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ABSTRACT

Human intelligence is adept at absorbing valuable insights from external knowl-
edge. This capability is equally crucial for artificial intelligence. In contrast,
classical reinforcement learning agents lack such capabilities and often resort to
extensive trial and error to explore the environment. This paper introduces PAE:
Planner-Actor-Evaluator, a novel framework for teaching agents to learn to ab-
sorb external knowledge. PAE integrates the Planner’s knowledge-state align-
ment mechanism, the Actor’s mutual information skill control, and the Evaluator’s
adaptive intrinsic exploration reward to achieve 1) effective cross-modal informa-
tion fusion, 2) enhanced linkage between knowledge and state, and 3) hierarchi-
cal mastery of complex tasks. Comprehensive experiments across 11 challenging
tasks from the BabyAI and MiniHack environment suites demonstrate PAE’s su-

perior exploration efficiency with good interpretability.

1 INTRODUCTION

Accepting suggestions from external guidance
is an integral part of human learning. Hu-
mans can absorb insightful external knowledge
and seamlessly integrate it into their strategies
to tackle complex tasks (Council et al., 2000;
Mills et al., 2010). By leveraging existing
knowledge, human players can quickly adapt
to completely unfamiliar games after just a few
rounds of playing. Their ability to swiftly trans-
fer and align existing knowledge with the cur-
rent environment is a true testament to human
intelligence. Building intelligent systems that
can learn and integrate like humans is an ul-
timate goal we relentlessly pursue. Currently,
reinforcement learning (RL) has demonstrated
its potential towards this goal, with remarkable
breakthroughs in numerous domains, approach-
ing or even surpassing human capabilities on
Atari Games (Mnih et al., 2013), Go (Silver
et al.,2016) and StarCraft (Vinyals et al.,|2019).

However, currently RL struggles to efficiently
capture and integrate the vast amount of expert
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Figure 1: The Planner-Actor-Evaluator (PAE)
framework consists of three key components.

knowledge already existing in the domain. Specifically, RL faces challenges in long-term and sparse
reward tasks due to a lack of guidance, requiring extensive trial and error. Our primary focus in this
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work is teaching agents to leverage external knowledge and approach optimal solutions faster in
sparse reward environments.

Although mimicking human capabilities bene ts RL, it remains challenging for RL agents to realize
the above capabilities (Chowdhury et al., 2023). Three main challenges arise when training agents to
absorb external knowledge to improve their capabilit{@3.Dif culties in knowledge acquisition

and representation. Existing approaches utilize Behavioral Cloning (BC) to acquire knowledge by
imitating human behaviors directly (Codevilla et al., 2018) or adopt Inverse Reinforcement Learn-
ing (IRL) to learn reward functions for providing knowledge (Arora & Doshi, 2021). However,
this necessitates many demonstrations, which are costly to label and c(ite€ibstacles to the
integration of external knowledge and internal strategies.Integration requires bridging the gap
between the discrete nature of external knowledge and the continuous nature of internal strategies.
Two potential directions emerge: one is enabling internal strategies to query external knowledge, but
it faces challenges at the retrieval level (Reid et al., 2022). The other approach is directly encoding
domain knowledge as propositional rules into neural networks for a warm start, leading to training
dif culties and poor generalization (Silva & Gombolay, 202{3) Challenge of synergistic updat-

ing of external knowledge and internal strategiesLarge Language Models (LLMs) have recently
demonstrated impressive capabilities (Chowdhery ét al., 2022; Brown et al., 2020), but constant
changes in the external world can quickly render them obsolete for time-sensitivedagkseivs
guestion answering). While some recent studies have attempted to directly map the rich seman-
tic knowledge within LLMs to actions (Carta et al., 2023; Mezghani et al., 2023), these mappings
cannot be updated or come with high update costs.

