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Abstract

AI systems must act in ways that reflect human values and intentions, yet defining
suitable reward signals remains a major challenge. Reinforcement learning enables
agents to learn through trial and error, powering systems such as AlphaGo to su-
perhuman performance. However, the common assumption that agents learn from
a single reward function provided by the environment is often unrealistic beyond
controlled benchmarks, and hand-crafted rewards can be brittle or misaligned with
human intent. To address these alignment challenges, we propose Inference-Based
Reinforcement Learning (InfeRL), a framework for training agents with rewards
inferred to match human goals. InfeRL allows an agent to infer its own reward
by comparing its behavior to a high-level goal. Goals can be expressed in natural
language and interpreted through a vision–language model. This removes the need
for explicit environment rewards and instead emphasizes semantic alignment with
human-described success. We evaluate InfeRL on standard Gymnasium environ-
ments which provide clear ground-truth rewards for comparison. InfeRL achieves
performance close to agents trained with environment rewards, while following
tasks described in natural language rather than relying on handcrafted signals.
It supports novel instructed behaviors, such as rotating or walking, purely from
language goals, and demonstrates its capacity to handle multi-objective instructions
involving spatial reasoning. This work represents a step toward reinforcement
learning agents that are transparent, adaptable, and aligned with human values.

1 Introduction

Ensuring that AI systems behave in ways consistent with human values and intentions remains a
central challenge in the development of safe and effective artificial agents. As learning agents are in-
creasingly deployed in open-ended and safety-critical environments, the risks posed by misalignment
grow significantly. Poorly specified objectives can be exploited by agents, leading to phenomena such
as reward hacking, unsafe exploration, or superficially successful behavior that ultimately violates
human expectations. A critical aspect of this problem lies in how agents are trained to evaluate
success. Specifically, the challenge is to define and deliver reward signals that accurately capture
human intent.

Reinforcement learning (RL) has traditionally operated within the Markov Decision Process (MDP)
framework, wherein an agent maximizes a scalar reward signal provided by the environment. Al-
though this setup has demonstrated effectiveness in many benchmark domains, it often proves
unrealistic in real-world applications. In practical scenarios, ground-truth reward signals are typically
brittle, hand-crafted, and may reflect proxy objectives rather than true human goals. Moreover, in real
deployments such as delivery robots or household assistants, dense per-step reward feedback is rarely
available, and when it is, it often fails to reflect nuanced human preferences such as safety, efficiency,
or comfort.
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In this work, we propose a different perspective. Rather than relying solely on externally provided
reward signals, agents should be able to infer their own reward functions based on observations and
goal specifications that are interpretable by humans. We introduce Inference-Based Reinforcement
Learning (InfeRL), a framework in which the reward function is computed internally by the agent
rather than being specified by the environment. The agent evaluates its behavior against a high-
level goal expressed in natural language, thereby framing reinforcement learning as a process of
interpreting intent rather than maximizing a predefined numerical objective.

To investigate this idea, we conduct experiments in three Gymnasium environments: CartPole,
MuJoCo Ant, and MuJoCo Walker2D. We introduce several modifications to the classic CartPole
environment to explore a range of settings under our framework. The Ant and Walker2D environments,
with their high-dimensional state and action spaces, serve to demonstrate both the generality of the
framework and its ability to produce novel instructed behaviors. These environments provide ground-
truth rewards that enable direct comparison with the semantically inferred rewards produced by
InfeRL. Using pretrained vision-language models such as CLIP Radford et al. [2021], we score agent
behavior against natural language prompts, for example, “keep the pole upright and the cart centered.”
We then assess whether agents trained using these inferred rewards exhibit behaviors aligned with the
intended goals, and we evaluate robustness across variations in prompt phrasing.

We evaluate InfeRL using both PPO Schulman et al. [2017] and DQN Mnih et al. [2015] to demon-
strate compatibility with continuous and discrete action spaces. Our experiments show that InfeRL
matches ground-truth performance in standard tasks, enables new instructed behaviors such as rotation
and walking, and partially solves multi-objective instructions with semantically rich specifications.
These results highlight both the promise and current limitations of reward inference in handling
abstract and compositional goals. Our contributions are summarized as follows:

• We introduce InfeRL, a framework where agents infer rewards by aligning behavior with
high-level, language-based goals.

