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Abstract

Languagemodels can be used to augment databases; typically, when
this is done, their top prediction is used while the uncertainty in
this prediction is ignored. We propose a framework that preserves
output distributions from language model predictions and uses
them to evaluate SQL queries probabilistically. First, a language
model is used to infer new features from existing ones. Second,
ProvSQL, a PostgreSQL extension implementing a probabilistic data-
base through data provenance, encodes the predictions as mutually
exclusive events in a provenance circuit and evaluates probabilistic
queries. We extend ProvSQL to support text-value comparisons and
join operations on language model predictions. We demonstrate the
framework on 10 612 Amazon musical products and 230 156 user
reviews, locally augmented with the Llama 3.1 model. We show
that probabilistic querying reveals contradictions between model
predictions and existing labels, recovers data records otherwise
missed, and propagates joint uncertainty across multi-table queries.

CCS Concepts

• Information systems → Data management systems; • Com-

puting methodologies→ Natural language processing; • The-
ory of computation→ Data provenance; Probabilistic com-

putation.
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1 Introduction

Incomplete, unstructured or uncertain data hinders good data anal-
ysis and hence data-based decision-making processes. Depending
on the considered application and problem, different solutions may
be used [1, 4]. One solution in particular uses a language model
to handle missing features by augmenting the database [6]. When
this is done, the top prediction from the model is used. Oftentimes
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models are not confident about their predictions, and by ignoring
the other predictions of the model, uncertainty is ignored as well.
In our proposed framework, we preserve the output distributions
of models and use them for probabilistic SQL query evaluation.

First, a language model is used to deal with missing values, miss-
ing features, and unstructured data. A new feature is inferred given
other features or general knowledge, and a prompt is engineered
accordingly. We explore the most likely outputs of the language
model in a beam-search manner and get their log-probabilities
(log-probs), which are used to generate a mapping from values to
probabilities for each data record. Second, since language models
tend to be uncertain, we pass on their uncertainty to the data-
base allowing a probabilistic evaluation of queries. To do this, we
use ProvSQL [9, 11], a PostgreSQL extension for implementing a
probabilistic database through data provenance. ProvSQL works by
adding a new column called provsql to tables, containing univer-
sally unique identifiers (UUIDs) identifying gates in a provenance
circuit. At initialization, tables contain one fresh UUID per data
record that corresponds to an input gate of the circuit; then, for
each SQL operation, ProvSQL generates new provenance tokens
for the corresponding operation; these are the inner gates of the
circuit. Queries are rewritten to produce a valid provenance an-
notation in the provsql column. At probability evaluation time,
gates contributing to the final data record are used to compute the
probability of that data record. We extend the ProvSQL library
with two new operations: the first one compares the probability
mapping from the model with text values, and the second one joins
tables on the probability mapping.

We demonstrate the proposed framework on two datasets from
the “Amazon Reviews 2023” [8] about musical products and user
reviews. Both datasets are augmented locally using the language
model Llama 3.1 [13] with eight billion parameters. In the demon-
stration, we add features to the table by categorizing musical prod-
ucts by type (accessory vs. instrument) and by instrument, and
categorizing user reviews by sentiment (positive, neutral, or nega-
tive). These new features are cross-referenced with reference data
about musical instruments for further insight. We run multiple
queries and compare the result of our probabilistic query evalua-
tions to deterministic evaluations (that only take into account the
output of the language model with the highest probability).

We provide a short video1 illustrating the demonstration sce-
nario, while the code and datasets are available on GitHub2.

