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Abstract

Behavior cloning has shown success in many se-
quential decision-making tasks by learning from
expert demonstrations, yet they can be very sample
inefficient and fail to generalize to unseen scenar-
ios. One approach to these problems is to introduce
general domain knowledge, such that the policy can
focus on the essential features and may general-
ize to unseen states by applying that knowledge.
Although this knowledge is easy to acquire from
the experts, it is hard to be combined with learn-
ing from individual examples due to the lack of se-
mantic structure in neural networks and the time-
consuming nature of feature engineering. To enable
learning from both general knowledge and specific
demonstration trajectories, we use a large language
model’s coding capability to instantiate a policy
structure based on expert domain knowledge ex-
pressed in natural language and tune the parameters
in the policy with demonstrations. We name this
approach the Knowledge Informed Model (KIM) as
the structure reflects the semantics of expert knowl-
edge. In our experiments with lunar lander and car
racing tasks, our approach learns to solve the tasks
with as few as 5 demonstrations and is robust to ac-
tion noise, outperforming the baseline model with-
out domain knowledge. This indicates that with the
help of large language models, we can incorporate
domain knowledge into the structure of the policy,
increasing sample efficiency for behavior cloning.

1 Introduction
Behavior cloning and its variants have demonstrated success
in learning policies for autonomous driving [Hu et al., 2022],
table-top manipulation [Chi et al., 2023], household tasks [Fu
et al., 2024], and so on. Yet, due to a distribution mismatch
between expert trajectories and the states encountered during
deployment [Osa et al., 2018] as well as the increase in model
size, they often rely on a large number of expert demonstra-
tions to learn a robust policy [Zhao et al., 2024] and cannot
generalize well to new camera poses, unseen distractor ob-
jects, novel background texture etc. [Xie et al., 2024].

“Speed up when
there is nothing
ahead”

“Slow down
when there is
a corner ahead”

“Steer into the
direction of the
track”

reconstruction
loss

Figure 1: Overview of behavior cloning with general domain knowl-
edge. We collect domain knowledge from the expert (middle) in ad-
dition to demonstrations (top). An LLM translates this knowledge
into the structure of the policy (bottom) and behavior cloning is used
to learn the parameters of the policy from the demonstrations.

Despite the vast potential variations of a task, the under-
lying principles of solving it often stay the same. For exam-
ple, when trying to open a door, the motion depends only on
the position, type of the handle, and the direction the door is
expected to open. Furthermore, the opening direction of the
door can be inferred from the location of the hinges. This gen-
eral domain knowledge naturally reflects the latent features of
the task and their connectivities: direction is a latent variable
that depends on the location of the hinge, and the specific mo-
tion depends on direction but not other features such as color
or size. It has been shown that following general knowledge
enables zero-shot transfer to novel environments for tasks in
discrete domains [Zhu and Simmons, 2024].

Although it is relatively easy for a domain expert to ex-
plain the general ideas, it is challenging for them to spec-
ify the detailed instructions, especially for continuous action
spaces. Additionally, unstructured model architectures have
very few semantic structures, creating a barrier between do-
main knowledge expressed in natural languages and the in-
ternal representation of a learning model. Therefore, exist-
ing work that attempts to integrate domain knowledge focuses
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mainly on state abstractions that highlight the important fea-
tures of the task [Peng et al., 2024].

To make use of domain knowledge beyond state repre-
sentations, we propose Knowledge Informed Models (KIM)
(Figure 1) to take advantage of the coding capabilities of
LLMs to instantiate the entire structure of the policy, while
using expert demonstrations to fit the unspecified parameters
in the policy (e.g., how much to slow down when approaching
the corner). This allows the model to tailor not only which in-
put features are used, but also how latent variables should be
defined and computed. This semantically meaningful struc-
ture has fewer parameters to be tuned and guides the policy to
interpret the demonstrations strategically, so they inherently
require fewer samples and are less susceptible to overfitting.

