
Large Databases Need Small, Open-Weight Language Models
Parker Glenn
Capital One

parker.glenn@capitalone.com

Alfy Samuel
Capital One

alfy.samuel@capitalone.com

ABSTRACT

Language model systems built around proprietary APIs often op-
erate on a token-based cost model. This becomes prohibitively
expensive in the context of large databases, where LM-enhanced
relational operators can incur costs exceeding $10,000 for a sin-
gle set of experiments, hindering thorough research and practical
deployment. In this paper, we demonstrate that quantized, open-
weight models running locally on just 16GB of VRAM can match or
exceed the accuracy of closed-source counterparts at lower latency
and a fraction of the price, challenging the prevailing assumption
that closed-source LM APIs are necessary for effective LM-database
integration. We present and analyze the key system optimizations
required to efficiently deploy these open-weight models within an
LM-DB system. By integrating these local models into the Blend-
SQL v0.1.0 framework, we demonstrate a 390x reduction in overall
costs and 3.8x reduction in latency compared to a proprietary LM
API. We make our code available at https://github.com/CapitalOne-
Research/play-by-the-type-rules.
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1 INTRODUCTION

Relational databases remain the ubiquitous choice for storing struc-
tured information. Combined with the increasing popularity of
language models, a research question has emerged: what is the
optimal method for combining the flexible reasoning capabilities of
language models with the deterministic and reliable processing of
traditional structured query languages? This notion of an optimal
approach can be decomposed into three key dimensions: cost, la-
tency, and quality. To illustrate, consider an auto repair shop with a
database of customer complaints containing columns summary and
date. A user might seek all complaints describing an engine-related
issue submitted before 2024. Determining whether a complaint is
engine-related requires interpreting free-text summaries, which is
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Figure 1: Plotting the quality, latency, and cost over the five

scenarios in SemBench. Latency and quality are averaged

across five total runs, and cost is computed as the cumulative

total of all runs.

out-of-scope for native SQL operators. A recent trend is to accom-
plish this via a call to a language model (LM): SELECT summary FROM

complaints WHERE LM('Is this engine-related?', summary) = TRUE

AND date < '2024-01-01'. Queries containing LM functions may
be made more complex by referencing multiple tables via JOIN

clauses, injecting additional native-SQL conditions, or adding ad-
ditional LM functions within a single expression context, all of
which may change the terms of what makes a query plan optimal.
Importantly, the introduction of non-deterministic LM functions in-
herently changes the optimization landscape for database systems.

A growing body of research shows that the quality of the soft-
ware infrastructure wrapping language model calls can be as predic-
tive of downstream task performance as the choice of base LM. In
agentic coding flows, harness-level changes such as self-verification
loops, context management, and loop detection, have produced
large benchmark improvements without any change to the underly-
ing model [30, 31, 60]. In tool calling, structured generation systems
have been shown to elevate open-source models to performance
meeting or exceeding closed-source counterparts [14, 59]. These
gains are driven not by innovations in pre/post-training or parame-
ter scaling, but by embedding task-specific inductive bias into the
systems that orchestrate inference.

We argue that, in spite of recent progress made in hybrid LM-
DB systems, there are still large cost, quality, and latency gains to
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be made with small, open-weight models by designing effective
software infrastructure for hybrid LM-DB systems. To demonstrate
this, we sample a recent body of work applying language models to
relational databases via a UDF-style pattern. Of 21 total evaluated
language models across 8 published works, only 6 are open-weight
models [8, 25, 29, 32, 36, 50, 51, 64]. Of the 6 evaluated open-weight
models across published works, none are below 20B parameters.
While the cost of these proprietary, API-based models is often
undisclosed, Lao et al. [29] report total costs of $10,167.80 in their
published experiments using Gemini 2.5 Flash. Importantly, this
cost is a subset of total experimental cost, as it does not include
preliminary experiments leading up to final results. We show that
not only are these costly proprietary models slow and unnecessary,
but, within certain domains, they are strictly worse than a properly
harnessed local open-weight model.

Our contributions are the following:
• We present BlendSQL v0.1.0, a LM-DB system that com-

bines query-level optimizations with constrained decoding
to enable small, quantized open-weight models running
on a single 16GB GPU to achieve a win-or-tie rate of 57%
against closed-source alternatives at 390× lower cost and
3.8× lower latency on the SemBench benchmark.

• We demonstrate that BlendSQL circumvents the linear
memory scaling deficiencies of existing baseline systems at
large database scales, maintaining a near-constant memory
footprint.

• We identify a modality gap in current small open-weight
models: while competitive with closed counterparts on text,
they fall behind on image and audio, suggesting that multi-
modal understanding remains a bottleneck for cost-effective
local deployment.

• We argue for a future of LM-DB research built on open-
weight models, ensuring accessibility and full reproducibil-
ity of experimental results.

2 SYSTEM OVERVIEW

2.1 Terminology

Several terms have recently been introduced to describe systems
that combine traditional relational operators with AI-powered op-
erators. Lao et al. [29] introduce semantic query processing engines
(SQPEs) to describe systems that extend relational algebra with
natural language semantic operators. Similarly, Su et al. [51] use
LLM-Enhanced Relational Operators (LROs) to denote components
that enhance relational processing by invoking a language model.
More broadly, Yan et al. [63] categorize this intersection of lan-
guage models and databases as DBMS–LLM systems, a space further
refined by Zhou et al. [65], who formally distinguish the UDF (user-
defined function)-centric integration pattern presently relevant to
our work.

We adopt the umbrella term LM-DB systems to refer to systems
that integrate language model functions with existing structured
data manipulation interfaces such as Pandas and SQL. We use the
broader term “language model” (LM) to avoid restricting our scope
to models of any particular scale. Ultimately, each system we study
is a UDF-centric system, and can be decomposed into two compo-
nents: (1) a query optimizer, which routes subsets of data to LM

functions, and (2) the LM function implementation itself, encom-
passing the prompts, generation parameters, and post-processing
logic used at inference time. We describe each component of our
proposed system below.

2.2 BlendSQL v0.1.0 Implementation

BlendSQL is a query language that compiles to SQL [16]. It al-
lows for combining traditional SQL operators with generalizable
language model (LM) functions capable of unstructured reasoning.
Each BlendSQL LM function is denoted by double curly braces,
“{{” and “}}”. Using a pre-determined prompt template, a response
is generated from a local or remote language model with optional
type-constraints to yield a function output. This function output is
then integrated into the wider SQL query using the sqlglot parser
[37]. Once all LM functions have run, a final compiled SQL query
is executed against the native DBMS to yield the final result. Cur-
rently, SQLite, DuckDB, and PostgreSQL backends are supported.
In this work, we introduce BlendSQL v0.1.0. Since the original
v0.0.0 release in Glenn et al. [16], the following changes have been
made:

• An improved type inference system that constrains LM
generations to valid datatypes.

• Support for image and audio datatypes as arguments to LM
functions.

• Query optimizations including cascade filtering and early
exiting.

• Faster aggregation of in-memory LM function outputs via
polars [45].

