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Abstract

This position paper examines trustworthy machine learning with foun-
dation models by investigating the four essential aspects of learning, rea-
soning, planning, and multimodality. In learning, we describe how pre-
training, fine-tuning, and reinforcement learning enable models to acquire
generalizable knowledge and emphasize the importance of high-quality,
unbiased training data as well as robust training methods. In reason-
ing, we summarize the fundamental methodology of training-free, post-
training, and test-time scaling methods that enhance logical deduction,
reasoning transparency, and systematic safety. In planning, we incorpo-
rate neuro-symbolic methods that combine adaptable neural capabilities
with formally verifiable symbolic reasoning, ensuring safe and accountable
decision-making. Finally, we investigate the need for multimodal integra-
tion, where aligning information from different sensory input sources is
important to mitigate biases and errors. In summary, the paper presents
an interdisciplinary vision for incorporating capability, robustness, safety,
and explainability to establish trustworthy foundation models, paving the
way for their reliable deployment in real-world applications, especially
high-stakes domains such as financial and clinical decision-making.

1 Trustworthy Learning

Learning is the primary way that allows foundation models to parameterize
general and transferable knowledge, of which trustworthiness is critical. It usu-
ally involves using large-scale raw data or high-quality crafted data to update
model parameters through gradient-based optimization, converging to some lo-
cal minimum points that are defined by the learning objectives, such as negative
log-likelihood [1, 23]. Generally, in the context of foundation models, learning
typically involves a wide range of tasks and modalities that cover both the lan-
guage and vision domains. The remarkable advancements of foundation models
have been fueled by recent changes in learning paradigms, showing significant
performance of these models in a variety of real-world applications.
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Pre-training and fine-tuning are the two main stages in the learning process
of foundation models, as well described in the current literature. In particular,
by training models on large-scale and diverse datasets, typically collected from
the Internet or other raw data sources, pre-training enables foundation models
to acquire broad and general-purpose representations. It is well known that
data scale is the key factor in the success of learning in foundation models,
as these models are extremely large and inherently data-hungry. Many open-
source datasets have been compiled to support large-scale learning using this
principle [20, 7]. Since they offer the scale and diversity required for pre-training
advanced foundation models, these open-source datasets have played a crucial
role in the research and development community of foundation models.

Beyond data scale, researchers have recently highlighted the need for data
quality to improve trustworthiness. Many related works have reported that
using high-quality, small-scale datasets can achieve superior performance than
low-quality, large-scale raw datasets for training [27]. There are two primary
types of low-quality data: noisy data and biased data. Many works use crowd-
sourcing or rule-based cleansers to improve data quality. However, crowdsourc-
ing, while effective for annotation, is expensive and suffers from varying quality;
rule-based cleansers lack flexibility and are error-prone when dealing with com-
plicated or nuanced data. The development of robust methods represents a
promising area of research in trustworthy learning, where the resulting models
should be as reliable as those trained on high-quality data of the same scale.

Researchers can adopt traditional methods in label noise robustness to design
noise-tolerant learning objectives through noise transition modeling, and the ad-
versarial training techniques to teach models to be inherently noise-tolerant and
robust. In the same way, robust regularization strategies like dropout, mixup,
and co-training are also promising in improving generalization and avoiding
overfitting. Other related fields of trustworthiness, such as out-of-distribution
detection, also hold potential to benefit the robust learning capabilities of foun-
dation models. By adopting these promising paths, pre-training will further
improve trustworthy learning for foundation models.

Fine-tuning refers to the process of improving pre-trained models on small-
scale, more task-specific datasets that are made to fulfill particular needs. In
general, there are two main types of fine-tuning: supervised fine-tuning [32] and
reinforcement learning [21]. Specifically, supervised fine-tuning uses objective
functions and optimization methods that are quite similar to those employed
during pre-training. However, it can use the inherent few-shot ability achieved
during pre-training, thus requiring fewer data and making training easier. Re-
inforcement learning, on the other hand, uses a reward system to shape the
learning behaviors of models. It indicates that it is more aligning with the
principles of exploration and exploitation, instead of having clear learning goals
like supervised fine-tuning. The goal of both ways of fine-tuning is to further
enhance the trustworthiness of pre-trained models, so that models can become
better at certain tasks or learn new skills like coding and math reasoning. There-
fore, supervised fine-tuning shares many similar pros and cons with pre-training;
the discussion below will focus mainly on reinforcement learning.
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Although reinforcement learning is often reported to achieve superior perfor-
mance compared to supervised learning—particularly for complex, preference-
driven tasks—it comes at the cost of tedious hyperparameter tuning, meticulous
reward design, and numerous trial-and-error iterations. It challenges the trust-
worthiness of the fine-tuning procedure, primarily caused by the absence of
clear learning targets, which forces the model to explore optimization directions
that can truly yield higher rewards. To address these challenges, researchers
have explored a number of advanced methods. This includes reward engineer-
ing, which learns the reward function from expert demonstrations; model-based
reinforcement learning, which employs an environment model to simulate in-
teractions; and off-policy learning, which uses pre-defined preference datasets
to ease exploration. Even with these improvements, the learning dynamics in
reinforcement learning are still not well understood, which makes it hard to en-
hance approaches beyond heuristics. This uncertainty makes fine-tuning harder
because the model and environment can interact in unpredictable ways.

