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ABSTRACT

Model cards describe the behavior of models through a mixture
of textual descriptions and structured artifacts, including perfor-
mance, configuration, and dataset tables. Existing model search
systems rely predominantly on semantic similarity over text, which
can produce homogeneous result sets and limit users’ ability to
explore alternatives and reason about trade-offs. We argue that
model search is inherently comparative: users want models that
are aligned at the task level yet differentiated in measurable ways.
We hypothesize that this balance requires retrieval over condensed,
high-quality evidence rather than verbose descriptions, and much
of that evidence is concentrated in structured tables. We present
STRUCTURED SEMANTIC SEARCH , a table-driven model search frame-
work built on the curated MopELTABLES benchmark. Given a query,
STRUCTURED SEMANTIC SEARCH combines semantic model-card
retrieval with structure-aware pipelines that discover query-related
model-card tables using table discovery operators such as unionabil-
ity, joinability, and keyword search. Retrieved tables are mapped
back to model cards under a controlled top-k budget, enabling fair
comparison between text-based and table-based retrieval. Beyond
retrieval, STRUCTURED SEMANTIC SEARCH adapts table integration
to the model-table domain through orientation-aware integration,
producing compact integrated views of tables from partially over-
lapping and sometimes transposed evidence tables. For evaluation,
we introduce a nugget-based, auditable protocol that extracts com-
pact evidence items from model cards, matches queries to condition
or intent nuggets, and measures evidence coverage and diversity
over retrieved model-card candidate sets. This protocol also pro-
vides a scalable path toward evidence-based labeling in dynamic
model lakes. Experiments on a 597 model-recommendation query
set show improved nugget coverage for the structure-aware pipeline
compared to semantic baselines.
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1 INTRODUCTION

Model search is not document retrieval. Model lakes [45]
have emerged as the preferred infrastructure for organizing and
sharing machine learning models. Best practice is for each model
to have a model card describing training data, evaluation results,
and intended usage [39]. Existing model lakes provide some search
features, such as HuggingFaceR* [36], Modelscope [56], Tensor-
Flow Hub!, PyTorch Hub?, DLHub?®. These systems commonly
rely on keyword search, metadata filters, faceted search, or seman-
tic retrieval over model descriptions and model-card text. While
these mechanisms may be effective for finding individually relevant
models, they provide limited support for constructing comparison-
oriented candidate sets of models. However, model search in model
lakes often requires more than retrieving individually relevant mod-
els [29, 36, 45]. Users may want a set of task-aligned models that
also differ in meaningful ways, such as architecture, training corpus,
evaluation benchmarks, model variants, or performance trade-offs.
This creates a need for diverse model discovery: the result set should
remain relevant to the query while exposing non-redundant alter-
natives for comparison, a topic that has been studied in IR [2], but
not model search. This need aligns with the broader information-
retrieval view that useful search results should balance relevance
with diversity and coverage of user intents

The tension between task alignment and diversity. This
observation highlights a fundamental tension. On one hand, re-
trieved models must be aligned at the task or topic level to remain
relevant. On the other hand, users expect diversity in the results,
enabling comparison and informed decision-making [63]. Pure se-
mantic similarity optimizes for textual proximity and therefore
tends to collapse results around dominant model families (for ex-
ample, collections of related models developed by an organization)
limiting exposure to alternative approaches. This effect is amplified
by shared writing templates and reporting conventions: models
developed by the same authors or within the same model family
often exhibit highly similar narrative descriptions, even when their
empirical behaviors differ [11]. This tension suggests that model
search should not be optimized for maximal similarity, but for con-
trolled differentiation under task alignment. Achieving this balance
requires retrieval signals that go beyond surface-level text similarity
and are less sensitive to representational and stylistic bias.

Condensed evidence in model cards. Model cards contain a
mixture of narrative text and structured artifacts [39]. While textual
descriptions provide contextual information, they are often verbose,
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heterogeneous, and shaped by authorial style and templating prac-
tices, making direct comparison difficult *. In contrast, structured
tables, including performance summaries, benchmark results, and
configuration listings, concentrate high-density, decision-critical
evidence with limited stylistic freedom [25]. These tables encode
the core empirical claims of a model and often vary meaningfully
even between closely related models [11]. By filtering out irrele-
vant content and normalizing how evidence is presented, tables
provide a more stable basis for comparison. This work explores
how such condensed, table-grounded evidence can be leveraged to
better support the inherently comparative nature of model search.

Nugget-based evaluation. Model lakes evolve rapidly and user
queries vary in specificity: some queries contain explicit conditions
(e.g. "4-bit quantized model on X benchmark"), while others are
intentionally vague (e.g. "works well on legal documents"). These
characteristics make constructing a fixed gold-standard labeling
impractical. To evaluate retrieval quality under these constraints,
we adopt a nugget-based evaluation [48] with two stages: (1) a card-
to-nugget extraction step that pulls compact evidence ("nuggets”)
from model cards; and (2) a query-to-nugget matching, filtering, and
aggregation step that maps queries to condition or intent nuggets
and computes a nugget coverage score for candidate sets.

