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ARTICLE INFO ABSTRACT

Keywords: The prevailing data-driven paradigm in Al has largely neglected the generative nature of data. All data, whether
Evaluatology observational or experimental, are produced under specific conditions, yet current approaches treat them as
Artificial intelligence context-free artifacts. This neglect results in uneven data quality, limited interpretability, and fragility when

models face novel scenarios. Evaluatology reframes evaluation as the process of inferring the influence of an
evaluated object on the affected factors and attributing the evaluation outcome to specific ones. Among these
factors, a minimal set of indispensable elements determines how changes in conditions propagate to outcomes.
This essential set constitutes the evaluation conditions. Together, the evaluated object and its evaluation
conditions form a self-contained evaluation system — a structured unit that anchors evaluation to its essential
context.

We propose an evaluatology-based paradigm, which spans the entire Al lifecycle — from data generation
to training and evaluation. Within each self-contained evaluation system, data are generated and distilled
into their invariant informational structures. These distilled forms are abstracted into reusable causal-chain
schemas, which can be instantiated as training examples. By explicitly situating every learning instance within
such condition-aware systems, evaluation is transformed from a passive, post-hoc procedure into an active
driver of model development. This evaluation-based paradigm enables the construction of causal training data
that are interpretable, traceable, and reusable, while reducing reliance on large-scale, unstructured datasets.
This paves the way toward scalable, transparent, and epistemically grounded Al

1. Introduction reliability and generalization capabilities [5]. In response, many have
turned to generative models to produce synthetic data in an attempt
In artificial intelligence, the forms of data are endlessly diverse to overcome this limitation [6-10]. However, such data often deviates
— spanning text, images, audio, and structured records — yet their significantly from real-world distributions, introducing distributional
underlying essence remains invariant [1]. This nature of data repre- shifts that compromise its effectiveness as training material. Coupled
sents the stable informational structure that persists beneath super- with growing concerns over bias, opacity, hallucination, and uncon-
ficial variations. However, the prevailing data-driven paradigm has trollable behaviors — problems exacerbated by the black-box nature
largely overlooked this essence, instead pursuing a brute-force strat- of large models and their dependence on opaque training corpora
egy of enumerating variations to cover possible conditions. Such an — the limitations of the current paradigm are becoming increasingly
approach, even when exhaustive, remains brittle in the face of unseen apparent [11].

We argue that a fundamental shift is needed: from scaling data
volume to capturing and leveraging the nature of data itself — its
invariant informational essence beneath diverse forms. To this end,
we propose an evaluation-based paradigm, in which learning is guided
and constrained by well-defined evaluation conditions rather than by
uncontrolled data accumulation [12,13]. Drawing from the emerging
discipline of Evaluatology, we reimagine the AI lifecycle such that
evaluation is not a terminal procedure but a core methodological prin-
ciple, shaping data generation and governing training dynamics. This

scenarios, as it fails to address the causal factors that truly govern
generalization [2].

However, The continued viability of data-driven AI is now being
challenged by deep scarcity limitations. As models grow larger and
more data-hungry, the supply of high-quality, human-authored train-
ing data has become a critical bottleneck [3]. Recent projections by
Epoch AI warn that the stock of usable Internet-scale text data may
be depleted by 2028 [4]. This looming data ceiling threatens not only
the scalability of current systems but also undermines their epistemic
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reconceptualization is both technical and epistemological, redefining
how intelligence should be constructed, assessed, and trusted in the
post-data-scaling era.

At the heart of this paradigm are Self-contained Evaluation Sys-
tems (SESs): self-contained units that produce data — both observa-
tional and experimental — under explicit evaluation conditions. Within
each SES, data are produced under explicit evaluation conditions and
then distilled into their essential informational structures, from which
causal-chain schemas are abstracted and later instantiated into concrete
training examples. This process guarantees that the resulting data are
interpretable, causally grounded, and reusable across tasks.

When applied to large language model development, SESs enable
the construction of causal training data — for instance, reasoning
traces, grounding steps, or labeled decision points — that make the
provenance of every learning instance explicit. In contrast to opaque,
data-hungry pipelines, our approach yields a white-box training system
in which condition changes can be precisely traced to output varia-
tions. This ensures interpretability, attribution, and transparency while
significantly reducing dependence on large-scale unstructured datasets.