1Video: https://youtu.be/VWvf6BEABKM
2GitHub: https://github.com/angelosaadeh/musical-demo
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2 Architecture

Data Augmentation. We consider a language model M, and a
dataset with 𝑑 − 1 features 𝐴1, . . . , 𝐴𝑑−1; the goal is to add a new
feature 𝐴𝑑 to the dataset using M. To do this, given the task (new
feature to add), we engineer a prompt 𝑃 that uses the data record
and other features for this data record with few-shot examples to
help the language model. The prompt 𝑃 , a number of tokens, and a
number 𝑘 for choices are sent to a server that hosts the language
model M; the server first runs M(𝑃) for one token and gets the
top 𝑘 answer tokens 𝑎1, . . . , 𝑎𝑘 . Answers with very low log-probs
compared to the highest log-prob are eliminated and only answers
𝑎𝑖 for 𝑖 ∈ 𝐼 ⊆ {1, . . . , 𝑘} are kept; each of the remaining answers is
appended to 𝑃 and the server runs M(𝑃 + 𝑎𝑖 ) for every 𝑖 ∈ 𝐼 . This
step is repeated until the desired number of tokens is reached or
a pre-defined stopping point is attained. This method allows the
predictions to evolve in different directions while limiting choices,
in a beam-search style. At the end, the server returns, in JSONB
format, a mapping of values and probabilities, the latter computed
by multiplying the probabilities at each step. The model calls could
be done live in SQL via a user-defined function (UDF) or they could
be pre-computed and stored in the table. In our demonstration,
we pre-computed the language model outputs and stored them in
the table to avoid latency issues, but the framework supports both
options.

Aggregation of the Model Outputs. We consider a table with a
column of type JSONB that contains for a given record a probability
distribution encoded as a mapping from a finite set of values to
probabilities: {𝑣1 : 𝑝1, . . . , 𝑣𝑛 : 𝑝𝑛}, where each record could have a
different number of values and these values are sorted by probability
from highest to lowest: 𝑝1 ≥ 𝑝2 ≥ · · · ≥ 𝑝𝑛 . We use ProvSQL to
iteratively create a gate in the provenance circuit for each value
𝑣1, . . . , 𝑣𝑛 and assign probabilities to these gates so that values are
encoded as mutually exclusive events, enabling correct probabilistic
query evaluations. Indeed, two values 𝑣𝑖 and 𝑣 𝑗 cannot be correct
at the same time; therefore, we transform the raw probabilities
𝑝1, . . . , 𝑝𝑛 into conditional probabilities, and we create a circuit for
the values using monus and plus gates, representing AND NOT

and OR logical operations, respectively.
Given a record with values {𝑣1 : 𝑝1, . . . , 𝑣𝑛 : 𝑝𝑛}, first we create

𝑛 input gates (fresh UUIDs) 𝑡1, . . . , 𝑡𝑛 with conditional probabilities
𝑓 (𝑝1), . . . , 𝑓 (𝑝𝑛). Second, we create a gate 𝑔1 equal to 𝑡1 and assign
𝑣1 to it, a gate 𝑔2 equal to 𝑡2 ⊖ 𝑡1 and assign 𝑣2 to it, a gate 𝑔3 equal
to 𝑡3 ⊖ (𝑡1 ⊕ 𝑡2) and assign 𝑣3 to it, and so on. The symbols ⊖ and ⊕
denote monus and plus gates, respectively; they are implemented in
ProvSQL. These are inner gates obtained by performing operations
on other gates: a circuit is being created. Generally, for 𝑖 > 1, we
create a gate 𝑔𝑖 equal to 𝑡𝑖 ⊖

(︂⨁︁𝑖−1
𝑗=1 𝑡 𝑗

)︂
. This ensures that all the

gates (and hence values) are mutually exclusive; furthermore, if we
define the function 𝑓 as:

𝑓 (𝑝𝑖 ) =


𝑝𝑖 if 𝑖 = 1

𝑝𝑖
𝑖−1∏︂
𝑗=1

(1 − 𝑓 (𝑝 𝑗 ))
if 𝑖 > 1,

aggregation token

Choose(𝑔1, . . . , 𝑔𝑛 )

𝑔1 = 𝑡1 𝑔2 = 𝑡2 ⊖ 𝑡1 𝑔𝑛 = 𝑡𝑛 ⊖
⨁︁

𝑗<𝑛 𝑡 𝑗· · ·

𝑡1
𝑓 (𝑝1 )

⊖ ⊖

𝑡2
𝑓 (𝑝2 )

