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Abstract
In scenarios where the structure of information to store is not
known upfront or changes over time, neither traditional relational
databases nor schemaless approaches are well-suited. Relational
databases are great for data analysis and exploration, but require
a carefully crafted schema, which causes high manual overhead.
Entities not considered during schema design cannot be stored. In
contrast, schemaless approaches allow users to store all kinds of
data without the need for a schema, but require schema-checking
on read to ensure that queries can read certain attributes. Therefore,
we present an approach that works on top of existing relational
databases and autonomously organizes the schema based on in-
coming data. We call our system JUSTINE (JUST INsert Engine).
Users can store data while omitting table or column names or using
the wording of their mental schema, which might deviate from the
real one in the database. Our system maps the incoming data to
the existing schema and adjusts the schema where needed (i.e., by
adding columns or new tables) to handle the insertion of attributes
or entities not represented in the schema yet. To ensure a high-
quality schema, our system provides operations to periodically fix
mistakes and optimize the schema (e.g., by combining tables). We
propose a way to evaluate such systems, even though there is no
single gold standard for a suitable schema, and use this for an initial
evaluation of our approach. Our approach should be seen as a first
step towards self-organizing data schemas, therefore, we provide
an extensive roadmap for further research.
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1 Introduction
Storing data in a structured format is often crucial to analyzing it
later and gaining value from it. How well this data can then be used
depends heavily on the semantics of the structure (the schema).
Coming up with a useful schema can be very difficult and can cause
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Figure 1: Possible insertion scenarios. The system needs to
handle different kinds of inserts, ranging from ones that
already match the existing schema to those that contain only
partial schematic information (i.e., table or attribute names
but not both) and where those names are only synonyms
of the ones used in the database. The system needs to map
between the input and the existing schema, or extend the
schema by adding new attributes or tables. For schema ad-
justments, suitable names must be chosen.

high overheads. In particular, such a schema will either be very
generic (hindering analytics and automated usage of the data) or
needs to be adjusted whenever new kinds of information should be
stored.

Supporting Unclear or Changing Inputs. The detailed semantics
of data might be unclear when designing the system that handles
them, e.g., when dealing with user-generated inputs such as com-
plaints, support tickets, or requests. This can be either due to a high
(or even unrestricted) amount of possible attributes or because of
situation changes over time. Take, for example, an IT department
that wants to improve how they assign and handle support tickets
created by their users. Their existing system might only request
some basic structured data (e.g., name and email of the user, as well
as the ID of the machine the problem is on and maybe a selection
between hardware or software issue), while every other information
is entered in a text field. Having more information in a structured
format could help to automatically choose who handles the ticket
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or allow the system to retrieve similar previous cases to base the
answer on. Manually choosing which fields are required for each
issue is unfortunately difficult, since the relevant information can
be highly different for each kind of issue (e.g., a URL is crucial
for problems with a web app, but completely useless for hardware
issues) and might vary over time (e.g., when the software or hard-
ware stacks in the company change). Thus, one needs a system
that not only allows the users to enter arbitrary key-value pairs,
but one that matches between the wording used by them and the
existing structure to store the values in a semantically useful way.
To allow for better automatic handling of the tickets, the system
should additionally not place all tickets in the same table, but group
them in different tables based on the relevant information (e.g.,
one for the issues of the web app including the URL and browser
information, another one for reports of broken printers storing
which one is affected). Even after such a specific table was created
in the schema, further changes to it might be necessary, e.g., when
a shift to working from home suddenly makes information about
the private internet provider of the user relevant.

Existing Databases are not Sufficient. Currently, there are two
general options for storing and accessing such data:

Relational databases allow efficient querying and easy browsing.
This is reached through a strict schema that is usually manually
designed upfront, requiring both knowledge about the domain and
databases. In the example from above, one would need to decide
how the data should be distributed across different tables and which
attributes each of them should have. Additionally, the schema must
be manually adapted when additional information with deviating
attributes should be stored. Storing arbitrary attributes is possible
using key-value tables, but without a strict schema, browsing or
automatically handling the data gets much harder. Thus, a rela-
tional database requires continuous remodeling in scenarios with
changing entities and attributes.

Alternatively, schemaless databases such as key-value stores and
other non-relational databases allow data to be stored without the
necessity to define a schema, but the lack of that schema makes
it harder to use it afterwards. It can be unclear what is stored at
all and how the information is organized. To really make use of
the data, the schema has to be provided on read, either by trying
to infer it from the data or again manually by developers or data
scientists building on top of it. The effort for schema design will
hence often only be postponed.

Self-Organizing Schemas. Neither direction offers the necessary
functionality out of the box—having the data exploration and query-
ing options of a relational database combined with the possibility of
adding new kinds of information without manual overhead by auto-
matically adjusting the schema. In this paper, we therefore present
an approach that works towards this vision and allows users to
perform vague inserts without the need to specify a schema upfront.
That is relevant since allowing the omission of schema information
when setting up the database but then requiring it in the input
queries would just shift the place and time of the specification with-
out liberating users from the burden of coming up with a sensible
schema. By allowing them to submit vague queries, that responsi-
bility is moved to the data system.