When decomposing reinforcement learning objectives into simpler compo-
nents, we identify a seldom-discussed element, namely, unlearning [26]. Unlike
standard learning, which increases data likelihood, unlearning explicitly reduces
the probability of specific responses or trajectories. Researchers in related fields
have reported contradictory effects of unlearning: while some observe impaired
generalization, others argue it steers the prediction distribution toward poten-
tially more promising outputs. This tension is compounded by traditional view-
points suggesting that unlearning should theoretically fail due to its unbounded
nature. These mutually incompatible observations and conjectures obscure the
precise mechanistic role of unlearning in reinforcement learning. We posit that,
without proper tuning, even minor perturbations or low-quality data may catas-
trophically distort learning dynamics—precipitating reward hacking and opti-
mization collapse. Overall, toward trustworthy learning, a formal interpretation
of reinforcement learning dynamics—particularly through gradient analysis and
parameter sensitivity—requires further investigation. Such studies will help elu-
cidate the mechanistic role of unlearning, diagnose its limitations, and catalyze
the development of more robust and effective methods. These investigations
will substantively enhance the reliability and generality of reinforcement learn-
ing techniques while advancing the broader field of foundation model research.

2 Trustworthy Reasoning

Foundation model reasoning illustrates a promising new horizon in artificial
intelligence with emerging capabilities such as mathematical reasoning, problem-
solving, and decision-making. The reasoning capability of foundation models
comes from training on massive and diverse data sources, enabling the models
to identify relationships [13], generate cohesive narratives [35], and perform
abstract thinking [37] that was once thought to be uniquely human.
Reasoning with foundation models has evolved from simply matching pat-
terns to more logic-based forms of structured deduction that allow for systems to
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engage with a multitude of problems, from solving mathematical proofs [28] and
scientific hypotheses [19] to contextual understanding in natural language con-
versations [6]. These models engage in a mixture of symbolic and probabilistic
reasoning to create reasoning chains that extend beyond superficial interactions.
This paradigm change enables new ways in which reasoning is no longer a sep-
arate add-on, but an integral part of the model’s ability to interact and reason
with rich inputs. In this context, foundation model reasoning becomes the point
of convergence between previous rule-based systems and current learning-based
systems, blending interpretability and adaptability under a unified framework.
This change not only enables superior performance for tasks that require hierar-
chical thinking but also challenges the conventional idea of machine intelligence,
serving as a foundation for future Al systems that can process both structured
and unstructured real-world information.

The methods for reasoning within a foundation model can generally be
categorized into prompt-based, post-training, and test-time methods, as well
as those that use external tools. As for prompt-based methods, Chain-of-
Thought (CoT) [31], Tree-of-Thought (ToT) [36], and Monte Carlo Tree Search
(MCTS) [39] represent efforts to prompt reasoning capability from the pre-
trained models without changing the models’ weights. CoT motivates the model
to produce intermediate logical steps iteratively rather than producing a final
answer immediately and explicitly. ToT extends this concept as the model can
be prompted to explore multiple paths in a decision or thought space with a tree
structure that accounts for a breadth of options before settling on a solution.
MCTS instructs a model to simulate a probabilistic area with different possible
branches of reasoning before making its final decision.

