room for future works to investigate
further. We also note that some models have a much higher context
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length (Qwen3 has a context limit of 22K tokens, while STELLA
only handles 512), meaning they view more of the "row data" than
a smaller context length model. Interestingly, we find that larger
context length does not appear to help recall while it hurts runtime,
which also suggests a need for a better understanding of efficient
context usage while encoding tables.

4.3 RQ3. Can we learn to approximate the
expensive embedding space?

Our results in RQ2 suggest that there is no existing solution that
allows the user to adaptively pick a model for their intended budget.
Thus, we then ask the following question: Is it possible to learn a
middle ground solution, where we leverage the speed of a cheap
embedder while approximating the expensive embedder’s latent
space? If this is possible, then we can use the cheap surrogate for
candidate selection before the expensive index is fully built, which
would allow us to reduce the startup cost of dense retrieval without
sacrificing recall.

We test this hypothesis by training a projector model to map
the cheap embedding space to the expensive embedding space.
Specifically, given a cheap embedding 𝑒cheap of a table view, we
train a multi-layer perceptron (MLP) to predict the corresponding
expensive embedding 𝑒exp:

𝑒exp = Adapter(𝑒cheap),

where 𝑒exp is the predicted expensive embedding. We test two
variants of this approach: one where we sample a fraction of tables
from each benchmark’s corpus to train the projector, and another
where we attempt to pre-train a generalizable version of the adapter
by training it on a large set of tables gathered from theWeb, govern-
ment and financial sources. Following the results from TARGET and
our observations from RQ2, we use STELLA as our target embedder
and MiniLM as our cheap embedder.

The per-corpus adapter improves recall over the original cheap
embedder, which shows that the cheap table representation still
contains useful information that can be aligned with the expen-
sive embedding space. More importantly, we find that the adapted
representation is effective as a first-stage retriever. We test this
by building a hybrid retrieval system where the cheap embedder
retrieves a large 𝐾 tables as a candidate set, and the expensive em-
bedder re-ranks those candidates by embedding them. The bottom
row of Table 2 shows the performance of a per-corpus adapter
trained on 30% of the tables from each benchmark’s corpus, includ-
ing the distractor tables. In this setting, we find that the hybrid
model can offer comparable recall to the expensive model over the
full corpus, while only applying the expensive model to a fraction
of the tables before the first query is served. This suggests that the
adapter is effective at preserving enough neighborhood structure
to decide which tables should be densified next, even if it does not
reproduce the expensive embedding well enough to be the final
retrieval model.

However, it should be noted that the hybrid system does not
remove the cost of the expensive embedder entirely. In fact, we
find that the adapter alone does not make a good retriever, per-
forming slightly better than MiniLM. While the hybrid system can
indeed reduce the startup cost, it does so by deferring some of the

expensive embedding calls until query time, rather than eliminating
them. This makes the system cheaper to initialize, but it can make
individual queries slower because the reranking candidates still
need to be embedded by STELLA. On the other hand, we find that
inserting newly embedded candidates into the ANN index is not a
major bottleneck, showing that the main cost we pay in this hybrid
approach is the expensive embedding calls at query time.

Finally, we test a pre-trained variant of this adapter by gather-
ing 1 million tables sampled from the Web [8], goverment [1, 14],
financial [19] and general tabular ML tasks [5], following the same
training scheme we use for the per-corpus adapter. The motivation
is to now train an adapter that works for any corpus without need-
ing to sample/fine-tune on it, which would make this approach
more practical for real-world use cases. However, we find that the
pre-trained adapter does not transfer well. We tested several vari-
ants, including transformer-based adapters and contrastive training
with InfoNCE instead of MSE, but the downstream recall remains
weak. This suggests that the cheap-to-expensive mapping is sensi-
tive to the benchmark corpus and cannot be learned once from a
broad table collection in a way that immediately generalizes. On the
other hand, the simple per-corpus MSE adapter works surprisingly
well as a first-stage retriever. This indicates that even a lightweight
calibration step can make a cheap off-the-shelf embedder more use-
ful, as long as the goal is candidate selection rather than replacing
the expensive retriever completely.

5 DISCUSSION
In this work, we explored the dynamics between different table
representation schemes for retrieval with a focus on the startup cost
of building a dense retrieval index. We first establish that sparse
retrieval methods are not sufficient to cover a significant portion
of the queries in the TARGET benchmark, and that dense retrieval
methods are necessary to achieve high recall. We also found that
existing embedding models do not show a graceful cost/quality
trade-off, and that simply picking a different model may not be
sufficient to achieve the desired balance between startup cost and
final recall performance. Finally, we found that it is possible to learn
a cheap surrogate to approximate the expensive embedding space,
which can be effective for candidate selection before the expensive
index is fully built.

Our findings suggest a few directions for future work. First,
there is room for a “middle ground” solution in the dense retrieval
landscape – even the sub-billion parameter models can start to take
hours to embed a large data lake, and a mechanism for leveraging
cheaper models can potentially save a great amount of resources
at a large scale operation. Second, the interaction between the
embedding geometry and the ANN indexing/searching process
is an interesting area for further investigation, as it can have a
significant impact on the runtime performance of the retrieval
system. Finally, our results also show that short-context models are
competitive (if not better) to long-context models. This suggests
that there is a need for a better understanding of how to efficiently
use the context when encoding tables, and whether there are ways
to optimize the context usage to improve recall without increasing
runtime.
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