Handling Semi-Structured Inserts. In this paper, we present our
approach for this. Our system JUSTINE (JUST INsert Engine) can
start with an empty database and derive the complete schema based
on the inserts alone, or use a manually created schema as a starting
point that is then adjusted during runtime. It needs to support
different scenarios (see Figure 1 for examples): In some cases, the
inserts might be complete and directly match existing tables. In
other cases, they might look complete, but use deviating terms for
table and column names (e.g., timestamp but the database column
is called report_date). The system needs to map them to the existing
schema. Queries might contain names for table and columns, but
without a direct correspondence in the existing schema. In that
case, the schema must be updated by adding the missing columns
or creating entirely new tables. Finally, when users are unaware
of whether a suitable structure already exists and do not know
what a good structure would look like, they may create inserts that
omit table or column names. Again, the system needs to search
for existing suitable structures and adjust the schema if there is no
direct correspondence.

This functionality of automatic mapping and adjustments allows
the insertion of arbitrary items into the database while providing a
relational schema after every step. Future INSERTs of the same type
can then be inserted in those adjusted tables, leading to a coherent
storage of semantically related concepts. This makes both manual
exploration and automated processing easier.

The Right Tables & Columns. The mapping is done with a multi-
step approach that first determines suitable candidate tables and
then performs an attribute mapping for each of them. The quality
of these mappings is then heuristically scored, and the insertion
is executed in a way that minimizes the number of schema adjust-
ments. Instead of running the system fully automatically, it is also
possible to bring the human into the loop and ask them to choose
between these mappings (which still substantially reduces the effort
compared to manually coming up with the correct schema directly).

Housekeeping and Optimizing the Schema. With the mapping
approach described above, the number of tables and attributes can
only grow, but there is no way to correct suboptimal decisions later.
Hence, as a second major functionality, such a self-organizing data
system needs further means to adjust the schema. In this paper,
we describe and evaluate an approach to identify separate tables
that should be combined (e.g., when synonyms were not correctly
resolved at first). Additionally, we discuss further automatic opera-
tions which could be run regularly to optimize the schema.

Contributions & Artifacts. In this paper, we present JUSTINE, a
system for self-organizing data schemas. It consists of a multi-step
approach for determining target tables and attributes for inserts
that may lack table or attribute names, and can use synonyms for all
structural information. The approach adds new tables and columns
where needed. The second central contribution are operations that
try to detect suboptimal aspects of the schema and optimize them,
e.g., by splitting or combining tables. Third, we introduce a new
metric tomeasure the quality of the schemawith regard to accessing
and handling the data afterwards.We publish our code, datasets, and
the fine-tuned models as open source at https://link.tuda.systems/
JUSTINE.

https://link.tuda.systems/JUSTINE
https://link.tuda.systems/JUSTINE
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Outline. The remainder of the paper is structured as follows: We
start by giving an overview of the system and its components in
Section 2, followed by more details on the architecture and the
fine-tuning process in Section 3. In Section 4, we discuss what a
good schema should look like and how the quality could be mea-
sured, which we then apply in the initial evaluation in Section 5.
Afterwards, we discuss a potential research roadmap for further
advances in the area in Section 6. An overview of related existing
work can be found in Section 7 before we conclude in Section 8.

2 Overview
Our system consists of two components: The first one stores incom-
ing data in relations and updates them based on the insert queries if
necessary. To improve the schema, a second component periodically
runs operators to uncover suboptimal decisions made during the
iterative insertion process and attempts to improve them by moving
the affected data or adjusting the schema. In this section, we give
a quick overview of the components; the detailed implementation
will then be explained in the following section.

Handling Insertions. The insertion is handled iteratively, consid-
ering one insertion query at a time. The system needs to decide
autonomously in which table to place the values (either determin-
ing the correct existing one or proposing the name for a new table)
and then to map the values to existing columns or add new columns.
We use two Llama 3 models [17] for this semantic bridging between
inputs and schema, which we fine-tuned for the tasks of table and
column mapping. Additionally, heuristics like fuzzy string match-
ing are used for trivial cases. In addition to the query itself, the
models are prompted with a representation of the current schema,
including value samples for each relation. The models work across
domains and do not need to be fine-tuned for each database. The
system then needs to perform necessary adjustments to the schema
(adding columns and/or tables) and can execute an adapted version
of the insertion query afterwards.

Improving the Schema. Due to the iterative nature of the schema
building, the system might take decisions that turn out to be subop-
timal in the long run. Hence, the system needs operations to correct
these decisions later, e.g., moving records to anther table and (if nec-
essary) deleting attributes that are NULL for all remaining records,
renaming tables, or combining multiple tables. The system needs
to regularly run a detection method for these issues and then try
to fix them. As a first step towards this, we introduce an operation
that finds tables with a very similar schema and combines them.