2. Related work and motivation
2.1. Related work

2.1.1. The existing Al paradigm

As shown in Fig. 1(a), early developments in data-driven artificial
intelligence relied heavily on manually labeled data, which enabled su-
pervised learning for tasks such as classification and regression. While
effective in domains like computer vision [14] and natural language
processing [15], labeled data incurs high annotation costs, suffers from
limited scalability, and is often prone to label noise [16], limiting its
applicability in large-scale or open-ended scenarios.

To overcome these limitations, researchers have increasingly turned
to unlabeled data, leveraging unsupervised and self-supervised learning
techniques to extract patterns and representations without explicit
human annotations. Classical methods include clustering [17], dimen-
sionality reduction [18], and association mining. Recent advances in
self-supervised learning — such as masked language modeling [19],
contrastive learning [20], and masked image modeling [21] — have
demonstrated strong performance across modalities and become foun-
dational for large-scale pretraining.

From the perspective of learning paradigms, supervised and unsu-
pervised learning are often sufficient for solving simple tasks. How-
ever, as task complexity increases — e.g., involving dynamic environ-
ments, delayed feedback, or alignment with human intent — these
paradigms are frequently integrated with reinforcement learning to
enable adaptive, multi-stage training pipelines. This hybrid approach
has become central to the development of general-purpose systems such
as large language models, where unsupervised learning supports knowl-
edge acquisition, supervised learning guides task-specific behavior, and
reinforcement learning fine-tunes alignment with user preferences.

In this work, we focus on static data sources. While, reinforce-
ment learning, which depends on interaction-driven data collection
and reward-based optimization, follows a fundamentally different data
paradigm and is therefore excluded from our data-centric analysis [22-
24].

2.1.2. The basic concepts, theories, and methodologies in evaluatology
Evaluatology [12,13] conceptualizes evaluation as the process of
inferring the effect of an evaluated object on the affected objects.
An object naturally exerts influence on multiple others, which can be
categorized as directly or indirectly affected. Based on this principle,
Evaluatology stresses the need to specify evaluation conditions (ECs)
and to identify the set of affected objects. Together, the evaluated
object, the affected objects, and the evaluation conditions form a Self-
contained Evaluation System (SES). For instance, in evaluating CPU
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performance, the CPU serves as the evaluated object, while stake-
holders’ concerns — such as running time — require consideration of
affected objects including the dataset, algorithm implementation, pro-
gramming framework, operating system, compiler, processor, memory,
etc [25]. Each possible configuration of these affected objects consti-
tutes a point in a vast evaluation condition space, where variations
in conditions naturally lead to variations in running time results. This
structured perspective highlights that evaluation is inseparable from
the context in which data are generated.

Inspired by Evaluatology, we reflect on the current data-driven
paradigm in Al Regardless of whether observational or experimental,
all data are inherently generated under specific conditions. However,
prevailing Al training methods largely ignore these generative condi-
tions and focus exclusively on the data themselves. Such a deficiency
leads to uneven and difficult-to-evaluate data quality, constrains inter-
pretability and the capacity for causal discovery, and renders models
fragile in the face of novel scenarios.

Our research intuition is that explicitly incorporating both data and
their generative conditions into the training process can substantially
enhance the effectiveness and transparency of Al. Even under limited
data availability, leveraging the interplay between data and conditions
allows the discovery of deeper causal structures, enabling models to
capture the invariant informational essence beneath data diversity. By
grounding learning in condition-aware causal relationships, we move
toward more robust, interpretable, and genuinely intelligent systems.

2.2. Motivation: The limitations of existing AI paradigm

The modern trajectory of data-driven artificial intelligence has been
shaped by the belief that more data yields better models. This principle
underlies the development of large language models (LLMs), whose per-
formance scales predictably with training data volume, model size, and
compute budget [26]. However, this scaling paradigm is increasingly
constrained by a looming data bottleneck. As high-quality human-
authored data becomes saturated and expensive to curate, synthetic
data generation has emerged as a promising alternative.

Despite its scalability, synthetic data introduces a new layer of
complexity [27-29]. Crucially, the quality of synthetic data is funda-
mentally limited by the generative models that produce it, which are
often black-box architectures with little transparency or interpretabil-
ity. This lack of visibility makes it difficult to trace the root causes of
errors or biases in downstream models back to specific properties of
the synthetic data. When performance deteriorates, it remains unclear
whether the issue lies in data coverage, semantic consistency, or deeper
representational flaws.

