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Abstract

This thesis tackles the core challenge of credit assignment in reinforcement
learning (RL), where agents must determine which actions or agents
deserve credit for outcomes in complex environments. Traditional RL
struggles when rewards are sparse, delayed, or shared among multiple
agents, as is common in real-world tasks like robotics or game AI. To
address this, the thesis introduces two innovative approaches: one for
multi-agent collaboration and another for temporal decision-making.

The first contribution, ME-IGM, solves a critical problem in multi-agent
RL. While existing methods like QMIX decompose global rewards into
individual agent contributions, they often fail when combined with maxi-
mum entropy RL, which encourages exploration but can misalign local
actions with the team’s best strategy. ME-IGM fixes this by introducing
an order-preserving transformation that ensures each agent’s policy re-
spects the global optimal action sequence. Experiments on the SMAC-v2
benchmark show ME-IGM outperforming prior methods, even matching
imitation learning approaches without needing expert demonstrations.

The second contribution, RICOL, rethinks temporal credit assignment
by leveraging large language models (LLMs) to analyze past decisions
and assign rewards more efficiently. Instead of training a critic network
from scratch, RICOL uses an LLM to retrospectively evaluate actions,
converting sparse rewards into dense learning signals. This method is much
more sample-efficient than traditional Monte Carlo estimation. RICOL
builds on this by fine-tuning LLM policies through iterative updates,
achieving dramatic improvements over PPO in tasks like BabyAI while
remaining robust to noisy feedback.

Together, these advances make RL more practical for real-world appli-
cations by improving how agents learn from limited feedback. ME-IGM
enables better teamwork in decentralized systems, while RICOL unlocks
faster learning in sequential tasks. The results suggest promising di-
rections for future work, such as adapting these methods to continuous
control or integrating them with larger-scale AI systems. By refining
credit assignment at both multi-agent and temporal levels, this research
helps bridge the gap between theoretical RL and deployable solutions.
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Chapter 1

Introduction

Recent advances have shown that scaling up supervised learning can lead to human-

level performance across a wide range of domains, including mathematics, coding,

and image generation [1, 26]. However, when the goal is to achieve superhuman

performance, supervised learning becomes increasingly inefficient [55]. A key limitation

is that many real-world tasks lack accessible expert demonstrations. In such cases,

the available supervision signals are often sparse or limited, making it difficult for

supervised learning methods to effectively learn and generalize from them.

For example, consider a real-world software development scenario in which a team

of engineers collaborates to build a complex system. The task is highly challenging

and requires the team to take a long sequence of coordinated actions. Crucially,

feedback is sparse and typically only available upon successful completion of the

project. In such settings, the reward is not only delayed and sparse, but also shared

among all team members. This makes it especially difficult to assess the contribution

of each individual agent or action, as the final outcome does not directly reveal the

impact of any single decision or participant.

This example highlights a fundamental and often underexplored challenge in

reinforcement learning (RL): credit assignment. When a reward is shared across

multiple time steps or among multiple agents, how can credit be accurately attributed

to each individual action or agent based on their contribution to the final outcome?

Designing effective credit assignment mechanisms is crucial for improving the training

efficiency of RL algorithms. More importantly, credit assignment enables RL agents

1



1. Introduction

to learn from weakly structured or sparse feedback signals—far beyond the fully

labeled data typically required by supervised learning. As a result, credit assignment

lies at the heart of what makes RL fundamentally different from supervised learning,

and it is a key reason why RL holds the potential to achieve superhuman intelligence

in domains where supervised learning alone falls short.

In this work, we analyze two key aspects of credit assignment: multi-agent credit

assignment and temporal credit assignment. Each will be introduced in the following

sections.

1.1 Multi-Agent Credit Assignment

In previous research, various approaches such as monotonic value decomposition [46]

and counterfactual reasoning [16] have proven effective in addressing the credit

assignment problem within multi-agent collaboration tasks. However, these methods

predominantly focus on Q-learning or naive policy gradient methods, leaving a notable

gap in the exploration of credit assignment solutions tailored for maximum entropy RL.

This challenge arises because maximum entropy RL limits the expressive capabilities

of multi-agent RL algorithm, often conflicting with the objectives of traditional credit

assignment algorithms.

In Chapter 2, we begin by applying monotonic value decomposition to assign

credit among agents. Local Q-values are obtained from the global Q-values via this

decomposition and are then used to train local policies. However, we identify a critical

limitation in this approach: a misalignment between the global Q-values and the

local policies during inference. Specifically, the actions selected by local policies may

not correspond to those that yield the highest global Q-values. This misalignment

leads to suboptimal performance, as the difference between the value of the selected

global Q-value and the optimal one represents a potential performance gain that is

left unrealized. Empirically, we demonstrate that this gap can reach up to a twofold

difference on SMAC-v2 [14] tasks.

To address this issue, we propose an order-preserving transformation that converts

local Q-values into local policies while maintaining the relative action preferences

implied by the global Q-values. This ensures that agents can consistently select

actions corresponding to the highest global Q-values, even when executing in a

2



1. Introduction

decentralized manner. Building on this idea, we introduce ME-IGM, an algorithm

that enhances multi-agent credit assignment in maximum entropy reinforcement

learning frameworks, improving coordination and performance across agents. We

demonstrate the effectiveness of our algorithm on fifteen SMAC-v2 scenarios, where

the proposed ME-IGM consistently outperforms baseline MARL algorithms.

1.2 Temporal Credit Assignment

Temporal credit assignment has been extensively studied in classical RL, typically

addressed by learning a critic network. However, such networks are often domain-

specific and sample inefficient to train from scratch. In contrast, large language models

(LLMs) have demonstrated strong in-context learning capabilities for acquiring new

knowledge efficiently.

In Chapter 3, we introduce a method that leverages in-context learning to perform

temporal credit assignment. Instead of learning a critic network, we use the LLM’s

own reasoning ability to retrospectively attribute rewards to prior states along the

trajectory based on their contributions to the outcome, a process we call retrospective

in-context learning. This approach is sample efficient, as it avoids training a domain-

specific value function.

We further integrate this approach with a policy improvement step using Advantage-

Weighted Regression (AWR). Similar to standard online RL, the resulting algorithm,

Retrospective In-Context Online Learning, alternates between policy improvement

and policy evaluation. However, instead of learning a value function, the policy

evaluation step is replaced with in-context learning to improve the sample efficiency

of the online learning process. Experiments on four BabyAI tasks demonstrate that

our method is 20 to 50 times more sample efficient than PPO, which must learn the

value function from scratch.

In summary, this work introduces two complementary approaches to the credit

assignment problem in RL, multi-agent credit assignment and temporal credit assign-

ment. Together, these approaches highlight the importance of credit assignment as a

foundational component in online RL, especially in real-world scenarios characterized

by sparse, delayed, or weak feedback. By tackling both multi-agent and temporal

dimensions of credit assignment, our work paves the way for the design of more

3



1. Introduction

robust, efficient, and general-purpose online RL algorithms that can operate beyond

the limitations of supervised learning.

4



Chapter 2

Multi-Agent Credit Assignment

2.1 Introduction

Collaborative multi-agent tasks, where a team of agents works together to complete

a task and receives joint rewards, are inherently challenging for RL agents. This

difficulty arises due to the absence of individual reward signals for each agent and the

significantly higher exploration requirements compared to single-agent scenarios. The

challenge is further exacerbated by the exponential growth of the joint action space

as the number of agents increases. In this chapter, we propose leveraging maximum

entropy RL to promote exploration and adopting the individual-global-max (IGM)

credit assignment mechanism [46] to effectively distribute joint rewards among the

agents.

Maximum entropy RL [29], recognized for promoting exploration [20], smoothing

the objective landscape [4], and improving robustness [15], has been extensively

applied in single-agent RL. However, as illustrated in Figure 2.1, naively extending

maximum entropy RL to multi-agent settings under the centralized training and

decentralized execution (CTDE) paradigm leads to uniform credit assignment, which

limits the ability of multi-agent reinforcement learning (MARL) agents to effectively

learn from joint rewards.

On the other hand, numerous studies have explored the development of effective

credit assignment mechanisms. Among them, the IGM condition has demonstrated

strong empirical performance by aligning the maximum local Q-values with the

5



2. Multi-Agent Credit Assignment
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Figure 2.1: The figure illustrates the improvement of our approach compared to
existing maximum entropy MARL methods. The left figure shows a straightforward
approach to applying maximum entropy MARL in the CTDE context, where blue
texts represent the desired objectives, and black texts indicate corresponding con-
straints. It reveals that existing maximum entropy MARL methods under the CTDE
framework implicitly constrain the global Q-value to be the sum of local Q-values,
significantly limiting the expressiveness of the critic network. The right figure de-
picts the improvements in ME-IGM. ME-IGM first applies any credit assignment
mechanism that satisfies the IGM condition to obtain Qi for each agent i. Given
the meaningful order of local Q-values (for different actions), an order-preserving
transformation fi converts Qi to fi(Qi) as the policy logits. This transformation
is optimized using a loss function that minimizes the expected difference between∑

i fi(Qi) and Qtot, which guarantees monotonic policy improvement in maximum
entropy MARL.

maximum global Q-value. Previous works have primarily applied the IGM condition

in deterministic policy settings, where policies are derived using the argmax of local

Q-values. However, in maximum entropy MARL methods, stochastic local policies

are learned, and misalignment can occur between local policies and the maximum

global Q-values. That is, selecting joint actions based on the highest logits of local

policies does not necessarily lead to maximizing the global Q-value. This limitation

highlights a critical challenge in achieving effective credit assignment within the

maximum entropy MARL framework.

We propose ME-IGM, the first CTDE maximum entropy MARL method that

is compatible with all credit assignment schemes satisfying the IGM condition. In

6
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particular, to address the misalignment between stochastic local policies and the

maximum global Q-values, we introduce an order-preserving transformation (OPT)

that maps local Q-values to policy logits while preserving their relative order. This

ensures that selecting actions with the highest logits collectively leads to a joint

action that maximizes the global Q-value. Additionally, the OPT is trained with

a theoretically grounded objective, guaranteeing monotonic policy improvement in

CTDE MARL. Moreover, compared with value decomposition MARL methods such

as QMIX, ME-IGM incorporates maximum entropy RL, using stochastic policies and

entropy regularization to enhance exploration and robustness.