We propose using natural language as a knowledge source to bypass the dif culties of knowledge ac-
quisition and representation. The language contains natural and exible prior knowledge for ef cient
exploration and skill acquisition, enabling rapid generalization across tasks. Truly understanding the
semantics and focusing on the key information is a good start to integrating external knowledge and
internal strategies. To synergize the updating of external knowledge and internal strategies, external
knowledge sources and internal strategies should retain the ability to learn and improve over time.

To bridge the gap between RL and human in handling sparse reward tasks, as shown in Figure 1,
we propose a novel paradigm for guiding agent learning to absorb external knowledgePédtled
PlannerActuatorEvaluator. The Planner is equipped with a state-knowledge alignment mecha-
nism. This mechanism enables the Planner to access external knowledge sources and retrieve suit-
able knowledge that aligns with the current state. This aligned knowledge is progressively provided
to the Actor, increasing in complexity. The Actor leverages the state information and the external
knowledge provided by the Planner for joint reasoning. It incorporates a cross-attention mecha-
nism, allowing the Actor to precisely focus on the critical state and external knowledge features.
Additionally, the Actor employs a discriminative network to reverse-infer the Planner's guidance,
strengthening the connection between states and knowledge. The Evaluator calculates intrinsic re-
wards based on the quality of external knowledge the Planner provides and the Actor's reasoning
effectiveness. These intrinsic rewards guide independent updates of the Planner and the Actor.

To summarize, our contributions are as follows:

* We present a novel framework, PAE, for learning to incorporate external knowledge to
achieve better and faster solutions in sparse reward environments. We demonstrate that
knowledge instructing signi cantly improves strategy exploration in RL.

» Our PAE framework introduces a circular feedback mechanism. The Evaluator's feedback
keeps the Planner aware of the scenario. The external knowledge the Planner provides
aligns with the Actor's current capabilities, enabling the Actor to master knowledge from
easy to complex.

» Our proposed framework produces interpretable sequences of steps, with the Planner pro-
viding a comprehensible plan in natural language form.

We evaluated our proposed PAE framework across 11 challenging tasks from the BabyAl (Chevalier-
Boisvert et al., 2018) and MiniHack (Samvelyan et al., 2021) environment suites. Compared to
non-knowledge-guided baseline methods, our PAE framework improves performance by an average
of 148% and achieves convergence at least 40% faster. Compared to baseline approaches using
language guidance, the PAE framework exhibits an average performance improvement of at least
13% and converges at least 31% faster.
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2 RELATED WORK

We build upon extensive work in areas related to the study of knowledge and reinforcement learn-
ing (RL). Our focus lies in knowledge acquisition and representation, the integration of external
knowledge and internal strategies, and exploration in RL.

Knowledge Acquisition and RepresentatiorConverting and representing extracted knowledge ef-
fectively is the primary challenge in enhancing a reinforcement learning agent's capabilities with
external knowledge. Imitation learning and inverse reinforcement learning capture domain knowl-
edge by mimicking human actions via state-action pairs, yet these often require laborious human
labeling and feedback (Codevilla et al., 2018; Ho & Ermon, 2016). Representing knowledge as a
graph (Xu et al., 2020; Zhang et al., 2022), such as a knowledge or scene graph, encounters issues
of limited structured data and sparse valid information. He et al. (2017) treat documents as exter-
nal knowledge; the agent must learn to interpret them for task-solving. Bougie & Ichise (2018) use
environmental data from object detectors as external knowledge, broadening its applicability. In con-
trast, our approach employs natural language directly as external knowledge, eliminating the need
for preprocessing. This fosters agent exploration guided by human-intuitive, natural interaction.