As for nugget definition, prior work varies widely (e.g., sub-
questions, atomic facts, or feature-name sets). We adopt the latter
and consider a set of fixed features or attributes (specifically, Model,
Base model, Model variant, Dataset, Metric name, Metric value).
This definition is compatible with a leaderboard-style atomic ex-
traction [21].

Contributions. We summarize our contributions as follows.

e A table-driven model discovery framework that comple-
ments semantic model-card retrieval by searching and in-
tegrating structured tables extracted from model cards, in-
cluding both model-card anchoring (NL2Card2Tab2Card)
and direct table anchoring (NL2Tab2Card).

e A nugget-based evaluation metric and two-stage pipeline
(nugget extraction and prompt-assisted query-to-nugget
matching) that measures evidence coverage and diversity;
the metric is explicitly scoped to evaluate the nuggets ex-
tracted from retrieved candidate sets (not full model-card
processing) and supports evidence-based labeling in dy-
namic model lakes.

e A practical integration strategy that is orientation-aware
(handling tables that have been transposed) to improve com-
parability across retrieved evidence; from a downstream-
integration perspective, the retrieved set should be visibly
relevant yet diverse, and integration provides a convenient,
user-facing view for side-by-side comparison.

e An end-to-end implementation that allows inspection of
retrieved tables and integration views, together with an
adapted model-recommendation query set derived from
paper-recommendation data; experiments using this query
set show improved nugget coverage for our pipeline com-
pared to semantic baselines.

4https://huggingface.co/templates/model-card-example

Our work is evaluated over 60K models from HuggingFace [11]
and the system will be demonstrated at the workshop.

2 RELATED WORK
2.1 Model Lake

Model lakes are large collections of heterogeneous machine learn-
ing models and their associated artifacts, as envisioned by Pal et
al. [45]. The model-lake literature spans tasks such as model attri-
bution and provenance tracking [37, 41, 58], model versioning and
lineage analysis [28, 54], model search and retrieval [30, 35], bench-
marking and reporting [31, 39], and documentation generation [34].
Model cards are a central source of model evidence: they record
model details, intended use, training data, evaluation results, and
limitations [39]. Yet studies show that such documentation is often
incomplete, inconsistent, or hard to compare across models [31],
which is why prior work has explored metadata representations
for queryable repositories [29], task and model embeddings for
retrieval [1], content-based model search [35], graph-based model
selection [30], and LLM-based orchestration over model descrip-
tions [53]. More recent work extends the selection side of this space
by ranking unseen models on unseen datasets from leaderboard-
style tuples [4]. Together, these works frame model search as a
structured model-selection problem driven by heterogeneous docu-
mentation rather than text similarity alone.

2.2 Data Discovery

Data discovery studies how users find useful datasets and tables
in large, heterogeneous data lakes [14, 16, 42]. Table annotation
research treats table labeling and schema-level description as a core
step for making heterogeneous tables searchable [26]. For tabular
data, table search aims to retrieve tables relevant to a query [6, 7, 27],
while joinable search aims to identify tables that can be linked
through shared entities or values [9, 62]. Unionable table search
focuses on tables with compatible schemas or semantically aligned
columns [15, 18, 23, 43]. Unified discovery systems combine these
operators in a single system [13], and table integration completes
the pipeline by aligning and combining related tables into consoli-
dated views for downstream analysis and comparison [24]. Comple-
mentary benchmarking work evaluates tabular encoders for down-
stream discovery tasks such as joinable and unionable search [46].
This body of work motivates treating table search and table integra-
tion as complementary parts of one discovery pipeline when the
goal is to assemble comparable evidence from fragmented tabular
sources.

2.3 Nugget Analysis and Evaluation

Traditional retrieval metrics such as nDCG [19], MAP [52], and
RBP [40] evaluate relevance at the document level, but they do not
directly measure whether a retrieved set covers the full breadth of
a user’s information need. Nugget-based evaluation addresses this
limitation by decomposing answers into atomic information units
in QA [33, 57], while the pyramid method evaluates summarization
outputs through summary content units [44]. In retrieval, this cov-
erage perspective is closely related to search result diversification,
where a-nDCG measures novelty and redundancy-aware gain [8],
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IA-ERR models intent-aware ranking quality [5], and Subtopic Re-
call measures how many distinct subtopics are covered [61]. Recent
RAG and report-generation evaluations further adopt nugget-based
coverage, since missing evidence in retrieval can lead to incom-
plete generated answers [47, 51]. This coverage perspective is also
relevant to model search, where effective comparison requires not
only retrieving relevant model documentation, but also covering
complementary evidence about capabilities, benchmarks, datasets,
metrics, and constraints.

2.4 Leaderboard Generation

Leaderboards are widely used to summarize experimental progress
by organizing methods, datasets, metrics, and performance results
into comparable rankings. Prior work extracts tasks, datasets, eval-
uation metrics, and numeric scores from machine learning pa-
pers [17, 21], and follow-up work extends this with table-centric
extraction and organization [20, 60]. More recent work studies
LLM-based performance tracking and benchmark construction for
scientific leaderboards [50, 55, 59]. We borrow the tuple-oriented
view from this literature: it is a convenient way to represent per-
formance evidence, but leaderboard construction itself is not the
target of this work.

