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Abstract—Undergraduate experimental teaching in artificial intelligence programs at Chinese universities is
characterized by a structural imbalance, in which algorithm design and model training receive disproportionate
emphasis at the expense of system-level engineering practice. Students tend to graduate with insufficient competence in
environment deployment, computing resource scheduling, and system performance optimization - a gap that
substantially limits their readiness for industrial Al engineering roles. This paper analyzes the underlying causes of this
imbalance and presents a containerized experimental teaching framework for artificial intelligence and high-
performance computing education. The framework is grounded in a four-stage pedagogical progression spanning
cognitive awareness, mechanistic understanding, performance optimization, and engineering application, and is
implemented through Docker containerization with direct GPU passthrough via the NVIDIA Container Toolkit. Five
progressive laboratory projects are developed within this framework, addressing Al system profiling, data pipeline
optimization, mixed-precision training, distributed data-parallel training, and parameter-efficient fine-tuning of large
language models. A teaching experiment conducted with 60 undergraduate students at Xi'an University of Technology
shows that containerized deployment reduced environment preparation time from 135 minutes to 8 minutes with a
deployment success rate of 100%, the laboratory completion rate reached 90.0%, and pre- and post-test scores improved
from 54.2 to 76.8 points, representing a 41.7% gain in system-level knowledge mastery. These results suggest that the
proposed framework effectively addresses the persistent deficiencies in artificial intelligence experimental teaching and
provides a transferable model for curriculum reform oriented toward system engineering competency under the
initiative of emerging engineering education.

Keywords—artificial intelligence, experimental teaching, containerization technology, engineering competency
cultivation, parallel computing
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