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Abstract
Humans exhibit greater flexibility in learning thanmachine learning
models and are known to achieve robust generalization even from
a small number of training examples. This ability underscores their
efficiency under data-scarce conditions. In the context of mutual
learning between humans and machine learning models, we hy-
pothesize that humans can generalize from a limited set of samples
provided by the model and, without external information, trans-
fer their acquired knowledge back to the model, thereby further
improving model performance. We define this as the knowledge
augmentation effect, which, despite its theoretical plausibility, has
not been empirically validated. We design a human–AI interaction
framework grounded in a canonical active learning paradigm to
empirically examine the hypothesis. Specifically, we incorporate
a feedback mechanism into the active learning loop in which the
model’s knowledge is selectively provided to human oracles. Exper-
imental results demonstrate that such feedback improves the label-
ing accuracy of the oracle and, in turn, substantially improvesmodel
performance. Furthermore, through human–AI interaction experi-
ments involving 127 clinicians using real-world medical imaging
datasets, we provide empirical evidence of the knowledge augmenta-
tion effect and demonstrate the practical significance of integrating
human–AI co-learning within expert-in-the-loop systems.
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1 Introduction
Recent advances in machine learning have surpassed human-level
performance across many tasks, but such achievements largely rely
on massive training datasets. In contrast, cognitive science research
[5] shows that humans can generalize from sparse data and gen-
erate novel inferences, demonstrating a flexible learning system
that achieves robust generalization even from only a few samples.
This suggests that, under the same data constraints, humans may
achieve higher levels of generalization than machine learning mod-
els. We refer to this phenomenon—where human learning provides
additional generalization beyond that of models trained on the
same data scale—as the knowledge augmentation effect. While this
property of human learning is well recognized, its quantitative im-
pact has not been rigorously studied. Under the assumption of the
knowledge augmentation effect, if humans and models iteratively
exchange knowledge in a learning loop, a human trained on lim-
ited model-provided data may recursively feed back generalized
knowledge to the model, thereby progressively improving model
performance without external information. This can be tested by
extending the standard active learning loop [2, 7] with a reverse
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learning phase, where the model’s training data are provided back
to the oracle for learning. We define this extended loop as bidi-
rectional active learning (BAL). Beyond verifying the knowledge
augmentation effect, BAL also provides an opportunity to improve
noisy oracles [1, 6], thereby offering a pathway to enhance ac-
tive learning performance in challenging domains such as medical
image interpretation. In this work, we quantify the knowledge aug-
mentation effect in BAL and investigate its utility for mitigating
the limitations of noisy oracles. To this end, we designed a BAL
framework and conducted a large-scale study with 127 physicians
performing medical image labeling tasks. Models retrained on an-
notations produced by trained oracles significantly outperformed
those trained on labels from untrained oracles. In summary, this
work reframes the oracle as an adaptive learner within the active
learning loop and provides empirical evidence that human–model
co-learning can enhance system performance through a recursive
knowledge augmentation effect.

2 Materials and methods
This study builds upon the conventional active learning framework
by introducing a bidirectional structure in which the model and
the oracle engage in mutual learning. The dataset is defined as 𝐷 =

{𝑋,𝑌 }, where 𝑋 denotes the set of input images and 𝑌 represents
corresponding binary labels. The primary model𝑊 selects a subset
of unlabeled samples 𝑥𝑈 ⊂ 𝑋𝑈 that are considered informative
from the model’s perspective and queries the oracle 𝑂 for their
labels 𝑦𝑇 , which are then used for training. In each round 𝑟 , the
newly labeled pairs {𝑥𝑈 , 𝑦𝑇 } are added to the training dataset 𝐷𝑇 ,
and the model is retrained from randomly initialized weights using
the updated dataset. The performance of both the model𝑊 and the
oracle 𝑂 is evaluated using a separate, fixed evaluation dataset 𝐷𝐸 .
A key feature of this framework is that the training data 𝐷𝑇 serve
as a source not only for model training but also for oracle learning.
To manage this dual usage, 𝐷𝑇 is partitioned into two subsets:

• 𝐷𝑂
𝑇
: Samples newly labeled by the current oracle

• 𝐷∗
𝑇
: Samples either present initially or labeled by prior ora-

cles
To isolate the effect of model-to-oracle knowledge transfer and ex-
clude any confounding self-reinforcement effects, the oracle in this
study is trained exclusively on 𝐷∗

𝑇
. This design ensures that im-

provements in the oracle’s performance are attributable solely to
information previously acquired by the model.