Post-training methods, such as Supervised Fine-tuning (SFT) [5] and Re-
inforcement Learning (RL) [22], are effective to boost the models’ reasoning
capabilities by using the curated data and fine-tuning the model outputs to bet-
ter align with human expectations of logical coherence and reasoned accuracy.
These methods allow the researchers to iteratively impose desirable reasoning
behavior on models, which is not afforded during the initial pre-training phase.
Furthermore, test-time methods by either test-time scaling [33] or self-evolve
mechanisms [4] provide an “adaptive” framework, where reasoning behavior
can be adjusted on the fly during inference, by scaling the amount of computa-
tional budgets, or potentially even self-correcting wrong thoughts in “real time”
while solving the problem at hand. Finally, the inclusion of external tools, such
as calculators [29], symbolic solvers [16], search engines [10], or even verified
knowledge databases [12], is another degree of augmentation, from which the
model-specific reasoning process is enhanced through external sources. These
external tools can be integrated with the model to assist the problem-solving
that requires precision in reasoning, or domain-specific knowledge that the base
model may not have sufficiently obtained during pre-training.

As is common with any developing technology, trustworthy reasoning is an
important factor when assessing how to reliably deploy the advanced foundation
model. The current primary challenge in this realm is ensuring safety against
adversarial prompts and instructions. This involves malicious users deliberately
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crafting prompt input to force the model to generate harmful, biased, or mis-
leading reasoning patterns. To mitigate these risks, developers of foundation
models need to enact sufficient safeguards that can recognize and stop these
adversarial attempts in the moment. In addition, foundation models should
also have enough robustness to tolerate noisy input and incomplete informa-
tion, as real-world scenarios rarely provide fully complete, well-structured, and
noise-free data. In these ways, the models can demonstrate the ability to ex-
trapolate the missing information reasonably and consider the distortions from
the inferior conditions to perform robust reasoning.

Another component of trustworthy reasoning is the explainability and inter-
pretability of the reasoning process. Rather than black-box reasoning, the future
of model reasoning demands explainable logic pathways that are auditable, ver-
ifiable, and understandable to humans. By providing transparent explanations
of intermediate reasoning steps, humans can identify where the logical chains
of models originated, diverged, or went wrong. Adding such clarity will also
lead to greater trust and collaboration between humans and machines, reduce
biases, and provide assurances that decisions made from these reasoned outputs
are both fair and verifiable by either humans or the machines themselves. As
a result, robust frameworks of evaluation and measurement should be devel-
oped with technical aspects so that safety, robustness, and explainability are
not merely secondary considerations, but are embedded principles during the
development and deployment of reasoning models.

Despite the challenges regarding trustworthiness, foundation models with
advanced reasoning methods are widely employed in a wide range of applica-
tions, from scientific discoveries to working in the real world as an agent. In
terms of science, these models can alter how we think and reason about complex
problems in mathematics, biology, and chemistry. For example, in mathemat-
ics, models that demonstrate the ability to reason deeply work together to solve
complex proofs or create new theorems by exploring novel conceptual spaces.
In scientific domains like biology and chemistry, models create novel drug can-
didates or aid in the understanding of complex biochemical networks, providing
insights that accelerate research and innovation.

Meanwhile, real-world applications rapidly catch up with these advances,
benefiting humans’ daily work and life. For example, coding agents change the
pattern of software development by applying sophisticated reasoning to debug,
generate, and optimize complex code bases. GUI agents provide significant
benefits by demonstrating reasoning while navigating and controlling user in-
terfaces. Web agents offer functions to retrieve and aggregate information from
the Internet. Search agents incorporate reasoning strategies to respond to in-
creasingly deep and contextually aware queries.

These examples show that when foundation models are combined with sys-
tematic reasoning methods, they have the potential to understand and act on
tasks requiring multi-step logic and decisions. These agents transition from be-
ing static information processors to dynamic and adaptive Al systems capable
of reasoning about specific contexts, self-correcting in the context of problem-
solving, and responding to new and changing environmental conditions. As re-
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search continues to advance, the development and implementation of reasoning
abilities, coupled with rigorous methods, reputable design and implementation
principles, and framing applications, could significantly change our expectations
of machine intelligence and offer prospects of using Al systems as development
and trustworthy assistants in both academia and industry.

3 Trustworthy Planning

Planning is a central component of intelligent behavior, yet as agents move
into safety-critical settings like autonomous vehicles and healthcare, ensuring
their trustworthiness has become a societal and ethical obligation. In the era of
large foundation models, such as GPT-4 [1], the field of AI planning is changing
rapidly. While these models offer unprecedented generalization, their opaque
reasoning and lack of formal guarantees make their trustworthiness for real-
world planning questionable, especially where safety, transparency, and human-
alignment are paramount.