External Knowledge and Internal Strategy Integration Incorporating external knowledge to en-
hance agent decision-making is crucial. Some methods teach Al to use language for querying exter-
nal knowledge (Carta et al., 2022; Liu et al., 2022) but grapple with generating sizable, retrievable
language queries. Several approaches (Humbird et al., 2018; Silva & Gombolay, 2021) aim to
embed human domain knowledge into neural decision trees yet face the challenge of bridging tree-
to-neural network gaps. Our focus is linking natural language with policies to guide agent learning.
Like Language-conditioned RL, our approach trains agents to follow instructions in interactive envi-
ronments (Luketina et al., 2019). While prior research explored this setting for various tasks in 2D or
3D environments (Colas et al., 2020; Chevalier-Boisvert et al., 2018), we aim to craft a comprehen-
sive framework that encompasses knowledge selection and representation, the integration of external
knowledge and internal strategies, and updating knowledge-guided strategy. Our approach absorbs
and understands key parts of the language for joint reasoning and selects external knowledge to
provide knowledge appropriate to the current agent's capabilities. This results in enhanced task per-
formance, greater adaptability, and improved interpretability. Some more recent work (Carta et al.,
2023; Du et al., 2023) have extracted and employed knowledge from LLMs for decision-making
tasks. These approaches often directly map the internal knowledge of LLMs to actions. However,
this mapping weakens the policy update potential of reinforcement learning algorithms and might
present challenges regarding update costs for time-sensitive tasks.

Exploration in RL Exploration stands as a crucial challenge in reinforcement learning, covering
-greedy action selection (Strouse et al., 2021), state counting (Bellemare et al., 2016), curiosity-
driven exploration (Schmidhuber, 1991), and intrinsic motivation (Oudeyer et al., 2007). Our ap-
proach aligns with intrinsic motivation, where novelty fosters access to new states. Other forms of
intrinsic motivation include empowerment (Klyubin et al., 2005), promoting agent control over the
environment, and goal diversity (Pong et al., 2020), encouraging increased entropy within the goal
distribution. In contrast, we propose intrinsic motivation as a “cyclic feedback mechanism”: The
Evaluator's intrinsic reward prompts the Planner to equip the Actor with knowledge suitable for its
current capacity, guiding the Actor to execute tasks aided by external knowledge. Our approach
also emphasizes enhancing reinforcement learning through language-guided exploration (Mu et al.,
2022; Carta et al., 2022). This methodology typically assumes an annotator's presence to generate
language descriptions for intrinsic rewards, guiding exploration. We adopt this framework while
automating and unifying the entire process, encompassing knowledge representation and selection,
integrating external knowledge and intrinsic strategies, and computation of guided intrinsic rewards.

3 PRELIMINARIES

We formally de ne the problem formulation of Knowledge-Instructed Reinforcement Learning. We
consider augmented Partially Observable Markov Decision Processes (POMDPSs) (Kaelbling et al.,
1998). Our augmented POMDP can be described by a 7-Mple hS A;T;R; ;0O;Ki. Sis

the state spaceA donates the action space. is the observation spac« is the knowledge set.
T:S A S7! R*isthe state transition functioD : S A 7! R* is the observation
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function.R : S A K 7! R represents the state-action reward. At each timetstdme agent

receives an observatian 2 and a knowledgé& 2 K. Based on these inputs, the agent selects

an actiona; 2 A, and transits to the next stadg, 2 S. Via RL, our goal is to nd some policy
:S K7!'A that maximizes the expected return.

We assume that the environment provides knowledge following previous work (Jiang et al., 2019;
Mirchandani et al., 2021; Waytowich et al., 2019; Mu et al., 2022). We impose no speci ¢ represen-
tation requirements and present all knowledge in natural language. Natural language's hierarchical
structure and rich semantics profoundly impact an agent's cognitive functions (Colas et al., 2022).
Agents can update internal strategies guided by language's generality and abstraction, enhancing
comprehension of complex concepts and alignment with human values. Many modern RL environ-
ments include language by default (Mu et al., 2022), like BabyAl (Chevalier-Boisvert et al., 2018),
NetHack (Kuttler et al., 2020), MiniHack (Samvelyan et al., 2021), text-based gantds € al.,

2019; Shridhar et al., 2020; Urbanek et al., 2019), and most video games. In language-absent envi-
ronments, language descriptions relevant to the agent's state can be produced by generative models
of language trained on gigantic amounts of text such as GPT (Brown et al., 2020), PaLM (Chowdh-
ery et al., 2022), and Llama (Touvron et al., 2023).