2.1 The hypothesis of knowledge augmentation
effect

The knowledge augmentation effect is evidenced not only by im-
provements in the oracle’s own learning but by measurable gains
in model performance arising from interaction with the oracle. We
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define augmentation as a statistically significant increase in model
accuracy when the model receives feedback from an oracle that has
been trained on its prior outputs. The baseline condition is the per-
formance gain obtained when interacting with an untrained oracle
under otherwise identical active learning settings. Throughout, we
assume that the oracle is noisy yet generally reliable, adapts based
on queries, and does not behave adversarially. In this section, we
formalize the following assumptions. Let the baseline performance
of the model be defined as

𝑠base𝑊 = Perf(𝑊 | 𝐷𝑇 ∪𝑄 (𝑊,𝑂 ;𝑋𝑈 )) . (1)

Here, 𝑄 (𝑊,𝑂 ;𝑋𝑈 ) denotes the model𝑊 ’s selection of informative
samples from the unlabeled pool 𝑋𝑈 and the corresponding queries
to oracle 𝑂 . Consider an alternative scenario in which oracle 𝑂 is
explicitly trained on the 𝑋𝑇 data utilized by model𝑊 . This updated
oracle is denoted as

𝑂 ′ = Learn(𝑂 | 𝑋𝑇 ),

and the resulting model performance as

𝑠
amp
𝑊

= Perf(𝑊 | 𝐷𝑇 ∪𝑄 (𝑊,𝑂 ′;𝑋𝑈 )) . (2)

Our null hypothesis is

𝐻0 : 𝑠
amp
𝑊

≤ 𝑠base𝑊 . (3)

This hypothesis asserts that oracle learning solely from 𝑋𝑇 does
not yield additional performance gains for model𝑊 , as no new
knowledge is introduced beyond the model’s existing capabilities.
To support this, we present a set-theoretic framework. Let

𝐾𝑊 : knowledge acquired by model𝑊 from 𝑋𝑇 ,

𝐾𝑂 : prior knowledge of oracle 𝑂,

𝑔 : 𝐾𝑊 → 𝐾 ′
𝑂 a mapping from 𝐾𝑊

to the subset learnable by the oracle
.

Thus, the updated oracle knowledge is

𝐾 ′
𝑂 = 𝐾𝑂 ∪ 𝑔(𝐾𝑊 ), 𝑔(𝐾𝑊 ) ⊆ 𝐾𝑊 .

In other words, the oracle can only assimilate a projection of the
model’s knowledge that resides entirely within the model’s knowl-
edge space. Consequently, the labels provided by the trained oracle
𝑂 ′ satisfy

∀𝑥 ∈ 𝑋𝑈 , 𝑄 (𝑊,𝑂 ′;𝑥) ∈ span(𝐾𝑊 ).

Therefore, no new information is incorporated into the model be-
yond its current knowledge boundaries, and

Δ𝑠 = 𝑠
amp
𝑊

− 𝑠base𝑊 ≈ 0 (4)

is expected to hold true. However, experimental results indicated
that

𝑠
amp
𝑊

> 𝑠base𝑊 + 𝜖, for some noise 𝜖 > 0. (5)

In the case of a statistically significant difference, the oracle has not
simply replicated the knowledge of the model, but instead has inter-
nalized and generalized it in a manner that enhances its subsequent
labeling performance. These findings provide empirical evidence of
the knowledge-augmentation effect resulting from human learning.

3 Experiments
3.1 Dataset and Participants
This study employed chest X-ray (CXR) images randomly sampled
from the CheXpert 1.0 [3] and MIMIC-CXR 1.0 [4] datasets as exper-
imental data. Two distinct datasets reflecting different pathological
classifications were constructed: CXR-A (Normal vs. Abnormal)
and CXR-B (Edema vs. Pneumonia). Participants were recruited
from licensed medical doctors without a history of psychiatric ill-
ness, with radiology specialists excluded. A total of 127 participants
were included in the final analysis (Table 1). Each participant was
assigned to either the CXR-A or CXR-B experimental group.

Figure 1: Illustration of the human experiment interface
across different datasets

Table 1: Characteristics of participants by experimental
group and subgroup

Characteristics Learning
Group

Control
Group

Group A
(n=62)

Total participants (Female) 33 (19) 29 (16)
Age (Years) 29.1±3.0 28.3±2.8
Clinical experience (Years) 3.0±2.0 2.6±1.4

Group B
(n=65)

Total participants (Female) 29 (15) 36 (23)
Age (Years) 28.7±3.3 29.8±3.7
Clinical experience (Years) 2.7±2.0 3.2±2.0

3.2 Experimental Design and Procedure
Participants engaged in a BAL task via a custom computer interface
(Fig. 1). All participants completed four consecutive main experi-
mental rounds. The model underwent five rounds in total, including
Round 0, which served as a pretraining phase without oracle in-
tervention. During all rounds, access to external information and
communication between participants were strictly prohibited. In
each round, both the model and the human oracle (participant)
performed their respective learning tasks sequentially. Across both
CXR-A and CXR-B groups, the datasets used for training history
(𝐷∗

𝑇
), evaluation (𝐷𝐸 ), and unlabeled pool (𝑋𝑈 ) consisted of 90, 20,

and 290 samples, respectively. The model was trained by minimiz-
ing a cross-entropy loss function on the current labeled dataset
𝐷𝑇 , while the oracle was trained by observing 7 selected samples
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Figure 2: Round-wise performance trajectories of the main models and human participants across experimental subgroups.