• We evaluate InfeRL on Gymnasium benchmarks, comparing inferred rewards with ground-
truth signals and analyzing robustness to prompt and task variations.

• We show that InfeRL matches ground-truth performance in standard tasks, enables novel
instructed behaviors, and highlights limitations in handling semantically complex instruc-
tions—offering insights into how RL algorithms can be improved for better alignment.

By reframing reward design as a problem of semantic alignment, we offer a path toward reinforcement
learning agents that more effectively understand and pursue human-defined success. We argue that
such frameworks are essential for building AI systems whose behaviors are transparent, adaptable,
and aligned with human values.

2 Background and Related Work

Reinforcement Learning and Reward Design. Reinforcement learning (RL) is commonly for-
mulated under the Markov Decision Process (MDP) framework, where an agent interacts with an
environment defined by the tuple (S,A, P, r, γ). At each timestep t, the agent observes a state st ∈ S ,
takes an action at ∈ A, and receives a scalar reward rt = r(st, at) from the environment. The agent
then learns a policy π(at|st) that maximizes the expected discounted return over time. While this
formulation is elegant, it assumes that the environment can always provide a meaningful reward
signal. In many real settings this assumption is unrealistic. Designing such reward signals is difficult.
Reward functions are often hand crafted and reflect brittle heuristics or proxy objectives that do not
capture the true intent of a task. Agents can exploit loopholes in these rewards, leading to reward
hacking or unintended behaviors. In real-world deployments such as robotics or interactive systems,
reward signals may be unavailable, delayed, or unobservable He et al. [2024], Anderson et al. [2021],
Kadian et al. [2020], Chang et al. [2025], Hsu et al. [2023], Rusu et al. [2017], Peng et al. [2018],
James et al. [2017], Hsu et al. [2023], Levine et al. [2018], Pinto and Gupta [2016].

Approaches Beyond Hand-Crafted Rewards. Several approaches have been explored to overcome
these limitations. Inverse reinforcement learning (IRL) Ng and Russell [2000] seeks to infer reward
functions from demonstrations or comparisons, but it depends on large amounts of human input or
curated datasets. Intrinsic motivation methods such as curiosity driven exploration Pathak et al. [2017],
Burda et al. [2018] provide task agnostic signals that encourage exploration, yet they do not ensure
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alignment with human specified goals. Goal conditioned reinforcement learning Andrychowicz et al.
[2017] introduces goal vectors as inputs to policies but still relies on external reward functions.

Vision-Language Models and Supervised Approaches. Other research relies on supervised learning.
Vision-language-action (VLA) models Zitkovich et al. [2023], Brohan et al. [2022], Kim et al. [2024],
O’Neill et al. [2024] train agents using paired image, text, and action data. These models can follow
prompts but depend on large scale human labeled data and do not involve trial and error learning.
They lack the flexibility of reward based adaptation.

Recent progress in pretrained vision-language models (VLMs) such as CLIP Radford et al. [2021],
VideoCLIP Xu et al. [2021], Flamingo Alayrac et al. [2022], GPT-4 Achiam et al. [2023], LLAVA
Liu et al. [2023, 2024], and Qwen Yang et al. [2025] shows that such models can ground semantics
across modalities. These models encode rich visual and linguistic features and can generalize to new
inputs. They have been used in classification, retrieval, and control, but mostly as perception modules
or auxiliary scorers.

Reward Inference with VLMs. Building on these ideas, recent studies explore using VLMs as
reward providers. Rocamonde et al. Rocamonde et al. [2024] show that VLMs can serve as zero-shot
reward models, enabling agents to learn from natural language prompts without hand designed
rewards. Baumli et al. Baumli et al. [2023] analyze how VLM capacity affects reward quality for
visual tasks. Wang et al. [2024] integrate VLM feedback into RL pipelines to generate task specific
reward functions. These works demonstrate feasibility but still treat the reward model as an external
scoring module.

Reward-Free Frameworks. Other perspectives, such as reward free frameworks, suggest that agents
can learn without explicit rewards by discovering skills or predicting representations. For example,
DIAYN Eysenbach et al. [2019] learns diverse skills by maximizing behavioral distinguishability,
and curiosity driven exploration Burda et al. [2018] encourages visiting novel states. These methods
avoid brittle rewards but do not offer direct alignment with high level goals.