Our main contributions are summarized as follows:

• We are the first to identify and empirically demonstrate a critical issue of existing

maximum entropy MARL methods: the misalignment between stochastic local

policies and the maximum global Q-values.

• We explore Individual-Global-Max in maximum entropy MARL to resolve

such misalignment, and introduce ME-IGM, the first CTDE maximum entropy

MARL method that fully complies with the IGM condition.

• The core of ME-IGM is an order-preserving transformation (OPT), which can

be seamlessly integrated into mainstream value decomposition MARL methods

for a maximum entropy extension, enhancing exploration. Additionally, we

propose a theoretically grounded and straightforward objective for training

these transformation operators.

• We confirm the effectiveness of our algorithm through tests on matrix games

and SMAC-v2 [14], where our method attains state-of-the-art results.

2.2 Related Works

2.2.1 Multi-Agent Credit Assignment

In the CTDE framework, MARL primarily consists of two algorithmic branches:

policy gradient methods [16, 27, 31, 33, 59, 65] and value function decomposition

methods [46, 53, 56]. Policy gradient methods first learn a centralized critic network,

and then distill local policies using losses like the KL divergence between local

7
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policies and the softmax of the global Q-value. On the other hand, value function

decomposition addresses the credit assignment problem by decomposing the global

value function into multiple local value functions. VDN [53] assumes that the global

Q-function is the sum of local Q-functions. QMIX [40, 46] permits the mixer function

to be any function with non-negative weights. QTRAN [51] optimizes an additional

pair of inequality constraints to construct a loss function. QPLEX [56] uses the

dueling architecture to decompose the Q-function, achieving the same expressive

power as QTRAN while being easier to optimize. The expressive power of the

critic networks in these algorithms increases sequentially. Our method, ME-IGM,

enhances the exploration capability of these MARL algorithms by leveraging the

maximum entropy RL framework and is compatible with all types of multi-agent value

decomposition methods. Specifically, we demonstrate the performance of ME-QMIX

and ME-QPLEX in the experiment section.

2.2.2 Maximum Entropy MARL

Maximum entropy RL [29] is demonstrated to have advantages such as encouraging

exploration [20] and increasing robustness [15] in single-agent RL scenarios. In

maximum entropy MARL, most works utilize an actor-critic architecture and typically

aim to minimize the KL divergence between the local actor and the softmax of the

centralized critic [18, 21, 45, 63]. However, although these methods use QMIX to

train the critic, they optimize the policy function by minimizing the expected KL

divergence over the state space. As a result, they cannot guarantee that the joint

action (at each state) determined by local policies maximizes the global Q-value

(i.e., the IGM condition), which is fundamental to QMIX. In this case, we propose

a novel order preserving transformation to ensure that the IGM condition is met

while employing maximum entropy MARL. Moreover, our method introduces global

information into local policies during training through a hyper-network [19], which

most previous methods either ignored [62] or only applied in centralized training and

centralized execution scenarios [32]. Note that the global information is not required

for the local policies during execution. In appendix A.4, we provide a more detailed

comparison of our work with related works.

8
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2.3 Preliminary

2.3.1 Multi-Agent Reinforcement Learning

Cooperative MARL can be formalized as a Decentralized Partially Observable Markov

Decision Process (Dec-POMDP) [37]. Formally, a Dec-POMDP is represented as a

tuple (A, S, U, T, r, O,G, γ), where A ≡ {1, ..., n} is the set of n agents. S, U , O, and

γ are state space, action space, observation space, and discount factor, respectively.

During each discrete time step t, each agent i ∈ A chooses an action ui ∈ U ,

resulting in a collective joint action u ∈ U ≡ Un. The function r(s,u) defines the

immediate reward for all agents when the collective action u is taken in the state s.

P(s,u, s′) : S ×U× S → [0,∞) is the state-transition function, which defines the

probability density of the succeeding state s′ after taking action u in state s. In a

Dec-POMDP, each agent receives only partial observations o ∈ O according to the

observation function G(s, i) : S ×A → O. For simplicity, if a function depends on

both oi and s, we will disregard oi. Each agent uses a policy πi(u
i|oi) to produce

its action ui. Note that the policy should be conditioned on the observation history

oi1:t. For simplicity, we refer to oi1:t as oit or oi in the whole paper. The joint policy

is denoted as πjt. ρπ(st,ut) is used to represent the state-action marginals of the

trajectory distribution induced by a policy π.

2.3.2 Individual-Global-Max Condition

Individual-Global-Max (IGM) [46] is a commonly used credit assignment method in

value-based cooperative MARL and is defined as follows:

Definition 2.3.1. Individual-Global-Max (IGM) For joint q-function Qtot, if

there exist individual q-functions [Qi]
n
i=1 such that the following holds:

argmax
ut

Qtot(ut, st) =


argmax

u1
t

Q1(u
1
t |o1t )

...

argmax
un
t

Qn(un
t |ont )

 . (2.1)

Then, we say that [Qi]
n
i=1 satisfy IGM for Qtot under st.

9
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For instance, in QMIX, to ensure the validity of IGM, the algorithm restricts

the expressive capability of Qtot to the following form: ∂Qtot

∂Qi
≥ 0,∀i ∈ A. Thus,

Qtot is a monotonic function. The monotonicity constraint serves as a sufficient,

but not necessary, condition for IGM, and can be relaxed as a tradeoff to enhance

expressiveness.

2.4 Misalignment Between Local Policies and the

Maximum Global Q-Value

In this section, we first introduce the problem of misalignment between local policies

and the maximum global Q-value. We then empirically demonstrate that this issue is

prevalent in most prior maximum entropy MARL works applying the IGM condition.

The Misalignment Problem: We take QMIX as an example, but the concept

discussed here applies to any credit assignment mechanism satisfying the IGM

condition. While the IGM condition defines the relationship between local Q-values

and the global Q-value, what is often more important in practice is the alignment

between local policies and the global Q-value. In other words, joint actions that

maximize the global Q-value can be obtained by querying local policies. In prior work

leveraging the IGM principle with deterministic policies, this alignment naturally

holds because each local policy selects the argmax of its local Q-value, ensuring that

the joint action aligns with the global Q-value. However, this alignment breaks under

stochastic policies, leading to what we term as misalignment between local policies

and the maximum global Q-value.

Previous work in maximum entropy MARL, such as Guo and Wu [18], Zhang

et al. [63], often decompose the global Q-value into individual local Q-values to satisfy

the IGM condition. These local Q-values are then used to guide the training of local

stochastic policies. Compared with value decomposition methods such as QMIX, they

train stochastic policy networks in addition to the Q-functions, which can potentially

improve multi-agent exploration in complex environments. However, while the value

decomposition ensures alignment between global and local Q-values via the IGM

condition, there is typically no explicit constraints imposed between the local policies

and the local Q-values during the policy training phase. This lack of coupling

10
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Figure 2.2: Illustration of Misalignment Between Local Policies and the
Maximum Global Q-Value: When naively combining the IGM condition with
maximum entropy MARL, local policies often select suboptimal joint actions, leading
to a lower Q-value, depicted by the blue curve. In contrast, the optimal joint actions
achieve a higher Q-value, shown in the orange curve. Bridging the gap caused
by misalignment presents an opportunity for improvement, as highlighted by the
discrepancy between the two curves.

often leads to misalignment during testing, where the local policies fail to

consistently select joint actions that maximize the global Q-value, defeating

the purpose of enforcing the IGM condition. Consequently, the learned policies

may struggle to achieve optimal global coordination during execution.

Empirical Demonstration: To analyze the performance gap caused by the

misalignment between local policies and the maximum global Q-value, we evaluate the

difference between the maximum global Q-value and the global Q-value selected by

local policies in the SMAC-v2 zerg 5vs5 scenario, using a state-of-the-art Maximum

Entropy MARL algorithm [63]. Figure 2.2 shows the results, averaged over five

random seeds with standard deviations included. The findings reveal a significant

Q-value gap, emphasizing the potential for improvement by developing algorithms

that enable the selection of joint actions with the highest global Q-value through

local stochastic policies. For evaluation purposes, the maximum global Q-value is

calculated by enumerating all possible joint actions, which increases computational

cost by 160k times. Yet, this exhaustive approach is used exclusively for evaluation

11
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and does not impact training.

2.5 Order-Preserving Transformation

Here, we propose a novel order-preserving transformation (OPT) to solve the afore-

mentioned misalignment problem between local policies and the maximum global

Q-value.

2.5.1 Formulation of OPT

The order-preserving transformation is used to map local Q-values to the logits of

local policies while preserving their relative order. According to the IGM condition,

this approach ensures that, during testing, local policies – by selecting actions with

the highest logits – will consistently identify the joint action that corresponds to the

highest global Q-value among all possible joint actions. Formally, the OPT is defined

as follows:

OPT(x, s) = W 2σ(W 1x + b1) + b2 (2.2)

Here, W 1
(d1×1)

, W 2
(1×d1)

, b1
(d1×1)

, and b2
(1×1)

are generated by a hyper-network1 which

takes the global state s as input. Consider x as a local Q-value of dimension (1× d2).

Each entry in x is multiplied by the same weight entry in W 1 and then shifted by the

same bias entry in b1, resulting in d1 hidden variables of dimension (d1×d2), computed

as W 1x + b1. Notably, when all entries in W 1 are non-negative, the relative order

of elements in x is preserved in each hidden variable. Next, a nonlinear activation

function σ, such as ELU [12], is applied, followed by another order-preserving linear

transformation using W 2 and b2. Consequently, the final output, OPT(x, s), maintains

both the dimension and the relative order of the entries in the input x.

In this chapter, OPT(x, s) is used as the logits of the local policy corresponding

to the local Q-value x. According to the IGM condition, maximum points of the local

Q-values align with the maximum point of the global Q-value (i.e., the optimal joint

action). Then, through our OPT design, each agent can select its action corresponding

to the highest policy logit, collectively forming the optimal joint action. Thus, the

1For details of the hyper-network, please refer to Appendix A.3.
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proposed OPT addresses the aforementioned misalignment issue commonly found in

maximum entropy MARL.