The contributions of this paper are twofold: 1) we pro-
pose an approach to make use of general domain knowl-
edge to enable sample-efficient behavior cloning, and 2) we
demonstrate the effectiveness and robustness of our approach
in continuous environments with discrete and continuous ac-
tion spaces with very few demonstrations. Specifically, our
approach achieves better performance than the unstructured
baseline with statistical significance and degrades much less
than the baseline under the noisy action condition. 1

2 Related Work
2.1 Sample-Efficient Behavior Cloning
Data augmentation is a common technique for expanding the
coverage of expert demonstrations [Ankile et al., 2024], of-
ten using visual synthesis [Zhou et al., 2023], local continuity
[Deshpande et al., 2024], time-reversal symmetry [Cheng et
al., 2024]. Extending this direction, other works proposed
to learn a local model to guide the policy from unseen states
to known states [Park and Wong, 2022] or to learn a world
model [Kolev et al., 2024]. Another similar approach is to use
state abstraction to hide the irrelevant features of the states
[Peng et al., 2024] such that the policy will not be condi-
tioned on them without the need for data augmentation. Other
approaches include using a better representation of actions
[Chi et al., 2023], building up skill libraries to reuse previ-
ously learned skills [Wan et al., 2024], instructing the expert
to demonstrate failure recovery [Brandfonbrener et al., 2023].

Unlike previous work that mainly focused on sample-level
operations, our work is the most similar to [Mao et al., 2023]
where we aim to improve sample efficiency by specializ-
ing the structure of the policy being learned to the specific
task and its relevant features. However, instead of searching
through a pre-defined architecture space or merely abstract-
ing the state representations, we take advantage of experts’
domain knowledge to instantiate a neural net with a specific
structure that is specialized to the task as the policy model.

2.2 LLM Assisted Policy Learning
Previous work has used the coding capability of LLMs to
implement agent policies [Zhu and Simmons, 2024], repre-
sent world models [Tang et al., 2024b], generate reward dis-
tributions [Bucker et al., 2024], and translate underspecified

1Code at github.com/zfy0314/knowledge-informed-model

task specifications into structured representations [Liu et al.,
2023]. However, the codes generated are mostly symbolic,
relying on well-defined APIs to execute the policy. They
are also static, allowing very little post-generation adaptation.
Others have used LLMs to generate target action distribution
[Zhou et al., 2024] or provide reward signals [Wang et al.,
2024] that can be used to train smaller models. But unlike
the coding-focused approaches that can make use of external
knowledge, these sample-based methods depend solely on the
pre-trained knowledge in the LLMs.

Our work makes use of the coding ability of LLMs but also
enables parameter tuning after code generation. This allevi-
ates the dependence on the LLMs to get everything correct in
one go and makes it possible to incorporate expert knowledge
that is not captured by the LLMs.

2.3 Knowledge Integration in Machine Learning
It is well-acknowledged that integrating existing human
knowledge helps with machine learning [Deng et al., 2020],
where human knowledge is commonly in the form of feature
selections and invariance in the task.

Prior to the popularity of learning feature representations,
models were trained with features that were picked manually
[Bahnsen et al., 2016] or according to some statistical metrics
[Ghojogh et al., 2019]. Despite achieving great performance
in complex tasks such as planning for driving [Dauner et al.,
2023], existing works modify only the inputs to the models
but not the architecture of the models, not taking full advan-
tage of the existing domain knowledge.

Other works have developed specialized architecture that
incorporates the invariance in the task, including SE(3)-
equivariant layers for tabletop manipulation [Eisner et al.,
2024] and drug discovery [Schneuing et al., 2024], and
physics-informed neural nets that respect PDE constraints
[Wang et al., 2023]. These approaches require the experts to
have both domain knowledge for the task and also engineer-
ing skills for model development, and the architecture can
only be used in a certain family of tasks.

By contrast, our approach takes advantage of LLMs’ cod-
ing skills to implement arbitrary general domain knowledge
expressed in natural languages, making it more accessible to
make use of existing human knowledge. And it implements
the architecture from the ground up, reflecting both the selec-
tion of features and the connections between the features.