Position of This Work. Inference-Based Reinforcement Learning (InfeRL) builds on these develop-
ments and introduces a different perspective. Instead of relying on environment provided rewards,
InfeRL lets the agent compute its own reward internally. A pretrained semantic model evaluates how
well recent behavior aligns with a goal expressed in natural language or other modalities. This makes
the reward an interpretable signal based on intent rather than a fixed numerical function. InfeRL
keeps the trial and error nature of reinforcement learning but moves reward generation inside the
agent. This design connects to prior work on semantic reward modeling while addressing alignment
concerns. It enables agents to adapt to new tasks by changing the goal description, and it provides a
clearer path for human oversight and adjustment.

3 Inference-Based RL Framework

In standard reinforcement learning, an agent operates within a Markov Decision Process (MDP),
defined by the tuple (S,A, P, r, γ), where r is a scalar reward provided by the environment. The
agent aims to learn a policy π(a|s) that maximizes the expected cumulative reward:

Eπ

[ ∞∑
t=0

γtr(st, at)

]
This formulation assumes that the environment provides a well-defined, informative reward signal
at each step. In many real-world applications this assumption does not hold. Reward signals are
often incomplete or even misaligned with the true intent of the task, which can lead to behaviors that
technically optimize the reward while violating human expectations.

Reward Inference from Goals. InfeRL defines the modified RL problem as (Figure 1):

M′ = (S,A, P,G, finf, γ)

where:

• G is the space of high-level task goals (e.g., language prompts or images),

• finf : (τ, g) → R is a reward inference function comparing recent behavior τ to a goal g,
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Standard Reinforcement Learning (MDP)
Formalism:

M = (S,A, P, r, γ)

• S: state space
• A: action space
• P (s′|s, a): transition dynamics
• r(s, a): reward from environment
• γ: discount factor

Objective:

max
π

Eπ

[ ∞∑
t=0

γtr(st, at)

]
Reward: Environment-provided
Policy: π(at|st)

Inference-Based RL (InfeRL)
Formalism:

M′ = (S,A, P,G, finf, γ)

• S: state space
• A: action space
• P (s′|s, a): transition dynamics
• G: goal space (e.g., text)
• finf(τ, g): inferred reward
• γ: discount factor

Objective:

max
π

Eπ

[ ∞∑
t=0

γtfinf(τt, g)

]
Reward: Inferred by agent
Policy: π(at|st, ftext(g))

Figure 1: InfeRL replaces externally defined rewards with internally inferred signals based on
semantic alignment between behavior and goals.

• (S,A, P, γ) follow the standard MDP definition.

InfeRL removes the dependency on externally provided reward signals and instead aligns behavior
through goal-driven reward inference. Rather than blindly following a hand-crafted reward, the agent
interprets high-level goals expressed by a human and generates its own reward signals based on
semantic alignment. This design encourages agents to optimize for what humans actually intend,
reducing the risk of reward hacking and unintended side effects.

At each step, the agent receives a goal g ∈ G and collects a short trajectory τt = [It−k+1, . . . , It] of
observations. A pretrained perceptual model then computes alignment:

rt = finf(τt, g) = α · cos
(
fvision(τt), ftext(g)

)
,

where α is a scaling parameter. fvision and ftext map visual clips and goal descriptions into a shared
embedding space. The cosine similarity between these embeddings provides a reward that reflects
how well the agent’s behavior aligns with the goal.

Goal-Conditioned Policies. We condition the policy on a goal embedding u = ftext(g), allowing a
single agent to generalize across a range of tasks and goals:

π(at | st, u)

At test time, the agent can receive a new instruction in natural language without any retraining and
continue to infer reward signals that align with the newly specified intent.

Alignment-Centric Interpretation. InfeRL preserves the reinforcement learning loop of exploration,
credit assignment, and policy improvement. The key difference is that the reward signal is not a
fixed external number but a flexible, interpretable alignment score. By grounding rewards in human-
readable goals, InfeRL promotes transparency, enables oversight, and encourages behaviors that
better reflect human values. This shift supports the broader aim of building agents whose objectives
are not only optimized but also aligned with the intent behind their design.