In practice, current synthetic data suffers from several
well-documented issues: (1) generative models may fail to match the
statistical distribution of real data, introducing biases that impair gen-
eralization. (2) synthetic samples often contain logical contradictions or
distorted features that are difficult to detect but can corrupt pretraining
(see Fig. 1). Low diversity and mode collapse: generators tend to
produce samples with limited variation, leading to models that overfit
narrow modes and underperform on real-world variability.

To improve the quality, reliability, and usefulness of synthetic data,
it is imperative to enhance the interpretability and evaluation of gener-
ative models. Without understanding what a generator has learned —
and what it systematically omits — scaling synthetic corpora becomes
a blind process, susceptible to spurious correlations and misalignment.

These observations motivate a shift toward an evaluatology-driven
Al paradigm, in which systematic attribution and interpretability are
not afterthoughts but central components of the AI development cycle.
By incorporating formal principles of evaluatology into the design,
analysis, and deployment of generative models, we can better align
synthetic data generation with downstream objectives, ensure quality
control, and build Al systems that are not only larger, but measurably
better.
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Fig. 1. Comparison of Al paradigms. (a) Data-driven: models are trained on
massive, unstructured data and self-discover patterns, offering limited causal
attribution and interpretability. (b) Evaluatology-driven: data are generated
under explicit evaluation conditions within Self-contained Evaluation Systems
and abstracted into causal-chain training instances, yielding interpretable,
traceable, and attributable outputs.
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3. The new Al paradigm based on evaluatology
3.1. Overview

Our methodology is grounded in Evaluatology, which reconceptual-
izes evaluation as the process of inferring the influence of an evaluated
object on affected factors and attributing the observed outcomes to
specific ones. The central methodological unit is the Self-contained
Evaluation System (SES), which anchors evaluation to its essential
generative context.

Definition 3.1 (Self-contained Evaluation System). A Self-contained
Evaluation System is defined as

SES =(E,C),

where E denotes the evaluated object and C denotes the evaluation
conditions. The evaluation conditions C are composed of a minimal set
of indispensable affected factors, which determine how variations in
conditions propagate to outcomes.

Within this formalism, both data and models are situated in explic-
itly defined SESs. Data instances arise as functions of E and C, while
induction over multiple condition configurations reveals their invariant
informational essence. These essences can be abstracted into causal-
chain schemas and instantiated into causal-chain instances, which serve
as interpretable and reusable training data. Models themselves can also
be represented as SESs, ensuring that their outputs are attributable to
well-defined evaluation conditions. For example, in the task of video
keyframe selection, event segmentation is one indispensable factor
in C, and can be instantiated through visual-based shot boundary
detection, audio-based segmentation via automatic speech recognition
(ASR) pauses or speaker changes, or multimodal fusion of visual and
auditory cues. The segmentation strategy determines how the video is
partitioned and directly affects the structure of the output, illustrating
how variations in condition configurations propagate to outcomes.
Models themselves can also be represented as SESs, ensuring that their
outputs are attributable to well-defined evaluation conditions. While
defining an SES requires some domain-specific effort, it enforces strict
evaluation conditions that enhance interpretability and reduce data
dependency and long-term cost.

3.2. Self-contained evaluation systems for observational data

Observational data emerge from natural processes but are nonethe-
less shaped by indispensable generative factors as shown in Fig. 1(b).
We formalize their essential affected factor set as

O0={S,T,M,A,B, P},

where S is the Scene, T the Context, M the Selection Mechanism, A the
Acquisition Channel, B the Missingness & Bias, and P the Data Processing.

Given an evaluated object E, an observational data instance d°* is
generated as

d°" = £, (E, 0),

where f,,. denotes the observational generative mapping. By consid-
ering multiple admissible configurations O, € £, we obtain the
invariant informational essence of observational data:

#°" = Induction({ f,55(E. O)) | O; € 24}).
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3.3. Self-contained evaluation systems for experimental data

Experimental data are deliberately generated under interventions
and controls, guided by explicit causal inquiry. Their essential affected
factor set is formalized as

X={H,D,K,Q,R},

where H is the Hypothesis, D the Design, K the Controls, Q the Compute,
and R the Metrics.