3 Knowledge Informed Model (KIM)
3.1 Structured Policy
In this work, we use the term “structured policy” to refer to
a model in which latent variables and their connectivities are
specialized to the task. The latent variables typically have se-
mantic meanings, representing key features of the task that
are not directly accessible from the input. A structured pol-
icy has many distinctions compared to an unstructured model
such as a generic multi-layer perception (MLP). It takes ad-
vantage of the sparsity that exists in many domains [Mao et
al., 2023] and assigns learnable parameters to the related la-
tent variables instead of all pairs of latent variables. It may
also contain a variety of operations (e.g., max, clip) that are
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Figure 2: Illustration of the Knowledge Informed Model for the Lunar Lander environment generated by GPT. Each box represents a variable,
with the white boxes representing latent variables and the gray boxes representing tunable parameters in the model. Arrows represent the
dependencies between variables and each has an associated learnable weight. The oval shapes represent non-linear operations. By default the
value of latent variables is a linear combination of the variables that it depends on.

beyond linear transformations and primitive non-linear acti-
vations. As a result, the policy structure is a highly concise
representation of the general structure of a solution to the task
(e.g., Figure 2). Mathematically, a policy structure can be
represented as a 4-tuple ⟨V,O,E,Θ⟩ where

• V is a set of nodes that each represent a latent variable.
• O is a set of nodes that each represent an instance of an

operation (e.g., the clip function).
• E : {⟨ui, vi⟩} is a set of edges that represents the depen-

dencies between latent variables and operations.
• Θ : E → R is a set of weights associated for each edge.

In general, it can be seen as a weighted acyclic graph.
During inference time, latent variables are computed in an

order based on the partial order of their dependencies. That
is, the latent variables that only depend on the input features
are computed first (1st degree latent), then the variables that
only depend on the input features and the 1st degree latent,
and so on. The specific values of the variables depend on
the operations defined by the policy structure and the weight
parameters connecting the latent variables. For instance, as
shown in Figure 2, the value of angle adjustment is a linear
combination (with bias) of the current angle, current angular
velocity, and the angle target after clipping.

The weights in Θ can be updated via gradient descent by
supervised learning on the action output, similar to how a typ-
ical MLP can be learned. This enables numeric learning in
structured policies. Section 3.3 provides a detailed explana-
tion of the learning process.

Although a structured policy along with its parameter val-
ues can be directly coded by an expert (e.g., the heuristics-
based policy in the Lunar Lander task [Towers et al., 2024]),
doing so manually is typically time-consuming. Therefore, to
enable more scalability, it would be beneficial that the struc-
ture of the policy be generated from natural language descrip-
tions and the parameters be learned from a few demonstra-

tions, which are easier to acquire from an expert.

3.2 KIM Generation via LLM
We assume access to domain knowledge K from an expert in
natural language that describes the high-level ideas that guide
the demonstrations D. This is attainable as previous works
have shown that humans typically construct simplified mental
representations during problem-solving [Ho et al., 2022], so
they should also be able to articulate the general knowledge
used to perform the demonstrations.

In practice, we collect the general description of the strat-
egy used by the expert, the feature space and the action space
of the task, and any additional information about the environ-
ment that might be useful. We can instantiate a policy struc-
ture based on the provided general knowledge using an LLM
(e.g., GPT4o [OpenAI, 2024]). That is

⟨V,O,E,Θinit⟩ = LLM(S +K) (1)

where S is the system prompt that is shared for all tasks.
Concretely, we use the chain-of-thought prompting [Wei

et al., 2023] to instruct the LLM to implement the models.
First, it is instructed to extract all the input features and latent
variables in the general knowledge description and list their
type and shape (e.g., angle target has type float and shape
(1,)).