2.5.2 Training Scheme of OPT

In this subsection, we first formulate the ideal objective of Maximum Entropy MARL

and its practical counterpart, which admits an analytical-form solution. We then

analyze the gap between these two objective functions, providing a theoretically sound

and straightforward objective design for Maximum Entropy MARL based on OPTs.

Maximum Entropy MARL trains the individual and global Q-functions as in

value decomposition MARL methods, while training a policy network in a Maximum

Entropy RL framework based on the global Q-values. Formally, the joint policy is

trained by the following equation:

min
π′
jt∈Π

DKL

(
π′
jt(·|st)

∥∥∥∥exp(Qπold
tot (st, ·)/α)

Zπold(st)

)
, (2.3)

where Zπold(st) =
∑

u exp(Qπold
tot (st,u)/α) and α is the temperature in the softmax

distribution.

To simplify and decentralize the policy improvement process, we propose replacing

Qπold
tot (st, ·) with

∑
i OPTi(Q

πold
i (oit, ·), st), leading to the following objective function:

min
π′
jt∈Π

DKL

(
π′
jt(·|st)

∥∥∥∥∥exp(
∑

i
OPTi(Q

πold
i (oit,·),st)
α

)

Z ′πold(st)

)
, (2.4)

where Z ′πold(st) is the normalization factor. The joint policy π′
jt is implemented as

a set of independent local policies for decentralized execution. Thus, we have the

analytical solution for the local policy of agent i as:

πnew
i (a|oit) ∝ exp(OPTi(Q

πold
i (oit, a))/α). (2.5)

We can see that the policy is defined based on the local Q-value and utilizes the OPT

to ensure that the relative order of policy logits aligns with the local Q-values, as

previously introduced.

However, there is a gap between
∑

i OPTi(Q
πold
i (oit, ·), st) and Qπold

tot (st, ·). Also,

13
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we find that the policy improvement using Equation (2.4) no longer guarantees a

monotonic increase in the global Q-value, unlike the approach based on Equation

(2.3). Specifically, we have the following theorem:

Theorem 2.5.1. Denote the policy before the policy improvement as πold and the

policy achieving the optimality of the improvement step as πnew. Updating the policy

with Equation (2.3) ensures monotonic improvement in the global Q-value. That is,

Qπold
tot (st,ut) ≤ Qπnew

tot (st,ut),∀st,ut. In contrast, updating the policy with Equation

(2.4) only ensures that Qπold
tot (st,ut)− ϵ ≤ Qπnew

tot (st,ut),∀st,ut. The gap ϵ satisfies:

ϵ ≤ γ

1− γ
Est+1∼P

[
C
√

2DKL

(
πold(·|st+1)|πnew(·|st+1)

)]
(2.6)

where γ is the discount factor, P(st,ut, ·) is the transition function and C =

max
ut+1

∆Q(st+1,ut+1) = max
ut+1

|Qπold
tot (st+1,ut+1)−

∑
i OPTi(Q

πold
i (oit+1, u

i
t+1))|.

Proof. See Appendix A.2.

This theorem implies that we must enforce ϵ ≤ 0 to guarantee monotonic policy

improvement when using Equation (2.4) as the objective. This motivates us to

minimize the factor C and adopt the following objective to train the OPTs.

min
OPT1:n

Es,u∼ρπnew
jt

[∆Q(st,ut)
2], (2.7)

where πnew
jt = (πnew

1 , · · · , πnew
n ) and πnew

i is defined in Equation (2.5).

2.6 The Overall Framework: ME-IGM

Figure 2.3 illustrates the framework of ME-IGM, which consists of three types of

networks. Agents 1 to n share a network fθ for predicting local Q-values. The

Mixer network, which aggregates local Q-values and manages the credit assignment

among agents, is parameterized through its associated hyper-network as Mixerθ
2.

[OPTi,ϕ]ni=1 are n order-preserving transformations, and OPTi,ϕ(fθ(o
i
t), st) defines a

local stochastic policy for agent i. The update rules for these networks are described

2Our algorithm is compatible with any Mixer network design that satisfies the IGM condition.
For instance, during evaluation, we utilize the Mixer networks of QMIX and QPLEX, leading to
two variants of our algorithm: ME-QMIX and ME-QPLEX.
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Figure 2.3: The overall pipeline of ME-IGM.

as follows.

ME-IGM optimizes two loss functions to update θ and ϕ separately. In particular,

Mixerθ and fθ are trained by minimizing L(θ):

Eτt

[
1

2

(
Qtotθ(st,ut)− T̂ πjtQtot(st,ut)

)2]
(2.8)

where τt = {o1:nt:t+1, u
1:n
t:t+1, st:t+1, rt}, Qtotθ(u, s) = Mixerθ

(
fθ(o

1, u1), . . . , fθ(o
n, un), s

)
,

and the estimated Q-target T̂ πjtQtot(st,ut) = rt + γQtot,θ−(st+1,ut+1). As a common

practice, we utilize a target Q network Qtot,θ− to stabilize training, with θ− being the

exponentially weighted moving average of θ. Notably, local actions u1:n
t:t+1 are sampled

from local stochastic policies πi (as defined in Equation (2.10)) during roll-out, rather

than selecting the argmax of local Q-functions. This approach offers two advantages:

(1) the softmax policy function enhances exploration, and (2) incorporating state

s in the sampling process allows for better utilization of global information during

centralized training.

Further, to train [OPTi,ϕ]ni=1, we adopt a sample-based version of Equation (2.7)
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introduced in section 2.5.2, denoted as L(ϕ):

Eτt

( n∑
i=1

OPTi,ϕ(fθ(o
i
t, u

i
t), st)−Qtot,θ(st,ut)

)2
 (2.9)

The OPTs define the local policies for each agent as follows:

πi(u
i|oi, s) = softmax

(
OPTi,ϕ (fθ(o

i), s)

αω

)
(2.10)

αω is the temperature and, similar to Haarnoja et al. [20], can be updated using the

following loss function:

L(ω) = Eτt

[
−αω log πjt(ut|st)− αωH̄

]
, (2.11)

where H̄ is a predefined target entropy. Note that the local policies (i.e., πi) are only

used to collect training roll-outs τt. During execution, we would select the argmax of

fθ, which does not require any centralized information (e.g., s), since OPTs preserve

the order of the input vectors. For the pseudo code of ME-IGM, please refer

to the Algorithm 1.

2.7 Experiments

In this section, we first evaluate our method on a classic matrix game, demonstrating

its capability to learn a globally optimal policy despite the non-monotonic nature of

the overall payoff matrix. Next, we compare our algorithm against a set of baselines on

the SMAC-v2 benchmark, highlighting its state-of-the-art performance in cooperative

MARL. Finally, we conduct ablation studies to evaluate the benefits of entropy-driven

exploration, assess the necessity of incorporating the order-preserving transformation,

and analyze the impact of key hyperparameters.

2.7.1 Evaluation on Matrix Games

We first demonstrate the effectiveness of our algorithm in a classic one-step matrix

game, shown as Table 2.5. It is a non-monotonic payoff matrix commonly used in
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Algorithm 1 ME-IGM

1: Input: θ, ϕ
2: Initialize: θ− ← θ,D ← ∅
3: for each iteration do
4: for each environment step do
5: get πi(u

i
t|oit, st) via Eq. 2.10

6: ui
t ∼ πi(u

i
t|oit, st),∀i ∈ {1, . . . , n}

7: st+1 ∼ P(st,ut, ·)
8: D ← D ∪ {(st,ut, r(st,ut), st+1)}
9: end for
10: for each gradient step do
11: calculate T πjt

λ Qtot via Eq. A.1
12: θ ← θ − λθ∇θL(θ)
13: ϕ← ϕ− λϕ∇ϕL(ϕ)
14: ω ← ω − λω∇ωL(ω)
15: θ− ← τθ + (1− τ)θ−

16: end for
17: end for

previous studies [51, 56] to evaluate the representational capacity of the Q networks.

We evaluate ME-QMIX, a variant of ME-IGM built upon QMIX, by comparing

its performance against two state-of-the-art MARL methods: QMIX [46], a value

decomposition MARL method, and FOP [63], a Maximum Entropy MARL method,

on the matrix game.

In particular, we are concerned with whether the joint actions with the highest

selection probability correspond to the globally maximal value function, ensuring

optimal returns when executing a deterministic policy. For suboptimal joint actions,

we also wish to visit them with a certain probability to ensure adequate exploration.

As shown in Table 2.5, QMIX suffers from high estimation error in payoff values

due to its monotonicity constraints. Additionally, its deterministic policy lacks

effective exploration, causing it to converge to suboptimal joint actions (i.e., (B, B))

with a reward of 0. FOP, which employs a network architecture similar to QPLEX, is

capable of accurately estimating value functions (i.e., the payoff). However, its policy

tends to select suboptimal joint actions more frequently due to the misalignment

between local policies and the maximum global Q-values, as discussed in Section

2.4. ME-QMIX exhibits smaller estimation errors for the payoff of optimal joint
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Table 2.1: Payoff Matrix

A B C

A 8 -12 -12
B -12 0 0
C -12 0 0

Table 2.2: Result of ME-QMIX (Ours)

1. 0. 0.

