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ABSTRACT
With millions of pretrained models available, finding the right
model for a task, understanding what individual models do, and
characterizing how they differ from one another remain significant
challenges. To address this, we present a vision for model lakes for
organizing and querying large model collections. Currently, practi-
tioners rely on manually written documentation to understand and
choose models; however, not all models have complete or reliable
documentation. Inspired by research on data lakes, we introduce
model lakes and formalize key model lake tasks, including model
attribution, versioning, search, and benchmarking, and discuss fun-
damental research challenges in the management of large model
collections. To understand behavioral relationships across mod-
els in a lake, we present a study of cross-model chain-of-thought
generalization, motivated by the search for good natural-language
explanations: whether a chain-of-thought produced by one lan-
guage model reliably guides other language models to the same
answer, providing a measurable approximation of explanation gen-
eralizability across a model population. Given the importance of
reasoning as a core model capability, we propose reasoning skill-
based model characterization and recommendation as a unifying
future direction for model lake research.
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1 INTRODUCTION
As the number of pre-trained models grows, comparing them and
selecting the right one for specific tasks becomes increasingly diffi-
cult. Documentation, particularly model cards [44], aims to provide
essential insights, but Liang et al. [37] have revealed a concerning
lack of transparency and completeness in these resources. This
makes it hard for users to make informed decisions, especially
when navigating model sharing platforms. Efforts such as the Data
Provenance Initiative [39], MLCommons [43, 54], and Responsi-
ble Foundation Model Development Cheatsheet [38] have been
introduced to enhance the documentation of model creation and
capabilities, with a particular focus on detailing their training data.
However, not all model creators adhere to these guidelines, mean-
ing that many existing and future models may still lack crucial

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.
Proceedings of the VLDB Endowment. ISSN 2150-8097.

information needed by users. To address this gap, we propose a
systematic study and formalization of tasks for “model lakes" [50] —
a system containing numerous heterogeneous pre-trained models
and related data in their natural formats (one example is Hugging
Face [20]). We introduce model lakes, as a parallel to data lakes,
and discuss how important innovations in data lakes [48], includ-
ing data discovery, annotation, and version management, can (and
should) be applied within model lakes and studied with the same
vigor.

But organization alone is insufficient: to meaningfully manage
a model collection, we need to understand how models relate to
each other by behavior, not just by metadata. This thesis addresses
both problems: a formalization and roadmap for managing large
model collections, and methods for understanding cross-model be-
havioral relationships. This research focuses on two threads. In
the first, we formalize key model lake tasks including model at-
tribution, versioning, search, and benchmarking, and discuss fun-
damental research challenges in the management of large model
collections. In the second, we study cross-model chain-of-thought
generalization as a concrete instance of cross-model behavioral un-
derstanding, asking whether a chain-of-thought produced by one
language model reliably guides other language models to the same
answer. In the following sections, Section 2 presents our model
lakes framework [50]. Section 3 presents our study of cross-model
CoT generalization [51]. Section 4 concludes with future work on
reasoning skill-based model characterization and recommendation.

2 MODEL LAKES
In Pal et al.[50], we define a model as a tupleM = (D,A, 𝑓∗, 𝜃, 𝑝𝜃 ),
where training data D and algorithm A can be traced through
documentation, architecture 𝑓∗ and parameters 𝜃 come from ac-
cessible model weights, and behavior 𝑝𝜃 from observable outputs.
A model can be analyzed from three viewpoints: its history, in-
trinsic composition, and/or extrinsic behavior. The distinction is
useful because in a model lake, certain aspects may be unavailable.
For instance, intrinsic details of some models may be inaccessi-
ble, requiring analysis to rely solely on extrinsic observations or
historical records to understand a model’s behavior. We use this
distinction to analyze four primary model lake tasks.
Model Attribution In data lakes, data provenance is the “de-
scription of the origins of a piece of data and the process by which
it arrived in a database" [8]. Model provenance (often called attribu-
tion) considers questions like “Why was image X generated when
the model was given input Y?" If the history is recorded, the history
can be consulted to directly ask the training data attribution ques-
tion formally: which training data items 𝑑 ∈ D are most influential
on the decision; in other words, which 𝑑 , if they were not present
in the training data, would cause the decision to change the most?
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Figure 1: Model Lakes Design. A model lake stores models
and processes them using techniques, like inference, inter-
pretability, weight-space modeling and indexing to support
various user interactions. It generates outputs like version
graphs, model cards and ranked models, refining them into
human-readable results, as shown on the figure’s right side.