Next, the LLM is expected to re-arrange the latent vari-
ables in the order in which they should be computed based on
variable dependencies (e.g., angle target should appear
before angle adjustment as the latter depends on the
former). And, for each of them, list all the previously com-
puted variables that the current variable depends on and what
operators are needed to connect them. Empirical experiments
showed that without this step the LLM may miss some of the
connections in the code generation process. During this pro-
cess, the LLM is also instructed to classify each connection
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between latent variables as “positively correlated” or “nega-
tively correlated” based on the expert knowledge (e.g., “the
target angle depends on the horizontal position and should
point to the center” indicates that the target angle and the cur-
rent horizontal position are positively correlated). This infor-
mation can be used to set the initial value of the parameters
Θinit. Since the general knowledge does not contain specific
numeric relationships, we let the LLM set very rough initial
values (e.g., −0.1 for negatively correlated variables). As the
model structure reflects the semantic meaning of the expert’s
strategy, it does not have the permutation symmetry as many
unstructured models do [Ainsworth et al., 2022] and hence is
more sensitive to the initial values.

The final step is to implement the structure as a subclass
of nn.Module in PyTorch. When coding the model, the
LLM is instructed to classify all the parameters as gradient
or non-gradient, where the non-gradient parameters are those
that cannot be learned using gradient descent (e.g., the bounds
of a clip function) whereas the rest are gradient parameters.

Figure 2 shows an example of a model generated for the
Lunar Lander task. The prompts that were used to generate
this model can be found in the Appendix. Note that we do
not include any examples in the prompt, and fully leverage
the zero-shot coding capability of the LLM.

3.3 Behavior Cloning for KIM
After the model structure is set, we train the parameters using
the standard behavior cloning objective to tune the parameters
Θ in the policy.

min
Θ

E⟨si,ai⟩∈DL(ai, πΘ(si)) (2)

In practice, we use grid search over the values for the non-
gradient parameters. For each combination of the non-
gradient parameter values, we use gradient descent to opti-
mize the remaining gradient parameters. By default, we use
cross-entropy loss for discrete action spaces and mean square
error for continuous action spaces. The combination (both
non-gradient and gradient) that achieves the least overall loss
is kept as the final model parameter.

Because the connections between latent variables are
sparse, the number of total parameters is small compared to
unstructured models. Additionally, we focus on using only a
few demonstrations. Therefore, we can perform gradient de-
scent on all the demonstrations at once for most tasks without
having to separate the samples into mini-batches. This helps
to stabilize the training process.

Unlike unstructured models, latent variables in KIM have
semantic meanings as they are extracted from the provided
expert knowledge. Therefore, it is possible for the expert
to directly set the value of some constant parameters, or the
weights connecting different latent variables. This will make
learning easier since there are fewer parameters to optimize.

4 Experiments
We experiment with the Lunar Lander and Car Racing en-
vironments in Gymnasium [Towers et al., 2024], cover-
ing both discrete and continuous action spaces. We used
gpt-4o-2024-11-20 as our LLM for the experiments.

Figure 3: Success rates in the Lunar Lander task, evaluated on 100
random start states per session. The error bars in the plot show
the 95% confidence interval estimated by 20 sets of demonstra-
tion episodes. Asterisks denote the statistical significance levels of
paired t-tests (* for < 0.05, ** for < 0.01, and *** for < 0.001).

4.1 Lunar Lander
The objective of the Lunar Lander task is to control the en-
gines of the lander to perform a soft landing on the landing
pad (an illustration can be found in Figure 2). The observation
space is the horizontal position and velocity, vertical position
and velocity, angular position and velocity, and whether each
of the landing legs is in contact with the surface. The last
two features on the landing legs are binary, while the others
are continuous. Each new episode has a different randomly
initialized starting configuration. The action space is discrete,
consisting of doing nothing or activating one of the left, main,
or right engines. The episode ends if the lander lands safely,
crashes, or runs out of fuel after 1000 steps. Typically, a suc-
cessful landing can be achieved in around 200 steps.

We use the heuristic policy defined in the Gymnasium
package as the expert policy that generates demonstrations.
This policy achieves around 89% success rate in the envi-
ronment, however, we keep only the successful episodes as
demonstrations for training. We manually describe the strat-
egy of the heuristic policy as the expert general knowledge
and use it to prompt the LLM for KIM generation. The
prompt can be found in the Appendix.