4 METHOD

We introduce the PAE framework, a novel approach for instructing agents to learn to absorb knowl-
edge. As shown in Figure 1, PAE consists of three core components: (Plahaer, a policy
network that delivers language-based external knowledge guidance, adapting in complexity follow-
ing both task features and the Actor's current capabilities; (2Atter, a knowledge-conditioned
policy, designed to integrate external knowledge and environment states for joint reasoning; and (3)
the Evaluator, a module that offers intrinsic rewards to both the Planner and Actor, guiding their
strategy updates.

4.1 ALIGNING EXTERNAL KNOWLEDGE AND STATES VIA PLANNER

To enhance guidance, the Planner must progressively select increasingly challenging knowledge
for the Actor during the training procedure. This presents two key challenges: 1) correctly under-
standing knowledge in natural language and aligning it with the current environmental state, and 2)
adjusting the complexity of the chosen knowledge based on the Actors' abilities. To achieve this,
we consider the Planner as a policy netwogkjsg; K; ) modeled by an MDP: it inputs an ini-

tial statesy ! and a set of knowledgk and selects a piece of knowledge2 K as output. The
Planner provides new knowledge whenever a new episode starts, or the Actor reaches an intrinsic
goal guided by the knowledge. The Planner receives rewards only when the Actor completes the
task using the provided knowledge, aiming to maximize cumulative rewards. Figure 2 provides an
overview of the Planner.

Encoding. To assist the Planner in better comprehending hidden information within the environ-
ment and knowledge, we introduce a state encoder and a knowledge encoder to encode state and
knowledge information to embedded features separately. Speci cally, for the state encoder, visual
state embeddings 2 R"W ¢ are fed to a shape-preserving 2D convolution layer to generate the
state featuréy 2 R'W 9s. To capture both the content and spatial characteristics of the states,
position embeddingBp,s are added tdy, which is formulated as:

& =Conv(so) + Epos; S0 2 RMW © & Epes 2 RMW s, 1)

wherec is the dimension of embedding vectors atids the channels of feature maps after convo-
lution. For the knowledge encoder, each unit of knowlekig2 K is encoded using a pre-trained

language modekg. BERT-base) with frozen parameters, yielding the knowledge embedlaings
R =[RD:RA 0 RM] = Proj(LM([ kW ; k@ ;100 k(MY)); R2 R" . 2)

whereProj( ) is a linear projection layer ardj is the dimension of knowledge embedding vectors.

1The reason we choose instead of; is that the Planner is required to provide macro-level guidance based
on its curriculum, rather than step-by-step guidance based on the Actor's speci ¢ actions at timestep
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Figure 2: Overview of the Planner Network

Alignment. To better align external knowledge with the current environment, we utilize the scaled
dot-product cross-attention mechanism to enable the Planner to attend between knowledge and
states. Speci cally, we compute the que®yusing the knowledge embeddingsand compute

the keyK and valueV using the position-embedded state featreln summary, the alignment
procedure can be formulated as:

.
Rs, = Attention( Q;K;V ) = SoftMax %ﬁj \Y;
k

3)
whereQ = KWq; K = &Wy ; V = &Wy;
whereWqg 2 R% d Wy 2 RY% d andWy 2 R% 9 are learnable projection matrices.
Forwarding. The cross-attention layer produaesontext vector®s, = [RE ;K2 ;21 R  that

aggregates critical information from both the knowledge set and the state, emphasizing knowledge
most relevant to the current state. Th&g, 2 R" % will be linear projected ta 1-dimensional
scales and go through a softmax layer, aiding the Planner in selecting the appropriate instruction for
the Actor.

p(Kiso; K; ) = SoftMax(LN( Ks,)): 4

4.2 TRAINING ACTOR-SPECIFICINCREMENTAL SKILLS WITH EXTERNAL KNOWLEDGE

The Actor is a knowledge-conditioned policy parameterized48;jPs;; k;! ). Once the Planner
provides the Actor with suitable external knowledge, we aim for the Actor's competence in two
key areas. First, like the Planner, the Actor must comprehensively grasp knowledge in its natural
language form. Second, we want the guiding knowledge to in uence the state reached by the Ac-
tor, such that different knowledge leads to distinct skills. Accordingly, we seek to strengthen the
correlation between knowledge and state.