Neuro-symbolic Al provides a natural response to these challenges by com-
bining the adaptability of neural models with the verifiability and transparency
of symbolic reasoning. Symbolic representations, like linear temporal logic [18]
or task hierarchies [11], decompose goals and enforce constraints. Neural models,
in turn, process high-dimensional sensory inputs and natural language, ground-
ing the symbolic structure in flexible, real-world interaction. This combination
enables intelligent systems to ground their planning with structures that support
formal guarantees and human-readable reasoning.

New studies show how symbolic goals can control foundation model outputs.
For instance, large language models like SayCan [2] can map high-level goals
to executable plans while relying on symbolic controllers to check feasibility.
Differentiable logic-based methods like DeepProbLog [15] embed symbolic con-
straints directly into neural pipelines, enhancing interpretability. Verification-
aware learning [3] trains agents with formal safety constraints to ensure safe
behaviors before deployment. Furthermore, symbolic models excel at manag-
ing uncertainty, a critical capability for acting with partial observability, and
their logical traces provide step-by-step causal explanations, a feature absent in
end-to-end black-box systems.

The advantages of neuro-symbolic integration are particularly pronounced
for large foundation models. While foundation models provide compositional
reasoning, their behavior is difficult to control, and they can generate unsafe
or spurious actions. Early efforts like Voyager [24] and Auto-GPT show that
outputs of large language models require symbolic scaffolding to remain aligned
with human intent. This symbolic guidance introduces a constraint layer that
encodes task structure or user intent in an enforceable format. Future work must
generate architectures capable of rapid decision-making under partial observ-
ability. Trustworthy systems in cluttered or uncertain environments will need
to tightly integrate neural perception with symbolic belief tracking, enabling
high-level, interpretable planning despite noisy sensory input. A fundamental
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aspect of this is learning symbolic abstractions—such as causal graphs or task
hierarchies—directly from foundation model representations, rather than hand-
designing them. Such learned abstractions can enable generalizable planning
across environments while adhering to traceable, structured reasoning.

It is also important to incorporate formal verification into the training and
inference phases. Unlike classical planners that leverage model checking, sys-
tems built on existing foundation models often lack built-in safety guarantees.
New approaches based on differentiable logic and constrained policy optimiza-
tion allow safety specifications to be embedded directly into the model’s learn-
ing objectives or architecture. This preventive enforcement of correctness is a
crucial step toward scalable and accountable planning. For human-AlI collabo-
ration, symbolic structures are key to representing user goals, preferences, and
ethical boundaries. This moves agents from being reactive to being trustworthy
collaborators who can negotiate goals and defer to humans, making decisions
that are understandable and revisable.

In summary, trustworthy planning in foundation models requires a hybrid
approach that leverages the flexibility of neural models while ensuring their be-
havior adheres to verified, interpretable, and human-aligned symbolic systems.
Neuro-symbolic integration presents a viable framework to meet this challenge,
offering the power of large-scale learning while retaining the reliability and con-
trol necessary for deployment in high-stakes, safety-critical systems. As foun-
dation models continue to shape Al research, embedding trust in their planning
abilities will be paramount for their responsible adoption into our world.

4 Trustworthy Multimodality

While the preceding sections have examined learning, reasoning, and planning as
foundational pillars of trustworthy AI, they have largely been discussed through
a unimodal, predominantly text-centric lens, treating models as disembodied
intelligences operating on abstract symbols. The next frontier for foundation
models, and arguably the most critical step towards artificial general intelli-
gence, lies in multimodality—the ability to seamlessly process, integrate, and
act upon information from diverse data streams such as images, audio, and
video alongside text, as seen in modern Large Multimodal Models (LMMs) like
GPT-4V, Gemini, and Qwen-VL [25]. This leap from abstract manipulation to a
grounded, holistic understanding of the world is essential for developing AT that
can operate with human-like versatility and situational awareness. However,
this richness is a double-edged sword: while it grants models unprecedented
capabilities [38], the fusion of modalities introduces unique and compounded
challenges to trustworthiness. It creates new surfaces for error, bias, and unpre-
dictability that are far more complex than those encountered in single-modality
systems. This section revisits the core pillars of learning, reasoning, and plan-
ning through this transformative and challenging perspective, exploring how to
build trust in models that are designed to see, hear, and read our world.