For the baseline condition, we use an MLP and formulate
it as a classification problem with cross-entropy loss, where
the objective is to predict which action the expert policy is
going to perform given all of the features of a state. For both
conditions, we randomly sample 20% of the demonstration
steps as the validation set, and keep the model parameters
with the least loss in the validation set for evaluation.

4.2 Car Racing
The objective of the car racing task is to complete a winding
track as fast as possible (an illustration is provided in Figure
1). The track is defined by a sequence of tiles that span from
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the left of the track to the right. The reward is defined as

1000 ∗N − 0.1 ∗ T (3)

where N is the percentage of the tiles on the track covered
within 1000 steps and the T is the number of time steps taken
to complete the track (or truncated at 1000 if the race car runs
out of time). A tile is covered if at least one of the wheels
makes contact with it. In addition to the first 1000 steps, after
recording the reward for the environment, we keep running
the environment for another 2000 steps to collect the max-
imum coverage of the track for a policy. Empirically this is
sufficient to wait for the policy to finish the track at least once.

The original environment features an image-based obser-
vation space. To bypass the perception challenges, we use a
basic representation where each state is defined by a sequence
of tiles (their mid-point coordinates, angular heading, the dif-
ference in coordinates and headings compared to the previous
tile, whether the tile has a corner marker) that makes up the
visible tracks in the current frame and the current state of the
race car (including current speed, direction or steer, value of
the gyroscope, and ABS sensors on each of the wheels). Each
new episode features a new track layout. The action space is
continuous and consists of the steering of the race car, the en-
gagement of the gas pedal, and the engagement of the brake
pedal. The gas pedal only acts on the rear wheels while the
brakes are on all wheels. The exact dynamics of the race car
are unavailable to the human expert and the model.

In this environment, the domain knowledge and demon-
stration trajectories all come from a human researcher who
has interacted with the environment extensively. Specifically,
the actions are collected using a Logitech controller for con-
tinuous actions while the researcher is looking at the render-
ing shown on a screen. A total of 200 demonstration episodes
are collected through multiple sessions. This setup reflects
the real-world scenario where the same expert provides the
domain knowledge while giving demonstrations that corre-
spond to the domain knowledge. Since there are human errors
during execution, inconsistencies between different sessions,
and discrepancy in the perception modalities (i.e., the policy
takes in low dimensional input while the human expert oper-
ates on images), there will be noise in the demonstration pro-
vided, further resembling real-world settings. All demonstra-
tions achieve perfect coverage (i.e., the race car never goes
off the track), and have an average reward of 913.5.

The baseline condition is an MLP that takes the same basic
representation as input. Its learning objective is to minimize
the mean squared error between its output and the expert ac-
tion in the demonstration set. Similar to the previous environ-
ment, 20% of the demonstrations are reserved for validation
while the rest are used for training in both conditions.

4.3 Results on Learning with a Few
Demonstrations

Figure 3 shows the success rate in the Lunar Lander task be-
tween using KIM and the baseline neural networks of two
different sizes (the number of parameters are listed in the leg-
end). The figure shows that given a fixed number of demon-
strations, KIM, with only 15 parameters, achieves a 20%+

Figure 4: Reward in the Car Racing task, evaluated on 100 random
tracks per session. The error bars in the plot show the 95% confi-
dence interval estimated by 10 sets of demonstration episodes.

higher success rate than the small NN that has a similar num-
ber of parameters and a 7%+ higher success rate than the
larger NN that has 25x more parameters. This shows that
given the same demonstrations, KIM learns a more robust
policy. All but one pair of comparisons show statistical signif-
icance in a paired t-test where the pairing is based on having
the same set of demonstrations.