⊕{𝑡1} 𝑡𝑛

𝑓 (𝑝𝑛 )
⊕{𝑡1, . . . , 𝑡𝑛−1}

Figure 1: Provenance circuit built by BuildProvenance for

a data record with mapping {𝑣1:𝑝1, . . . , 𝑣𝑛 :𝑝𝑛}. Input gates 𝑡𝑖
carry conditional probabilities 𝑓 (𝑝𝑖 ).

then we obtain probabilities 𝑝1, . . . , 𝑝𝑛 for the gates 𝑔1, . . . , 𝑔𝑛 , re-
spectively. This process is achieved via a function called Build-
Provenance that takes a column of type JSONB as input, and
returns an aggregation token as an output. When evaluated, Build-
Provenance creates all the required gates 𝑔1, . . . , 𝑔𝑛 then aggre-
gates them using a function called Choose. The Choose function
picks the first valid value it encounters, and since the values were
sorted by probability, the gates have inherited this order. The ag-
gregation token itself is also a gate obtained by performing an
operation on 𝑔1, . . . , 𝑔𝑛 . We illustrate the circuit for one data record
in Figure 1.

Operations on Aggregation Tokens. The function BuildProve-
nance applied to a column of type JSONB results in a column of
type aggregation token. While the ProvSQL extension supports
some operations on aggregation tokens, we extended the library
to support further operations, as explained in the following para-
graphs. All changes made to ProvSQL for this demonstration are
released as part of the latest version (1.9.0) of the extension.

Compare aggregation tokens with text values. The ProvSQL ex-
tension supports comparing values of type aggregation token to
numerical values (operators =,≠,≥,≤, <, >). We extended the li-
brary to support comparisons with text values (operators =,≠) in
the specific case where the aggregation token is the result of the
aggregation function Choose applied on mutually exclusive gates,
in which case we only need to make a linear scan of the aggregated
values; this may sound trivial, but it does not hold for other aggrega-
tion functions. Indeed, aggregation functions like sum, mean, min,
max, etc., are usually applied to numerical values, and comparing
them to text values is not meaningful. Moreover, when applying
comparison operators on such aggregation results, a linear scan of
the aggregated elements is not enough; we must explore all the pos-
sible combinations in which values could be present. Furthermore,
ProvSQL also handles logical operations like OR, AND, and NOT in
WHERE and HAVING clauses, which are crucial for our framework.

Join tables on aggregation tokens. ProvSQL supports join op-
erations between two tables when joining two text or numerical
columns. We extended the library to support joining two tables
where the first table contains an aggregation token and the second
table contains a numerical or text column. We do this by perform-
ing an operation called exploding the aggregation token. Consider a



Preserving LLM Output Distributions for Probabilistic Query Evaluation CIKM ’26, November 07–11, 2026, Rome, Italy

data record (𝑥1, . . . , 𝑥𝑑 , 𝜏) where 𝑥𝑑 is an aggregation token, and 𝜏
is the UUID in an extra column called provsql that contains the
provenance of that particular data record. First, we use ProvSQL
functionalities called GetChildren and GetExtra to walk the cir-
cuit and retrieve the information from the mapping that gave us 𝑥𝑑 :
the values of the gates 𝑔1, . . . , 𝑔𝑛 and their probabilities 𝑝1, . . . , 𝑝𝑛 .
Second, we replicate each row 𝑛 times to obtain 𝑛 new data records
(𝑥1, 𝑥2, . . . , 𝑥𝑑−1, 𝑣𝑖 , 𝜏 ⊗ 𝑔𝑖 ), for 1 ≤ 𝑖 ≤ 𝑛, where ⊗ is a times gate.
This means the first 𝑑−1 columns remain the same for all the new 𝑛

records, the 𝑑-th column that used to contain the aggregation token
now contains the value 𝑣𝑖 and the provsql column now contains
a new UUID equal to 𝜏 ⊗ 𝑔𝑖 . Since the probability of 𝑔𝑖 is 𝑝𝑖 and
the probability of 𝜏 is 1 by default, the probability of record 𝑖 is 𝑝𝑖 .
Third, the column that used to contain the aggregation token is
now a text or numerical value, depending on the type of 𝑣1, . . . , 𝑣𝑛 ,
so it can be used to join on another table: a classic join handled by
existing functionalities in ProvSQL.