In a multimodal context, the paradigm of learning shifts fundamentally. The
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central goal becomes cross-modal alignment. This objective was initially pur-
sued through methods like contrastive learning [17]. More advanced LMMs,
such as LLaVA, have evolved this paradigm by connecting a pre-trained visual
encoder to an LLM via a lightweight adapter, and then fine-tuning the model on
large-scale multimodal instruction-following datasets [14]. The learning objec-
tive in this phase is primarily autoregressive—predicting the next token—which
endows the model with instruction-following capabilities. This process does
more than just associate pixels with words; it forces the model to form modality-
agnostic abstract concepts. However, this learning process is fraught with new
threats to trustworthiness. The issue of noisy data evolves into the more per-
nicious problem of misalignment noise. Furthermore, multimodality can act as
a powerful vessel for bias amplification. A model might learn to associate text
descriptions of “programmers” with images of men, fusing linguistic biases with
visual stereotypes to create a more potent and deeply embedded form of prej-
udice [30]. This is especially dangerous as these biases are encoded in subtle
visual cues that are harder to audit and mitigate. Lastly, multimodal learning
is highly susceptible to spurious correlations. A failure to generalize rooted in a
superficial understanding undermines robust performance. Therefore, building
trust requires developing novel alignment methods that can disentangle causal
attributes from statistical noise and mitigate societal biases, a topic actively
explored in recent safety-focused research.

Reasoning in a multimodal context transcends the abstract, symbolic logic
of text-based problem-solving, becoming a grounded process where logical steps
must be anchored in, and validated against, evidence from other modalities.
Advanced techniques like Chain-of-Thought must evolve into a multimodal for-
mat (Multimodal-CoT) [40]. While this technique has significant ability, it
concurrently gives rise to a critical trustworthiness challenge—the hallucination
issue. A multimodal model hallucinates when it generates descriptions of ob-
jects or relationships that are factually absent from the visual data [8]. This
can severely undermine its reliability, and recent work has focused on creating
benchmarks and methods to evaluate and mitigate such object-level hallucina-
tions. Consequently, the challenge of explainability is magnified exponentially.
A trustworthy explanation must demonstrate how specific visual features influ-
enced the textual output, making the black box of its reasoning more auditable.

Ultimately, the challenges of multimodal learning culminate in planning, es-
pecially for embodied AI and robotics, where the stakes are physical [9]. Here,
neuro-symbolic principles are applied in a continuous perception-action loop.
For instance, a robot told to “get the apple” must visually identify the “apple”
and translate “get” into a sequence of actions: extend arm, grasp, and retract.
The system’s trustworthiness is critical, as perceptual errors can have immedi-
ate, unsafe physical consequences. An industrial robot misidentifying a human
arm for a part could be catastrophic. This highlights the symbol grounding
problem: reliably connecting abstract symbols like “hot” to diverse, real-world
sensory data, not just to a specific stove but to any dangerously heated object.
Therefore, a trustworthy planner must not only execute but also constantly mon-
itor progress, detect anomalies, and adapt or terminate safely in real time [34].
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When considering a scenario where a delivery drone reroutes mid-flight to avoid
an unexpected obstacle, building such systems necessitates the integration of ro-
bust multimodal learning, causal reasoning, and verifiable planning—advances
that pave the way for Al to evolve into a capable and dependable partner in
our physical world.

5 Conclusion

As foundational models become increasingly prevalent in the components of in-
telligence systems, the trustworthiness across learning, reasoning, and planning
in multimodality scenarios has become a central imperative. This position pa-
per calls for a future where robustness, reliability, interpretability, and human
alignment are not afterthoughts, but integral design goals. The success of this
vision requires a systematic change: moving operationalized aspects of formal
guarantees, neuro-symbolic mechanisms, and value-sensitive optimization to the
center of machine learning. In the multimodal domain that converges on lan-
guage, vision, and action, trust must be bolstered through grounded alignment,
uncertainty calibration, and cross-modal consistency to prevent misconduct.
Meanwhile, as these models are widely deployed in high-risk domains such as
healthcare, finance, and autonomous platforms, trustworthiness must be infused
from the ground up to ensure safety, accountability, and alignment with society.
In this way, establishing trustworthy machine learning in the age of founda-
tion models will require intensive interdisciplinary synergy, robust analytical
methodologies, and scalable engineering approaches, which build intelligent sys-
tems that are powerful, principled, transparent, and aligned with human values.
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