Figure 4 shows the reward comparisons between KIM and
a neural net in the Car Racing task. It shows that starting from
as few as 2 demonstrations KIM yields good performance and
low variance. This attributes to KIM having very few param-
eters organized in a semantically meaningful structure and is
thus more robust to imperfect demonstrations. When there
are more demonstrations, KIM still outperforms the base-
line (which has 200x more parameters) with statistical sig-
nificance. Overall, the plots show that despite the demonstra-
tions and the provided general knowledge may not be per-
fectly aligned, using the knowledge to instantiate the model
still leads to better performance.

4.4 Result on Environments with Noise
To evaluate how well KIM does in noisy settings, we ran-
domly corrupt its output with a Gaussian noise when it is in-
teracting with the environment. That is,

anew ∼ N (apred; noise level · I) (4)

Note that in this setting the models are still trained with expert
demonstrations captured in a noise-free environment. The
noise is only added after the model is trained.

Figure 5 shows the comparison between KIM and the base-
line (using the 10 models trained on 10 demonstrations each
in the previous section) in environments with different noise
levels. It shows that as the noise level increases, the perfor-
mance of the baseline condition degrades much more dras-
tically than KIM. In particular, KIM can still retain around
65% of the reward even with considerable noise (the action
space is [−1, 1] and the Gaussian noise has a standard devi-
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Figure 5: Reward in the Car Racing task with different levels of
action noise, each evaluated on 100 random tracks per session. The
error bars in the plot show the 95% confidence interval estimated by
10 sets of demonstration episodes. Each model is trained with 10
demonstration episodes.

Listing 1: Code snippet generated by GPT on steering control
1 steer_control = (
2 self.steer_weight *
3 (target_heading - current_heading) *
4 (1 - current_speed)
5 )

ation of 0.2). This illustrates that optimizing with respect to
general domain knowledge makes the policy less brittle.

4.5 Qualitative Analysis
The high variance in the neural net baseline learned with 2

demonstrations is partially caused by the learned model los-
ing control of the race car and swirling off the track.

Figure 6 shows an example where the baseline condition
loses control while KIM steers the race car to stay on the
track. This is because the knowledge of “don’t steer too dras-
tically when accelerating” is crucial for driving the rear-wheel
drive race car in this domain, yet is only implicitly illustrated
through the expert demonstrations. As a result, when the
demonstrations are not sufficiently indicative of this, an un-
structured model may miss this constraint, leading to catas-
trophic outcomes, especially if no expert demonstration illus-
trates how to regain control after losing traction.

However, KIM provides another channel (i.e., the general
knowledge in natural language) for the expert to pass knowl-
edge to the learning model. Furthermore, these domain con-
straints are enforced by the structure of the model such that it
is more robust to imperfect demonstrations. Therefore it can
navigate the corner much more smoothly. Listing 1 shows the
structure that is informed by the following instructions:

the output of steering should be scaled based on the
current speed such that when speed approaches 1
the steer magnitude should approach 0.

KIM (Ours)

Neural Net

Figure 6: Qualitative samples from the neural net baseline (red) and
KIM (blue) in the same starting condition. The two models are
trained on the same set of 2 demonstrations. The positions of the
race car are captured with a fixed time interval in between. The
baseline over-steers and loses control while KIM corrects the head-
ing of the race car.

The full prompt and model can be found in the Appendix.
We observe a similar case where the race car driven by

KIM follows the center line more closely, following the ex-
pert’s instructions, while the baseline neural network takes
the corners more tightly (Figure 7). This helps explain why
KIM is more robust to action noise, since it is less likely to
leave the track.

4.6 Additional Comparisons
Table 1 shows the ablation on different settings of KIM in the
two environments.

The human-generated code condition is where the code
generated by GPT is replaced with code generated by a hu-
man researcher given the same prompt. Overall, the codes
generated are very similar and hence the performance is sim-
ilar in both tasks. The differences in the code implementation
are very subtle. For example, the human-generated code set
bias=False for the linear layer for adjusting for steering
because by default the race car should go straight. However,
GPT did not make use of this information and defined the lin-
ear layer with bias. Details like this likely lead to a slightly
smaller variance in the human-generated code condition.