3 Demonstration Scenario

To demonstrate our framework, we use a database containing three
datasets: two datasets fromAmazon [8], the first one being amusical
products dataset and the second one a user reviews dataset of the
products; the third one is a reference table containing musical
instruments with their families and types. We first summarize the
cleaning and augmentation process of the data, then show examples
of how language model augmentation and probabilistic evaluation
of queries produce new insights about the data, and finally illustrate
the user interface from which queries can be executed.

Datasets. The musical instrument datasets from Amazon orig-
inally contain 213 thousand products and 3 million user reviews.
First, we filter the products dataset to keep only the products
whose asin (identifier), title, description, features, price and
average_rating are non-empty. Second, we only keep the prod-
ucts that have between 10 and 50 user reviews, to keep the number
of reviews per product comparable. We are left with two datasets
meta and reviews containing 10 612 products and 230 156 reviews
respectively. The reviews table contains the ASIN of the product
being reviewed, the text review, and the user rating between 1
and 5. We augment both tables. From the existing features of the
meta table, we derive two new columns: (1) is_instrument with
values “yes” or “no” to know if a product is an instrument or an
accessory; it is obtained from the server (Section 2) by allowing
only 1 token from the language model, and (2) instrument to know
which musical instrument a product pertains to; it is obtained with
3 tokens. Both columns use few-shot examples in the prompts and
use the title, description, and features of the products in the
prompt. The reviews table is augmented with a column called
sentiment, which uses 1 token to obtain three answers: “positive”,
“neutral” or “negative”. The prompt only uses the text review; it
does not use the user’s rating. All inferences were run locally on
an Apple M4 laptop (10-core CPU, 16 GB unified memory) using
the model Llama-3.1-8B-Instruct [13] with llama.cpp [7] and Metal
GPU acceleration. The reference table instruments contains four
columns name, type, subtype, family; it was generated by a lan-
guage model and is used to derive further information about the
products.

New Insights from Probabilistic Querying. We demonstrate that
combining language model predictions with probabilistic queries
produces new insights about the data by running example queries.

Improve data quality. We notice that some reviews are labeled
positive by the language model but give a low star rating to the
product, and conversely. These are not ironic reviews misclassified
by the model. They are data quality problems in the rating column,
so using the sentiment attribute in queries produces more correct
data analysis results. An example query and its top three results
are illustrated in Figure 2.

SELECT asin, rating, review, sentiment, probability
FROM reviews
WHERE sentiment = 'positive' AND rating = 1
ORDER BY probability DESC;

asin | rating | review | sentiment | probability
-----------+--------+---------------------------------+-----------+-------------
B082SKRWCT | 1 | Great product, just what we ... | positive | 0.99965
B08K2RKS6X | 1 | I love this little device! S... | positive | 0.99961
B078Y4DWGV | 1 | Wow - this is a great, great... | positive | 0.99937

Figure 2: Top three reviews confidently labeled as positive

by the language model but with a 1-star rating.

The data also reveals information on user behavior: we counted
such contradictory ratings and found that negative reviews with
good ratings (4 or 5 stars) are about 6.8 times more frequent than
positive reviews with bad ratings (1 or 2 stars). This could be inter-
preted in multiple ways and could help orient data analysis tasks
to better understand user behavior.

Recover borderline predictions of the language model. While the
language model improves data quality and offers information about
behavioral patterns otherwise invisible without data augmentation,
its outputs may be uncertain. Therefore, it is crucial to complement
the data augmentation with a probabilistic evaluation of the queries.
We demonstrate that running queries in a deterministic manner (by
picking the top choice of a language model) may cause incorrect
results since the model is not always confident.

To demonstrate this, we create a table from the meta dataset
where the column is_instrument is deterministic and contains
values “yes” or “no” depending on which one has a higher log-
prob by the language model; we call this new table meta_det. Join-
ing meta and meta_det on the identification number asin, and
filtering records classified as non-instruments in meta_det, but
as instruments with substantial probability in meta, shows that
many products with uncertain outputs are wrongly classified as
non-instruments in the deterministic table, as shown in Figure 3.