2.3 LM Functions

Unlike other LM-DB systems that rely on numerous operators cou-
pled with specific prompt templates (e.g., sem_map, sem_filter,
sem_extract, sem_topk), BlendSQL implements a small number
of general-purpose polymorphic functions defined by their in-
put/output cardinality. In this work, we focus on two core polymor-
phic functions and demonstrate how they enable complex reasoning
patterns such as ranking, RAG, and entity linking. For comprehen-
sive descriptions and function signatures for all available functions,
refer to the actively maintained online documentation1.
Constrained Decoding All BlendSQL v0.1.0 LM functions ac-
cept a return_type argument, which is either specified explicitly
or inferred implicitly from query syntax [17]. This return_type is
then used to perform constrained decoding, guaranteeing adherence
to datatype structures defined via a context-free grammar. When
provided, the options argument behaves similarly - constrained
decoding will be used to restrict LM generations to a value in the
option set. If the return_type is a collection, the quantifier ar-
gument can be used to apply a regular expression-style modifier to
restrict the number of generated items (e.g. {3} for “exactly three”,
{1,5} for “between one and five”).
One-Shot Prompting All BlendSQL v0.1.0 LM functions employ
type-aligned one-shot prompting. From a pre-defined pool, the
system selects a single example that matches the current function’s
expected return type.

1https://parkervg.github.io/blendsql/reference/functions/
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2.3.1 llmqa

The llmqa function is an aggregate function which transforms a
subset of data into a single-cell output. This output can be a single
scalar type (return_type=’str’), or a collection (return_type=
’List[str]’).
Example 1: llmqa for top-k ranking

SELECT * FROM (
VALUES {{

LLMQA(
'Select the 3 most
negative reviews.',
options =(

SELECT reviewText
FROM Reviews
WHERE reviewYear = 2025

),
return_type='List[str]',
quantifier='{3}'

)
}}

) AS rankedReviews(review1 , review2 , review3)

Example 2: llmqa for unstructured-structured linking

SELECT name FROM state_flowers
WHERE state = {{

LLMQA(
'Which state is known as
''The Golden State''?',
context =( SELECT * FROM documents)

)
}}

2.3.2 llmmap

The llmmap function is a row-wise function that takes a natural
language question and one or more column names. For each row,
the corresponding values 𝑣1, . . . , 𝑣𝑘 are inserted into the prompt
alongside the question 𝑄 and passed to the underlying LM, which
returns the result of 𝑓 (𝑄, 𝑣1, . . . , 𝑣𝑘 ). As with llmqa, 𝑓 returns
either a single scalar type (return_type=‘str’) or a collection
(return_type=‘List[str]’).
Refined llmmap Prompting Pattern Previously in BlendSQL
<v0.1.0, the llmmap function would run with a default batch_size
argument of 5, which determined the number of input values to
pass in a single prompt. The language model was then expected
to generate the mapped outputs for each value, separated by a
semicolon. For example, given the input:
What is the capital of the country?
France
Croatia
Canada
Australia
Ukraine

the LM would be expected to generate the string Paris;Zagreb;
Ottawa;Canberra;Kyiv. While this approach greatly decreased
token usage, it also led to sub-optimal accuracy in many studies [32,
51]. We adopt the more traditional single-in, single-out prompting
format (i.e. batch_size=1) as the default for BlendSQL v0.1.0.
Example 3: llmmap for filtering

SELECT * FROM Reviews
WHERE {{
LLMMap(

'Does this review have a positive
sentiment?',
reviewText

)
}} = TRUE

Example 4: llmmap for classification and grouping

SELECT GROUP_CONCAT(Name , ', ') AS 'Names',
{{

LLMMap(
'In which century was
this person born?',
p.Name ,
options =('1800s', '1900s', '2000s')

)
}} AS Born
FROM People
GROUP BY Born

2.4 Query Optimization

Optimizing user-defined functions (UDFs) is a notoriously difficult
task. A large body of research has explored this in the general setting
[3, 12, 13, 61]: given some user-provided function of unknown
computational cost, what is the optimal method of execution within
awider SQL query? Notably, when embedding languagemodels into
SQL, the problem space is different in an important way: Given prior
knowledge that a function 𝑓𝐿𝑀 calls an LM while other functions 𝑓
do not, the cost calculation 𝐶 (𝑓 (𝐷)) ≪ 𝐶 (𝑓𝐿𝑀 (𝐷)) typically holds
for any data subset 𝐷 . Then, given llmqa calls translate to exactly
one LM generation call and llmmap potentially > 1, we derive the
following cost model by abstracting away 𝐷 :

𝐶 (𝑓 ) ≪ 𝐶 (llmqa) < 𝐶 (llmmap) (1)

We implement a rule-based optimizer built on this heuristic cost
model. When executing a program, the query is parsed into an
abstract syntax tree (AST) using sqlglot [37]. Each SELECT expres-
sion is iteratively processed via depth-first search, and the following
strategy is applied:

(1) Pre-filtering: Blocking operators are removed (ORDER BY,
GROUP BY, etc.) and LM function nodes are replaced with the
constant TRUE, allowing the underlying DBMS to execute
all vanilla SQL predicates first. The SELECT argument is
modified to only select those columns used by LM functions,
minimizing I/O overhead.

(2) Materialization: The filtered query is executed against the
DBMS and written to a temporary table, effectively pushing
down all non-LM operations.

(3) LM Function Execution: Following the standard SQL or-
der of operations (FROM/JOIN→WHERE→GROUP BY, etc.), the
LM functions are executed, reading from the filtered tem-
porary tables to fetch inputs.

The TRUE substitution in Step 1 ensures the optimizer honors
disjunctive conditions between LM functions and vanilla SQL func-
tions (WHERE 𝑓𝐿𝑀 () OR f() becomes WHERE TRUE OR f(), preventing
an overly-eager pre-filter via f()).
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Cascade Filtering BlendSQL implements cascade filtering for
conjunctive predicates involving LM functions. The LM predicates
are sequenced into a pipeline of operators, and subsequent functions
only process rows of data which satisfied all preceding predicates.
This avoids redundant, expensive calls for rows already disqual-
ified by a prior LM-based filter. This logic applies when two or
more LM functions appear within a WHERE clause, provided that no
disjunctions (OR relationships) exist between them. Currently, our
optimizer prioritizes llmqa before llmmap based on the cost model
in Eq. 1. Future work may refine the ordering of multiple llmmap
calls by estimating and prioritizing the most selective predicates
first.
Early Exiting In expressions where a LIMIT keyword is used,
llmmap execution may terminate as soon as the required number
of rows is satisfied. This optimization is only applied when the
expression contains no blocking operators (e.g. ORDER BY, GROUP BY,
etc.) that would require a full scan of the LM function’s output.
Building on the AsyncOpenAI API, we utilize streaming to ensure
no unnecessary tokens are generated: as soon as the exit condition
is met, a cancel event is issued and all outstanding asynchronous
generation requests are terminated.
Early Deduplication of Database Values Before passing a se-
quence of values to an llmmap function, the input set is dedupli-
cated via a SELECT DISTINCT clause, and the mapped outputs are
then aligned to the original table via a LEFT JOIN operation. Con-
sider the query SELECT name FROM People WHERE {{LLMMap('Are they

an NBA player?', name)}} = TRUE over a table with 𝑁 = 106 rows
but only |dom(𝑛𝑎𝑚𝑒) | ≪ 106 distinct name values. Without dedu-
plication, each row would result in a separate LM invocation; with
early deduplication, the number of generation calls is reduced
to |dom(𝑛𝑎𝑚𝑒) |, and results are broadcast back to all matching
rows via the join. By paying a relatively small upfront cost of
deduplicating and re-joining to the source table, this optimization
yields a reduction in LM calls proportional to the duplication fac-
tor 𝜌 = 𝑁 /|dom(𝑛𝑎𝑚𝑒) |. Given the aforementioned cost heuristic
𝐶 (𝑓 (𝐷)) ≪ 𝐶 (𝑓𝐿𝑀 (𝐷)), this translates to substantially lower la-
tency and cost. This optimization applies for both single-column
and multi-column inputs to the llmmap function.