4 Theoretical Analysis of Inference-Based Rewards in RL

We present an analysis of reinforcement learning with inferred rewards r̂ obtained from models such
as VLMs. Our goal is to characterize the precise conditions under which standard RL algorithms
converge to policies that are near-optimal under the true reward r.
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4.1 Preliminaries

Let M = (S,A, P, r, γ) denote the true discounted infinite-horizon MDP, where r : S ×A → [0, 1]
is the ground-truth reward function and γ ∈ (0, 1) is the discount factor. The value of a policy π
under r is defined as

V π
r (s) = Eπ

[ ∞∑
t=0

γtr(st, at)

∣∣∣∣∣ s0 = s

]
.

We assume access only to an inferred reward r̂—possibly stochastic—generated from observation of
trajectories by an inference model (e.g., a VLM). The optimal policies under r and r̂ are denoted π∗

r
and π∗

r̂ , respectively.

4.2 Temporal Consistency and Markovianity

Assumption 1 (Temporal Consistency). There exists k ≥ 1 such that for all (st, at),

r̂(st, at) = f(r(st, at), st:t+k),

where st:t+k denotes the k-length trajectory segment, and f is a deterministic mapping.

This assumption requires that the inferred reward r̂ is Markovian, or at least quasi-Markovian, when
conditioned on a bounded temporal window. In other words, while a single state-action pair may be
insufficient to determine the reward unambiguously, a short trajectory segment can disambiguate
situations that appear similar at the level of instantaneous observations but are semantically distinct.
Without this property, the inferred reward may conflate states corresponding to qualitatively different
outcomes, leading to systematic misalignment between r̂ and the true reward r.

4.3 Quasi-Markov Rewards via Augmented MDPs

We formalize the notion of “quasi-Markov” rewards by showing that if the inferred reward depends
on a bounded-length trajectory window, one can construct an augmented MDP in which the same
reward is Markovian, allowing standard RL guarantees to apply.
Definition 1 (Quasi-Markov reward: past-window form). Fix k ∈ N. An inferred reward r̂ is
k-quasi-Markov (past-window) if there exists a measurable function

g : Sk ×A× U → R

such that for all t,
r̂t ≡ r̂(st, at, u) = g

(
(st−k+1, . . . , st), at, u

)
,

where u ∈ U is a fixed goal or condition (e.g., a language embedding) that remains constant within
an episode.1

Definition 2 (Quasi-Markov reward: future-window (look-ahead) form). Fix k ∈ N. An inferred
reward r̂ is k-quasi-Markov (future-window) if there exists a measurable function

h : Sk+1 ×A× U → R

such that for all t,
r̂t ≡ r̂(st, at, u) = h

(
(st, . . . , st+k), at, u

)
.

Remark. Definition 1 corresponds to computing rewards from a short history (e.g., a clip ending at
time t). Definition 2 corresponds to rewards that require a short look-ahead (e.g., verifying stability
over the next k frames). The latter can be made causal by delaying the reward by k steps.

5 Experiments

We evaluate the InfeRL framework in standard continuous control environments to demonstrate that
agents can learn meaningful behaviors from natural language prompts and visual observations alone,
without relying on environment-supplied rewards. To investigate this, we focus on three Gymnasium

1Padding for t < k can be handled via sentinel states or an initial distribution over Sk−1.
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environments: CartPole, MuJoCo Ant, and Walker2D. We design several variations of the classic
CartPole environment to showcase our framework across different settings. The Ant and Walker2D
experiment highlights the generalizability of our method, as it involves a more complex environment
with high-dimensional action and observation spaces. These tasks also provide clear ground-truth
rewards, allowing for direct comparison with inferred semantic rewards. We employ pretrained
vision-language models (e.g., CLIP Radford et al. [2021]) to evaluate agent behavior against textual
prompts, for instance, a prompt like "keep the pole upright and the cart centered."

5.1 Experimental Setup

To evaluate the effectiveness of InfeRL, we design experiments that isolate and test the agent’s ability
to infer rewards from natural language prompts and visual feedback. Our goal is to demonstrate
that agents can learn meaningful and goal-aligned behaviors without access to manually engineered
reward functions. We consider two widely used continuous control domains and introduce multiple
task variations within each to assess generalization, interpretability, and robustness to prompt shifts.
Details environments and task setups are in Appendix.