When history is not available, attribution can be studied using in-
trinsic and/or extrinsic clues to provide insight into the attribution
of model decision behavior. For example, we can perform sensitivity
analysis on the observable extrinsics of a model by asking: which
aspects of the inputs to 𝑓𝜃 or 𝑝𝜃 are most important in a model’s
prediction of a particular output? And if we have access to model
intrinsics, we can study feature or representation analysis, which
asks, which internal representations or internal “concepts” within
the model are most important for a decision?
Model Versioning In the model versioning task, we want to
understand whether (and possibly how) a model was created from
other models (similar to studying how a version of a data set or table
may have been derived from another [60]). One possible definition
of model versioning that uses an intrinsic viewpoint [28] is: Given a
model,M𝑡 and a set of 𝑁 models, {M𝑐 |𝑐 ∈ 𝑁 }, construct a directed
Model Graph, T , where a directed edge between models indicates
that one model is a version of the other. The edges can describe the
transformation. This can include training techniques, optimization
techniques, as well as the data used to further train (fine-tune)
models. An important problem in versioning is: given a model’s
training parameters 𝜃𝑡 and a candidate model’s parameters, 𝜃𝑐 , is
𝜃𝑐 a source of 𝜃𝑡? Being a source model would mean that 𝜃𝑐 or a
version of 𝜃𝑐 was used for training 𝜃𝑡 .
Model Search Model search is the task of finding a related or
desired model. Again we can consider this task from different view-
points. An extrinsic view considers the behavior of themodel. Given
a task function, 𝑄 : 𝑋 → 𝑌 where a task takes an input, 𝑥 ∈ 𝑋 and
produces an output 𝑦 ∈ 𝑌 , we want to find the best performing
model, M𝑏𝑒𝑠𝑡 , for the given task among a set of 𝑁 candidate mod-
els, 𝑈 = M1,M2, ....M𝑁 . Each candidate model is characterized
by their observable behavior, i.e., {𝑝1𝜃 , 𝑝2𝜃 , ..., 𝑝𝑁𝜃 }. The optimal
model is selected based on a scoring function of how close the
model’s behavior is to a query model.

Even considering only an extrinsic view, there are many formu-
lations of model search. If the goal is to find models that perform
similarly on specific data (for example, a specific image), then a
possible definition is [40]: given a point, 𝑑 , and a set of 𝑁 candidate
models,𝑈 =M1,M2, ....M𝑁 , rank models based on their similarity
of their respective observable behavior {𝑝1𝜃 , 𝑝2𝜃 , ..., 𝑝𝑁𝜃 } w.r.t. to
𝑑 . This could be extended to other types of models where for a

given model, M𝑡 and a set of candidate models, {M𝑐 |𝑐 ∈ 𝑛}, we
want to find related models based on a ranking function that con-
siders the similarity of models’ output distribution and semantic
concepts/patterns present within them.

An intrinsic view of model search would find models with sim-
ilar model architectures and training parameters. Or as done in
data lakes where intrinisic search is the norm, we could create
embeddings representing the important features of the model and
design a fast nearest neighbor search over these embeddings. Con-
sidering model history, we could search for models that have been
trained on the same dataset. This is straight-forward when his-
tory is recorded, but when it is not fully explicit, we may leverage
extrinsic or intrinsic clues in the search.
Benchmarking For single model tasks, a benchmark, B (for
example, a set of images), is used to measure the performance of a
model,M (or set of models) based on a scoring function, 𝑆 (M,B) ∈
𝑅. For model lake tasks, we will need new (shared) model lake
benchmarks (large sets of modelsL) that can be used tomeasure the
quality of a lake task solution. This means that within a benchmark
lake, we will need verified ground truth.