3 METHODOLOGY

Current deployed model search for keyword or natural lan-
guage queries uses model cards °. We will use this as our base-
line (NL2Card) that we call UNSTRUCTURED SEMANTIC SEARCH.
We propose two table-aware candidate-generation pipelines,
NL2Card2Tab2Card and NL2Tab2Card, that we call STRUCTURED
SEMANTIC SEARCH. We describe each below.

3.1 UNSTRUCTURED SEMANTIC SEARCH

NL2Card can be done using basic semantic search over the semi-
structured model cards of a model lake. In Figure 1 on the left, we
depict this traditional semantic search for model cards (and their
associated models) in Pipeline 1.

Our experiments will use three implementations of semantic
search: dense, sparse, and hybrid. Dense retrieval is implemented
with a Sentence-BERT encoder [49] and FAISS [12]. Sparse retrieval
is implemented with Pyserini [32] and the hybrid variant retrieves
an expanded sparse candidate pool before dense reranking. The
experiments report results on all three variants.

3.2 Model-Card Anchoring: NL2Card2Tab2Card

To improve the quality and diversity of model search,
NL2Card2Tab2Card leverages the knowledge-rich tables found in
a model lake. We first use NL2Card (semantic search) to find an
anchor model card, that is, the top-1 NL2Card ranked card. We then
use the tables associated with the anchor card in a table discovery
search process described formally below. These tables are associ-
ated with one or more models. Our pipeline, called STRUCTURED
SEMANTIC SEARCH, uses a query-to-card-to-table-to-card workflow
and is shown in Figure 1 Pipeline 2. We detail each step below.

Shttps://huggingface.co/; https://huggingface.co/spaces/librarian-bots/huggingface-
semantic-search

This design isolates the effect of table discovery: the semantic
retrieval of an anchor model card ensures that we are finding a
model associated with query task, while table discovery expands the
candidate set of models through structured evidence such as shared
benchmarks, metrics, identifiers, and configuration attributes.

3.2.1 Structure-Aware Table Discovery. NL2Card2Tab2Card begins
with an anchor model card selected by UNSTRUCTURED SEMANTIC
SEARCH. Because table discovery requires structured evidence, the
anchor step is constrained to model cards with at least one asso-
ciated table. For each anchor table, defined as a table associated
with an anchor card, NL2Card2Tab2Card searches the model table
lake using table discovery operators implemented in Blend [13].
Specifically, we use three Blend operators for keyword search over
tables (data and metadata), joinable table search, and unionable
table search.

Keyword Table Search. Keyword search retrieves tables con-
taining tokens from a query set. In model tables, semantic labels and
identifiers are typically concentrated in headers and first-column
values (examples include benchmark task names, model, or dataset
identifiers), while interior cells often contain numeric measure-
ments and scalar values; both are informative for discovery, but
play different roles. We therefore construct keyword queries over
the header and first column of an anchor table, execute Blend’s
value-based table keyword search operator, and rank candidate
tables by matched-token frequency.

Joinable Table Search. Joinable table search retrieves tables
that can be joined with a column of an anchor table [62]. In model
tables, joinable columns often correspond to model names, dataset
names, task names, or benchmark identifiers. We use the first col-
umn of an anchor table as the query column and retrieve joinable
tables using Blend. Tables with larger overlap in the join columns
are ranked higher.

Unionable Table Search. Unionable table search retrieves ta-
bles whose columns can be aligned with an anchor table so that
their contents can be meaningfully unioned (or outer-unioned if
some columns do not align) [43]. As an example, this operator is
especially useful for finding benchmark or configuration tables
that report comparable attributes for different models. We rank
candidate tables by the number of distinct anchor columns that can

be aligned.

3.2.2 Mapping Tables Back to Model Cards. Table discovery nat-
urally returns tables, but the final retrieval task needs to return
model cards. After table discovery, we have a ranked list of tables
each of which is associated with one or more model cards. A ta-
ble can be associated with more than one card if, for example, it
is from a paper referenced by two or more model cards [11]. For
each table, we select a single model card. To do this, we select the
model card with the highest semantic retrieval similarity (using
UNSTRUCTURED SEMANTIC SEARCH) to the query. This table-wise
top-1 selection ensures that each retrieved table contributes a single
representative card, which avoids inflating the candidate set with
multiple cards supported by the same table evidence. The resulting
model-card candidates (one per table) are then also ranked by their
semantic query similarity and the top-k selected.
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Figure 1: Overview of our table-driven model search and evaluation workflow. The pipeline compares text-only model-card
retrieval (NL2Card) with table-mediated retrieval through either a model-card anchor (NL2Card2Tab2Card) or a direct table
anchor (NL2Tab2Card). Evaluation uses rewritten paper-style queries and measures candidate quality through table integration

and nugget coverage.