Reward Inference Mechanism. At each timestep, a pretrained vision–language model (e.g.,
CLIP) encodes a short window of visual observations into an embedding. This is compared
to the goal embedding using cosine similarity, producing an inferred reward signal. The
inferred reward replaces the environment’s native reward and is used directly for training.

Figure 2: CartPole PPO training results. InfeRL
achieves performance comparable to a ground-
truth reward agent, demonstrating that inferred
rewards based on natural language goals can ef-
fectively guide policy learning.

Reinforcement Learning Algorithm. We use
Proximal Policy Optimization (PPO) Schulman
et al. [2017] and Deep Q-Networks (DQN) Mnih
et al. [2015] for reinforcement learning, with
DQN applied in environments with discrete ac-
tion spaces. Implementations are based on the
Stable-Baselines3 library Raffin et al. [2021].
Both algorithms are trained solely using inferred
reward signals. The algorithm implementation
is used without modification, treating the simi-
larity score from the vision–language model as a
per-step reward. This illustrates how InfeRL can
be readily integrated into standard RL pipelines
without changes to the learning algorithm itself.

Alignment Focus. Our experiments are de-
signed not only to benchmark performance but
also to probe alignment. By observing how
agents interpret and act upon high-level natu-
ral language instructions, we assess whether in-
ferred rewards lead to behaviors consistent with
human intent.

Evaluation Metrics. We evaluate performance
both quantitatively and qualitatively. Quantitatively, we compare episode returns between InfeRL
and baseline agents. Qualitatively, we assess behavioral alignment with prompts, and identify
any misaligned or unintended behaviors. Evaluation was conducted across five training runs per
environment. For each trained policy, we performed ten rollouts and manually labeled behaviors
as either successful or unsuccessful based on alignment with the natural language goal. Due to the
absence of a ground-truth reward function in these settings, we did not report learning curves but
instead relied on qualitative evaluation of observed behaviors.

5.2 Results

5.2.1 Matching Ground-Truth Reward Performance

A core objective of InfeRL is to evaluate whether agents can learn effective behaviors by relying
solely on reward signals inferred from natural language instructions and visual observations. In this
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Figure 3: CartPole instruction following with PPO and DQN. Visualizations of final agent
behaviors under different prompt types and environments. Left to Right: (1) PPO-trained agent in
the FireWater setting learns to position itself near the fire icon, in line with the provided goal. (2) In
the MultiCue environment, the PPO agent successfully navigates to the rightmost umbrella, avoiding
fire and rain, as instructed. (3) A partial success in the same MultiCue environment, where the agent
stops near the left umbrella, satisfying some but not all constraints. (4) DQN agent, operating with a
discrete action space, is evaluated on the base CartPole setup and learns to stay upright and centered
as specified in the instruction. These results highlight InfeRL’s ability to support multi-objective
goals under both continuous (PPO) and discrete (DQN) control regimes (video in supplementary).

section, we examine whether such agents can match the performance of traditional reinforcement
learning agents trained with direct access to ground-truth rewards.

In the CartPole task, shown in Figure 2, the agent is instructed to balance the pole while keeping
the cart near the center of the track. Results are averaged over five runs, with low variance omitted
from the figure. The ground-truth reward in this environment is defined by episode length, which
corresponds to the number of steps the agent maintains balance before termination. Our results show
that the InfeRL agent achieves return curves comparable to the baseline trained with environment-
provided rewards. This demonstrates that the inferred reward signal, computed from the alignment
between goal instructions and observed behavior, is sufficient to support stable and effective policy
learning.

In the Ant-Balance setting, the goal is to walk while staying balanced, as defined in the semantic
goal specification listed in Table 1. Despite the complexity of the MuJoCo Ant environment, which
requires coordination across a high-dimensional action space, we observed that the agent trained with
InfeRL learns to walk consistently away from its starting position which is the ground-truth expected
behavior Towers et al. [2024], Brockman et al. [2016]. The learned behavior aligns well with the
intended instruction, even in the absence of a handcrafted reward function. This further supports the
generalizability of InfeRL beyond simple control tasks.