For an evaluated object E, an experimental data instance d®*” is
generated as

der = fexp(E’ X),

with f,,, representing the experimental generative mapping. The in-
variant informational essence of experimental data is induced as

¢°*? = Induction ({ f,,,(E, X)) | X; € 2,.,}).

3.4. Induction and causal chain construction

Both ¢°*% and ¢° serve as abstract representations of the in-
variant essence of data. These are formalized as causal-chain schemas
that describe how changes in evaluation conditions propagate to out-
comes. When instantiated under concrete configurations of © or X,
these schemas yield causal-chain instances, which serve as interpretable,
reusable, and condition-aware training examples.

3.5. Self-contained evaluation systems for models

Models themselves operate within SESs. The essential affected factor
set for models can be denoted as

M={T,A,0,1},

where T denotes the Strategy, A the Algorithm, Q the Compute, and I
the Implementation.
The output of a model y can then be expressed as

Y = fmodel(E> M),

with f,,,4.; representing the mapping from the evaluated object E and
model-level evaluation conditions M to outputs. Since y is generated
under explicit evaluation conditions, it is inherently explainable and
attributable to specific elements of M.

3.6. Case study: applying self-contained evaluation systems to video re-
trieval

Our experiments show that a user’s query of vector database is
aligned with only about 1.95% of the keyframes in long-form videos.
Motivated by an evaluation-based perspective, we introduce a essential
factor set to defining the SES for keyframe selection — event segmenta-
tion, textual signals, temporal context, scene/quality constraints, selection
mechanism, and de-redundancy. This essential factor set, grounded in a
self-contained evaluation system, not only enables fine-grained attri-
bution of retrieval performance to individual design factors, but also
exemplifies the evaluatology-driven methodology underlying automatic
database design.

In the Self-contained Evaluation System (SES), the evaluation ob-
ject E is the target keyframe. The evaluation conditions C refer to a
essential set of indispensable affected factors (see Definition 3.1):

1. Segment each video into clips using shot boundaries together
with automatic speech recognition (ASR) pauses and speaker
changes;

2. Derive a short title/summary per clip from subtitles/ASR as
textual features;
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3. Rank candidate frames by textual match (best matching 25 or em-
bedding similarity) and by temporal proximity to query-relevant
timestamps (closer is better);

4. Apply scene/quality filters (avoid blur and heavy motion; prefer
stable frames shortly after shot transitions);

5. Within each clip, keep 1-3 frames and merge near-duplicates
(retain a single frame for adjacent time spans);

6. Enforce a keep-rate of k ~ 2%-3% via a gating threshold, relaxing
to ~ 5% when textual evidence is sparse.

By restricting both training and inference to keyframes identified
by the SES, the model concentrates on causally relevant semantics,
achieving retrieval quality comparable to full-frame pipelines while
substantially reducing training data and inference cost.

3.7. Summary

In summary, our methodology situates both data and models within
explicit Self-contained Evaluation Systems, each defined by an evalu-
ated object E and its indispensable evaluation conditions C. By for-
malizing observational and experimental data generation as functions
of (E,C), and by extending the same logic to models, we establish
a unified framework in which invariant informational essences can
be induced, abstracted into causal-chain schemas, and instantiated
into training data. This paradigm transforms evaluation into an active
methodological principle that spans the entire Al lifecycle, enabling
interpretability, traceability, and epistemic grounding in artificial in-
telligence. Notably, this paradigm provides a theoretical foundation
for automatic database design, by enabling the isolation of external
confounding factors and attributing performance outcomes directly to
the database design itself.

4. Conclusion

This work advances an evaluatology-based paradigm that spans
data generation, training, and assessment. Its central construct — the
Self-contained Evaluation System — couples an evaluated object with
evaluation conditions constituted by a essential set of indispensable
affected factors, thereby fixing the context required for coherent causal
attribution. Within SESs, data are generated under explicit conditions,
distilled into invariant informational structures, abstracted as causal-
chain schemas, and instantiated as training examples; consequently,
evaluation becomes a generative principle rather than a post-hoc proce-
dure. The paradigm yields condition-aware learning with interpretable,
traceable outputs and reduces dependence on massive, unstructured
corpora. Taken together, these elements provide a scalable, unifying
foundation for transparent, robust, and epistemically grounded Al,
and furnish a precise basis on which future theory, benchmarks, and
systems can be systematically developed.
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