For instance, the second product returned is classified as a non-
instrument despite a 0.4648 probability of being an instrument.
Many such errors appear in the top results: meta_det, built from
the model’s top predictions, gives incorrect results, whereas meta
preserves the model’s uncertainty through probabilistic evaluation.
Mistakes from deterministic tables occur when the language model
gives predictions with close log-probs; choosing one output over
another in this case does not correctly reflect the data.
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SELECT m.asin, m.title, probability
FROM meta AS m
JOIN meta_det AS md ON m.asin = md.asin
WHERE m.is_instrument = 'yes' AND md.is_instrument = 'no'
ORDER BY probability DESC;

asin | title | probability
-----------+------------------------------------------------+--------------
B0772SPTK1 | Seymour Duncan Studio Bass Compressor Pedal | 0.4708
B000VTKLX6 | Latin Percussion LP304LP Pro Merengue Guiro | 0.4648
B07DMKYJ6H | Guitar Hook Auto Lock Guitar Hanger | 0.4619

Figure 3: Top three products classified as non-instruments

despite a probability close to 0.5 of being an instrument.

Figure 4: One of the tabs of the user interface, used to run

queries on the augmented reviews table.

Control compounded uncertainty. The power of ProvSQL lies in
being able to run multiple successive queries that may depend on
each other and still be able to evaluate the probability of a result
at any time. We write such queries where all three tables meta,
reviews and instruments are joined and filtered with WHERE and
HAVING conditions. For example, we can filter the products that are
wind instruments with “positive” reviews.

When a query is evaluated probabilistically we obtain a joint
probability of all filtering conditions to which deterministic eval-
uations are blind. Our framework offers the option to adjust the
probability threshold of a query allowing a new dimension of con-
trol for better data analysis tasks.

User Interface. Our user interface contains multiple tabs, each
of which allows a user to run a specific kind of query, like filtering
reviews by sentiment and ratings, or browsing the products table
by instrument type. We also made a query builder tab where users
can compose and run custom SQL queries without writing SQL
code; the generated SQL can still be edited before execution. The
results of the queries can be filtered by a probability threshold. We
show in Figure 4 the tab in the user interface that helps uncover
contradicting reviews as shown in Figure 2. A user can choose a
sentiment, a star rating and a probability threshold to filter the
reviews table. In Figure 5, the results of the query are shown
alongside the execution time and the probability method used to

Figure 5: Results of the query illustrated in Figure 4.

evaluate the query. Users also have access to the query rewriting:
they can see how the query is originally written, and how ProvSQL
rewrites it to make all operations semiring-compatible. In addition,
the equivalent query can be run in parallel on the deterministic
table to check for differences. Finally, we will complement the
demo interface with ProvSQL Studio [10], the user interface we
develop for ProvSQL, which allows running queries on test cases
and visualizing provenance circuits.

4 Conclusion

In this paper, we presented a framework combining data augmenta-
tion from a language model and probabilistic query evaluations in
ProvSQL. Previous works use outside sources or models to enhance
tables with additional knowledge [12]. In [3], language models are
used to query datasets by transforming natural language questions
like “Which country is each individual from?” to code that aug-
ments the dataset with LM calls. A related, more efficient query
engine is proposed in [5]; however, neither paper addresses un-
certainty. In [14], outputs and model confidence from an object
detection model are used to search for images containing certain
items in a probabilistic manner. In contrast, our framework allows
encoding mappings of mutually exclusive probabilities on multi-
ple tables and performing SQL operations on the whole database,
allowing new insight about the data we already have for better
data analysis and decision-making. The probability mapping that
we use to add values in the augmented tables comes directly from
the log-probs of the language models. Log-probs by themselves
are not a calibrated representation of correctness, but nothing in
the proposed construction depends on them being so; the function
BuildProvenance consumes a mapping from values to probabili-
ties, whatever its source. Some works [2] propose calibrations to
map log-probs to more accurate probabilities, and others estimate
uncertainty by sampling at non-zero temperature. Either could
be substituted directly in our framework for better probabilistic
querying.
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