These two experiments establish that inferred reward signals can match the performance of ground-
truth signals in both simple and complex continuous control domains. The ability to achieve
behaviorally aligned outcomes without relying on manually engineered rewards is an important step
toward building agents that can generalize across diverse goals in real-world scenarios.

5.2.2 Generalization to Multi-Objective and Compositional Goals

Beyond matching ground-truth rewards in standard control settings, we investigate whether InfeRL
can generalize to more complex scenarios involving multi-objective and compositional goals. In
particular, we evaluate two modified versions of the CartPole environment: CartPole-FireWater and
CartPole-MultiCue, both of which require the agent to interpret and act upon symbolic visual cues
in accordance with multi-part natural language instructions (see Table 1).

In both environments, InfeRL successfully learns to align with the goal instruction within 100K
timesteps. For example, in the CartPole-FireWater setting, the agent is prompted to move the cart
toward the fire icon and away from the blue water droplet while maintaining an upright pole. The
agent most often moves toward the fire region, suggesting that the vision–language model correctly
aligns the visual scene with the prompt. However, due to the multi-objective nature of the task, the
agent also needs to keep the pole upright. This requirement can at times conflict with positional
goals, causing the agent to move away or lose stability when attempting to satisfy both conditions
simultaneously.
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Figure 4: Ant-Rotate behavior guided by a
language-specified goal. A sequence of frames
showing the Ant agent rotating counterclockwise
in place. Red circles mark a front leg for orien-
tation; yellow arrows indicate the direction of ro-
tation. The behavior is learned solely from natu-
ral language-based reward inference, without any
handcrafted shaping or environment-provided re-
ward (video in supplementary).

In the CartPole-MultiCue setting, the agent is
given an even more complex instruction involv-
ing fire, umbrellas, and rain. We observe that the
agent more reliably aligns with the correct visual
targets in this case (for the multi-objective set-
ting). One possible explanation is that the visual
representation of water droplets and umbrellas
in this environment is more salient and seman-
tically distinct compared to the more stylized or
cartoonish water droplet in CartPole-FireWater.
The fire icon, on the other hand, remains visually
prominent across both settings. This highlights a
limitation of vision–language models like CLIP,
which may struggle with less prototypical vi-
sual representations when computing semantic
similarity.

To further evaluate multi-objective and
instruction-following behavior, we qualitatively analyze agent performance across the CartPole
FireWater and MultiCue variants (Figure 3). In the FireWater task, the agent consistently positions
itself near the fire icon, in accordance with the given prompt. In the more complex MultiCue setting,
the agent often navigates to the rightmost umbrella, which is far from both fire and rain, reflecting
successful multi-constraint alignment. However, in some runs, the agent stops under the left umbrella,
leading to a partial success. This highlights sensitivity to spatial distinctions in the visual scene and
to how well semantic embeddings capture relative object configurations.

Additionally, we validate the framework’s compatibility with discrete action spaces by training a
DQN Mnih et al. [2015] agent in the standard CartPole setting. The agent achieves stable upright
behavior, matching the goal prompt. These results demonstrate that InfeRL supports both continuous
and discrete control, and can generalize across multi-objective goals when the visual and linguistic
cues are sufficiently expressive.

5.2.3 Learning Instructed Novel Behavior from Language Goals

In this experiment, we evaluate whether InfeRL can guide the agent to perform a novel but explicitly
instructed behavior within the MuJoco Ant environment. The agent receives the goal description:

“a four-legged ant robot spinning in place while staying balanced.” This task requires a significant
departure from the default forward locomotion typically learned in standard Ant environments and
instead involves producing symmetric leg movements that achieve rotation without translation.

Figure 5: MuJoCo Walker2D behavior under
inferred reward. A sequence of frames showing
the agent walking upright steadily in the backward
direction. The agent learns to maintain balance
and upright posture but chooses to walk in reverse,
highlighting a partial success and the impact of
ambiguous language instructions (video in supple-
mentary).

As illustrated in Figure 4, the agent success-
fully learns to rotate in place while maintaining
balance. Visual evidence shows consistent an-
gular displacement across frames, with red leg
markers and yellow arrows confirming stable in-
place spinning. Importantly, this behavior was
learned without any handcrafted reward shap-
ing or motion specification, relying entirely on
the inferred reward signal produced by the vi-
sion–language model.