Previous Work. We presented a demo of the basic idea at
VLDB’25 [11]. Compared to the demo, we improved the use of
the models, in particular, which information is made available to
them and which is hidden on purpose to better steer their behav-
ior and reduce inference time. As a result, the system usually has
more valid variants for the mappings to choose from. We improved
the heuristics for selecting among possible mappings to achieve
better results in fully automatic mode. As a completely new com-
ponent, optimization operations are introduced. Additionally, this
paper contains details on the fine-tuning process, provides met-
rics to evaluate the approach, an initial evaluation, and a research
roadmap.

Figure 2: Insertion flow. When a new insertion query (B)
is handled, the system first checks whether it matches the
existing schema (A) and can directly be inserted (C). If not
(i.e., because either table or column names are missing in the
query or are not present in the schema) the system runs the
mapping stage (D), which first asks the first model to find a
suitable table and then uses the second model for column
mapping. This stage can be runmultiple times to get different
possible mappings (E). Afterwards, a heuristic (F) is used to
select the mapping that best balances between the fit of the
data and necessary changes to the schema. Based on this, the
schema is adjusted (if necessary) and the data is inserted (G).

3 Approach
In this section, we describe the insertion workflow, the required
models, and the database optimization operations in detail.

3.1 Insertion Workflow
Our approach works on top of a relational database. The insertion
flow for a concrete example can be seen in Figure 2. When a new
insertion query (B) arrives, the system first tries to insert it as it is
(C). But in many cases, table or column names may be missing or
do not match the existing schema (A), since the users do not know
about the existing schema but use their words and mental schema,
or leave it up to the system to make sense of the data. Moreover,
the insertion query might contain new entities or attributes that
are not yet covered in the schema at all. In this case, the following
multi-step approach will be invoked, where the system will try to
find suitable tables and columns for the data.

Finding Target Tables and Columns. This is done with a mixture
of fine-tuned LLMs and heuristic approaches (e.g., (fuzzy) string
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matching) that can augment the LLMs and help to reduce compu-
tation load for trivial cases (i.e., where names clearly identify the
correct tables and/or columns). This process (D) is run multiple
times (e.g., three, the number can be selected to balance between
expected quality and higher inference cost) to identify multiple pos-
sible mappings and then select the best from them using a heuristic
(F). It consists of two stages:

First, the system tries to find suitable tables. One of the candi-
dates is selected using fuzzy string matching, since our experiments
shows that using LLMs alone will not only lead to higher inference
costs but actually decrease performance in these trivial cases. For
the other candidates, the system invokes a model for table prediction
to find a corresponding existing table. Alternatively, it can give a
name for a new table instead. The prompts include the existing
tables and their columns. The process is repeated for more candi-
dates, hiding the tables selected already from the schema prompted
to the model.

For each candidate, the system can now check whether the inser-
tion query provides column names that match the table’s attributes,
either exactly or with fuzzy string matching. If not, a second model
for column prediction is invoked, which iteratively requests a unique
target column for each column in the insert (either an existing one
or giving the name for a new column). In these prompts, only the
details on the selected table are provided (schema and instances
for each of the attributes). We tested both prompting for each col-
umn mapping individually and requesting all mappings of an insert
query at once. In our experiments, the latter often failed to provide
a unique mapping, instead mapping multiple input columns to the
same target column. Also, the results for queries with more than
one to three columns were often invalid, missing some of the map-
pings or giving invalid values. Hence, we decided to map them one
by one, making it easier to enforce correct mappings and reducing
inference cost when needing to rerun it.

Selecting the Best Mapping. The system now needs to select one
of the mapping candidates, which it does by ranking them. For this
ranking, the number of new columns that would be needed when
inserting the data into this table, and the number of additional
attributes not used by the query can be used as heuristics. Addition-
ally, a certain cost (either static or with an increasing temperature
based on the size of the schema already existing) can be associated
with creating a new table. This penalty is a hyperparameter that
can be selected based on whether the scenario benefits more from a
larger number of tables (with only small differences between some
of them) or from a smaller schema. As an example, this would steer
whether the system tends to place all movies in the same table
regardless of their genre, or whether it will create a table for science
fiction movies, one for animated movies, and so on. If wanted, the
creation of additional tables or even columns can be turned of at all,
preserving a fixed schema and using just the capabilities to handle
vague inserts.

The multi-stage approach allows the system to consider both the
table and column information before settling on a certain target ta-
ble, while reducing the amount of context that needs to be provided
in each of the prompts and being able to adjust it to the relevant
subparts (e.g., by only listing columns of a single table in the col-
umn mapping). If we had requested table and column mappings

in one prompt, the chances are very high to end with an invalid
mapping. Moreover, in an interactive setting, this allows producing
a concise list of candidates from a large pool of potential matches
from which a user can select, capitalizing on the user’s knowledge
and the human ability to intuitively find agreeing entries when lists
are short enough.