1. 8 -12 -14
0. -8 -28 -30
0. -10 -30 -32

Table 2.3: Result of FOP

.21 .39 .40

.21 8 -12 -12

.40 -12 0 0

.39 -12 0 0

Table 2.4: Result of QMIX

ϵ 1-2ϵ ϵ

ϵ -8.5 -8.5 -8.5
1-2ϵ -8.5 0.2 0.2
ϵ -8.5 0.2 0.2

Table 2.5: (a) presents the payoff matrix for a one-step matrix game involving two
agents: the row player and the column player. Each agent has three possible actions:
{A, B, C}. The rewards for each joint action are given in a 3× 3 matrix. This payoff
structure is non-monotonic, as the optimal action for one player depends on the
action chosen by its teammate. (b)–(d) illustrate the results of ME-QMIX, FOP, and
QMIX, respectively. The first row and first column display the policies adopted by
the row and column players after 10k training steps. The 3× 3 matrix in the bottom
right corner represents the global Q-function Qtot learned by each algorithm. We
can see that ME-QMIX is the only method that assigns the highest probability to
selecting the optimal joint action, highlighting its effectiveness in overcoming the
misalignment issue and achieving optimal coordination. Note that the ϵ in (d) denotes
the exploration rate used in ϵ-greedy exploration.

actions (which is our primary concern) while having larger errors for suboptimal

ones. Crucially, the joint action with the maximum Q-value in ME-QMIX aligns with

the true optimal joint action, and the local policy assigns the highest probability to

selecting this optimal joint action, effectively avoiding the misalignment issue through

the use of OPTs.

2.7.2 Evaluation on SMAC-v2

We further evaluate ME-IGM on the SMACv2 [14] benchmark, over 15 scenarios. The

results, as shown in Table 2.6, Table 2.7, and Table 2.8 are obtained by training each

algorithm on each scenario for 10 millions of environmental steps. Each value in the

table represents the average performance over three runs with different random seeds.
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Method Variant 5 vs 5 10 vs 10 10 vs 11 20 vs 20 20 vs 23

MARL

MAPPO 58.0 58.3 18.2 38.1 5.1
IPPO 54.6 58.0 20.3 44.5 4.1
QMIX 70.2 69.0 42.5 69.7 16.5
QPLEX 53.3 53.7 22.8 27.2 4.8
HASAC 22.9 12.1 5.7 - -
FOP 37.8 8.6 0.4 2.0 0.3

ME-IGM(Ours)
ME-QMIX 75.9±3.0 78.5±2.7 50.4±2.9 73.9±3.0 23.4±1.0
ME-QPLEX 69.8±1.8 78.7±3.4 44.9±3.2 38.3±4.0 18.7±1.3

IL+MARL
IMAX-PPO 68.1 59.6 21.3 76.3 11.8
InQ 78.7 79.8 48.7 80.6 24.2

Table 2.6: Average win rates on SMAC-v2 (Protoss) tasks. The results demonstrate
that our method, ME-IGM, outperforms all previous baseline algorithms and achieves
performance comparable to IL+MARL methods, despite not having access to expert
opponent demonstrations or opponent modeling.

ME-IGM outperforms the baseline algorithms across all scenarios by a significant

margin. MAPPO and IPPO, as on-policy algorithms, have lower sampling efficiency,

resulting in lower win rates for models trained with 10M environmental steps. QMIX

and QPLEX, lacking exploration, tend to converge to local optimum. HASAC [32] and

FOP perform poorly across all scenarios. Surprisingly, ME-IGM achieves performance

on par with (or even surpassing) IL+MARL methods, despite not relying on expert

opponent demonstrations or opponent modeling. The results of MAPPO, IPPO,

QMIX, QPLEX, IMAX-PPO, InQ are taken from Bui et al. [6].

2.7.3 Ablation Study

Benefits of entropy-driven exploration: To demonstrate the benefits of using the

maximum entropy framework for exploration, we compare ME-QMIX with a modified

version of QMIX that incorporates significantly higher exploration by applying an

extended epsilon annealing period in the epsilon-greedy method. Figure 2.4 illustrates

that simply increasing the epsilon annealing time for exploration does not improve

QMIX’s performance. In contrast, with the systematic exploration enabled by the

maximum entropy framework, ME-QMIX achieves superior performance.

The necessity of using OPTs: In Table 2.9, we compare QMIX with its two
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Method Variant 5 vs 5 10 vs 10 10 vs 11 20 vs 20 20 vs 23

MARL

MAPPO 52.0 58.1 28.6 52.8 11.2
IPPO 56.2 57.3 31.0 49.6 10.0
QMIX 58.4 65.8 39.4 57.6 10.0
QPLEX 70.0 66.1 41.4 23.9 7.0
HASAC 37.9 20.4 9.1 - -
FOP 57.1 15.8 7.5 0.2 0.0

ME-IGM (Ours)
ME-QMIX 70.2±2.6 72.6±1.8 49.6±1.6 59.3±1.3 18.7±0.7
ME-QPLEX 70.0±4.8 69.4±0.2 51.0±0.4 45.1±7.2 17.4±2.9

IL+MARL
IMAX-PPO 53.3 58.4 28.4 35.9 4.7
InQ 69.9 72.2 53.9 65.4 17.7

Table 2.7: Average win rates on SMAC-v2 (Terran) tasks.
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Figure 2.4: Comparison of exploration strategies in CTDE MARL: ME-QMIX with
maximum entropy vs. QMIX with epsilon-greedy and extended annealing.

variants: +Entropy and +OPT. Both variants learn local stochastic policies based on

Q-functions trained with the QMIX objective and softmax operations. Specifically,

+OPT corresponds to our proposed ME-IGM, while +Entropy removes the OPTs from

ME-IGM (i.e., no OPTs in Equations (2.4), (2.9), and (2.10)). We test each algorithm

on three SMAC-v2 scenarios across four random seeds, reporting the average win

rate along with its standard deviation in the table. Without OPTs, +Entropy suffers

from the misalignment problem discussed in Section 2.4 and fails to ensure monotonic

policy improvement, as analyzed in Section 2.5.2, leading to a performance decline

in two out of three scenarios. On the other hand, +OPT achieves a substantial

performance improvement across all evaluated scenarios.
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Method Variant 5 vs 5 10 vs 10 10 vs 11 20 vs 20 20 vs 23

MARL

MAPPO 41.0 39.1 31.2 31.9 15.8
IPPO 37.2 49.4 26.0 31.2 8.3
QMIX 37.2 40.8 28.0 30.4 10.1
QPLEX 47.8 41.6 31.1 15.8 6.7
HASAC 29.1 17.9 14.0 - -
FOP 35.2 8.0 1.5 0.2 0.2

ME-IGM (Ours)
ME-QMIX 50.8±4.6 49.1±0.6 32.6±1.7 34.3±5.2 14.8±6.4
ME-QPLEX 53.8±3.9 42.9±1.8 45.3±0.6 42.1±5.1 17.5±3.2

IL+MARL
IMAX-PPO 48.6 50.6 34.8 26.7 8.2
InQ 55.0 57.6 41.5 43.3 21.3

Table 2.8: Average win rates on SMAC-v2 (Zerg) tasks.

QMIX +Entropy +OPT

Protoss 5vs5 0.68 ± 0.04 0.73 ± 0.05 0.74 ± 0.04
Terran 5vs5 0.68 ± 0.05 0.67 ± 0.04 0.70 ± 0.05
Zerg 5vs5 0.41 ± 0.05 0.40 ± 0.04 0.48 ± 0.05

Table 2.9: Comparison between our algorithm (+OPT) and its two ablated versions:
+Entropy, obtained by removing OPTs, and QMIX, obtained by further removing
softmax local policies.

To further validate the design of the order-preserving transformation, we replace

the OPT in ME-QMIX with a three-layer MLP, which does not enforce positive

weights, referring to this variant as ME-QMIX (MLP). As shown in Table 2.10, our

method, ME-QMIX (OPT), consistently outperforms ME-QMIX (MLP) across three

different SMAC-v2 scenarios. This underscores the importance of the order-preserving

transformation in resolving the misalignment between local policies and the maximum

global Q-value, thereby enhancing overall performance.

The impact of hyperparameters: Compared to QMIX, ME-IGM introduces

two additional hyperparameters: the learning rate and the target entropy H̄ for

updating αω in Equation (2.10). We set the other hyperparameters of ME-IGM by

following the design choices of QMIX. To analyze the impact of these additional

parameters, we conduct a parameter scan on the learning rate of αω and the target

entropy H̄. Figure 2.5 illustrates that the learning rate of αω influences the exploration

level of the algorithm. A lower learning rate results in higher policy entropy at the
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2. Multi-Agent Credit Assignment

ME-QMIX (MLP) ME-QMIX (OPT)

Protoss 5v5 0.58± 0.03 0.74± 0.04
Terran 5v5 0.61± 0.04 0.70± 0.05
Zerg 5v5 0.41± 0.04 0.48± 0.05

Table 2.10: Comparison between ME-QMIX (OPT) and its ablated version, ME-
QMIX (MLP), where the OPT is replaced with a three-layer MLP.

beginning of training, promoting exploration. While this initially leads to weaker

performance (e.g., the blue curve in Figure 2.5), it eventually achieves higher returns.

Furthermore, the results in Figure 2.6 suggest that the algorithm’s performance is

not sensitive to the choice of the target entropy. Notably, in this study, we did not

fine-tune configurations for each individual testing scenario.
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Figure 2.5: The impact of different hyperparameters for training αω on the perfor-
mance of ME-QMIX. Results indicate that a lower learning rate for αω leads to
increased exploration, slower convergence, and ultimately higher final performance.

2.8 Conclusion

In this chapter, we introduce ME-IGM, a novel maximum entropy MARL approach

that applies the CTDE framework and satisfies the IGM condition. We identify

and address the misalignment problem between local policies and the maximum

global Q-value (in maximum entropy MARL) by introducing an order-preserving

transformation (OPT). We further propose a theoretically sound and straightforward

objective for updating these transformation operators. Empirically, we demonstrate
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Figure 2.6: The impact of different hyperparameters for training αω on the perfor-
mance of ME-QMIX. Results indicate that ME-QMIX’s performance is not sensitive
to the choice of the target entropy H̄ in Equation (2.10).

the effectiveness of ME-IGM on matrix games and its state-of-the-art performance on

the challenging SMAC-v2 benchmark. However, as a value-based method, ME-IGM

is currently limited to tasks with discrete action spaces. In future work, we plan to

extend its applicability to tasks involving continuous action spaces.
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Chapter 3

Temporal Credit Assignment

3.1 Introduction

Online learning with LLMs, guided by self-generated data and environmental feed-

back, offers a promising research direction for advancing beyond the constraints

of demonstration [13]. However, this task is inherently difficult because valuable

environmental feedback is often sparse [5, 52]. This challenge is particularly evident

in multi-turn settings, where agents must execute a sequence of correct actions to

receive a reward signal. Sparse environmental feedback increases both the sample

complexity and the instability of the learning process [7, 9]. In this work, we explore

effective temporal credit assignment methods to convert sparse feedback into dense

training signals based on a creative use of LLMs, enabling the identification of critical

states and actions in the environment and facilitating more efficient online learning

(of LLM agents).