This result confirms that InfeRL can guide
agents to execute non-default behaviors that
align with human-intended goals, derived purely
from natural language instructions. It demon-
strates the flexibility of the framework to gener-
alize beyond typical reward structures present in
the environment.

We further examine the generality of InfeRL by testing its ability to guide motion in the MuJoCo
Walker2D environment. Here, the agent is instructed using the prompt: "A robot walking upright
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steadily." As shown in Figure 5, the agent learns a stable walking gait that maintains upright posture
and leg coordination. However, the learned behavior consistently moves in the backward direction.

This outcome highlights an important challenge in reward inference from natural language. While
the instruction successfully drives coordinated walking, the absence of explicit directional language
leads the agent to adopt a gait that is semantically plausible but misaligned with implicit human
expectations. The vision–language model appears to judge backward walking as consistent with the
phrase "walking upright," which lacks positional or goal-oriented constraints.

5.2.4 Limitations of Reward Inference in Complex Goal Settings

While InfeRL demonstrates strong performance in both single- and multi-objective tasks, it encounters
limitations in environments that require nuanced semantic reasoning. For instance, in the CartPole-
MultiCue setting, the agent is instructed to stay upright while positioning itself under the rightmost
umbrella, far from fire and rain. Although the agent maintains balance as required, it often stops at a
nearer umbrella or stays close to its initial position, leading to only partial success in achieving the
full instruction (Figure 3).

This outcome highlights two primary challenges. First, vision–language models used for re-
ward inference may lack sufficient expressivity to distinguish between subtle, stylized visual fea-
tures—particularly in settings where semantic meaning is spatially distributed or symbolically abstract.
Second, inferred rewards are often computed over short temporal windows and may not reflect the
long-term goals described in natural language. Such rewards can be informative in a local context
but fail to guide behavior globally, especially when the semantics of the task are non-Markovian
or require delayed credit assignment. As a result, standard reinforcement learning algorithms may
converge to locally optimal but globally misaligned behaviors.

5.2.5 Implications for Algorithm Design

The limitations above suggest several design considerations for algorithms operating under inferred
reward settings. InfeRL alters the fundamental assumption of reward observability in reinforcement
learning by replacing ground-truth signals with rewards inferred from vision–language alignment.
Because inferred rewards are temporally aggregated and can vary in scale or consistency, existing
algorithms like PPO or DQN may require modification to handle reward sparsity and ambiguity.

First, stabilizing training may require normalization, smoothing, or segment-level averaging of reward
signals to improve signal-to-noise ratio. Second, policies should be explicitly conditioned on goal
representations to enable prompt-based generalization. Incorporating a goal embedding into the
policy allows a single agent to adapt to different tasks and instructions without retraining. Third,
because inferred rewards can be recomputed post hoc from stored trajectories, off-policy learning
and data reuse become more powerful in this setting.

Finally, there is a broader need to explore architectures that move beyond the traditional MDP
framework. Hierarchical or memory-augmented agents, for example, could better interpret and align
with high-level, temporally extended goals. These directions may help close the gap between short-
term semantic feedback and long-term behavioral alignment, paving the way for more instruction-
aware and robust learning systems.

6 Conclusion

We introduced Inference-Based Reinforcement Learning (InfeRL), a framework in which agents
learn behaviors by inferring rewards from the alignment between natural language goals and visual
observations. Our results demonstrate that InfeRL can match the performance of agents trained
with ground-truth rewards, support goal-directed generalization, and enable novel behaviors based
solely on high-level instructions. While effective in many scenarios, challenges remain in handling
semantically rich or multi-objective goals, where inferred rewards may be locally informative but
insufficient to guide long-horizon behavior. These findings highlight the need for learning algorithms
that better integrate temporal structure, semantic grounding, and goal representations. InfeRL offers
a step toward more interpretable and flexible reinforcement learning, advancing the use of language
as a tool for behavior alignment.
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A Experiment Settings

A.1 Environments

We evaluate InfeRL across diverse control environments to assess its ability to generalize inferred re-
wards from natural language instructions. Our chosen domains span both simple and high-dimensional
tasks, enabling us to test semantic alignment under varying levels of complexity.