3.3 Direct Table Anchoring: NL2Tab2Card

NL2Card2Tab2Card uses semantic model-card retrieval to select an
anchor model card before table discovery. We additionally evaluate
a direct table-anchor variant, NL2Tab2Card, to test whether the
table-mediated retrieval idea depends on first passing through a
model-card anchor. Given a natural-language query, NL2Tab2Card
first retrieves an anchor table directly from the model-table lake. Af-
ter the anchor table is selected, the downstream pipeline is identical
to NL2Card2Tab2Card: the anchor table is used as the query table
for keyword, joinable, or unionable table discovery; retrieved tables
are mapped back to model cards; and the resulting model-card can-
didates are reranked under the same top-k budget. The end-to-end
algorithms are provided in the appendix of the full version [10].

Keyword-based table anchoring. The keyword-based
NL2Tab2Card variant treats the natural-language query as a
keyword set and applies table keyword search over the indexed
model-table lake. The top-ranked table is used as the anchor table.
This variant tests whether lexical overlap between the query and
table values or metadata is sufficient to initialize table-mediated
expansion.

Embedding-based table anchoring. The embedding-based
NL2Tab2Card variant embeds each table into the same dense vector
space used for semantic retrieval. At inference time, the query is
encoded with the same encoder, and the nearest table by dense
similarity is selected as the anchor table. This variant tests whether
dense table representations can provide a stronger bridge between
natural-language information needs and structured table evidence.

4 MODEL RANKING EVALUATION STRATEGY

Our goal is to compare the evidence surfaced by the baseline, UN-
STRUCTURED SEMANTIC SEARCH and our new table-based search,
STRUCTURED SEMANTIC SEARCH. We will not consider how to
achieve a static model-ranking benchmark (which to the best of our
knowledge does not exist). This matters because model lakes are
continuously expanding: any fixed ground-truth annotation quickly
becomes stale as new models are added. We therefore need a com-
parative evaluation method that is query-aware, evidence-oriented,
and stable under growth of the model lake. We present a quantita-
tive comparative evaluation strategy in Section 4.1 followed by a
table-based case studies proposal in Section 4.2.

4.1 Nugget-based Quantitative Evaluation

We adopt a recent nugget-based strategy from information re-
trieval [47]. The nugget formulation lets us represent query-
relevant evidence as compact, auditable units rather than as coarse
document labels. While this strategy has recently been proposed
for documents, to the best of our knowledge, it has not been used
for model cards. In our setting, the same query may be satisfied by
several model cards that differ only in fine-grained evidence, so the
evaluation will count the evidence units explicitly. The Evaluation
block on the right side of Figure 1 illustrates the nugget-based
evaluation setting. Before giving the formal details, we present an
example.

Example 4.1. Consider the query: “Could you recommend mod-
els that evaluate the performance decline in various language mod-
els, like BLOOM, under 4-bit integer columnar weight-only quanti-
zation?” This and similar model queries refer to standard concepts
like model variant ("quantization” is a model variant) or metrics
(in this query, the metric name is "quantization bits" and its value
is "4-bit"). We define several common concepts found in model
searches and model cards. These form the nuggets that we will
extract from the model cards. We also map the query to nuggets
viewing the query as a set of constraints that the nuggets of a
retrieved model card should satisfy. For this query, over the Hug-
gingFace model lake we will use in our experiments (Section 5.1),
the dense retrieval version of UNSTRUCTURED SEMANTIC SEARCH
returns 10 candidate model cards, including inventbot/Mixtral-
8x7B-Instruct-v0.1-offloading-demo, Card-level nugget ex-
traction yields 52 raw nugget rows in total. For example, from the
model, we extract a nugget stating the model variant is quantiza-
tion, the metric quantization value is 4-bit, the metric groupsize
has value 64, the metric compression has value 0, and many others.
The first nugget matches the query’s nugget. This model matches
the query need.

Nugget Definition. The nugget concept is designed to corre-
spond to atomic evidence units that are used to represent fine-
grained information needs. We adapt that idea to model search by
defining each nugget as a structured tuple with a fixed set of six
attributes: model, base model, model variant, dataset, metric
name, and metric value. A nugget then is a 6-tuple with one value



(or null) for each of the six attributes. Notice some values can be
null as not all models have base models and not all model cards
mention the model variant. For a model card ¢, we denote by N(c)
the set of nuggets extracted from c.

This fixed attribute list is important for three reasons. First, it
standardizes the evidence representation so that different model
cards can be compared in the same schema. Second, it is faithful to
the structure of model cards, where these fields are commonly used
to describe performance and model identity [39]. Third, it makes
the evaluation transparent: the same query always maps to the
same kind of evidence, which is easier to inspect and trust than an
open-ended free-text annotation [51].