3 EXPERIMENTS

3.1 SemBench

SemBench is a benchmark designed to evaluate the performance
of hybrid LM-DB systems. The benchmark can be viewed as an
extension of TPC-H [56] and TPC-DS [55], with a specific emphasis
on the cost, quality, and latency of queries containing LM functions.
It consists of five scenarios, requiring LM functions to operate over
a mix of text, image, and audio data. In the example below from the
ecomm scenario, a system must orchestrate calls to a multi-modal
language model to determine the color of products, given local
image files.

SELECT
i.id as id ,
{{

LLMMap(

'What is the primary color of the product
in this image?',
i.local_image_path

)
}} AS category
FROM styles_details s
JOIN image_mapping i on s.id = i.id
WHERE s.baseColour IN
('Black', 'Blue', 'Red', 'White',
'Orange ', 'Green')

3.2 Setup

Model Inference All experiments with open-weight models are
run locally with an NVIDIA RTX 5080 GPU with 16GB VRAM,
64GB of RAM, and an AMD Ryzen 5 7600X processor. We experi-
ment with the Gemma 3 [53] and Gemma 4 [52] families of models
for their strong performance at sizes that fit within 16GB VRAM.
For brevity, we use the shorthands in Table 1 to refer to the quan-
tized HuggingFace checkpoints used in our experiments. We use

Table 1: Model shorthands and HuggingFace identifiers.

Shorthand HuggingFace Model

Gemma 4 E2B prithivMLmods/gemma-4-E2B-it-FP8
Gemma 4 E4B prithivMLmods/gemma-4-E4B-it-FP8
Gemma 3 4B RedHatAI/gemma-3-4b-it-quantized.w4a16
Gemma 3 12B RedHatAI/gemma-3-12b-it-quantized.w4a16

vLLM==0.21.0 for model inference [27]. The llguidance engine is
used for all constrained decoding capabilities [20]. All experiments
are run five times and their averages reported.
SystemVersions Weuse blendsql==0.1.26, lotus-ai==1.1.4,
palimpzest==0.8.2, and thalamusdb==0.1.15 in our experiments.
Cost Calculations While on-demand GPU pricing is highly
volatile, hourly rental costs for an NVIDIA RTX 5080 range from
$0.14 to $0.18 as of April 2026 [49, 58]. We use the upper-end price
of $0.18 per hour for cost reporting of local models. For Gemini
2.5 Flash, we follow the cost reporting of Lao et al. [29]: $0.30 per
million input text, image, and video tokens, $1.00 per million input
audio tokens, and $2.50 per million output tokens.
Dataset We evaluate systems using the five scenarios of Sem-
Bench. Tables for each scenario are stored in a local DuckDB data-
base [47], which serves as the backend for both ground-truth def-
initions and system predictions. We use scale factors identical to
those of Lao et al. [29] to generate data for each scenario.

Scenario Scale Factor Used Modalities

Movie 2,000 Text
Wildlife 200 Text , Image , Audio
E-Commerce 500 Text , Image
Cars 19,672 Text , Image , Audio
MMQA 200 Text , Image

Table 2: Overview of SemBench scenarios.
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Figure 2: Benchmarking the quality and latency of various LM-DB systems with open-weight LMs on the text-only movie

scenario from SemBench. All systems are run with a max concurrency of 32.

Metrics We adopt the evaluation methodology of Lao et al. [29]
and report F1 score for retrieval queries, Spearman’s rank correla-
tion for ranking queries, and absolute error for aggregation queries.
All metrics are normalized to the range [0, 1] and reported as “qual-
ity”.

3.3 Baseline Systems

We describe the LM-DB systems evaluated in Lao et al. [29] below.
LOTUS LOTUS [44] extends the pandas API [41] with additional
LM-based functions. As a result, it adopts the eager execution of pan-
das, and therefore executes operators in the order specified by the
user, without reordering. Some functions, such as the sem_filter
function, can be equipped with a smaller proxy model to apply a
semantic cascade filter, where a decision threshold is learned at
inference time and optionally used to bypass calls to the larger
“main” LM. Other local optimizations are implemented within the
specific LM functions, described in Patel et al. [44]. All global logical
plan optimizations (such as predicate push-down, join re-ordering,
early exiting, etc.) are up to the user to implement in Python code.
Given our memory-constrained local setup, we evaluate LOTUS
identically to other systems, restricting each system to a single
“main” LM.
Palimpzest Palimpzest [34] is a declarative system for opti-
mizing AI workloads over hybrid structured/unstructured data. It
exposes a Python API based on lazy evaluation: users define a se-
quence of mixed LM/non-LM operators, which is optimized and
executed upon a final .run() invocation. Though we do not eval-
uate it in this study, recent work such as ABACUS [48], builds on
this declarative system, exploring optimization objectives when
given access to LM APIs with different capability/cost trade-offs.
ThalamusDB ThalamusDB [24] is a deterministic approximate
query processing system. It implements traditional relational opti-
mizations such as single-table predicate pushdown to select table
subsets in order to minimize approximation error. Additionally, it

is capable of early-exiting LM functions when a LIMIT condition is
satisfied. Its optimizer is unique in its multi-objective optimization
over approximation error, resource usage (execution time, LLM
calls, etc.), and number of labeled examples2.
BigQuery Released in November 2025, Google BigQuery AI func-
tions [18] enable integration of LM calls into standard SQL query
flows. The implementation and hyperparameters of LM inference
(max concurrency, temperature, etc.) are hidden from users. Be-
cause the implementation is proprietary, we treat it as a black-box
baseline.

4 RESULTS

4.1 Comparison to Other LM-DB Systems

System EE CF CD ED

SemBench

Coverage

ThalamusDB ✓ × × × 65.45%
LOTUS × × × × 78.18%
BigQuery ? ? ? ? 94.55%
Palimpzest ✓ ✓ × × 98.18%
BlendSQL ✓ ✓ ✓ ✓ 100%

Table 3: System comparison on SemBench coverage and sup-

ported features. Features evaluated include early exiting (EE),

cascade filtering (CF), constrained decoding (CD), and early

deduplication (ED) across 55 questions.

Query Coverage As shown in Table 3, the design of LM-DB
systems may restrict their expressivity, inhibiting full coverage
across the diverse SemBench dataset. For example, ThalamusDB
does not support LM aggregation operations, Palimpzest does not

2We do not explore the labeled examples component of ThalamusDB in the present
study.