CartPole: We design three variants of the classic CartPole environment to evaluate semantic reward
inference under natural language instructions (Figure 6):

• CartPole-Base: The standard setup where the agent balances a pole on a moving cart.
• CartPole-FireWater: A modified environment with symbolic visual cues—fire on the left

and a water droplet on the right—used to evaluate direction-sensitive instructions such as
“move toward water” or “avoid fire.”

• CartPole-MultiCue: A more visually complex setting with fire icons on the left, and water
droplets, umbrellas, and clouds in the center and right. This configuration supports richer
goal specifications like “stay under the umbrella” or “avoid hazardous areas.”

MuJoCo Ant: We evaluate InfeRL in two variants of the Ant environment:

• Ant-Balance: The agent is instructed to rotate in place while maintaining balance.
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Figure 6: Variants of the CartPole environment used in our experiments. From left to right: (1)
CartPole-Base: the standard task where the agent balances a pole on a cart. (2) CartPole-FireWater:
background includes a fire icon on the left and a water droplet on the right, enabling directional
prompts. (3) CartPole-MultiCue: background includes fire, water droplets, umbrellas, and clouds,
supporting more complex instructions such as “stay under the umbrella” or “avoid fire.” These
variations preserve the original task dynamics while introducing symbolic visual cues that enable
natural language instruction grounding. They are designed to evaluate the agent’s ability to infer
rewards from semantics, generalize across goal specifications, and follow increasingly abstract or
context-dependent instructions.

• Ant-Rotate: A more specific task where the agent must spin in place without moving forward.
This behavior deviates from the default locomotion behavior of Ant. Designing a handcrafted
reward for such motion is non-trivial, but we demonstrate that a simple instruction such as
“rotate” allows the agent to learn this behavior through reward inference (see Figure 4).

The Ant environment is significantly more complex than CartPole, with high-dimensional continuous
action and observation spaces. MuJoCo Walker2D: We evaluate InfeRL in a variant of the Walker2D
environment where the agent is instructed to walk while maintaining balance. Unlike standard
Walker2D policies that are optimized for forward locomotion, our setup does not specify the direction
of walking. As a result, the agent learns to walk backward—a valid solution under the instruction
and inferred reward. This demonstrates that InfeRL can generalize to new behaviors without explicit
motion direction cues, guided solely by language-based goal specification (see Figure 5).

These experiments serve to evaluate the scalability and generalization of InfeRL beyond simple
control tasks.

These variations preserve the underlying task dynamics of environments while enabling more expres-
sive, interpretable natural language goals. RGB renderings of the environment are used exclusively
for computing inferred rewards via the vision–language model. The reinforcement learning agent
itself receives only the standard low-dimensional state vector (e.g., position, velocity) from the
CartPole environment during training.

While this framework can, in principle, be extended to visual RL settings where the agent also
receives raw RGB observations, we deliberately adopt a vector-based setup to isolate the impact of
visual reward inference from the challenges of high-dimensional state learning.

A.2 Goal Prompts

Each task is specified using a natural language prompt that captures the intended behavior. For
example, in CartPole-Base, the prompt is: “The pole remains upright and the cart stays near the
center.” In Ant-Rotate, the prompt is: “A four-legged ant robot spins in place while staying balanced.”
We also explore variations of each prompt to evaluate robustness.
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Table 1: Natural language goal specifications used for reward inference across different environment
settings.

Environment Setting Task Type Goal Specification

CartPole Base Single-objective The pole is nearly vertical (upright), and the cart is near the center of the track.
CartPole FireWater Multi-objective A cart with an upright pole is positioned directly under a red and yellow fire icon,

far away from the blue water droplet.
CartPole MultiCue Multi-objective + Complex A cart with an upright pole is positioned directly under a red and yellow fire icon,

far away from the blue water droplet.
Multi-objective + Complex The pole is upright and stable, with both the cart and pole positioned under

the right umbrella, far from the fire and out of the rain.
MuJoCo Ant Balance Single-objective A four-legged robot walking and balanced.
MuJoCo Ant Rotate Novel behavior A four-legged ant robot spinning rapidly in place, staying centered and balanced.
MuJoCo Walker2D Walk Single-objective + Ambiguous A robot walking upright steadily.
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