Example 4.2. Consider the model card for luisra/Kimi-K2-
Instruct-4bit, two example nuggets extracted from this card are:
(luisra/Kimi-K2-Instruct-4bit, moonshotai/Kimi-K2-Instruct, null,
null, null, null) and (luisra/Kimi-K2-Instruct-4bit, null, null, Live-
CodeBench v6, Pass@1, 0.537). The first nugget captures the model
lineage by linking the card to its base model, while the second
nugget records benchmark performance on LiveCodeBench vé.
Together, these nuggets illustrate how a single model card can
contain multiple kinds of structured evidence under the same
fixed schema.

Nugget Extraction. Given a model card, we extract nuggets
by feeding the full card content into a prompt-based extractor
that is instructed to populate our fixed nugget schema with six at-
tributes. The card may contain performance evidence in tables, tags,
benchmark summaries, or evaluation subsections, so the prompt is
designed to recover structured evidence from heterogeneous for-
matting. We then normalize each extracted item into an instantiated
nugget under the fixed schema.

The output of this stage is a nugget table containing a seventh
attribute storing the model card identifier. Because the schema is
fixed and the prompt operates on the full model card, extraction only
needs to be run for newly added model cards at ingestion when the
model lake expands; existing nuggets do not need to be recomputed.
This makes the representation suitable for continuously growing
model lakes. The full prompts used for nugget extraction, query-to-
nugget mapping, and nugget filtering are provided in the appendix
of the full version [10].

Query-to-Nugget Mapping. The query is not itself a nugget,
so we introduce an intermediate mapping from query text to nugget
constraints. The mapping identifies a subset of the nugget attributes
that are relevant to the query and, when the query is specific enough,
additional constraints on the attribute value of the nugget. For
vague queries, the mapping is broad and only requires attribute
compatibility. For detailed queries, the mapping includes both at-
tributes and values, such as a benchmark name, a quantization level,
or a dataset name.

We use a prompt-based method to map a query q to a standard-
ized representation ¢ (q) that contains the relevant nugget attributes
and any associated constraints. The query-relevant nugget set is
then the subset of instantiated nuggets that match ¢(q) after nor-
malization and disambiguation. In principle, this could be expressed
as a SQL-style filter over the nugget table, but we do not rely on
a literal exact matching in practice. Many model search queries

are vague or semantically under-specified, and exact field equal-
ity would miss valid evidence. We therefore use a prompt-based
filter that interprets the query intent and normalizes semantically
equivalent mentions before selecting the query-relevant nuggets.
The prompt input, model output, and post-processed representa-
tion are recorded for each query so the mapping is auditable and
reproducible.

Candidate-Set Scoring. We use a single quantity-based score to
compare retrieval methods at the model card level. For a retrieved
candidate set of model cards R; = {my,...,mi}, we count the
number of unique query-relevant nuggets covered by at least one
retrieved model card. To do this, we first take the set union of the
nuggets of all model cards in the candidate set.®° The Nugget Score
Score(Ry, q) is then the number of nuggets in this set satisfying the
query constraints ¢(q).

This score treats overlap carefully. If the same nugget appears
in multiple retrieved model cards, it is counted only once at the set
level, preventing redundant evidence from inflating the result. This
is especially important for similarity-based retrieved sets, where
highly similar model cards often contain overlapping evidence. The
score therefore directly measures how much distinct query-relevant
evidence the candidate set surfaces. We use this lightweight cover-
age score instead of document-level ranking metrics such as nDCG,
MAP, or RBP because our setting does not have complete relevance
judgments or complete nugget extraction over the entire model lake.
Exhaustively extracting and validating nuggets for all model cards
would be expensive, especially as model lakes evolve. Our goal
is therefore comparative: given the outputs of different retrieval
methods under the same top-k budget, we measure how much
query-relevant evidence each output set contains. By filtering to
query-relevant nuggets rather than counting all extracted nuggets,
the score emphasizes evidence that directly supports the query
instead of simply rewarding longer or more heavily documented
model cards.

In our experiments, we compute this score for the UNsTRUC-
TURED SEMANTIC SEARCH methods and for the STRUCTURED SE-
MANTIC SEARCH methods and compare their nugget counts under
the same top-k budget. Because the score is based on set cover-
age rather than document rank, it reflects the amount of evidence
available for downstream inspection by a model lake user.

4.2 Table-based Case Studies

In addition to the nugget-based model-card score, we integrate the
retrieved tables and present them to the user as case studies. The
table integration block in Figure 1 illustrates the table-alignment
view used for manual inspection. Retrieved tables are often par-
tially overlapping, noisy, or transposed due to augmentation, so
the integration step must be orientation-aware and iterative. Our
implementation is built on ALITE [22], a scalable approach to inte-
grating data lake tables that maximally integrates facts scattered
across tuples in different tables.

Table orientation. To handle tables that may be transposed,
we add an orientation-recognition step before integration. For each
table pair, we compare header keywords in one table against both

®This is the 6-tuple nuggets without the model card id.



the header row and the first column of the other table. When
the overlap pattern suggests that the two tables are semantically
aligned but transposed, we transpose one table before integration.
This patch prevents direct integration from producing two poorly
aligned blocks with many missing values. The orientation-aware
integration algorithm is summarized in the appendix of the full
version [10].