Finally, JUSTINE then performs the schema alterations (if neces-
sary) and inserts the data (G).

Good Table and Column Names. Our system needs to decide
which names to use for new tables and columns at multiple places.
This is particularly relevant for those insert queries where table
or column names are completely missing. However, assuming that
those submitting the queries are often people without experience
in database schema design, it might not be sensible to use included
names as-is, even for those queries that contain column and table
names. Thus, JUSTINE prompts the models to propose suitable
names when no existing correspondence exists and uses the gener-
ated values (which may or may not deviate from the user’s inputs).

3.2 Models for Table & Column Mapping
Our system uses two Llama 3 [17] models that are fine-tuned for
the tasks of table and column mapping.

Datasets. To fine-tune models for these tasks, we created a
dataset out of all 52 databases of the BIRD benchmark [14], 151
databases from the Spider challenge [19], and a sample of 99 tables
from WikiDBs [18]. We chose this number of different databases to
prevent overfitting. We sampled from the three different datasets
to utilize the different naming conventions, ranging from manually
adjusted to very generic ones. We keep ten databases from each
source for testing purposes. For all other databases, we computed
the corresponding insert queries to populate the database to the
given state and built two variants of fine-tuning datasets, where
we removed the table or column information, respectively, for a
uniform sample of 50 % of the queries.

Moreover, we identified three different scenarios for such a query
execution: (1) The relevant table/columns names(s) are not in the
database. (2) The relevant table/columns names(s) are in the data-
base with the same name. (3) The relevant table/columns names
are in the database with an alternative name. For each insert query
we created a corresponding database state by selecting (random)
subsets of tables and columns or introducing (LLM-generated) syn-
onyms. We balanced these states so that the three scenarios are
equally distributed across the dataset.

Fine-Tuning. Both models were fine-tuned using the datasets
mentioned before. For efficient fine-tuning of the two models, we
opted for the version with eight billion parameters and additionally
applied QLoRA [8]. Using a data collator that restricted the fine-
tuning to the desired output and not the prompt itself, we were
able to further improve the prediction quality.

Prompts. The prompt contains an introduction, the insert query,
and the current database state with some example rows for each
table, formatted in CSV format. Our experiments show that directly
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asking this model to come up with a new table name in case no suit-
able match is found performs better than generating a placeholder
and leaving the name generation task to a second model.

3.3 Optimization Operations
Once more data was inserted, it may turn out that some decisions
regarding schema alterations or data placement were not ideal (as
explained above). Therefore, the system needs a component that
can correct these decisions later. It needs to detect suboptimal parts
of the schema or wrongly placed entries and try to improve them.
These maintenance/optimization tasks should be run regularly, e.g.,
when the system, in particular the GPU, is idle. For this paper,
we implemented and evaluated one of these operations, which we
now describe in detail. Afterwards, we discuss further possible
operations.

Combining Tables. Our analysis shows that records of the same
type are often placed in different tables (e.g., when the query word-
ing deviates too strongly from the schema). Those tables should be
combined into a single one as part of the maintenance operations.
Tables can be combined if their schemas are compatible, so candi-
dates can be identified using established schema-matching methods.
Schema-based, instance-based, or combination approaches are pos-
sible. Intuitively, this requires comparing all pairs of tables and
checking whether the similarity exceeds a given threshold. In prac-
tice, the candidate pool can first be restricted to table pairs with a
similar number of attributes. The remaining candidates must then
be compared on a semantic level. As we have shown in a previ-
ous paper on schema matching [12], this semantic comparison can
again be done in two stages to keep computation cost low, first
discarding even more candidates and then finally carefully checking
the remaining ones using all available information (i.e., schema and
instances already in the database).

Our approach combines schema-based and instance-basedmatch-
ing. Starting with all pairs of tables, the candidate pool is first
decreased using a schema-based algorithm. This algorithm uses em-
beddings of table and column names and keeps the best-matching
pairs of tables (the cutoff can be chosen based on available com-
puting capacity at the time of optimization). These remaining pairs
are then compared using an instance-based approach that uses the
average embedding of the most common values in each column.
One option is now to only merge tables if their schemas are ho-
momorphic and differ only in naming, while another option is to
accept partial matches, too and mark a pair for merging if the ra-
tio of matching columns is over a defined threshold. Here, a low
threshold leads to more tables being merged (and might cause these
merged tables to have a bunch of additional columns that are only
relevant for parts of the data), while a high threshold leads to a
more conservative behavior but might leave tables unmerged even
though they differ only slightly. The choice of that hyperparameter
again depends on the use case.