5



500 1000 1500 2000 2500 3000 3500 4000
Scale Factor

100

101

102

C
PU

 M
em

or
y 

(G
B

)

CPU Memory Usage by Scale Factor
System
blendsql
lotus
palimpzest
thalamusdb

Figure 3: Plotting the average, minimum, andmaximumCPU

memory usage across different scale factors in the ecomm sce-

nario. BlendSQL memory accounts for a local vLLM server

running Gemma 4 E4B in addition to normal LM-DB system

memory; all other systems use a remote Gemini 2.5 Flash

endpoint and only account for memory usage induced by

LM-DB system processing.

support top-k reranking, and LOTUS does not support audio inputs
to LM functions. By using the two expressive polymorphic LM
functions described in Section 2.3, BlendSQL is the only system to
display 100% coverage over all 55 SemBench queries.
Benchmarking on the movie Scenario We benchmark the per-
formance of BlendSQL against other open-source LM-DB systems
in a 16GB VRAM setting. For all systems, we provide access to
exactly one open-weight language model. While Palimpzest and
LOTUS offer additional optimizations for multi-model settings, this
would exceed our memory budget and is thus outside the scope
of the current study. Both systems support the widest coverage of
SemBench scenarios; however, we encountered unresolved compat-
ibility issues when running either system on non-text inputs with
a local vLLM backend, limiting our cross-system comparison to the
text-only movie scenario.

Figure 2 shows results on the text-only movie scenario of Sem-
Bench. Since many queries in this scenario involve LIMIT clauses
(e.g., “Find five clearly positive reviews”), the ability to early exit
LM functions once a condition is satisfied is critical for achieving
reasonable latency. The performance of LOTUS illustrates the cost
of eager execution in a hybrid space of relational operators and LM
functions: since the stateless LM functions have no knowledge of
a future LIMIT operation, the entire subset of data must be passed
to the LM function prior to executing .head(n), leading to sig-
nificantly higher latency. Despite this high latency, LOTUS yields
slightly higher average quality than ThalamusDB across the four
models.

Across all models, BlendSQL exhibits the lowest latency. It
matches the quality of Palimpzest across Gemma 3 4B and Gemma
4 E4B, and achieves the highest quality of all systems with Gemma
3 12B. Importantly, small variations in reported quality can largely

be attributed to minor prompting variations and the nondetermin-
ism of asynchronous generation requests: as all systems except for
LOTUS implement early exiting, final results are a product of which
generation requests finish first to satisfy the exit condition.
Scalability to Large Databases Following Lao et al. [29], we
perform a study on the scalability of BlendSQL across various
database scales. We plot the CPU memory usage across ecomm
scale factors of 250, 500, 1,000, 2,000, and 4,000 for the three baseline
open-source LM-DB systems and BlendSQL in Figure 3. While the
three baseline systems’ memory usage scales linearly with database
size, BlendSQL’s usage is relatively constant, impacted only by
variations in vLLM server usage. This is due to the design of the
baseline systems’ semantic join function: in queries such as Q8 and
Q9, image pairs are constructed and evaluated against a language
model without releasing the memory used to store the image pairs.
As a result, each system can potentially load 25,000 .jpg images
into memory at once under a scale factor of 4,000. The three open-
source systems ThalamusDB, Palimpzest, and LOTUS each reach
a peak usage of 268GB, 252GB, and 161GB respectively under this
scale factor of 4,000. Comparatively, BlendSQL uses a maximum
of only 18GB at this scale factor to both serve the local language
model with vLLM and execute the underlying multi-modal LM-DB
system. This memory usage is primarily attributable to components
such as the vLLM KV cache and scheduler management under high
concurrency workloads: for reference, starting an idle Gemma 4
E4B vLLM server alone consumes 5GB of CPU memory.

This relatively constant memory usage is made possible by the
mechanism BlendSQL uses to achieve joins via the asynchronous
llmmap function. Given the abbreviated ecomm Q8 program below,
there are at most max_concurrency × 2 images loaded into memory
at a given time.

WITH image_pairs AS (
SELECT
s1.id AS id1 ,
img1.local_image_path AS image1 ,
s2.id AS id2 ,
img2.local_image_path AS image2
FROM styles_details s1
JOIN image_mapping img1 ON s1.id = img1.id
JOIN styles_details s2 ON s1.id < s2.id
JOIN image_mapping img2 ON s2.id = img2.id

)
SELECT id1 || '-' || id2 AS id
FROM image_pairs
WHERE {{

LLMMap(
'Do both images display objects of
the same category?',
image1 ,
image2

)
}}

Running all 14 ecomm queries five times under the five scale
factors with Gemma 4 E4B and BlendSQL took 38.6 hours and
cost $6.96. A direct comparison to other LM-DB systems using
Gemini 2.5 Flash is difficult, since as reported in Lao et al. [29],
no open-source system successfully executed all 70 queries. The
closest system, Palimpzest, completed a single run of 65 queries in
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Table 4: Latency, quality, and cost across various SemBench scenarios. All queries are clickable hyperlinks directing to the

corresponding BlendSQL query. Green highlights indicate a better score compared to the other system. Yellow highlights

indicate a tie. Quality differences within the range ± 0.02 are considered insignificant and labeled as ties with a yellow highlight.

The BlendSQL setting is run with a max concurrency of 64.

(a) mmqa results.

BlendSQL with

gemma-4-E4B-it-FP8
Avg. SemBench System with

gemini-2.5-flash

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 0.07 1.00 $2e-5 8.67 1.00 $0.06
Q2a 55.15 1.00 $0.01 119.77 0.61 $3.35
Q2b 64.22 0.97 $0.02 113.00 0.61 $3.42
Q3a 1.35 0.78 $3e-4 9.82 0.82 $1.34
Q3f 1.41 0.92 $4e-4 10.38 0.92 $0.06
Q4 0.45 0.56 $1e-4 1.20 0.54 $0.03
Q5 0.24 1.00 $6e-5 0.49 1.00 $5e-3
Q6a 0.73 1.00 $2e-4 8.22 0.59 $0.05
Q6b 0.71 0.67 $2e-4 7.67 0.76 $0.05
Q6c 0.83 0.91 $2e-4 10.02 0.67 $0.05
Q7 133.26 0.51 $0.03 1501.57 0.21 $50.73

Avg. 23.49 0.85 $6e-3 163.19 0.71 $5.37
Avg. Std. 0.11 0.03 $3e-5 - - -
Wins 11 5 11 0 2 0
Total Cost $0.06 $59.12

(b) ecomm results.

BlendSQL with

gemma-4-E4B-it-FP8
Avg. SemBench System with

gemini-2.5-flash

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 8.18 1.00 $2e-3 20.10 0.90 $0.26
Q2 23.15 0.40 $6e-3 95.03 0.65 $6.04
Q3 8.53 0.78 $2e-3 18.27 0.97 $0.52
Q4 13.65 0.40 $3e-3 174.23 0.56 $1.25
Q5 4.48 0.96 $1e-3 13.23 0.98 $0.47
Q6 13.34 0.67 $3e-3 97.80 0.89 $1.50
Q7 222.74 0.77 $0.06 157.53 0.75 $5.08
Q8 51.63 0.50 $0.01 211.80 0.57 $23.18
Q9 24.43 0.43 $6e-3 302.27 0.41 $0.85
Q10 10.95 0.00 $3e-3 856.00 0.03 $2.70
Q11 57.46 0.25 $0.01 145.55 0.76 $2.20
Q12 13.58 0.91 $3e-3 33.13 0.52 $0.57
Q13 32.99 0.51 $8e-3 178.50 0.73 $1.77
Q14 48.73 0.88 $0.01 125.90 0.62 $11.23

Avg. 38.13 0.60 $1e-2 173.52 0.67 $4.11
Avg. Std. 0.15 0.02 $4e-5 - - -
Wins 13 5 14 1 9 0
Total Cost $0.13 $57.60

(c) movie results.