On the other hand, there is a distinctive difference between
having pre-filled initialization values for the parameters and
not. In the random initialization condition, all parameters
are sampled from a standard normal distribution. The result
shows very high variance, confirming that the optimization
space for KIM does not have the “one basin” phenomenon
[Ainsworth et al., 2022] that helps optimize typical unstruc-
tured models. So prompting the LLM to analyze the relation-
ship between latent variables is vital for performance.

Additionally, KIM performed slightly better than the ex-
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Lunar Lander Success Rate ↑ Car Racing Reward ↑ Car Racing Coverage ↑
KIM 0.891 (±0.184) 921.631 (±10.251) 1.000 (±0.002)
KIM w/ human-generated code 0.880 (±0.086) 922.048 (± 7.892) 1.0 (±0.0)
KIM w/ random parameters 0.702 (±0.390) 824.371 (±79.916) 0.999 (±0.005)

Expert policy 0.890 913.498 (±10.86) 1.0 (±0.0)

Table 1: Comparison of KIM in different settings. KIMs are trained with 10 demonstrations. For the Lunar Lander environment, the success
rate is computed among 100 randomly initialized configurations. We learn 10 models each trained with a different set of demonstrations to
estimate the mean and standard deviation of success rates. For the Car Racing environment, the mean and standard deviation are evaluated
on 100 randomly initialized track layouts for a single model.

KIM (Ours)

Neural Net

Figure 7: Stability comparison between the two conditions. Both
models are trained on the same set of 10 demonstrations. The base-
line takes the corner very tightly (it is on the curb in the yellow box)
while KIM is closer to the center line. Despite traveling for a longer
distance, KIM takes less time to navigate through the two corners.

pert demonstration in the Car Racing environment. This is
likely due to the imperfections in the human demonstrations
and KIM’s ability to filter those imperfections in the demon-
strations based on general knowledge, which is hard for an
unstructured model as it treats all demonstrations equally.

5 Discussion
5.1 Limitations
The current method relies heavily on having access to good
expert instructions. These are relatively easy to acquire from
well-established settings (e.g., assembly lines or aircraft con-
trols) but could be hard in scenarios that require more nuance
(e.g., social navigation). It is also challenging for human ex-
perts to provide exhaustive instructions in one go, or if the ac-
tion space is different between human experts and the policy
(e.g., learning a quadruped robot walking policy). Also, cur-
rent work searches through non-gradient parameters which
can be costly. This can be partly resolved by using parameter
tuning techniques or specifying the range for the searches.

Another limitation is the dependency on LLMs’ zero-shot
coding capabilities. In addition to the potential misalignment
issue [Greenblatt et al., 2024], all contemporary LLMs op-
erate on input sequences with a length limit, making it im-

possible to generate a KIM if the general domain knowledge
exceeds that limit. Additionally, previous work has reported
that LLMs may neglect information in a long prompt [Liu et
al., 2024], which may lead to a suboptimal structure.

5.2 Future Work
Since it is hard to specify all the general knowledge all at
once, an extension is to support interactive and incremental
KIM. This would require integrating the code editing capa-
bility of LLM [Tang et al., 2024a] and modifying the existing
structure based on the incoming knowledge. This also helps if
the LLM does not generate the correct code the first time, by
giving the expert opportunities to amend the generated model.

To tackle more complex tasks, a promising direction is to
first use the proposed approach to learn a library of action
primitives, then learn to complete more complex tasks by
referencing and reusing those action primitives. As each ac-
tion primitive only requires a few demonstrations, and LLMs
can perform general task decomposition [Zhu and Simmons,
2024], we can learn complex skills

Additionally, the benefit of integrating general knowledge
applies beyond representing policies - it can also be used
to represent the transition model of the world. One could
use a similar technique to develop a sample-efficient model-
based reinforcement learning policy where the structure of the
world comes from existing database or humans and the spe-
cific parameters are tuned by interacting with the real world.