Table 2: Statistical comparison of performance across experimental groups in human–ML bidirectional active learning.

Main Group Learner Round t(df) p-value Cohen’s d 95% CI

Group A
Oracle Round 1 t(60) = -0.09 0.9276 -0.02 [-0.49, 0.48]

Round 4 t(60) = 3.03 0.0036 0.77 [0.30, 1.27]

Model Round 0 t(60) = 1.34 0.1842 0.34 [-0.08, 0.85]
Round 4 t(60) = 2.16 0.0349 0.55 [0.11, 0.98]

Group B
Oracle Round 1 t(63) = 0.30 0.7671 0.07 [-0.41, 0.60]

Round 4 t(63) = 4.03 0.0002 1.01 [0.58, 1.54]

Model Round 0 t(63) = -0.15 0.8835 -0.04 [-0.52, 0.47]
Round 4 t(63) = 4.10 0.0001 1.02 [0.59, 1.55]

from𝐷∗
𝑇
, each displayed for 12 seconds. Participants were randomly

assigned to one of two experimental conditions:

(1) Experimental condition: Samples were presented with
ground-truth labels for observation.

(2) Control condition: Samples were presented without labels.

Each round consisted of the following three phases:

• Oracle Evaluation: Participants provided probabilistic class
predictions via a slider interface, allowing evaluation of their
accuracy.

• Oracle Training Phase: Seven training samples were dis-
played for observational learning, with or without labels
depending on the group.

• Model Query and Update: The model randomly selected
30 unlabeled samples from 𝑋𝑈 , which were labeled by the
participant via the probability slider. These labeled samples
were then used to retrain the model.

The classification model𝑊(𝑟 ) was implemented as a simple CNN
architecture accepting 64 × 64 grayscale input, composed of two
convolutional layers followed by two fully connected layers.

3.3 Bidirectional Learning Performance with
Human Oracles

In both CXR-A and CXR-B groups, participants in the experimental
condition showed significant improvements in classification accu-
racy across rounds, suggesting that exposure to labeled feedback
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Figure 3: Round-wise performance trajectories of simulated oracle models (and their corresponding main models)

facilitated learning (Table 2). The model’s performance also im-
proved proportionally with the oracle’s learning (Fig. 2). In contrast,
participants in the control group showed minimal improvement.
At the final round (Round 4), the performance of models trained in
the experimental group significantly exceeded that of the control
group, which serves as a baseline for expected model gains without
oracle learning. These findings provide empirical support for the
emergence of a knowledge amplification effect, where recursive
oracle learning contributes to enhanced model performance.

3.4 Simulation with Machine Learning-Based
Oracles

To isolate the contribution of human learning, we repeated the
same experiment using simulated CNN-based oracles. Unlike the
human experiment, learning by these artificial oracles did not lead
to meaningful improvements in the model’s performance. Although
the simulated oracles were capable of learning, this did not translate
into amplified model gains across rounds (Fig. 3). No knowledge
amplification effect was observed, indicating that the human ora-
cle’s intrinsic learning capability was the critical factor behind the
observed performance improvements.

4 Discussion and Conclusion
This work introduced Bidirectional Active Learning (BAL) as a
framework to empirically test the knowledge augmentation ef-
fect in the absence of external information. We evaluated whether
backward feedback within the active learning loop could enhance
oracle labeling performance and, in turn, improve model accuracy.
If human oracles, after learning from model-provided signals, gen-
erate labels surpassing their baseline capacity, the effect constitutes
genuine knowledge augmentation rather than mere information

recycling. Beyond serving as an experimental testbed, BAL also
provides a practical solution to the oracle noise problem inherent
in standard active learning. By simply adding a backward feedback
channel, the method achieves scalability and ease of integration.
Controlled studies with practicing clinicians confirmed that oracle
accuracy improved through model-based learning without external
knowledge access, which subsequently yielded significant gains
in model performance—clearly outperforming the unidirectional
condition. Moreover, the large-scale dataset collected under these
constraints holds substantial academic value given the rarity of
extended clinical experiments. To further examine whether knowl-
edge augmentation is uniquely human, we conducted a simulation
studywhere the oracle was replacedwith amachine-learningmodel.
Although the simulated oracle improved its own accuracy, these
gains did not translate into meaningful downstream improvements,
underscoring the distinctive contribution of human learning. In
sum, this work presents a practical and extensible approach to
enhancing oracles through human learning, demonstrating concur-
rent improvements in both model performance and label quality.
While oracle learning is not without limits, our findings suggest
that BAL is particularly effective in realistic settings where oracle
uncertainty is unavoidable. More broadly, this study establishes
the foundation for human-centered active learning frameworks
that leverage cognitive learning mechanisms and offers a strategy
readily integrable into existing systems.
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