Encoding, Alignment & Forwarding. To master language comprehension and align knowledge
with current observable states, the Actor adopts a three-stage pipeline similar to the Planner: en-
coding, alignment, and forward. However, unlike the Planner, the Actor redisves R™ ¢, a
partially observable state of sibe w, andk, a single piece of knowledge lItered by the Planner,
at each time step In the Encoding stage, due to the reduced information content of the input state
Ps¢, we remove the shape-preserving convolution and directly add position information to state em-
beddings. Meanwhile, we also utilize the parameter-frozen language model to encode the existing
knowledge effectively:

P& = Ps + €pos pgt;pst;epos 2 RMW ¢

R = Proj(LM( k)) R2 R

During the Alignment stage, we also incorporate the scaled dot-product cross-attention mechanism
to achieve the knowledge-state alignment.

.
PRs, = Attention( Q;K;V ) = SoftMax %% Y
k

®)

(6)
whereQ = KWq; K = P&W; V = P& Wy
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Figure 3: Overview of the Actor Network

Moving on to the Forward stage, we aim to enhance the Actor's attention to current state informa-
tion. To achieve this, we employ strided convolution to extract state information further. We then
concatenate this extracted information with the state-aligned knowledge, passing it through a Linear
and a softmax layer to generate the distribution over actions.

a(ajsi;k;!) = SoftMax(LN([Conv( Ps;); Pk, ])): )

Maximize the mutual information between knowledge and statesWe utilize the mutual infor-
mation maximization objective to build on the idea that knowledge should dictate the states the agent
visits. Our approach maximizes the mutual informatigs; k) between knowledge and states. The
objective can be written as follows:

I(s;K)= H(K) H (Kjs)
= B¢ piys [ogp(kjs)]  Ex pkllogp(k)] (8)
Ex pys [logq (kjs) logp(k)]:

As we cannot compute(kjs) exactly by integrating over all states and their associated knowledge,
we approximat@(kjs) using a trainable discriminative netwagk(kjs). Previous work (Eysenbach

et al., 2018) has proved that maximizing the mutual information betwesmk can translate into
maximizing the variational lower bound obtained by replaqgifkjs) with q (kjs) (as shown in
Equation 8). From this variational lower bound, we give the mutual information rewggdsised

to encourage the Actor to strengthen the connection between state and knowledge:

r =log g (kj°s) logp(k): )
The discriminative networly (kjPs) is optimized using a cross-entropy ldss, denoting as:
X
L (°s;k) = (K= k) log(a (k3°s)): (10)
k02K

In summary, the Planner samples a piece of knowlddffem the logits output by ,(kjso; K; )

and provides it to the Actor. The Actor employs the conditional netwaifa; jPs;; k;! ) to make

decisions in the environment guided by this knowledg&he Actor is motivated to explore states

that offer higher rewards and have a close relationship kitfihe discriminative networly (kjs)

uses the&k provided by the Planner as ground truth and updates through supervised learning to bet-

ter infer knowledgek from the visited statesp(k) is provided by the Planner's policy network
p(Kjso; K; ). More implementation details are shown in Appendix A.3. Algorithm 1 in Ap-

pendix A.4.1 summarizes our PAE procedure.

4.3 EVALUATION MECHANISM

Reinforcement learning in long-term and sparse reward tasks is often dif cult and requires a lot of
trial and error. The standard solution to speed up this process is introducing additional reward signals
to better guide learning. Incorporating external knowledge offers a more straightforward approach
to reward shaping.