For the table-driven pipeline, integration is well matched to the
retrieval process because the candidate tables have already been
selected through table discovery operators that encode table-level
relatedness. Unionable search tends to return schema-compatible
tables, while joinable and keyword search expose value or token
overlap that can still support partial alignment. By contrast, tables
collected only after model-card retrieval may be less compatible; in
these cases, the integrated view is still useful because unmatched or
sparse regions appear as null blocks, making incompatibility visible
rather than hiding it in long model-card text.

The resulting integrated view is the table-level counterpart to
the nugget-based candidate-set score: one asks how much distinct
evidence is surfaced, and the other asks whether that evidence can
be organized into a coherent, comparable table.

5 EXPERIMENTS

We evaluate our proposed structure-aware pipelines against
text-only model-card retrieval on a set of almost 600 model-
search queries. The experiments compare direct model-card
retrieval (NL2Card), model-card-anchored table expansion
(NL2Card2Tab2Card), and direct table-anchored expansion
(NL2Tab2Card). We first present the model lake we use and the
queries. We then present our quantitative evaluation, which
measures the number of nuggets satisfying a query returned by
each search method (Section 5.2). We conclude this section with
two examples to better illustrate the search.

5.1 Dataset

Model Lake. We use the curated MODELTABLES corpus [11] as
the model lake. The corpus includes over 60K model cards extracted
from HuggingFace and provides a high-quality, deduplicated set of
model tables associated to these model cards. The tables were ex-
tracted from the model cards, from code repositories referred to in
the model cards, and from papers referenced in the model card. The
deduplication is important for table search: it prevents the retrieval
stage from repeatedly surfacing identical tables and therefore im-
proves the diversity and utility of the evidence returned by table
discovery. We preprocess the tables keeping only compact tables
with fewer than 200 rows and 100 columns, since the smaller tables
are more likely to summarize model behavior, benchmark results,
configuration attributes, or deployment constraints. Because the
same table may still be associated with multiple model cards, we
keep the full table-to-card linkage during retrieval and mapping
so that reranking can select one representative model card per re-
trieved table. This makes the final candidate set for STRUCTURED
SEMANTIC SEARCH more diverse than UNSTRUCTURED SEMANTIC
SEARCH, since it is driven by distinct table evidence rather than
repeated copies of the same table.

Query corpus. We derive our model-search queries from Lit-
Search [3], a scientific literature retrieval benchmark whose 597
queries are phrased as paper-recommendation requests. To adapt
these queries to model search, we apply a prompt-based rewrite that
makes the smallest natural lexical edit while preserving the original
information need. The rewrite prompt preferentially substitutes
paper-oriented terms such as paper, studies, publications,
articles, and literature with model-oriented terms such as
model, method, approach, benchmark, or task when appro-
priate, but otherwise keeps the wording and structure unchanged.
This yields a query set that retains the exploratory and compara-
tive character of LitSearch while shifting the target from papers to
models. Importantly, we do not introduce new constraints during
rewriting, so the adapted queries remain close to the original re-
trieval intent instead of becoming synthetic model-search prompts.
The Query Rewrite block in Figure 1 shows how we construct the
evaluation query corpus.

We additionally annotate the adapted queries with a non-factoid
query taxonomy for descriptive analysis; this analysis is orthogonal
to the retrieval pipeline. Details on this and all prompts are provided
in the supplementary material [10].

5.2 ModelCard-Level Quantitative Evaluation

For each adapted query, we run all retrieval methods and col-
lect the returned top-k model-card candidates. The methods in-
clude three NL2Card variants (dense, sparse, and hybrid), three
NL2Card2Tab2Card variants using keyword, joinable, and union-
able table discovery, and NL2Tab2Card variants that select anchor
tables directly from the query using dense table-embedding search
before applying the same downstream table discovery operators.
We then compute the nugget-count score defined in Section 4 for
each returned set. Because the same query can favor different evi-
dence patterns, we report both the per-query distribution and the
aggregate summary. At the per-query level, the same nugget is
counted only once even if it appears in multiple retrieved cards, so
the score reflects distinct evidence rather than redundant copies of
the same fact. At the aggregate level, the mean coverage tells us
which methods surface the broadest evidence mass across the full
benchmark.

Note that even for top-1 queries that return a single model card,
there may possibly be hundreds of unique nuggets satisfying a
query. As one example, for the query "Could you suggest models
that investigate how many evidence sentences are needed
for document-level RE?", the nugget creation recognizes that
datasets are required to answer this query. Furthermore, the model
fblgit/juanako-7b-v1 has been run on dozens of benchmark
datasets and reports several performance metrics on each leading
to 134 nuggets being created that match the query.