In particular, we adopt LLMs as policies and update them using a novel Retro-

spective In-Context Learning (RICL) algorithm. RICL is designed specifically for

multi-turn setting. At each turn (i.e., environment time step), RICL first analyze

environmental feedback (i.e., reward signals) by leveraging the pretrained knowledge

of an LLM reflector, then incorporate this analysis into the prompt to perform an

in-context update of the LLM policy. Further, we introduce a novel paradigm to

estimate the advantage function of an LLM policy by utilizing the log-probabilities of

both the original policy and its in-context updated version. This process is theoreti-
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3. Temporal Credit Assignment

cally grounded, and our experiments demonstrate that it can accurately estimate the

advantage function with high sample efficiency. In this way, we transform sparse

reward signals into advantage functions, which are dense training signals

facilitating both temporal credit assignment and policy training. These

improvements stem from the pretrained knowledge in LLMs and our new approach

to estimating advantage functions using LLMs.

Further, we introduce RICOL, a novel online learning framework for LLMs that

iteratively refines the policy based on the credit assignment results from RICL. Lever-

aging the accurate credit assignment performed by RICL and the strong generalization

ability of LLMs, RICOL is significantly more sample-efficient than traditional online

RL methods across multiple language-conditioned, sparse-reward sequential decision-

making tasks. This demonstrates the potential of our algorithm to enable LLMs to

self-improve through online learning.

In summary, our main contributions are as follows: (1) We propose RICL for

temporal credit assignment, which transforms sparse reward signals into advantage

functions by comparing the log-probabilities of LLM policies before and after an

in-context update. (2) We propose RICOL, an online learning framework that uses

advantage weighted regression to incorporate credit assignment results (i.e., advantage

functions) from RICL into the LLMs’ parameters. This integration enables LLM

agents to self-improve based on sparse environmental feedback. (3) Empirical results

demonstrate the effectiveness of RICL in temporal credit assignment and the efficacy

and efficiency of RICOL in iterative policy improvement. Altogether, RICL and

RICOL represent a more sample-efficient and generalizable RL paradigm for LLM

agents.

3.2 Related Works

Intrinsic Self-Correction: In recent studies, LLMs have demonstrated advanced ca-

pabilities in self-verifying generated responses and correcting potential issues through

in-context learning [24, 35]. However, critiques have suggested that intrinsic self-

correction, in the absence of ground truth environment feedback, may not always

enhance and could potentially degrade performance of LLMs [23, 36, 54]. In contrast,

our focus is on learning from environmental feedback, a challenging task due to its
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3. Temporal Credit Assignment

sparse and complex nature.

Self-Correction based on an Extra Reflector Network: Another line of

research aims to improve the self-correction capability of LLMs by fine-tuning it on

an external dataset [58]. It often requires to collect an additional dataset especially

tailored for the training of a reflector network. For instance, Chen et al. [10] design

an erroneous solution rewriting task for reflector training. In contrast, we perform

self-correction using free-form environmental feedback and do not need to train an

extra network.

Self-Correction based on Induction: Prior work has explored encoding past

experiences into text-form memory and incorporating this memory into prompts to

enhance decision-making in subsequent trials [50, 61, 64]. There is also a line of works

leveraging LLMs to generate rewards – either as codes or natural language prompts

– and iteratively refine these rewards based on environmental feedback through in-

context learning [28, 30, 34, 60]. These studies assume that LLMs, through in-context

learning, can infer environmental rules and adapt to new trajectories/experiences

with only a few observed transitions. In contrast to these approaches, we assume that

the rewards or reflections obtained from one trajectory are not directly transferable

to other trajectories. Thus, in this work, we proposed to use in-context learning in a

”retrospective” manner.

Self-Correction Through Preference Alignment: Iterative RPO [39] labels

preference data based on environmental feedback and uses this feedback as a supervised

signal to fine-tune LLMs. RICO-GRPO [57] use trajectory level reward and ground

normalization to estimate the advantage function for multi-turn online RL training.

However, these methods don’t perform explicit temporal credit assignment. In

contrast, our approach generates dense rewards by leveraging the pretrained knowledge

of LLMs through in-context learning. This enables the policy to be trained with more

informative supervision signals.

Temporal Credit Assignment using LLMs: The goal of temporal credit

assignment is to identify the critical states and actions in sequential decision-making.

A common approach to credit assignment involves estimating a value or advantage

function based on learning experiences [3, 49]. Unlike RICO-PPO [57] training a

value network from scratch, which can be sample inefficient, our approach leverages in-

context learning with pretrained LLMs to perform credit assignment more effectively.
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Please refer to Table 3.1 for a more intuitive comparison of our proposed

method with related works on self-correction in LLMs.

Involving
Env Feedback

Requiring an
Extra Reflector

Retrospective
Updating

Multi-turn
Credit

Assignment
SELF-REFINE ✗ ✗ ✗ ✗

STaR, Reflexion ✓ ✗ ✗ ✗

RLMEC,
Retroformer

✓ ✓ ✗ ✗

Iterative RPO,
RICO-GRPO

✓ ✗ ✓ ✗

RICL (Ours) ✓ ✗ ✓ ✓

Table 3.1: We propose RICL for LLMs to learn from environmental feedback, funda-
mentally different from intrinsic self-correction work like SELF-REFINE [35]. Unlike
STaR [61] and Reflexion [50], our method utilizes environmental feedback to retro-
spectively update the policy. Additionally, we do not fine-tune an extra reflector, as
done in RLMEC [10] and Retroformer [58]. By generating dense training signals from
sparse environmental feedback, our approach is more sample-efficient than methods
that rely solely on sparse preference rewards, such as Iterative RPO [39].

3.3 Preliminary

Markov Decision Process: In contrast to the MARL setting used in the previous

chapter, we define the Markov Decision Process (MDP) in this chapter as a tuple

(S,A, P, r, γ, ρ0). Here, S and A represent the state and action space, respectively;

P : S ×A× S → [0, 1] is the transition kernel; r : S ×A → R is a reward function;

γ ∈ [0, 1) is the discount factor; ρ0(·) denotes a distribution of the initial state.

Maximum Entropy RL: Maximum entropy RL [29], has been extensively

applied for training sequential decision-making agents. The goal of maximum entropy

RL is to learn a policy π that maximizes the expected return defined with the soft

Q function: maxπ Es∼ρ0(·),a∼π(·|s) [Qπ(s, a)− β log π(a|s)], where β > 0 is a scaling

parameter that balances the tradeoff between exploitation and exploration and

the soft value functions are defined as Qπ(s, a) = r(s, a) + γEs′∼P (·|s,a)[V
π(s′)] and

V π(s) = Ea∼π(·|s)[Q
π(s, a)− β log π(a|s)].
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3. Temporal Credit Assignment

A widely used algorithm to solve the maximum entropy RL is the soft policy itera-

tion [67]. Specifically, at iteration k, the process begins with policy evaluation, where

the current policy πk is used to compute Qπk . Following this, a policy improvement

step is performed as follows:

πk+1(a|s) ∝ exp (Aπk(s, a)/β),∀(s, a) ∈ S ×A, (3.1)

where Aπk(s, a) = Qπk(s, a)− V πk(s) is the advantage function, which preserves the

relative ranking of actions within the Q-function while reducing the sample-based

estimation variance by using the value function as a baseline.

3.4 Retrospective In-Context Learning for

Temporal Credit Assignment

Given the current policy and its experience, the goal of temporal credit assignment

is to identify critical state-action pairs for sequential decision-making. Critical

states are those where policy decisions significantly influence the expected return-to-

go, while critical actions indicate policy update directions at those states. In RL,

credit assignment is typically performed by estimating the advantage function, which

measures the impact of different actions at a given state on the future return-to-go

under the current policy. Thus, in this section, we propose leveraging LLMs

to estimate advantage functions for temporal credit assignment, using

retrospective in-context learning guided by environmental feedback.

3.4.1 LLMs as Policies

Consider the case where an LLM is used as a policy π0
1. This policy can be refined

through in-context learning by embedding task descriptions or goal-related hints into

the prompt, resulting in an in-context updated policy, π′. Unlike standard RL, the

transition from π0 to π′ in in-context learning is not an explicit optimization process.

1For an LLM-based policy, each state s corresponds to a prompt, while each action a is represented
as a sequence of tokens (e.g., ”turn right” or ”move forward”). Consequently, the probability π(a|s)
can be computed as the token prediction probability of a occurring after s in the LLM’s autoregressive
generation.
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However, we can infer the implicit advantage function driving this policy improvement

by analyzing the log-probabilities of π0 and π′. The theoretical foundation of this

approach is established in the following theorem.

Theorem 3.4.1. Let π0 : S ×A → (0, 1) and π′ : S ×A → (0, 1) be any two policies

in an MDP with transition kernel P : S×A×S → [0, 1] and discount factor γ ∈ [0, 1].

Then, there exists a reward function r : S×A → R such that the following relationship

holds:

β log
π′(a|s)
π0(a|s)

∝ Aπ0
r (s, a), (3.2)

where β > 0 is a known scaling parameter, and Aπ0
r (s, a) denotes the advantage

function under policy π0 in the finite MDP (S,A, P, r, γ).

Proof. See Appendix A.7.

Our algorithm, as detailed later, assumes the existence of a reward function such

that the corresponding advantage function explains the discrepancy between the

in-context updated policy π′ and the actor policy π0. Theorem 3.4.1 establishes the

existence of such a reward function for any pair of policies, thereby supporting the

soundness of our proposed online RL framework.