2.1 Model Lake Research Challenges
A model lake is illustrated in Figure 1, where rather than APIs, we
envision data scientists interacting with the lake using queries.
Benchmarking Benchmarking plays a crucial role in evaluat-
ing model performance and remains a well-established research
area; however, benchmarks for newer topics such as model attri-
bution and versioning are urgently needed. Broadly, there are two
primary types of benchmarking: (1) evaluating how well a model
approximates a ground truth distribution, and (2) assessing per-
formance against a targeted evaluation metric. Beyond traditional
performance metrics, benchmarking also considers biases related
to protected attributes [56] and environmental impact [35]. Model
lake benchmarks lack large-scale, publicly available datasets that
mimic realistic conditions of diverse models. Preliminary efforts in-
clude Lu et al. [40], who released a benchmark formodel searchwith
259 public image generative models, and Model Zoo [57], which
is limited to vision models. Creating large-scale model lake bench-
marks integrating diverse modalities remains an open challenge.
An important topic is the development of lifelong benchmarks [53]
that address increasingly complex scenarios as models evolve. To
advance model attribution research, a benchmark dataset is needed
that includes labeled model parameters, architectures, and detailed
transformation records (e.g., fine-tuning, model editing), which can
be extended to versioning by tracking previous and subsequent
model versions.
Model Inference Deploying effective solutions for model lake
tasks is challenging with respect to usability, scalability, and compu-
tational cost. Because model lake operations may require large-scale
inference, indexing, benchmarking, and comparison across many
models, they can significantly increase computational cost and
energy consumption. Hence, effective solutions should also aim
to minimize redundant computation and account for their energy
footprint. The model inference component involves identifying ap-
propriate benchmarks, generating relevant prompts, and selecting
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suitable models to address a user query. While users can manu-
ally run prompts and select models, this is prone to errors and
suboptimal outcomes, especially when users lack expertise. For
example, a classifier’s behavior may be misinterpreted if a user
does not understand the data it was trained on. Model lake tasks
can incorporate intrinsic model properties (e.g., weights) to guide
users toward more accurate interpretations, and this process can
be automated using an AI agent. By combining benchmarking and
attribution, we can explain model behavior and output in a unified
way.
Indexer A central component of a model lake is the indexer,
which embeds models and provides scalable sublinear search over
model embeddings using ranking functions tailored to the task.
Searchmethodsmust scale to handlemillions ofmodels and adapt to
newermodels with advanced capabilities [64]. Indices likeHNSW [42]
have proven effective for nearest-neighbor search in data lakes [21],
but provide no formal correctness guarantees and their use in model
lakes remains under-explored. Effective model embedding is crucial
for accurate comparison and ranking; Wang et al. [63] explore this
but their work is not inclusive of all model types. Many model
lake tasks will benefit from a hybrid approach that indexes both
metadata and model embeddings — for example, model search
can combine intrinsic model embeddings with search over veri-
fied model cards, while versioning can use embeddings to identify
parent-child relationships and assess model distinctiveness.
Weight-Space Modeling Weight-space modeling is a hyper-
representation learning approach where a neural network is trained
to process the weights of other models [17], useful for distinguish-
ing between models in complex scenarios such as model stitching.
Zhou et al. [69] reveal a linear connection between fine-tuned mod-
els, a promising direction for dynamic benchmark selection by
learning from previous model-dataset relationships. The primary
challenge is identifying the most relevant aspects of the model for
trainingwhile considering theweight-spacemodel architecture [49]
and ensuring sufficient data diversity to avoid overfitting.
Interpretability Interpretability methods can be most useful
for the model attribution task where users must understand the
origin of model behavior, for example, when detecting knowledge
changes [67], or when unlearning learned knowledge [6, 18, 22,
31, 34]. Attribution questions also apply to the source model’s ar-
chitecture. Approaches like circuit discovery [14, 19, 62] can help
identify the computational origin of model behavior. Model in-
version can be used to recover an input prompt given an out-
put [29, 46, 47]. These methods are also a promising route for un-
derstanding the impact of training data on internal model states.
In recent work, Sharkey et al. [58] present a list of open questions
in interpretability, many of which are relevant to the problem of
model lakes.
Holistic Management of Models and Data Effective model
lakes need to integrate advances in data lakes in a holistic way
given the reliance of models on data as their fuel. Many model
management tasks include (in part) an analysis of training or input
data. Hence, traditional data lake concerns such as data provenance,
data versioning, and related issues still apply. Thus, in addition to
new tasks specific to model lakes, we must also account for data
lake tasks when dealing with the data used by or generated from
these models. And integrating these tasks will be important. As a

simple example, when searching for models trained on a dataset,
users may want to find models trained on versions of the dataset.