BlendSQL with

gemma-4-E4B-it-FP8
Avg. SemBench System with

gemini-2.5-flash

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 0.39 1.00 $1e-4 16.85 0.99 $0.18
Q2 0.45 0.96 $1e-4 10.80 0.98 $0.03
Q3 0.48 0.69 $1e-4 5.20 0.67 $0.03
Q4 0.32 0.64 $8e-5 5.60 0.69 $0.04
Q5 0.63 0.46 $2e-4 148.80 0.72 $4.25
Q6 0.57 0.46 $1e-4 122.72 0.76 $3.53
Q7 149.03 0.54 $0.04 321.00 0.54 $16.24
Q8 0.68 0.92 $2e-4 6.08 0.84 $0.04
Q9 0.81 0.87 $2e-4 7.97 0.77 $0.15
Q10 8.88 0.71 $2e-3 34.07 0.42 $1.07

Avg. 16.22 0.72 $4e-3 67.91 0.74 $2.55
Avg. Std. 0.22 0.03 $6e-5 - -
Wins 10 3 10 0 4 0
Total Cost $0.04 $25.54

(d) cars results.

BlendSQL with

gemma-4-E4B-it-FP8
Avg. SemBench System with

gemini-2.5-flash

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 191.33 0.64 $0.05 476.75 0.78 $8.74
Q2 1.81 0.00 $5e-4 10.77 0.06 $0.04
Q3 1.53 1.00 $4e-4 166.23 0.94 $3.78
Q4 182.48 0.99 $0.05 525.77 0.99 $8.59
Q5 2.16 0.00 $5e-4 182.97 1.00 $5.15
Q6 215.09 0.88 $0.05 415.67 0.96 $10.78
Q7 364.85 0.54 $0.09 1038.30 0.53 $17.83
Q8 27.79 0.21 $7e-3 431.18 0.29 $7.12
Q10 351.99 0.50 $0.09 425.00 0.50 $17.47

Avg. 148.78 0.53 $0.04 408.07 0.67 $8.83
Avg. Std. 0.54 0.00 $1e-4 - -
Wins 9 1 9 0 5 0
Total Cost $0.33 $79.51

(e) wildlife results.

BlendSQL with

gemma-4-E4B-it-FP8
Avg. SemBench System with

gemini-2.5-flash

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 9.41 0.78 $2e-3 44.20 0.79 $0.57
Q2 4.16 0.00 $1e-3 5.57 0.17 $0.05
Q3 9.29 0.20 $2e-3 38.02 0.25 $0.47
Q4 4.01 0.40 $1e-3 4.47 0.33 $0.04
Q5 13.39 0.93 $3e-3 11.67 0.75 $0.43
Q6 13.34 0.20 $3e-3 18.93 0.23 $0.52
Q7 18.58 1.00 $5e-3 71.40 1.00 $0.98
Q8 26.68 0.83 $7e-3 31.40 0.75 $0.80
Q9 11.92 0.61 $3e-3 24.63 0.61 $0.55
Q10 9.27 0.40 $2e-3 38.02 0.25 $0.47

Avg. 12.01 0.54 $3e-3 28.83 0.51 $0.49
Avg. Std. 0.08 0.22 $2e-5 - - -
Wins 9 4 10 1 3 0
Total Cost $0.03 $4.88

18.6 hours and $597.67, translating to a five-run reproduction cost
of 92.8 hours and $2,988.32.

4.2 Cost, Latency, and Quality of Open-Weights

Models

Table 4 contains the cost, latency, and quality results for the eval-
uated SemBench scenarios across two settings: BlendSQL with
Gemma 4 E4B, and the average SemBench system with Gemini 2.5
Flash. We define the “average” system as the query-level mean of
the four baseline systems described in Section 3.3; full system-level
results can be found in Appendix 7. Visualized in Figure 1, the
properly harnessed small, open-weight model is competitive with
the closed Gemini 2.5 Flash at a fraction of the cost: the BlendSQL
setting demonstrates a query-level win-or-tie rate of 57% across
all scenarios and decreases experiment costs from $226.64 to just
$0.58. Notably, the small-model BlendSQL setting outperforms the
average SemBench system in average quality on the mmqa scenario
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GPU usage high.

(0.85 vs. 0.70) and the wildlife scenario (0.54 vs. 0.51). The movie
scenario shows the BlendSQL system nearly matching the average
SemBench system (0.72 vs. 0.74) while decreasing cost from $25.54
to $0.04.

We see a quality gap emerge in the audio-heavy cars scenario,
where average quality of the BlendSQL setting is 0.53, falling be-
hind the average SemBench system’s 0.67. As shown in Figure 6,
this gap is attributable to the modality of the data being passed
to the LM functions: while the small, properly harnessed Gemma
E4B model outperforms the closed Gemini 2.5 Flash across text
data, it falls behind on audio and image data. In Q5 of cars, for
instance, BlendSQL with Gemma 4 E4B achieves a quality of 0.0:
the llmmap function tasked with identifying recordings of damaged
cars returns FALSE for every row, disqualifying all candidates and
producing an empty result. This pattern recurs in Q2, where the
model fails to identify any audio file as resembling a car with a
dead battery.

Impact of Concurrency Limits Local deployment eliminates
provider-enforced rate limits, allowing request parallelism bounded
only by available compute. Figure 5 displays the relationship be-
tween concurrency limits and system latency across the scenarios of
SemBench.3 The text-only movie scenario sees the greatest speed-
up with increased concurrency limits, where the Gemma 4 E4B
model displays a latency drop from 17.2s to 8.3s when scaling con-
currency from 8 to 128. As each llmmap prompt is relatively small
(176 tokens on average), even just 16GB VRAM allows for the head-
room required to speed up inference at large concurrency settings.
By contrast, we see that the ecomm scenario’s latency flattens at a
concurrency of 32 due to the long-context prompts formed via the
lengthy product descriptions (621 tokens on average).

3As vLLM 0.21.0 does not currently support continuous batching for Gemma 4
models with audio data (https://github.com/vllm-project/vllm/pull/39459), we refrain
from evaluating the two scenarios with audio data.

8

https://github.com/vllm-project/vllm/pull/39459


text image audio

Modality

0.0

0.2

0.4

0.6

0.8

1.0

M
ea

n 
Q

ua
lit

y 
Sc

or
e

Avg. SemBench System with Gemini 2.5 Flash
BlendSQL with local Gemma 4 E4B

Figure 6: While a properly harnessed quantized Gemma 4

E4B slightly outperforms the closed Gemini 2.5 Flash on

queries involving text, the quality gap widens on image and

audio inputs, where the open-weight model exhibits a gap of

0.03 for images and 0.10 for audio.

Feature Ablations We plot the relative impact of the query op-
timizations described in Section 2.4 in Figure 44. The LIMIT-heavy
movie scenario sees a large improvement in latency when enabling
early exiting, where a Gemma E4B model drops from 24.3s to 8.8s
average latency. The largest change in latency is seen in the cars
scenario, driven by two questions: In Q3, instead of performing in-
ference over all 1,270 rows of data where transmission = 'Manual',
early exiting allows the process to complete once 10 outputs of the
LM function satisfy the = FALSE predicate, resulting in latency sav-
ings of 55 seconds. In Q8, rather than calling the llmmap function
over all 19,672 rows, processing can terminate once 100 images of
cars with both punctures and paint scratches are found, saving 141
seconds.