6 Conclusion
In this work, we proposed Knowledge Informed Models
(KIM) that combine expert demonstrations with general do-
main knowledge by instantiating a policy structure from the
general knowledge before tuning its parameters with expert
demonstrations. This bridges the gap between the semantic
knowledge human experts typically possess and the unstruc-
tured model architectures that are used for behavior cloning.
We detailed how an LLM can be used to enable structure gen-
eration and how it could be learned from gradient descent
once the initial values of the parameters are set. Through
the Lunar Lander and Car Racing tasks, we show that our
approach is more sample-efficient than an unstructured base-
line and also more robust to noisy environments. We also
presented qualitatively how having a structure enables more
robustness to imperfect expert demonstrations. Finally, we
discussed the limitations of this work and how it can be ex-
tended in the near future.
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Schulhoff, Jun Jet Tai, Hannah Tan, and Omar G. Younis.
Gymnasium: A standard interface for reinforcement learn-
ing environments, 2024.

[Wan et al., 2024] Weikang Wan, Yifeng Zhu, Rutav Shah,
and Yuke Zhu. Lotus: Continual imitation learning for
robot manipulation through unsupervised skill discovery.
In 2024 IEEE International Conference on Robotics and
Automation (ICRA), pages 537–544. IEEE, 2024.

[Wang et al., 2023] Sifan Wang, Shyam Sankaran, Hanwen
Wang, and Paris Perdikaris. An expert’s guide to train-
ing physics-informed neural networks. arXiv preprint
arXiv:2308.08468, 2023.

[Wang et al., 2024] Yufei Wang, Zhanyi Sun, Jesse Zhang,
Zhou Xian, Erdem Biyik, David Held, and Zackory Er-
ickson. Rl-vlm-f: Reinforcement learning from vision
language foundation model feedback. arXiv preprint
arXiv:2402.03681, 2024.

[Wei et al., 2023] Jason Wei, Xuezhi Wang, Dale Schuur-
mans, Maarten Bosma, Brian Ichter, Fei Xia, Ed Chi, Quoc
Le, and Denny Zhou. Chain-of-thought prompting elicits
reasoning in large language models, 2023.

[Xie et al., 2024] Annie Xie, Lisa Lee, Ted Xiao, and
Chelsea Finn. Decomposing the generalization gap in im-
itation learning for visual robotic manipulation. In 2024
IEEE International Conference on Robotics and Automa-
tion (ICRA), pages 3153–3160. IEEE, 2024.

[Zhao et al., 2024] Tony Z Zhao, Jonathan Tompson, Danny
Driess, Pete Florence, Kamyar Ghasemipour, Chelsea
Finn, and Ayzaan Wahid. Aloha unleashed: A
simple recipe for robot dexterity. arXiv preprint
arXiv:2410.13126, 2024.

[Zhou et al., 2023] Allan Zhou, Moo Jin Kim, Lirui Wang,
Pete Florence, and Chelsea Finn. Nerf in the palm of your
hand: Corrective augmentation for robotics via novel-view
synthesis. In Proceedings of the IEEE/CVF Conference on

Computer Vision and Pattern Recognition, pages 17907–
17917, 2023.

[Zhou et al., 2024] Zihao Zhou, Bin Hu, Chenyang Zhao,
Pu Zhang, and Bin Liu. Large language model as a policy
teacher for training reinforcement learning agents, 2024.

[Zhu and Simmons, 2024] Feiyu Zhu and Reid Simmons.
Bootstrapping cognitive agents with a large language
model. In Proceedings of the AAAI Conference on Arti-
ficial Intelligence, volume 38, pages 655–663, 2024.

Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

7262


	Introduction
	Related Work
	Sample-Efficient Behavior Cloning
	LLM Assisted Policy Learning
	Knowledge Integration in Machine Learning

	Knowledge Informed Model (KIM)
	Structured Policy
	KIM Generation via LLM
	Behavior Cloning for KIM

	Experiments
	Lunar Lander
	Car Racing
	Results on Learning with a Few Demonstrations
	Result on Environments with Noise
	Qualitative Analysis
	Additional Comparisons

	Discussion
	Limitations
	Future Work

	Conclusion