3 CROSS-MODEL REASONING
GENERALIZATION
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Figure 2:Methods for eliciting chain-of-thought (CoT) expla-
nations and evaluating them.We evaluate explanation gen-
eration by querying LLMs for the answer to questions using
CoTs in four differentways: (A) EmptyCoT. No reasoning text
is provided between the model’s thinking tags. (B) Default
CoT. The model’s own reasoning is used. (2.1) uses greedy
decoding, while (2.2) uses nucleus sampling. (C) Transfer CoT.
Reasoning from one model is directly transferred to another,
replacing its own. (D) Ensembled CoT. A generator–evaluator
loop. Generator models produce 𝑛 = 3 candidate sentences
(≤ 15 tokens each), forming 𝑘 candidates. These are scored
by the evaluator, and the least surprising candidate (lowest
perplexity) is appended to the growing ensembled thought.
This updated context is fed back into the generators, and the
process repeats until an end-of-thought or maximum token
limit is reached. (E) After eliciting CoTs in these four settings,
we evaluate their generalization to new LRMs. The transfer
CoT and Ensembled CoT significantly improve the consis-
tency of the answer produced between the model producing
the original CoT and the model producing the final answer
(results shown here on the MedCalc-Bench dataset).

Large reasoning models (LRMs) produce chain-of-thought (CoT)
traces, which include step-by-step natural language reasoning se-
quences generated before producing a final answer [1, 24, 25]. These
traces illustrate human-readable explanations of what the model is
“thinking", but prior work has questioned the faithfulness of these
explanations with respect to the model’s internal decision-making
process [5, 59, 66]. We examine a complementary property in our
work [51]: to what extent to these CoT explanations generalize
across models. For an explanation to be useful, it must not only be
accurate but understandable, i.e., when presented to a new model, it
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should lead that model to draw the same conclusions. Understand-
ing cross-model CoT generalization is directly relevant to model
lakes because if behavioral consistency across models is measurable,
it provides a principled signal for characterizing and comparing
models in a lake beyond metadata and benchmark scores.
RelatedWork A large body of work extends CoT prompting [65]
by probing or refining the explanations it produces. Examples in-
clude evaluating counterfactuals introduced into the CoT [23], test-
ing their robustness to mistakes introduced into the reasoning
chain [36], or using contrastive CoT to induce reliance on the reason-
ing chain [13]. Priorwork on consistencymeasureswhether amodel
generates consistent explanations on similar examples [12, 26]. We
extend this to cross-model consistency: whether different models
converge on the same answer given the same explanation, a distinct
inter-model property. Explanation evaluation frameworks [16, 30]
distinguish consistency, plausibility, and faithfulness as complemen-
tary dimensions; our work introduces cross-model generalization
as a fourth dimension relevant to model populations.
Approach We evaluate CoT transfer across five large reason-
ing models (LRMs) with distinct training pipelines on two bench-
marks, namely MedCalc-Bench [32], a medical domain reasoning
benchmark, and Instruction Induction [27], a general reason-
ing benchmark. Given a generating model 𝑙gen and a problem 𝑥 , we
elicit a CoT explanation 𝑧 = 𝑙gen (𝑥) and transfer it to an evaluating
model 𝑙eval (see Figure 2) and then measure accuracy against ground
truth and pairwise consistency across model populations. We addi-
tionally study an ensembled CoT condition where reasoning traces
are constructed collaboratively across models.
Results We find that LRM explanations can generalize to other
LRMs even when they induce an inaccurate answer, which sug-
gests that CoT captures transferable reasoning structure beyond
correct answers. Second, explanations that generalize across mod-
els receive higher user preference ratings, validating consistency
as a proxy for explanation quality. Third, RL post-training that
improves a model’s performance improves its CoT consistency but
not necessarily its transfer accuracy, revealing a nuanced relation-
ship between model capability and explanation generalizability.
Together, these results establish cross-model CoT consistency as a
concrete, measurable behavioral signal, laying the groundwork for
skill-based characterization within a model lake.