3.4.2 Implementation Details

The procedure for estimating the advantage function Aπ0
r (s, a) of a policy π0 is as

follows: First, we collect n trajectories starting from the state-action pair (s, a), by

executing the policy π0. Then, for each trajectory τ (i), we perform retrospective

in-context learning (introduced in the following subsection) to update the LLM and

get an updated policy π′(i).

According to Theorem 3.4.1, we have β log π′(i)(a|s) = β log π0(a|s) + Aπ0
ri

(s, a)−
β logZ(i)(s), where Z(i)(s) is a partition function to ensure that π′(i) is a valid

probability distribution. In this paper, we consider only tasks with a discrete

and enumerable action space, allowing Z(i)(s) to be computed by summing over

the probabilities of all possible actions. Aπ0
ri

(s, a) is derived from log π′(i)(a|s) and

log π0(a|s) and is a sample estimate for the ground-truth advantage function Aπ0
r∗ (s, a).

Thus, we can use the sample mean Āπ0
r as the estimated advantage function, which is
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defined as:

Āπ0
r (s, a) =

β

n

n∑
i=1

(
log

π′(i)(a|s)
π0(a|s)

+ logZ(i)(s)

)
. (3.3)

Empirical results demonstrate that Āπ0
r (s, a) closely approximates the ground-

truth advantage function Aπ
r∗(s, a). Recall the policy improvement step shown

in Eq. (3.1), this alignment suggests that the in-context learning with

LLMs implicitly performs maximum entropy RL.

3.4.3 Retrospective In-Context Learning

As aforementioned, π′ is updated from π0 using Retrospective In-Context Learning

(RICL), a novel in-context learning algorithm for refining LLM agents. RICL is

illustrated as step ② and step ③ in Figure 3.1. First, given a state st and its

corresponding hindsight trajectory – a sequence of future states, actions, and rewards

{st:T , at:T−1, rt:T−1} where T denotes the episode horizon –we input this trajectory

into a reflector LLM, πreflect, to generate a verbal feedback ft. The reflector can

be any LLM, prompted to analyze the hindsight trajectory and provide corrective

feedback to improve the agent’s performance at state st. Next, we integrate the

feedback ft into the original LLM’s prompt, yielding an in-context updated policy

π′(·|st) = π0(·|st, ft). This policy is then used to estimate the advantage function for

temporal credit assignment, as introduced in the previous subsection.

RICL offers two key advantages over previous in-context learning algorithms [50].

First, it generates verbal feedback for each action individually, whereas prior methods

provide a single feedback for the entire trajectory, allowing for more fine-grained

guidance. Second, it employs retrospective updates, meaning the policy is updated

specifically for the states it has just encountered, rather than requiring the reflector

LLM to generalize to unseen states. This method reduces the complexity of tasks

assigned to in-context learning and lessens the dependence on reflector LLMs.

3.5 Retrospective In-Context Online Learning

Once the log-probabilities of the in-context updated policy are obtained, which indicate

the advantage function, policy improvement can be performed straightforwardly
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Figure 3.1: The pipeline of retrospective in-context online learning, where step ② and
step ③ represent retrospective in-context learning.

using advantage-weighted regression [41]. In this section, we integrate the policy

improvement phase with the previously introduced policy evaluation phase (i.e.,

RICL) to develop a practical online RL algorithm: Retrospective In-Context Online

Learning (RICOL).

3.5.1 Policy Improvement based on RICL

To learn from the in-context improved policy π′, we can adopt the following objective:

π∗ = argmax
π

Es,a∼π [Aπ(s, a)] = argmax
π

Es∼dπ ,a∼π(·|s) [log π′(a|s)− log π0(a|s)] ,
(3.4)

where dπ(s) = (1−γ)
∑∞

t=0 γ
tρπt (s) represents the discounted state occupancy measure

for policy π and ρπt (s) denotes the probability that policy π visits state s at time t.

Inspired by AWR [41], we can reuse samples collected with π0 to avoid resampling

from π and so improve the algorithm’s sample efficiency, with a smarter objective

design:

min
π

Es∼dπ0

[
DKL

(
1

Z(s)
⊙ exp ((1− α) log π0(·|s) + α log π′(·|s)) ||π(·|s)

)]
(3.5)
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where Z(s) is a partition function , ⊙ denotes element-wise multiplication, and

hyperparameter α controls the size of the trust region. The derivation from Eq. (3.4)

to Eq. (3.5) is detailed in Appendix A.6.

Integrating the sampling policy π0 into the objective function introduces trust

region constraints, akin to those used in online RL [48]. These constraints regulate

policy updates, ensuring that deviations from the current sampling policy remain

bounded during optimization. By anchoring updates within a local region around π0,

the trust region term helps mitigate overfitting to potentially noisy verbal feedback

generated through in-context learning.

3.5.2 Pipeline of RICOL

Algorithm 2 RICOL

Input: π0, πreflect, K, n

for k = 0 · · ·K − 1 do

for i = 1 · · ·n do

τ
(i)
k ∼ πk(·|s0)
for st = s0 · · · sT−1 ∈ τ

(i)
k do

feedbackt ∼ πreflect(·|st:T , rt:T−1)

π
′(i)
k+1(·|st)← πk(·|st, feedbackt)

end for

end for

πk+1 ← argminπ Es∼τk [DKL

(
1

Z(s)
⊙ exp(

(1− α) log πk(·|s) + α log π′(·|s))||π(·|s)
)
]

end for

Trajectory Collection: During iteration k, the policy πk interacts with the envi-

ronment to collect a batch of trajectories τk. Each trajectory comprises state-action-

reward sequences (s1:T , a1:T−1, r1:T−1).

Policy Evaluation: For each state st in τ
(i)
k , RICOL applies RICL (detailed

in Section 3.4.3) to perform an in-context update on the policy πk(·|st), resulting

in an improved policy π
′(i)
k+1(·|st). To estimate π′

k+1(·|st), we follow the process:

[π
′(i)
k+1(·|st), πk(·|st)]ni=1 → [Aπk

ri
(st, ·)]ni=1 → Āπk

r (st, ·)→ π′
k+1(·|st), where the first two
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steps are detailed in Section 3.4.2 and the last step is according to β log
π′
k+1(at|st)
πk(ak|st)

∝
Āπk

r (st, at) (i.e., Eq. (3.2)).

Policy Improvement: After computing π′
k+1(·|st) across the batch of states in

τk, the policy πk is updated via gradient descent to minimize the objective in Eq.

(3.5). For environments with small, discrete action spaces, the KL-divergence in Eq.

(3.5) is computed exactly by enumerating all actions. This requires querying the

LLM |A| times per state. For general tasks, the KL-divergence can be estimated by

sampling from π∗(·|s) ∝ exp ((1− α) log πk(·|s) + α log π′(·|s)), avoiding exhaustive

action enumeration.

3.6 Experiments

In this section, we present a series of experiments to address the following research

questions (RQs): RQ1: How effective is RICL at credit assignment in multi-turn

tasks? Compared to traditional RL methods, how sample-efficient is RICL in credit

assignment? RQ2: The proposed method relies on LLMs, which may be unreliable.

How does RICL compare to other reflection-based LLM methods in terms of reliability?

Given that RICL may be unreliable, can RICOL still learn effectively from noisy

labels? RQ3: Can RICOL efficiently learn from sparse rewards in multi-turn tasks?

How does its performance compare to baseline methods, and what types of tasks is it

best suited for?

3.6.1 Environments

We evaluate our algorithms on a 1D Key-Door environment and four BabyAI scenarios.

In all settings, both the policy inputs (observations) and outputs (actions) are

represented in text form. The action space is discrete and enumerable. In the 1D

Key-Door environment, the agent operates on a 1D grid world, moving along the

x-axis. The key is placed in the leftmost cell, and the door in the rightmost. The

agent starts without the key and must first move left to retrieve it, then move right to

unlock the door. This setup enables exact computation of the ground-truth advantage

at each cell, making it ideal for evaluating RICL’s credit assignment capabilities.

We test RICOL on four BabyAI [8] tasks: goto, pickup, pick up seq go to, and open.
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BabyAI is a 2D grid world where the agent must complete language-conditioned tasks.

These tasks are challenging to LLMs, due to their limited spatial reasoning abilities

and the long episode lengths. As shown in Figure 3.4, even GPT-4o mini achieves a

success rate of no more than 40% across all four BabyAI scenarios. More details on

the tasks and associated prompt templates are available in Appendix A.9.

3.6.2 Sample Efficiency of RICL in Credit Assignment

(RQ1)

1 10 100 1000
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Figure 3.2: Comparison of error in advantage function estimation. The x-axis
represents the number of trajectories used for estimation, while the y-axis shows the
mean error between the estimated advantage and the ground-truth advantages. RICL
achieves significantly lower error with fewer samples (around 10) compared to Monte
Carlo, which requires about 1000 samples for similar accuracy. Additionally, the error
of RICL is more stable across trials (lower variance).

In this subsection, we demonstrate that RICL achieves greater sample efficiency

(100×) compared to classic Monte Carlo (MC) methods when estimating the advantage

function in the 1D Key-Door scenario. Since RL methods alternate between policy

evaluation (value function estimation) and policy improvement, a more sample-efficient

policy evaluation approach can significantly speed up the overall training process.

We measure the discrepancy between estimated and ground-truth advantage func-

tions for both MC and RICL. For each (st, at), we generate n trajectories starting from

st using the policy π0. MC estimates the Q-value Q̂π0(st, at) as the average return-to-go

across the n trajectories. The estimated advantage function is defined as Âπ0(st, at) =

Q̂π0(st, at) − V̂ π0(st), where V̂ π0(st) = Ea∼π0(·|st)[Q̂
π0(st, at)]. The updated policy
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3. Temporal Credit Assignment

under MC is accordingly defined as πMC(at|st) ∝ π0(at|st) exp(Âπ0(st, at)/β). On

the other hand, RICL estimates the advantage function Āπ0(st, at) directly from n

trajectories using the procedure outlined in Section 3.4.2. The corresponding policy

πRICL(at|st) is similarly defined as πRICL(at|st) ∝ π0(at|st) exp(Āπ0(st, at)/β). Finally,

to evaluate both methods, we leverage ground-truth advantage function Aπ0(st, at) to

compute the reference policy πgt(at|st) ∝ π0(at|st) exp(Aπ0(st, at)/β).