Early deduplication is responsible for the single largest drop in
latency across the dataset, saving 40 seconds on the Movie scenario.
The reason for this is the relatively large scale factor (2,000) and
level of duplication within the columns passed to LM functions: of
the 2,000 values in the reviewText column, only 1,864 are distinct.
This saves 136 calls to an LM on a simple llmmap across the column,
but the effect is compounded when performing joins: the self-join
logic in Q5, Q6, and Q7 decreases the size of the resulting data
subset from 122,004 rows to 72,675. We see latency gains in the
mmqa scenario for the same reasons, where Q2a and Q2b select
the 6 distinct Track values rather than the 13 total values (with
duplicates), resulting in the cross-join passing 1,200 values to the
LM instead of 2,600.

Constrained decoding is a major factor in the quality of the
language model outputs. In the cars scenario, the average quality
scores are boosted by 0.03 and 0.04 for Gemma 4 E2B and Gemma
4 E4B, respectively. The largest increase in quality for the cars
scenario occurs in Q10, in which the LM function must classify a
customer complaint into one of 24 possible categories (electrical

4Complete query-level results can be found in Appendix 9

system, power train, engine, etc.). Applying constrained decoding
results in a +0.35 improvement in quality for Gemma 4 E4B, showing
that despite being prompted to return a response within a valid
set of options, small language models often fail to generate a valid
selection without formal runtime constraints. The largest change
in quality is seen in the ecomm scenario, where the addition of
constrained decoding boosts average quality by 0.06 for Gemma 4
E2B and 0.07 for Gemma 4 E4B. This large boost in performance
is primarily due to Q12 (+0.90 increase after applying constrained
decoding), which tasks the language model with generating a JSON
object with a specified schema, and Q5 / Q11 (+0.05, +0.04), in which
the language model plays the role of a 5-way multi-class classifier.
Critically, this quality improvement is achieved without sacrificing
latency: enabling constrained decoding via llguidance adds little-
to-no overhead, adding 0.064 seconds of latency to the Gemma 4
E2B model and saving 0.20 seconds with the Gemma 4 E4B model.

As very few queries in the SemBench benchmark contain multi-
ple LM functions within the same subquery, cascade filtering shows
little impact within this context. However, we see Q14 in the ecomm
scenario save 142 seconds of latency after enabling cascade filtering.
In this query, a program is written to (1) Find all images containing
white socks, and (2) Identify which image and description pairs are
aligned. By filtering on the ”white socks“ criteria first, the second
function only receives the 426 filtered inputs rather than the full
set of 3,000 image / description pairs.

5 ENVIRONMENTAL IMPACT

The total runtime for all reported experimental results amounted to
81 hours on the workstation described in Section 3.2. To estimate
the carbon footprint of our evaluation, we followed the widely
adopted methodology proposed by Lannelongue et al. [28]5. This
amounts to an estimated energy consumption of 27.21 kWh, which
translates to approximately 11.4 kgCO2. For context, this carbon
footprint is roughly equivalent to the emissions of driving 46.67
km (29 miles) in an average gasoline-powered passenger car [1].

6 LIMITATIONS

Described in Section 4.1, a full comparison of BlendSQL against
the baseline LM-DB systems with Gemma 4 E4B is not possible, as
the baseline systems raise errors when using a local vLLM endpoint
on multi-modal inputs. We hope that in the future, a complete com-
parison on the SemBench dataset with local open-weight models
may be made possible.

The notion of “financial cost” is highly volatile and subject to
the volatility of hardware rental and proprietary API pricing. The
rates used in this study ($0.18/hour for an NVIDIA RTX 5080 and
$0.30 per million input tokens for Gemini 2.5 Flash) reflect market
conditions at the time of writing, and are influenced by economic
factors outside the scope of this study. While monetary costs will
inevitably fluctuate, our broader conclusion relies not on specific
price points, but on the structural shift from a volume-based (per-
token) to a time-based (hourly compute) pricing paradigm. Because
BlendSQL v0.1.0 reduces execution time while matching or improv-
ing accuracy, this structural advantage remains robust regardless
of future economic shifts. To emphasize the financial cost savings

5https://calculator.green-algorithms.org/
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independent of on-demand rental availability in third-party GPU
marketplaces, we present an alternative setting. The RTX 5080 has
anMSRP of $999.99; with standard markup pricing for high-demand
graphics cards, it is available for $1,300 as of May 2026. The AMD
Ryzen 7600X is available for $167. Once these hardware costs are ac-
counted for, only energy costs must be considered: Electric Choice
report average U.S. residential energy costs of 0.18 / kWh [7]. Factor-
ing in these variables, the cost to buy the workstation described in
Section 3.2 and run the ecomm scalability experiment in Section 4.1
is approximately $1,469 (derived via 1300+167+(13.13∗0.18))). This
is still substantially less than the $2,988 cost of using Palimpzest
with Gemini 2.5 Flash for the same experiment.

7 RELATEDWORK

Combining Language Models with Database Systems Com-
bining language models with structured data operators is a widely
studied topic. The origin of such an approach can be traced back
to early SQL operators enabling statistical machine learning and
data mining [21, 23, 38]. Later, database management systems with
native predictive functions utilizing models such as logistic regres-
sion and support vector machines became more common, such as
SQL Server’s PREDICT function in 2017 and BigQuery ML in 2018
[19, 22, 39]. To the best of our knowledge, Bae et al. [4] were the
first to propose the idea of putting calls to a multi-modal neural
model into a SQL query. Others have since continued exploration
into domain-specific languages for combining the generalized com-
putations of language models with the structured reasoning of
traditional database query languages [6, 11, 16, 43, 54].

Modern approaches integrate language models with database
management systems at varying levels. While Patel et al. [43] in-
tervenes via a Pandas API, Dorbani et al. [11] build out a set of
custom UDFs for the online analytical processing DBMS DuckDB
[47]. Tjangnaka et al. [54] build out UDFs for the PostgreSQL DBMS
[46], with additional calls to language models to determine the se-
mantic equivalency LM-generated values against native database
values. Palimpzest [34] is unique in its formulation of the cost op-
timization problem, allowing the system to search over a space
of various-priced closed LM APIs. A subset of work specifically
explores efficient methods for optimizing LM functions in relational
systems [26, 35].
Constrained Decoding Constrained decoding refers to the pro-
cess of controlling the output of languagemodels by applyingmasks
at the decoding level, such that generations adhere to a specific pre-
determined constraint [9]. These constraints are typically encoded
via regular expressions or context-free grammars, and optimized
decoding engines have emerged for deriving and applying masks
[10, 15, 20, 42, 62]. Recent work has explored alternatives to the
predominant locally-constrained decoding paradigm [33]. Most rel-
evant to our work is Mündler et al. [40], who present an algorithm
to enforce the well-typedness of LLM-generated TypeScript code.
Whereas they tackle the problem of determining whether a partial
program can be completed into a well-typed program, we explore
constraints for integrating LM outputs into a declarative query
language like SQL.