4 SKILL-BASED MODEL DISCOVERY
The notion of skill has had varied definitions, from Bloom et al.
[7] defining skills as generalized modes of operation for dealing
with problems, distinct from domain-specific knowledge, to An-
derson and Krathwohl [3] extending this into a hierarchical taxon-
omy of cognitive competencies. It is further argued that skills and
knowledge are intertwined, hence the term “competencies” to re-
flect domain-specificity [33]. These frameworks motivate capturing
model capabilities as structured, hierarchical competencies instead
of aggregated benchmark scores.

In the LLM literature, Arora and Goyal [4] formalize skills as a
bipartite graph between latent skills and text pieces. They show
that factor analytic approaches reveal that LLM performance de-
composes into a small set of interpretable skill dimensions [9, 41],
while skill-level analyses expose fine-grained model differences

obscured by aggregate metrics [45, 61]. EvalTree [68] constructs
hierarchical capability trees over model weaknesses via recursive
clustering of capability annotations. Skill-based frameworks have
also been applied to training data selection [11] and scaling law
prediction [52].

These works characterize skills within individual models or
across fixedmodel populations using benchmark scores. However, it
remains a challenge to index, retrieve, and compare models by skill
within amanagedmodel collection. Our proposed future work looks
into exploring model search where skill profiles can be queryable,
storable attributes in a model lake. These would be derived from
behavioral signals rather than benchmark co-performance, and
organized into hierarchical skill taxonomies.

Current model retrieval research is dataset-centric where given
a target dataset, users find the best performing model [10]. We
propose characterizing models by skill profiles, showing structured
representations of what a model excels at or where it could be
improved. These would be derived from behavioral signals rather
than benchmark scores alone.

CoT consistency explored earlier showcases one potential be-
havioral signal. Models that produce transferable chain-of-thought
may possess a generalizable reasoning skill measurable without
benchmark evaluation. Even models not built for reasoning can be
prompted to produce reasoning steps, and others can be compared
through their outputs on shared inputs. The open problem is extend-
ing this to a broader skill taxonomy: what behavioral signals define
other skills, how do skills compose, and how stable are skill profiles
across fine-tuning steps? Recent works suggest scalable ways to
elicit such signals. STaD [2] scaffolds benchmark tasks to expose
compositional skill gaps, and Rinberg et al. [55] show a weak model
can recover much of a strong model’s capability by asking it as few
as ten yes/no questions about its own reasoning and revising its
answer based on the responses. We can adapt these methods for the
model lake by populating skill dimensions across many models. The
binary-question pipeline [55] could surface which skills a model
has and lacks, and scaffolded task variation [2] could then verify
each candidate skill under systematic variation, which can create
queryable, comparable profiles.

Given the skill profiles, we can then ask the following: given a tar-
get task described in terms of required skills, retrieve models whose
skill profiles are most compatible. This can be an alternative view on
looking at models where, instead of dataset performance as shown
in ModelLens [10], which relies on leaderboard co-performance
records and can degrade on entirely new task types with no bench-
mark history, we showcase by skills, drawing on structured sources
like ModelTables [15] to enrich these profiles.

When a model is fine-tuned, some skills are introduced, some are
evolved and some may have regressed. For instance, a model fine-
tuned on medical data may gain domain knowledge while losing
general reasoning skill. Hence, a skill profile for these models can
help track how skills evolve across fine-tune lineages, which may
enable users to ask for a base or pre-trained model responsible for
the fine-tuned model’s specific reasoning skill or generalizability.
This connects skill-based characterization to the model lake search
and attribution formalized in Section 2, and is a long-term extension
of the cross-model understanding agenda.
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