The performance of MC and RICL is assessed by computing the expected KL

divergence between their respective policies and the ground-truth policy. This

expectation is taken over states sampled from ρ0, a uniform distribution over all

possible initial states in the 1D grid-world. Formally, the error for each method is

defined as: emethod = Es∼ρ0 [DKL (πmethod(·|s) ∥ πgt(·|s))]. By definition of the policies,

when πmethod(·|s) closely approximates πgt(·|s), the estimated advantage function

likewise approaches the ground-truth advantage function.

For each value of n (number of trajectories), we run eight trials with different

random seeds. We report the mean KL divergence and standard deviation. These

results are visualized in Figure 3.2, where the x-axis represents the number of samples

n. As shown in Figure 3.2, LLMs achieve an accurate estimate of advantage functions

with just 10 samples, while MC requires around 1000 samples to reach a similar

accuracy. Furthermore, the standard deviation of the error of RICL is much lower

than that of MC. This suggests that RICL is particularly advantageous for tasks

that require high sample efficiency, where leveraging the pretrained knowledge of

LLMs is crucial. In Appendix A.11, we compare RICL with an LLM-based

method (Retroformer [58]) in terms of sample efficiency for value function

estimation. Further, in Appendix A.10, we show that RICL can identify

critical states in sequential decision-making, based on the result of credit

assignment.

3.6.3 RICL Enables Safer In-Context Updates via

Retrospective Design (RQ2)

Standard ICL follows these steps: (1) Use an actor LLM to generate a trajectory τ ;

(2) Use a reflector LLM to generate verbal feedback based on τ ; (3) Use the verbal

feedback to perform an in-context update of the actor. While integrating ICL into
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Figure 3.3: Accuracy comparison of ICL and RICL on predicting expert actions
in the BabyAI goto scenario across 1000 trajectories. The Base bar shows the
zero-shot performance of LLaMA-3.1-8B-Instruct. RICL outperforms ICL by 7.2%,
demonstrating the effectiveness of retrospective updates.

the training loop improves sample efficiency, it also introduces instability, because we

cannot assume that experiences from one trajectory can be applied to any other state

in the environment. As an improvement, RICL shares steps (1)–(3) with ICL, but

uses the in-context updated policy to compute the action distribution over the states

in τ only. In this section, we empirically demonstrate that using environmental

feedback to retrospectively in-context update the policy on the same trajectory that

produced the feedback (i.e., RICL) is more effective and safer than updating the

policy on a different trajectory (i.e., ICL).

Figure 3.3 compares RICL and ICL in the BabyAI goto scenario and uses LLaMA-

3.1-8B-Instruct as actor and reflector LLMs. We conduct experiments on 1000 different

trajectories. We use accuracy as the evaluation metric, defined as the probability that

the policy selects the expert action. The base policy reflects the performance of the

zero-shot LLaMA-3.1-8B-Instruct model. In terms of accuracy, RICL outperforms

ICL by 7.2%, confirming that retrospectively updating is safer and more effective.

3.6.4 Benchmarking RICOL (RQ3)

Here, we compare RICOL against four baseline algorithms across four BabyAI

scenarios and demonstrate that it achieves state-of-the-art performance in solving

multi-turn tasks with higher sample efficiency. We adopt Llama-3.2-3B-Instruct as

the policy and GPT-4o mini as the reflector. Regarding evaluation metrics, we use

environment time steps (for sampling) and task success rates to evaluate sample
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Figure 3.4: Comparison of our method (RICOL) against four baseline algorithms
across four BabyAI scenarios. RICOL consistently demonstrates superior sample
efficiency, achieving strong performance with significantly fewer interactions. Notably,
RICOL outperforms both PPO (10M) and PPO (3B), by over 50× and 10× fewer
environment steps, respectively. Compared to Reflexion, an in-context learning
method using trajectory-level verbal feedback, RICOL exhibits better convergent
performance by leveraging temporal credit assignment (from RICL) and state-specific
feedback. Additionally, RICOL surpasses GPT-4o mini, despite using a smaller policy
model (LLaMA-3.2-3B-Instruct), underscoring the importance of interactive learning
from the environment. As a useful trick to boost performance, we use the
real environment rewards as the advantage and apply advantage-weighted
regression during the second stage of training, after RICOL completes its
predefined training schedule in the first stage.

efficiency and effectiveness of the algorithms, respectively. The remaining experiments

in the paper report the mean and standard deviation across three different random

seeds.

Baselines: (1) GPT-4o mini: This baseline uses GPT-4o-mini as the policy,

providing a measure of the zero-shot performance of state-of-the-art LLMs on the

benchmark tasks. Moreover, since GPT-4o-mini serves as the reflector in our algorithm,

improvements over this baseline demonstrate that simple behavioral cloning of the

reflector is insufficient, highlighting the necessity of our algorithmic design for effective

policy improvement. (2) Reflexion: Reflexion [50] relies on in-context learning with

iterative self-reflection. A base policy first interacts with the environment to collect a

trajectory, which is used to prompt an LLM for verbal feedback. The policy then uses

this feedback to generate a new trajectory, which is again used to update the feedback.

This process repeats iteratively. (3) PPO (3B): We fine-tune a Qwen2.5-3B-Instruct

model using PPO, where the 3B model serves as both the policy’s and the critic’s
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backbone. We use Qwen instead of LLaMA due to prior findings [17] suggesting

Qwen exhibits stronger reasoning behaviors such as verification and backtracking.

(4) PPO (10M): This baseline uses two randomly initialized 3-layer MLPs for the

policy and critic, respectively. It serves to test whether LLMs’ pretrained knowledge

provides any advantage during learning.

Results: (1) Figure 3.4 shows that the in-context learning method Reflexion

is sample-efficient, but its performance gains saturate quickly. We attribute this to

two factors. First, unlike other algorithms, in-context learning does not update the

LLM’s parameters, limiting its ability to effectively acquire new knowledge. Second,

Reflexion relies on verbal feedback at the trajectory level, while our method provides

verbal feedback for each specific state. As a result, Reflexion saturates early because

the general (trajectory-level) rules it can easily capture from the environment are

limited. Here is an example of the verbal feedback learned by Reflexion: ”In future

navigation tasks, look for opportunities to reposition yourself to move closer to

your goal”. In contrast, our method generates more precise, state-specific feedback:

”Prioritize picking up the green key first by taking action D when you are in front

of it, rather than moving towards the grey box.” (2) Regarding comparisons with

PPO-based methods, PPO (10M) requires approximately 0.1 to 1 million time steps

to converge across most scenarios, highlighting the sample inefficiency of training from

scratch without leveraging LLMs’ pretrained knowledge. In contrast, our method

achieves comparable performance while using nearly 50 times less data. PPO (3B),

which adopts LLMs as both the policy and critic, converges in about 20,000 time

steps on most scenarios. Our method is approximately 10× more sample efficient

than this approach. While our algorithm also uses an LLM for the policy, it does not

require training a critic. Instead, our value function approximation method, RICL,

is more sample-efficient than Monte Carlo-based ones (as used in PPO), further

supporting the argument made in Section 3.6.2. (3) Finally, our method outperforms

GPT-4o-mini in success rates across all four scenarios, despite using a smaller 3B

model as the policy. This underscores the importance of learning through interaction

with the environment, rather than merely imitating the outputs of a larger models.

In addition to sample efficiency, we also report the training time of each algorithm on

each task in Table A.6. In summary, RICOL is well-suited for settings with limited

simulation budgets, typically ranging from 1,000 to 10,000 environment steps. In
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Figure 3.5: RICOL employs in-context credit assignment to generate dense learning
signals, enabling more sample-efficient policy training. In contrast, RWR lacks credit
assignment, depends on strong base policies with high initial success rates, and
performs poorly on tasks with sparse rewards.

these scenarios, where environment interactions are costly, sample efficiency is crucial,

making our method a compelling and practical choice.

3.6.5 RICOL Benefits from Credit Assignment (RQ3)

RICOL can be interpreted as a combination of RICL for credit assignment and AWR

for policy improvement. In contrast, RWR [42] directly uses trajectory-level rewards

as returns to perform AWR updates on an LLM policy. Unlike RICOL, RWR does

not assign credit to individual time steps within an episode, making it less effective

for tasks with sparse rewards. Here, we compare RWR with RICOL to show that

RICOL benefits from credit assignment.

Figure 3.5 shows that RWR achieves competitive performance only in the goto

scenario, where the base policy already attains a relatively high success rate of 25%.

This highlights the limitation of relying solely on trajectory-level rewards. In contrast,

our method leverages RICL to generate dense supervised signals, as described in

Section 3.4, thereby enabling more effective policy training for LLMs, particularly in

sparse-reward environments.

3.6.6 RICOL is Robust to Noisy Verbal Feedback (RQ2)

Figure 3.6 illustrates how the accuracy of verbal feedback affects the performance

of RICOL in the BabyAI goto scenario. In this experiment, we train the agent

40



3. Temporal Credit Assignment

0 2 4 6 8
Iterations

0.50
0.55
0.60
0.65
0.70
0.75
0.80
0.85
0.90

Su
cc

es
s R

at
e

Imitation Learning
100% feedback
80% feedback
70% feedback

Figure 3.6: The performance of RICOL under varying verbal feedback accuracy. The
agent is trained with hand-crafted verbal feedback of different accuracy levels. Despite
the presence of noise, RICOL maintains strong performance. Note that 50% accuracy
corresponds to random feedback.

using hand-crafted verbal feedback and systematically vary its accuracy to assess

RICOL’s robustness. The hand-crafted verbal feedback acts as a binary correctness

indicator for the actions in trajectories, framed as: ”In the previous attempt, I

chose action [Action]. This time, I will maintain/change the selected action.” To

manipulate feedback accuracy, we randomly flip the correctness labels in the verbal

feedback at different rates, thus simulating various levels of feedback reliability. An

accuracy of 100% corresponds to perfectly accurate feedback, while random feedback

yields an accuracy of approximately 50%. As shown in Figure 3.6, RICOL remains

effective even when verbal feedback accuracy drops to 70%. This result demonstrates

that RICOL does not rely heavily on accurate verbal feedback during training. We

attribute this robustness to the trust region term introduced in the loss function

during the policy improvement step (Eq. 3.5), which helps normalize the impact of

noisy supervision and stabilize learning.