To understand how retrieval strategy changes the models re-
turned, we show two complementary views of the results in Fig-
ure 2. The top (blue) panel is method-centered: it aggregates the
number of nuggets satisfying the query over all adapted queries
and shows the number of distinct nuggets each retrieval method
tends to surface, independent of any single query. The bottom
panel is query-centered: for each query, we compare all methods
and count how often each one lands at each rank under the same
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Figure 2: Nugget coverage and query-level rank-share outcomes for text-only model-card retrieval (NL2Card), model-card-
anchored table expansion (NL2Card2Tab2Card), and direct table-anchored expansion (NL2Tab2Card) under top-1, top-3, top-5,
and top-10 budgets. The top panels show per-query nugget-count distributions; blue ticks mark medians and red ticks mark
means. The bottom panels show, for each method, the fraction of queries at each within-query rank. Direct table anchoring
consistently improves nugget coverage, with the unionable TabAnchor variant producing the highest mean coverage across all

budgets.

top-k budget. This split matters because the structure-aware family
is not uniform. Unionable, joinable, and keyword search impose
different structural constraints, so their behavior depends on how
directly the query aligns with the available table schemas and value
patterns. Likewise, the UNSTRUCTURED SEMANTIC SEARCH family
is not interchangeable: sparse retrieval often remains competitive
because exact lexical overlap can still capture strong task alignment
in this benchmark.

The top panel illustrates which methods surface the most nugget
evidence on average, and the bottom panel illustrates which meth-
ods are most often near the top on a per-query basis. That second
question is important because a method can have a strong average
without being the most consistent winner, and vice versa. Across all
retrieval budgets, direct table anchoring yields the strongest nugget
coverage. The improvement is visible at top-1 and becomes larger
as the budget increases: the unionable TabAnchor variant reaches
54.5 nuggets at top-5 and 89.2 nuggets at top-10, substantially above
both direct model-card retrieval and model-card-anchored table
expansion. This suggests that the first anchor is a major bottleneck:
directly locating a relevant table from the query places the down-
stream table expansion step in a more evidence-rich region of the
table lake.

Anchor selection ablation. The NL2Tab2Card results iso-
late the role of the anchor selection step. Compared with
NL2Card2Tab2Card, which reaches table discovery through an

anchor model card, NL2Tab2Card directly anchors the query in the
table lake. We instantiate this direct anchor selection by embed-
ding each table and selecting the nearest table to the query, then
holding the downstream table discovery operator fixed across key-
word, joinable, and unionable variants. This direct table anchoring
is especially strong when combined with unionable table discovery,
suggesting that table-level representations can serve as an effective
bridge between natural-language queries and model-card evidence.
The result strengthens the main hypothesis of this paper: the bene-
fit comes not only from retrieving semantically similar model cards,
but from using structured table evidence as a retrieval medium for
discovering comparison-ready and diverse model candidates.

5.3 Table-Level Case Studies

We use a resource-constrained model selection query, "Which
image classification models are lightweight enough for
deployment on edge devices?", as a representative example in
Figure 3. The main insight is that the UNSTRUCTURED SEMANTIC
SEARCH methods are generally returning less diverse sets of models
but also return models whose cards may not contain interesting
structured evidence useful to a data scientist in comparing the
models. Even when relevant cards are retrieved, users may still
need to read long textual descriptions, and the information is often
presented in inconsistent formats across cards, which makes quick
comparison difficult. In contrast, using STRUCTURED SEMANTIC



Structured Semantic Search Example

O [Which image classification models are lightweight enough for deployment on edge dewces?J

Table TopK ;——————®———— Model TopK ;—*——,

@ Query2Card Results @ Query2Tab2Card Results

> Dense 3 models > Unionable 3 models
qualcomm/MediaPipe-Face-Detection-Quantized
qualcomm/QuickSRNetLarge-Quantized
qualcomm/Midas-V2-Quantized

timm/edgenext_small.usi_in1k
timm/edgenext_base.usi_in1k
qualcomm/MobileNet-v3-Large-Quantized

> Sparse 3 models > Joinable 3 models
xintaozhen/MiniVLA qualcomm/MobileNet-v3-Large
NexaAl/gemma-3n Mungert/DeepSeek-R1-Distill-Qwen-32B-GGUF
sagea-ai/VORA-L1 EleutherAl/deep-ignorance-strong-filter-pt-weak-
filter-anneal-ch

> Hybrid 3 models > Keyword 3 models
qualcomm/MobileNet-v3-Large-Quantized qualcomm/MNASNet05
qualcomm/MobileNet-v2-Quantized qualcomm/Mobile_Vit
qualcomm/Inception-v3-Quantized qualcomm/AOT-GAN

Table

@ Anchor Card Table
Modelld: qualcomm/MobileNet-v3-Large-Quantized, Stats: 32 rows x 9 cols

Peak Primary

Memory | Precision | Compute
Range (M8) Unit
MobileNet-v3-Large Samsung Galaxy 523 | Snapdragon® 8 Gen 2 TFUTE 035ms 0-33MB INT8 NPU

Target | Inference
Runtime | Time (ms)

Target

Model Device Chipset Model

@ Query2Tab2Card Unionable Search
Query Table. Related Modelld: qualcomm/MobileNet-v3-Large-Quantized, Stats: 32 rows x 9 cols