The merge is then performed by inserting the rows of the smaller
table into the larger one using the column mapping step of the
general insertion algorithm. As a variant, moving candidates to the
new table could rely entirely on the potential column mappings
identified from the instances. Or the optimization step could only
be used to find candidates, but the task of moving them could again

be handed over to the semantic capabilities of the system’s insertion
logic by simply rerunning the insertions for these candidates.

Further Optimization Operations. The system might place entries
in the wrong table, e.g., due to missing or overly generic table and
column names. An example for this can be seen in Figure 3, where
the system was not able to differentiate between last names and
movie titles, as well as birthdates and release dates, just based on
the structure of the values. Later, the system created a table directors
that better fit the data. A strong sign of such faulty placements is
the presence of empty attributes. Another class of optimization
operations should therefore try to identify records that do not
belong together and move them to different tables. An optimization
operation could therefore try to divide the records into two or more
groups that each have a list of attributes that the other groups
lack (see the wide schema in the figure for an example). Once such
candidates are identified, they can either be remapped individually
using the existing insertion logic or moved as groups, e.g., using
the schema matching approach described above.

Another issue is the presence of tables where the same informa-
tion is spread across attributes for different rows. Here, approaches
to unify those attributes are needed. A starting point can again be
comparing semantic representations of multiple instances.

Finally, another interesting class of optimization operations is
approaches that do not try to improve the structure, but the names
used for tables and columns. A starting point would be to prompt an
LLM for new names using instances of a given table (or a sample of
them), leading to better names than the predictions in the original
insertion logic, which have to find a suitable column name based
on a single instance only.

4 What is a good schema?
How can a system decide where to put the data? And how can we
measure whether this decision was a good one? Trivial approaches
would be storing everything in a very broad table (ignoring table
information and using strict string matches for the columns, or enu-
merating them) or creating a new table for every insert that lacks
table information. It seems obvious that the resulting schemas from
these approaches will be neither helpful for manual exploration
nor for automated analyses. However, in general, deciding whether
a schema is reasonable is far from trivial. Even schemas widely
considered suboptimal (e.g., storing two concepts in the same table
with many NULL values) can still be usable for analysis and dis-
covery. In most cases, however, related items should be stored in
the same table, while unrelated items should be stored in different
tables. As a result, tables should only contain many NULL values if
the inserted data already had them, but not because the columns of
different inserts strongly varied. Values with different semantics
should not be mapped to the same column, and the table and col-
umn names should reflect the contents and be understandable to the
system’s target audience. These properties should be achieved on a
semantic level, even when users use different words for the same
concepts in their inserts (or the same word for different concepts
in others). Furthermore, expectations regarding quality can vary
greatly across use cases, and so can the waiting times and inference
costs users are willing to accept.
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Figure 3: Computation of the database F1 score. For a given gold schema and the result from running the system, the computation
is shown. First, the F1 score for all pairs of gold and result columns are computed. Then, the best mappings for each gold
table are computed. For movies, only correspondences in the result table with the same name movies are found (A). The F1
score is hence the average of the F1 scores of the three columns. For directors, mappings in movies and directors are found. The
combination of mapping names to l_name and dob (B) to release would yield the highest average F1 score, therefore, this is the
loose F1 score. In a strict setting, all mappings need to be in the same result table (only mappings C and D) from which D is
selected since it has a slightly higher F1 score. The scores for the tables are then averaged again to get an F1 score for the entire
database. Additionally, the figure shows a wide schema variant that contains all data in one single table. That schema would get
a perfect F1 score, showing that looking at this score is not sufficient, but one should take the sparsity (number of NULL cells)
into account, too, when rating the schema.

4.1 Database F1 Score
There are a lot of schemas for the same use case that are equally
valid. First, this covers all homomorphic variants of the same struc-
ture with different but semantically plausible names for tables and
columns. Second, there are often different ways to distribute the
data into different tables. Combined again with semantically ex-
changable names, this increases the number of possibilities even
further. To anyhow measure the quality of the schema based on a
given gold schema, we thus propose to check how well the data can
be accessed. Two schemas should be considered equivalent in this
regard if accessing the data requires the same effort (i.e., values for
different attributes in the first schema are not combined into a sin-
gle attribute in the second, nor are they spread across relations). To
quantify the equivalence of two schemas in this regard, we propose
a way to transfer the well-known F1 score to entire databases. This
can then be used to compare the generated schema with a known
gold schema for this setting.

The intuition behind the metric is to first quantify the equiva-
lence between columns in the gold standard database and those
in the system-generated database, and then generalize this infor-
mation across the entire database. Equivalence of two columns

can be expressed in terms of recall and precision (measuring the
fractions of expected and unexpected values present). Recall and
precision can then be used to calculate F1 scores for all possible
column combinations and identify the best match. This again can
then be used to capture how well distinct concepts were placed in
different tables.

The exact computation works as follows. An example can be
found in Figure 3.