For the Actor, the external knowledge from the Planner serves as the missing signal in the envi-
ronment. In addition to the extrinsic reward for accomplishing the nal task, the Actor receives an
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additional intrinsic reward o#1 for each subtask completed per the Planner's guidance. Conse-
qguently, the total rewards for the Actor comprise three terms: environmental extrinsic rewgrds
the maximization of the mutual information temy, , and intrinsic rewards;, :

Facor = Fex * Fin (1( a(ajse; k! ) 7V K)+ i1y (11)

wherel is the indicator function, ;(a;jPst; k;! ) 7! k denotes that the Actor completed the subtask
following external knowledge guidance, > 0is a scaling factor.

For the Planner, we follow the previous approach (Mu et al., 2022; Campero et al., 2020) of using
the Actor's task completion as an intrinsic reward. This task is neither too easyhe knowledge

given by the Planner is too simple) nor impossihle.(the knowledge given by the Planner is too
complex) for the Actor to complete the current task,, an automatic curriculum. Speci cally,

we evaluate the Planner using the number of steps required for the Actor to follow the guidance
proposed by the Planner; if the number of steps required for the Actor to follow the guidance is
within the threshold , or if the guidance can not be followed until the end of the episode, the
Planner receives a reward of , otherwise, the Planner gets a reward-of:

+ ift t
lplanner = Tex ¥ lin; lin = if t<t Ort>t max (12)
For the value of , we use an adaptive but heuristic approach, where the threshold increases linearly
by one when the Actor successfully follows the guidance ten times.

5 EXPERIMENTAL EVALUATION

Our experimental evaluation aims to test our central hypothesis: that external knowledge improves
the exploration ef ciency for RL algorithms in sparse reward environments. We conducted a series
of experiments organized as follows: 1) In Section 5.1, we quantitatively evaluate the exploratory
capabilities of the PAE by comparing it to various baseline methods. 2) In Section 5.2, we revealed
the underlying mechanisms of the PAE through ablation experiments. 3) In Section 5.3, we elucidate
the interpretability of PAE's strategy by visualizing the agent's learning process at different stages.
See Appendix A.5 for additional experimental results. More implementation details of PAE are
shown in Appendix A.3.

Environments: We evaluated our method across two task types, totaling six environments within the
BabyAl environment: Key Corridor tasks @¢CORRS3R3, KEYCORRS4R3, KEYCORRS5R3)

and Obstructed Maze tasks§OTRMAZEL1DL, OBSTRMAZE2DLHB, OBSTRMAZE1Q). The suf-

X signi es the environment's size; a larger environment increases the exploration dif culty in
the same type of task. To demonstrate PAE's scalability, we extended our PAE approach to the
more challenging MiniHack tasks. MiniHack consists of procedurally generated tasks within a
roguelike game, offering a richer observation space than the BabyAl environment. Additionally, it
presents up to 75 dimensions of structured and context-sensitive action space. Our comparisons
of PAE with baseline methods encompassed ve MiniHack environmentsiaA CROSSRING,

LAVA CROSSPOTION, LAVACROSSFULL, RIVER-MONSTER and MULTIROOM-N4-MONSTER

See Appendix A.2 for more details.

We follow the previous work (Mu et al., 2022) to introduce knowledge. In BabyAl, the Planner
receives a fully observed state and a set of 652 instructions from the BabyAl platform. Meanwhile,
the Actor gets & 7 representation of its eld of view and a single instruction Itered by the
Planner. See Table 3 in Appendix A.2 for a list of knowledge provided by BabyAl. In MiniHack,

the Planner and Actor have the same eld of view. Observations consifbf &9 matrix of glyph

identi ers, a 21-dimensional vector with the agent's statistics (like location and health), and a series
of 256-character knowledge entries. The Planner accesses multiple knowledge entries, whereas the
Actor receives a selectively Itered entry from the Planner. See Table 4 in Appendix A.2 for a list

of knowledge provided by MiniHack.

5.1 QUALITATIVE RESULTS. COMPARE TO BASELINES

We compare PAE with six baseline algorithms across three categories to highlight PAE's advan-
tages. 1) Vanilla Baseline Algorithm$MPALA (Espeholt et al., 2018), a standard asynchronous
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