Target | inference | P2 Primary |, oot
Rumtime. | Time (g | Memory | Preciion | Compute | Juoer
Range (M) Unit

bil arge pdragon® 8Gen2| TFLTE | 035ms | 0-33MB | INT8 NPU

Model Device Chipset

Top-1 Table. Related Modelld:qualcomm/MediaPipe-Face-Detection-Quantized, Stats: 64 rows x 9 cols

Peak Primary

Memory | Precision | Compute
Range (MB) Unit
FaceDetectorQuantizabl 523 | Snapdragon® 8Gen2| TFLTE | 0262ms | 0-11MB INT8 NPU

Target | Inference
Runtime | Time (ms)

Target

Model Device Chipset e

Top-2 Tables. Related Modelld: qualcomm/Midas-V2-Quantized, Stats: 32 rows x 9 cols

Peak Primary

Memory | Precision | Compute
Range (MB)| Unit
Midas-V2 Samsung Galaxy 523 | Snapdragon® 8 Gen 2 TFUTE 1.061ms | 0-133MB INT8 NPU

Target | Inference
Runtime | Time (ms)

Target

Model Device Chipset T

Top-3 Tables. Related Modelld: qualcomm/QuickSRNetLarge-Quantized, Stats: 31 rows x 9 cols

Peak Primary

Memory | Precision | Compute
Range (MB) Unit
Samsung Galaxy 523 | Snapdragon® 8 Gen 2 TFUTE 1.495ms 0-5MB INT8 NPU

Target | Inference
Runtime | Time (ms)

Target

Model Device Chipset e

QuickSRNetLarge

i__Integrated Tables Stats: 159 rows x 9 cols

Figure 3: (1) UNSTRUCTURED SEMANTIC SEARCH returns less
diverse result sets of models than (2) STRUCTURED SEMAN-
TIC SEARCH. In addition, STRUCTURED SEMANTIC SEARCH
expands a query-aligned seed table (from the anchor card)
with related tables (we show the results of using unionability
as the relatedness measure) from related models, enabling
a broader and more transparent comparison across models.
The integration (union) of these tables also provides the user
with task-relevant information on the performance of re-
lated models augmenting the card-search with valuable struc-
tured information.

SEARCH methods, we ensure the retrieved evidence is table-backed
and thus already organized in a more consumable way. Further-
more, we present (and integrate) the tables used in our search as
illustrated in Figure 3. In this example, this enables the system to
produce a broad yet still coherent comparison view over attributes
such as device, chipset, runtime, latency, memory usage, precision,
and compute unit. This is analogous to benchmark curation plat-
forms such as Papers with Code’, and suggests that table-centric
retrieval can support the automatic construction of benchmark-
style comparison tables by integrating compatible evidence from
different model-card tables.

"https://paperswithcode.com

6 CONCLUSION

We presented STRUCTURED SEMANTIC SEARCH, a table-centric frame-
work for model search in model lakes. Rather than relying only
on model-card-level semantic retrieval, STRUCTURED SEMANTIC
SEARCH treats tables as searchable and integrable evidence units,
which makes it possible to retrieve structured model informa-
tion, surface more diverse evidence (and models), and assemble
comparison-ready candidate sets.Our evaluation uses 597 published
LitSearch paper recommendation queries adapted to model recom-
mendation, and our nugget-based quantitative evaluation measures
how much query-relevant evidence each retrieval method surfaces
at the model-card level. A small set of table-level case studies com-
plements the quantitative results by showing how the structure-
aware pipeline produces coherent, comparison-ready integrated
views. Taken together, the nugget-based quantitative results and the
table-level case studies support the central claim that table-centric
retrieval is a useful complement to information-retrieval-based
semantic model search for evidence-grounded decision making.

There are several directions for future work. First, future work
should consider richer anchor selection and query-aware oper-
ator selection. This paper evaluates both model-card anchoring
and direct table anchoring, but future systems could adaptively
choose between them based on query intent and the available table
evidence. Similarly, our experiments run unionable, joinable, and
keyword search as separate retrieval variants; a deployed system
could select or combine these operators based on query intent and
the available table evidence. Second, to integrate tables, we have
used in this paper Alite [22], a scalable approach to integrating
data lake tables that maximally integrates facts scattered across
tuples in different tables. However, Alite does not work well if one
table is the transpose of another (or more generally if they exhibit
schematic heterogeneity where data in one table is used as headers
in another) [38]. Such heterogeneity is common in model lakes [11]
and more research is needed on how to best integrate these tables.
Third, many model cards remain incomplete or only partially table-
backed, so future systems should infer or augment missing structure
to improve search and integration over incomplete cards. Fourth,
the majority of our queries are evidence-based , as reported in the
appendix of the full version [10], and it would be interesting to
understand whether the search performance trade-offs change for
workloads with different query intents. Finally, our nugget-based
score provides a lightweight way to compare retrieval strategies
under the same top-k budget without requiring full-lake relevance
annotation. By focusing on query-relevant and deduplicated evi-
dence, it captures the distinct evidence surfaced by each method
while remaining practical for evolving model lakes. Future work can
extend nugget extraction more broadly to support benchmark-style
precision and recall analysis.
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