8 CONCLUSION

Under token-based API pricing, cost scales with the number of
tokens processed, independent of inference speed. Open-weight
models on local, hourly-billed hardware invert this relationship: by
tuning parameters such as max concurrency (Figure 5) and query
optimizations (Figure 4), faster inference directly translates to lower
cost. This shift in incentive structure allows researchers to focus on
core inference innovations with known architectures and hardware,
rather than engineering around black-box models, arbitrary rate
limits, and opaque infrastructure. The cost difference becomes stark
at scale andmassively improves the accessibility of LM-DB research:
Lao et al. [29] report spending an average of $2,988.32 evaluating
Palimpzest on the ecomm scenario five times across five scale
factors. We show that the equivalent workload with BlendSQL and
Gemma 4 E4B costs $6.96. Perhaps most importantly, numerous
studies have shown API quality fluctuates over time, making full
reproducibility impossible [2, 5, 57]. Open-weight models guarantee
full reproducibility by decoupling experimental results from the
volatility of proprietary LM endpoints.

We presented BlendSQL v0.1.0, a LM-DB system that elevates
small, open-weight language models to performance competitive
with closed API solutions. We demonstrated a cost reduction of
390x and latency reduction of 3.8x, with performance matching or
exceeding systems with closed-weight models on text and image in-
puts. We highlighted the modality gap between small open-weight
and closed-weight models, demonstrating a stark quality difference
on audio data. Finally, we examined the components aiding the
success of LM-DB systems through a series of ablations.
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9 APPENDIX

9.1 vLLM Config

All local vLLM servers were launched using the following command
with vLLM==0.21.0

vllm serve "${model_path}" \
--host 0.0.0.0 \
--port 8000 \
--tensor -parallel -size 1 \
--enable -prefix -caching \
--max -model -len 32000 \
--structured -outputs -config.backend guidance \
--gpu_memory_utilization 0.9 \
--mm -processor -kwargs '{" max_length ": 480000} ' \
--enable -prompt -tokens -details

9.2 Prompts

LLMMAP Prompt

You are a helpful assistant. You will be
presented with some context and a question.
{{return_type_instructions}}

{% if quantifier is not none %}
{{quantifier_disclaimer}}
{% endif % }

An example is shown below.

{{one_shot_example}}

---

QUESTION:
{{question}}

CONTEXT:
{{context_as_dict}}

{% if options is not none %}
OPTIONS:
{{options}}
{% endif % }

ANSWER:

LLMQA Prompt

Answer the question given the context, if provided.
Keep the answers as short as possible,
without leading context. For example, do not
say 'The answer is 2', simply say '2'.

Your response format should match the specified
'Return type', if provided.

Question: {{question}}

{% if context is not none %}
Context: {{context_as_dict}}
{% endif % }

{% if options is not none %}
Options: {{options}}
{% endif % }

{% if return_type is not none %}
Return type: {{return_type}}
{% endif % }

Answer:

12

https://arxiv.org/abs/2503.19786
https://arxiv.org/abs/2503.19786
https://www.tpc.org/tpcds/
https://www.tpc.org/tpch/
https://cloud.vast.ai


Figure 7: Full SemBench results. BlendSQL uses gemma-4-E4B-FP8, other systems use gemini-2.5-flash.

(a) Full mmqa results.

BlendSQL BigQuery LOTUS Palimpzest ThalamusDB

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 0.07 1.00 $2e-5 14.10 1.00 $0.05 7.40 1.00 $0.10 4.50 1.00 $0.01 – – –
Q2a 55.15 1.00 $0.01 53.80 0.00 $0.40 169.60 0.83 $4.45 135.90 1.00 $5.20 – – –
Q2b 64.22 0.97 $0.02 38.40 0.00 $0.60 166.80 0.83 $4.45 133.80 1.00 $5.20 – – –
Q3a 1.35 0.78 $3e-4 19.60 0.72 $0.05 4.20 0.83 $0.05 4.50 1.00 $5.20 11.00 0.75 $0.05
Q3f 1.41 0.92 $4e-4 22.30 0.67 $0.05 4.20 1.00 $0.05 8.00 1.00 $0.10 7.00 1.00 $0.05
Q4 0.45 0.56 $1e-4 9.70 0.60 $0.01 – – – 1.20 0.54 $0.03 – – –
Q5 0.24 1.00 $6e-5 – – – 0.48 1.00 $5e-3 0.50 1.00 $5e-3 – – –
Q6a 0.73 1.00 $2e-4 18.90 0.03 $0.02 4.40 1.00 $0.05 4.00 1.00 $0.10 5.60 0.33 $0.01
Q6b 0.71 0.67 $2e-4 17.30 0.04 $0.02 3.80 1.00 $0.05 4.10 1.00 $0.10 5.50 1.00 $0.01
Q6c 0.83 0.91 $2e-4 17.40 0.13 $0.02 4.60 1.00 $0.05 4.70 1.00 $0.10 13.40 0.53 $0.01
Q7 133.26 0.51 $0.03 91.70 0.00 $5.90 2311.40 0.32 $68.05 2101.60 0.31 $78.25 – – –

Avg. 23.49 0.85 $6e-3 32.61 0.29 $0.79 267.27 0.88 $7.73 218.44 0.90 $8.57 8.50 0.72 $0.03
Avg. Std. 0.11 0.03 $3e-5 – – – – – – – – – – – –
Wins 8 1 10 3 1 0 0 0 0 0 2 0 0 0 0
Total Cost $0.06 $7.11 $77.30 $94.30 $0.13

(b) Full ecomm results.

BlendSQL BigQuery LOTUS Palimpzest ThalamusDB

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 8.18 1.00 $2e-3 21.20 0.59 $0.20 12.20 1.00 $0.30 12.20 1.00 $0.40 34.80 1.00 $0.15
Q2 23.15 0.40 $6e-3 55.70 0.21 $19.80 166.10 0.87 $0.90 57.50 0.83 $1.90 100.80 0.67 $1.55
Q3 8.53 0.78 $2e-3 21.20 0.97 $0.60 17.10 0.97 $0.35 16.50 0.98 $0.60 – – –
Q4 13.65 0.40 $3e-3 31.00 0.69 $1.85 156.70 0.45 $0.70 335.00 0.53 $1.20 – – –
Q5 4.48 0.96 $1e-3 25.70 0.98 $0.85 7.40 0.99 $0.20 6.60 0.98 $0.35 – – –
Q6 13.34 0.67 $3e-3 34.90 0.88 $1.75 114.80 0.89 $0.60 143.70 0.89 $2.15 – – –
Q7 222.74 0.77 $0.06 45.40 0.83 $4.30 199.40 0.75 $6.65 287.60 0.92 $8.95 97.70 0.51 $0.40
Q8 51.63 0.50 $0.01 126.20 0.29 $91.15 4.10 1.00 $0.02 3.90 1.00 $0.05 713.00 0.00 $1.50
Q9 24.43 0.43 $6e-3 48.60 0.58 $1.05 243.40 0.55 $0.30 44.90 0.49 $0.50 872.20 0.00 $1.55
Q10 10.95 0.00 $3e-3 – – – 519.50 0.00 $0.30 1192.50 0.06 $5.10 – – –
Q11 57.46 0.25 $0.01 – – – 158.70 0.78 $1.35 132.40 0.73 $3.05 – – –
Q12 13.58 0.91 $3e-3 31.10 0.97 $0.50 36.40 0.60 $0.50 31.90 0.00 $0.70 – – –
Q13 32.99 0.51 $8e-3 22.40 0.70 $1.90 274.80 0.74 $1.20 238.30 0.74 $2.20 – – –
Q14 48.73 0.88 $0.01 73.60 0.37 $21.30 178.20 0.87 $1.15 – – – – – –

Avg. 38.13 0.60 $1e-2 44.75 0.67 $12.10 149.20 0.75 $1.04 192.54 0.70 $2.09 363.70 0.44 $1.03
Avg. Std. 0.15 0.02 $4e-5 – – – – – – – – – – – –
Wins 11 0 14 2 3 0 0 2 0 1 2 0 0 0 0
Total Cost $0.13 $145.25 $14.52 $27.15 $5.15

(c) Full movie results.