(1) For a given pair of a gold column 𝑐𝐺 and a column in the
result 𝑐𝑅 compute precision

𝑝 =
|∀𝑥 ∈ 𝑐𝑅 : 𝑥 ∈ 𝑐𝐺 |

|𝑐𝑅 |
recall

𝑟 =
|∀𝑥 ∈ 𝑐𝑅 : 𝑥 ∈ 𝑐𝐺 |

|𝑐𝐺 |
and F1 score

𝐹1𝑐𝐺𝑐𝑅 =
2 · 𝑝 · 𝑟
𝑝 + 𝑟

NULL values are ignored.
(2) From all possible combinations 𝑐𝐺 ×𝑐𝑅 select the one column

𝑐𝑅 with the highest F1 score as correspondence for each of the
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columns 𝑐𝐺 from the gold database (𝑚𝑐𝐺𝑐𝑅 ). This measures
how well this column is represented in the resulting schema
(independent of its relations).

(3) For all columns 𝑐 of a given gold table 𝑡𝐺 , these values can
now be averaged to get a score for each gold table

𝐹1𝑡 = 𝑎𝑣𝑔
(
∀𝑐 ∈ 𝑡𝐺 : 𝐹1𝑚𝑐

)
and averaged again to get one combined score for the whole
generated database

𝐹1𝑙𝑜𝑜𝑠𝑒 = 𝑎𝑣𝑔 (∀𝑡 ∈ 𝐺 : 𝐹1𝑡 )

Doing this aggregation in two levels ensures all gold tables
contribute the same to the overall score, regardless of the
number of columns in the relation.

(4) The loose F1 score does not consider whether the assumed
correspondences of multiple columns from the same gold
table are in the same or different resulting tables. To better
capture relations, we can compute a strict version of the
F1 score. Here, the mappings between gold and resulting
columns of a given gold table must all be in the same result
table, still maximizing the resulting average F1 score. These
strict table scores are then again averaged across all tables
to obtain a strict database score.

4.2 Avoiding Wide Tables & Sparsity
As shown in Figure 3, a wide table that contains the attributes of
multiple concepts next to each other can reach a perfect score. This
is reasonable, since it still allows for retrieving the same data (by
filtering for NOT NULL on one of the relevant attributes). Neverthe-
less, this is often not desired and might hinder browsing the data
or lead to inefficient storage.

We therefore suggest considering sparsity as a second metric. It
measures the number of additional NULL values introduced by the
system. Low sparsity usually indicates well-divided tables. However,
the system should not solely aim to place the values with the goal
of optimizing sparsity. An example where this would lead to the
wrong behavior is a movie table that already contains a column
for release date. If there is an insertion for a movie whose release
date has not yet been published, the system should still insert the
entry into the movie table rather than creating a new one with all
attributes except the release date. To correctly consider those cases
during evaluation, sparsity must always be evaluated with respect
to the sparsity of the gold standard tables.

Our experiments show that the trends of the two metrics might
indeed diverge, underlining the importance of measuring both cov-
ered aspects. Having two different metrics instead of additionally
incorporating the NULL cells into the F1 score makes it easier to
detect whether a component like an optimization operation trades
one aspect (e.g., low fraction of records, indicated by good F1 scores)
for another (e.g., very wide tables, indicated by a high sparsity).

5 Initial Evaluation
In this section, we present an initial evaluation of our approach
and discuss the directions it indicates for the next research steps,
which will be outlined in the following section.
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Figure 4: Average F1 scores (loose& strict) for running our sys-
tem on the evaluation dataset with the modification settings
described in Section 5. It can be seen that both fine-tuning
the models and using our insertion flow, rather than merely
prompting the models, lead to improvements over the base
Llama 3 model, and that the optimization step further im-
proves the approach. Values between 0 and 1, higher is better.

Setup & Dataset. We test our system on thirty scenarios based
on ten databases from each BIRD [14], the Spider challenge [19],
WikiDBs [18], and Spider 2.01 [13], for which we computed the
insertion queries to produce the database state. We can now modify
these queries (i.e., remove table or column information, and/or
replace them with synonyms) to test how well the system can
create a suitable schema from this information.

The system’s exact performance depends on the modifications.
We report the results for the following setting as one representa-
tive example: 50 % table names removed, 25 % synonyms for table
names, 20 % column names removed, and 30% column synonyms.
For the table selection, we set the parameters to use three candidate
mappings of which one is always fuzzy string matching and the
other two are LLM-based.