BlendSQL BigQuery LOTUS Palimpzest ThalamusDB

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 0.39 1.00 $1e-4 26.30 1.00 $0.25 33.10 1.00 $0.45 3.80 1.00 $5e-3 4.20 0.95 $2e-3

Q2 0.45 0.96 $1e-4 9.50 1.00 $0.01 2.10 1.00 $0.05 29.70 1.00 $0.05 1.90 0.92 $0.01
Q3 0.48 0.69 $1e-4 11.00 0.64 $0.01 2.10 0.64 $0.03 4.60 0.64 $0.05 3.10 0.74 $0.01
Q4 0.32 0.64 $8e-5 11.40 0.64 $0.01 2.80 0.64 $0.03 4.40 0.74 $0.10 3.80 0.74 $0.01
Q5 0.63 0.46 $2e-4 54.50 0.89 $5.05 536.50 0.59 $11.90 1.90 0.39 $0.05 2.30 1.00 $5e-3

Q6 0.57 0.46 $1e-4 54.50 0.69 $5.00 432.40 0.67 $9.05 2.30 0.83 $0.05 1.70 0.84 $4e-3

Q7 149.03 0.54 $0.04 198.00 0.70 $16.55 431.80 0.21 $9.05 1056.10 0.68 $38.60 649.90 0.57 $0.75
Q8 0.68 0.92 $2e-4 10.90 0.76 $0.01 2.30 0.93 $0.02 4.30 0.86 $0.10 6.80 0.83 $0.03
Q9 0.81 0.87 $2e-4 13.30 0.78 $0.10 4.90 0.75 $0.10 5.70 0.78 $0.25 – – –
Q10 8.88 0.71 $2e-3 32.10 0.44 $0.65 30.90 0.40 $0.65 39.20 0.42 $1.90 – – –

Avg. 16.22 0.72 $4e-3 42.15 0.75 $2.77 147.89 0.68 $3.13 115.20 0.73 $4.12 84.21 0.82 $0.10
Avg. Std. 0.22 0.03 $6e-5 – – – – – – – – – – – –
Wins 10 2 7 0 0 0 0 0 0 0 0 0 0 2 0
Total Cost $0.04 $27.66 $31.32 $41.16 $0.82
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(a) Full cars results.

BlendSQL BigQuery LOTUS Palimpzest ThalamusDB

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 201.92 0.63 $0.05 61.70 0.71 $7.20 550.00 0.90 $8.70 465.60 0.69 $12.20 829.70 0.81 $6.85
Q2 1.97 0.00 $5e-4 14.10 0.08 $0.05 – – – 4.10 0.00 $0.02 14.10 0.09 $0.05
Q3 1.69 0.94 $4e-4 36.40 1.00 $8.30 456.20 0.90 $3.00 6.10 0.92 $0.05 – – –
Q4 193.15 0.99 $0.05 68.70 0.99 $7.05 822.00 0.99 $8.55 443.60 0.99 $12.05 768.80 1.00 $6.70
Q5 2.25 0.00 $6e-4 58.90 1.00 $7.35 – – – 6.30 1.00 $0.05 483.70 1.00 $8.05
Q6 219.79 0.75 $0.05 44.30 0.96 $10.00 – – – 427.30 0.96 $12.55 775.40 0.97 $9.80
Q7 378.20 0.55 $0.09 86.00 0.45 $15.85 – – – 882.70 0.56 $22.35 2146.20 0.58 $15.30
Q8 173.18 0.07 $0.04 38.20 0.24 $8.45 1349.80 0.45 $8.90 268.70 0.29 $10.10 68.00 0.20 $1.05
Q10 350.62 0.50 $0.09 62.00 0.57 $13.50 618.10 0.41 $15.45 594.90 0.51 $23.45 – – –

Avg. 169.20 0.49 $0.04 52.26 0.67 $8.64 759.22 0.73 $8.92 344.37 0.66 $10.31 726.56 0.66 $6.83
Avg. Std. 0.10 0.01 $3e-5 – – – – – – – – – – – –
Wins 3 0 9 6 2 0 0 2 0 0 0 0 0 0 0
Total Cost $0.38 $77.75 $44.60 $92.82 $47.80

(b) Full wildlife results.

BlendSQL BigQuery LOTUS Palimpzest ThalamusDB

Query Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs) Lat. (s) Quality Cost (5 runs)

Q1 9.41 0.78 $2e-3 32.00 0.79 $0.55 92.40 0.79 $0.55 32.80 0.79 $0.65 19.60 0.79 $0.55
Q2 4.16 0.00 $1e-3 9.40 0.19 $0.05 – – – 2.80 0.17 $0.05 4.50 0.14 $0.05
Q3 9.29 0.20 $2e-3 25.70 0.00 $0.55 99.40 1.00 $0.55 22.70 0.00 $0.65 4.30 0.00 $0.15
Q4 4.01 0.40 $1e-3 9.40 1.00 $0.05 – – – 2.70 0.00 $0.05 1.30 0.00 $5e-3

Q5 13.39 0.93 $3e-3 19.20 0.75 $0.60 – – – 13.50 0.75 $0.65 2.30 0.75 $0.05
Q6 13.34 0.20 $3e-3 24.30 0.20 $0.60 – – – 19.30 0.00 $0.65 13.20 0.50 $0.30
Q7 18.58 1.00 $5e-3 24.60 1.00 $1.10 188.30 1.00 $1.15 43.90 1.00 $0.65 28.80 1.00 $1.00
Q8 26.68 0.83 $7e-3 35.50 0.75 $1.15 – – – 34.90 0.75 $0.65 23.80 0.75 $0.60
Q9 11.92 0.61 $3e-3 37.60 0.59 $0.60 – – – 19.10 0.57 $0.65 17.20 0.67 $0.40
Q10 9.27 0.40 $2e-3 40.30 0.00 $0.55 87.80 1.00 $0.55 19.60 0.00 $0.65 4.40 0.00 $0.15

Avg. 12.01 0.54 $3e-3 25.80 0.53 $0.58 116.98 0.95 $0.70 21.13 0.40 $0.53 11.94 0.46 $0.33
Avg. Std. 0.08 0.22 $2e-5 – – – – – – – – – – – –
Wins 3 2 9 0 1 0 0 2 0 1 0 0 6 2 0
Total Cost $0.03 $5.80 $2.80 $5.30 $3.25
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Figure 9: Plotting the query-level latency and quality changes on SemBench scenarios with BlendSQL and Gemma 4 E4B under

various feature ablations.
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