Rating the Insertion Logic Quality. The resulting F1 scores can be
found in Figure 4. We compare the insertion approach described in
this paper to using only fine-tuned models for table and column pre-
diction, without the heuristic components, and to predicting with a
Llama 3 model without fine-tuning. The average database F1 score
without fine-tuning is 0.490 ± 0.12. Fine-Tuning only marginally
boosts the F1 score (0.491 ± 0.13) but decreases the dispersion. A
substantial effect is observed when combining the fine-tuned model
with our complex insertion logic to form JUSTINE, which reaches
0.571 ± 0.13 and even 0.626 ± 0.12 when the optimization step is
applied at the end. The strict F1 scores only differ slightly from
the corresponding loose ones. Thus, it can be seen that all aspects
(the models, the overall insertion logic, and the optimization step)
contribute to creating a better schema and placing the insertions
correctly. Another piece of evidence for that can be found when
inspecting the internal behavior of JUSTINE. In about two-thirds of
the insertions, the system uses a mapping suggested by the LLM; in
the remaining cases, the string matching heuristic provides the best
mapping. This again underlines the importance of all components.

1Spider 2.0 is particularly interesting here, since it is a complex task that was published
after the training of the base model and was also not included in our fine-tuning.
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Inference Times & Interactivity. If neither table nor column in-
formation matches the existing schema exactly, the insertion logic
requires one prediction for the table matching and one for each
column. To boost the quality, the process has to be repeated for all
mapping attempts that do not work purely heuristically. Therefore,
we use two eight-billion-parameter models to keep the inference
times at an acceptable level. On a NVIDIA DGX system with A100
GPUs (40 GB GPU memory), the whole insertion process usually
takes 2 − 4𝑠 (using a single GPU), but can be a magnitude higher
when the database contains very long strings (negatively affecting
the token count of each prompt). For larger models, inference time
can go up substantially. We tested the system with a more recent
Llama 3.3 model and got an average performance of up to 0.2 better
than when using the Llama 3 based models, but due to the 70 bil-
lion parameters, the inference time increased by a factor of 5 − 10,
rendering it too slow for many applications. Yet, in scenarios where
the required compute capacity is available, this can further boost
quality.

Typical Issues. We have shown that our approach outperforms
solely relying on LLMs for this task. However, it can also be seen
that there is still room for improvement. A manual analysis of the
resulting schemas shows two primary issues: First, the schemas
are often quite wide, since multiple different types that share a
few attributes with the same name end up in the same table. This
is underlined by an average sparsity of 0.431 ± 0.12 of JUSTINE
before the optimization (compared to only 0.066 ± 0.10 in the gold
schemas). This can be improved by using different weights for the
heuristic to balance between existing and new tables, and by adding
maintenance steps that split these tables.

Second, the mapping between generated and user-specified
names does not always work. As a result, records of the same type
might end in different tables (or, less often, the same attribute might
be split into different target attributes). Changing the weight of the
mapping selection heuristic affects this, too. Yet, since for one of
the issues it is relevant to incentivize more tables and for the other
there should be fewer, this is difficult to balance. It therefore seems
more promising to tackle these issues using the table combination
operation based on schema matching. In the tested scenario, the
gold standard contains, 6.2 ± 3.8 tables, while JUSTINE produces
18 ± 9.3 tables, of which 10.7 ± 8.1 remain after the optimization.

6 Research Roadmap
The system presented in this paper is a first step towards self-
organizing data schemas.We hope that it fosters discussions on how
such systems should work, which scenarios should be supported,
and which properties and guarantees are needed—at the workshop
and beyond. As a basis for such discussions, we outline the roadmap
for the next steps we envision in this section.

Batch Insertion. The amount of information in a single insertion
query is limited. This can make it difficult to infer the correct seman-
tics. Take, e.g., the number 42. Even when knowing that it should
be inserted in a table about a person, there are different plausible
interpretations. Only when there is a second record with a value of
81 for the same attribute, it becomes obvious that this property is
probably the age and not an (European) shoe size. Hence, as one

future direction, we will investigate ways to group incoming inserts
and then jointly map them, giving the insertion logic more informa-
tion to work with. The quality gain of the optimization through the
identification of corresponding tables, which is based on multiple
instances at once, suggest that this direction is promising.

Optimizing the Schema. As we saw in the initial evaluation, the
maintenance operations will play an important role. As we dis-
cussed in Section 3.3, we will add and evaluate additional steps, e.g.,
to split tables or to rename them. This covers investigating ways to
adjust whole groups of records at once (which is connected to the
group inserts discussed before).

Protecting the Schema. Currently, we treat all queries the same,
allowing them to have the same effects on the schema. It would,
however, be interesting, to investigate how queries that are incom-
plete or otherwise of low quality could automatically be identified.
These queries might then be handled differently (e.g., preventing
the addition of new tables or columns to match their data).

When applying the system in a real-world use-case that starts
with an existing schema, it might furthermore be relevant to allow
manually fixating and thus protecting some parts of the schema,
allowing schema alterations only for other tables. In addition to
manual annotations such protection rules could also be derived
from user defined functions and stored procedures.

Going Beyond Direct Inserts and 1:1 Mappings. Another very in-
teresting direction to improve the schema quality will be going
beyond directly mapping the inserts. This will be relevant since
we cannot expect non-experts to know about normalization and
why it is important. An extended insertion logic should be able to
split the data across multiple tables and introduce suitable primary
and foreign keys. Furthermore, it should be able to split values that
are currently not normalized (e.g., because the users entered both
first and last name in the same field). Finally, adjusting the value
representations (e.g., timestamp formatting, categorical encoding,
value ranges) will be crucial for high-quality databases when the
inputs come from different users or sources.

Leveraging Read Operations. Until now, we have inferred the
relevant schema only from the insertions. But for many use cases,
it will not only be relevant how the data is stored, but also what
schema the users working with the stored data expect. Therefore,
we will investigate how a self-organizing schema could adjust based
on SELECT queries, too. This might be particularly interestingwhen
combined with the directionmentioned before: Knowingwhat parts
of information are needed and in which combination might give
hints on how to distribute the information across different tables,
and where records need to be joined. A self-organizing schema
could use this to automatically create (materialized) views that
allow accessing the data in the way inferred, or even to adjust
the schema directly. Our next step will be to incorporate SELECT
information into optimization operations.

Improved Usage of LLMs. Which LLMs are used (and how they are
prompted) plays an important role for the resulting schema quality,
as the initial evaluation shows. Larger models usually generate
better predictions, but at a higher inference cost. In the face of the
rapid development of large language models, the choice of suitable
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models must be re-evaluated regularly. Newer and larger models
might, e.g., have higher costs for running a single prediction, but
that prediction might be able to suggest multiple mappings at the
same time, compared to the one-by-one style currently used. A
second factor for the inference cost is the prompt that is handled
by the LLM. Here, we want to further investigate how we can
make best use of the context, i.e., what should be included and
how it is encoded. One specific direction we want to investigate
here is the active selection of example values for the attributes in
a way that it maximizes the relevance for the LLM for handling a
given insertion query. Furthermore, we want to investigate ways
to automatically infer the types of the input values and leverage
them for the mapping.

Leveraging Domain Knowledge. As a final direction, it will be
interesting to try incorporating additional domain knowledge if
available. With the amazing zero-shot possibilities of LLMs and
work on extending the possible context size far beyond what
earlier models could handle [3], it is possible to provide large
amounts of background information. This could, e.g., be used to
supply the mapping models with technical documentation about
the domain, to even better infer the semantics of the given inputs.

Beyond the mentioned research directions, there are lots of other
interesting topics, like the extension from textual attributes to multi-
modality, or a study on the interactive use of such a system.

7 Related work
In this section, we will analyze related work. To the best of our
knowledge, no system provides self-organizing schemas yet.

Cafarella et al. [7] propose TGen to create a set of tables from
unstructured tuples. Unfortunately, this approach requires the full
dataset to be present to discover the schema and cannot iteratively
refine it for new inserts. Spoth et al. [16] present an approach called
Adaptive Schema Databases, which shares the motivation with our
approach. Here, the focus is on discovering a useful schema at read
time, while the data is stored in an unstructured or semi-structured
format. The same holds for many approaches for table discovery in
data lakes [1, 9], which require the full data to be present already and
do not support continuously updating the schema. Additionally, the
focus of these approaches is often not to organize all the data, but
rather to discover some relevant information from large amounts of
records and present it in awell-defined format [5]. Other approaches
like Constance by Hai et al. [10] require metadata for schema
discovery that may not be available.

The question of whether two schemata are equivalent was al-
ready addressed in early database research [4, 6]. Unfortunately,
these approaches can only answer whether two schemas are equiv-
alent, but do not provide a means to quantify the degree of overlap.
Research on schema matching [2, 15] can be helpful here. Existing
work is not applicable to the matching task itself in most scenarios:
Schema-based approaches require complete schema information on
both sides, but cases where table or column names are missing are
challenging scenarios. Instance-based approaches usually require a
large amount of instances and can hence not be applied to single
insertion queries. Schema matching, however, can be relevant for

measuring overlap between schemas. This is relevant for the evalu-
ation of systems for self-organizing schemas, and particularly for
schema-optimization operations, since it can help identify tables
that should be combined.

8 Conclusion
In this paper, we presented a prototypical system called JUSTINE
for self-organizing data schemas, which can be particularly useful
for scenarios where the structure of the information to store is not
known upfront or changes over time, and can generally relieve de-
velopers of the overhead of designing suitable schemas. It works on
top of existing relational databases and uses a multi-step approach
to determine target tables and attributes for inserts that may lack
table or attribute names, and can use synonyms for all structural
information. The approach adds new tables and columns where
needed. To ensure a high-quality schema, our system provides an
optimiziation operation to periodically fix mistakes and optimize
the schema. We introduced the metrics database F1 score and spar-
sity to measure the quality of the schema with regard to accessing
and handling the data afterwards. The approach presented in this
paper should be seen as a first step towards self-organizing data
schemas, therefore we discussed the next steps in an extensive
research roadmap.
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