3.7 Conclusion

We propose a novel in-context learning algorithm, RICL, to convert sparse envi-

ronmental feedback into dense training signals for estimating advantage functions

and conducting temporal credit assignment. We further propose an online learning

framework, RICOL, for iterative policy improvement based on the RICL results. Our

method mitigates the instability of in-context learning and enables continuous policy
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refinement. Empirical results on the 1D Key-Door scenario demonstrate RICL’s

effectiveness in credit assignment, while results on the BabyAI benchmark show that

RICOL is significantly more sample-efficient than traditional online RL methods. As

a future direction, we aim to extend and test our algorithm on token-level MDPs and

reasoning tasks.

Limitations: RICOL only supports tasks with discrete, finite action spaces, as

when calculating the KL divergence in Eq. 3.5, it needs to calculate the partition

term Z by enumerating all the actions. We believe this limitation is acceptable, as

we use LLMs as policies and their output space, i.e., the token space, is inherently

discrete. When the action space is not enumerable, for example, when the policy

generates extremely long chains of thought before producing the next action, we can

replace action enumeration with action sampling. We leave this extension for future

work.
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Chapter 4

Conclusion

This thesis advances reinforcement learning by addressing two fundamental challenges

in credit assignment: multi-agent coordination and temporal reward attribution.

The proposed ME-IGM framework resolves misalignment between local policies and

global objectives in cooperative MARL, introducing order-preserving transformations

to maintain consistency while maximizing entropy for exploration. For sequential

decision-making, RICOL leverage LLMs to perform sample-efficient temporal credit

assignment through retrospective analysis, bypassing traditional critic networks

learning. By converting sparse rewards into dense learning signals, these methods

enable rapid policy improvement, outperforming PPO and reflection-based baselines

in language-conditioned agent tasks.

Together, these contributions offer practical solutions for RL in real-world settings,

where sparse feedback and multi-agent coordination are common. Future work could

extend ME-IGM to continuous control or apply RICOL to broader reasoning tasks.

By refining how agents attribute credit, across both time and teammates, this research

moves RL closer to scalable, generalizable deployment in complex environments.
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Appendix A

Appendix

A.1 TD(λ)

In Chapter 2, we use TD(λ) to update the Q-value. In this paragraph, we will derive

the expression of TD(λ) in the context of Maximum Entropy Reinforcement Learning.

Specifically, we aim to demonstrate the derivation of the following equation:

T πjt

λ Qtot(st,ut)−Qtot(st,ut) =
∞∑
l=0

(γλ)lδVt+l (A.1)

where δVt = −Qtot(st,ut) + rt + γVtot(st+1).

Proof. The one-step TD error can be expressed in the following form:

δVt = −Qtot(st,ut) + rt + γVtot(st+1)

δVt+1 = −Qtot(st+1,ut+1) + rt+1 + γVtot(st+2)
(A.2)

Next, the k-step TD error can be represented in the following form:

ϵ
(1)
t := −Qtot(st,ut) + rt + γVtot(st+1) = δVt

ϵ
(2)
t := −Qtot(st,ut) + rt + γrt+1 − log πjt(ut+1|st+1) + γ2Vtot(st+1) = δVt + γδVt+1

ϵ
(k)
t =

k−1∑
l=0

γlδVt+l

(A.3)

45



A. Appendix

ϵ
td(λ)
t := (1− λ)

(
ϵ
(1)
t + λϵ

(2)
t + λ2ϵ

(3)
t + · · ·

)
= (1− λ)

(
δVt + λ(δVt + γδVt+1) + λ2(δVt + γδVt+1 + γ2δVt+2) + · · ·

)
= (1− λ)

(
δVt (1 + λ + λ2 + · · · ) + γδVt+1(λ + λ2 + · · · ) +γ2δVt+2(λ

2 + λ3 + λ4 + · · · ) + · · ·
)

= (1− λ)

(
δVt

(
1

1− λ

)
+ γδVt+1

(
λ

1− λ

)
+ · · ·

)
=

∞∑
l=0

(γλ)lδVt+l

(A.4)

It is important to note that when computing the TD lambda error in the context

of a reverse view and maximum entropy reinforcement learning, it is necessary to

subtract the log(π) term from the t + 1 step’s return as well as subtract log(π) from

Qt+1 in order to obtain results consistent with Equation A.4.

A.2 Proof of Theorem 2.5.1

Lemma A.2.1 (Joint Soft Policy Improvement). Suppose πold
jt ∈ Π and consider

πnew
jt to be the solution to Equation 2.3. Then Qπnew

jt (st,ut) ≥ Qπold
jt (st,ut) for all

(st,ut) ∈ S ×U with |U| <∞.

Proof. Let πold
jt ∈ Π and let Qπold

jt and V πold
jt be the corresponding soft state-action

value and soft state value. The update rule of πnew can be defined as:

πnew(· | st) = arg min
π′∈Π

DKL

(
π′(·) ∥ exp(Qπold

jt (st, ·))− logZπold
jt (st)

)
= arg min

π′∈Π
Jπold

jt
(π′(· | st)) ,

(A.5)

where Zπold
jt (st) is the normalization term.

Since we can always choose πnew = πold ∈ Π, the following inequality always hold

true: Jπold
jt

(πnew(· | st)) ≤ Jπold
jt

(πold
jt (· | st)). Hence
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Eut∼πnew
jt

[
log(πnew

jt (ut | st))−Qπold
jt (st,ut) + logZπold

jt (st)
]

≤ Eπold
jt

[
log(πold

jt (ut | st))−Qπold
jt (st,ut) + logZπold

jt (st)
]
,

(A.6)

and the inequality reduces to the following form since partition function Zπold
jt

depends only on the state,

Eut∼πnew
jt

[
Qπold

jt (st,ut)− log πnew
jt (ut | st)

]
≥ V πold

jt (st). (A.7)

Next, consider the soft Bellman equation:

Qπold
jt (st,ut) = r(st,ut) + γEst+1∼p

[
V πold

jt (st+1)
]

≤ r(st,ut) + γEst+1∼p

[
Eut+1∼πnew

jt

[
Qπold(st+1,ut+1)− log πnew

jt (ut+1 | st+1)
]]

...

≤ Qπnew
jt (st,ut),

(A.8)

where we can repeatedly expand Qπold
jt on the RHS by applying the soft Bellman

equation, progressing from the second line to the final one.

Theorem A.2.2. Denote the policy before the policy improvement as πold and the

policy achieving the optimality of the improvement step as πnew. Updating the policy

with Equation (2.4) ensures that Qπold
tot (st,ut)− ϵ ≤ Qπnew

tot (st,ut),∀st,ut. The gap ϵ

satisfies:

ϵ ≤ γ

1− γ
Est+1∼P

[
C
√

2DKL

(
πold(·|st+1)|πnew(·|st+1)

)]
(A.9)

where P(st,ut, ·) is the transition function and C = max
ut+1

∆Q(st+1,ut+1) = max
ut+1

|Qπold
tot (st+1,ut+1)−∑

i OPTi(Q
πold
i (oit+1, u

i
t+1))|.

Proof. We define the value function as V ′πnew
jt (s) = Eut+1∼πnew

jt

[∑
i OPTi(Q

πnew
jt

i (oit+1, u
i
t+1))−

log πnew
jt (ut+1 | st+1)

]]
. Then, similar to Equation A.7, during policy improvement

step, we have:
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Eut∼πnew
jt

[∑
i

OPTi(Q
πold
jt

i (oit, u
i
t))− log πnew

jt (ut | st)

]
≥ V ′πold

jt (st). (A.10)

By expanding the soft Bellman equation, we have:

Q
πold
jt

tot (st,ut) = r(st,ut) + γEst+1∼p

[
V

πold
jt

tot (st+1)
]

= r(st,ut) + γ
(
Est+1∼p

[
V ′πold

jt (st+1)
]

+ ϵ1
)

≤ r(st,ut) + γEst+1

[
Eut+1∼πnew

jt

[∑
i

OPTi(Q
πold
jt

i (oit+1, u
i
t+1))

− log πnew
jt (ut+1 | st+1)

]]
+ γϵ1

= r(st,ut) + γEst+1

[
Eut+1∼πnew

jt

[
Qπold

tot (st+1,ut+1)

− log πnew
jt (ut+1 | st+1)

]]
+ γ(ϵ1 + ϵ2)

...

≤ Q
πnew
jt

tot (st,ut) + ϵ,

(A.11)

where p is the transition function P(st, at, ·), and ϵ is the cumulative sum of ϵ1 and

ϵ2 over time. ϵ1 and ϵ2 are defined as follows:

ϵ1 = Est+1∼p

[
V

πold
jt

tot (st+1)− V ′πold
jt (st+1)

]
ϵ2 = Est+1∼p

[
Eut+1∼πnew

jt

[∑
i

OPTi(Q
πold
jt

i (oit+1, u
i
t+1))−Qπold

tot (st+1,ut+1)
]] (A.12)
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Then, we have:

ϵ1 + ϵ2 = Est+1∼p

[
V

πold
jt

tot (st+1)− V ′πold
jt (st+1)

]
+ Est+1∼p

[
Eut+1∼πnew

jt

[∑
i

OPTi(Q
πold
jt

i (oit+1, u
i
t+1))−Qπold

tot (st+1,ut+1)
]]

= Est+1∼p

[
Eut+1∼πold

jt

[
Qπold

tot (st+1,ut+1)−
∑
i

OPTi(Q
πold
jt

i (oit+1, u
i
t+1))

]]
+ Est+1∼p

[
Eut+1∼πnew

jt

[∑
i

OPTi(Q
πold
jt

i (oit+1, u
i
t+1))−Qπold

tot (st+1,ut+1)
]]

= Est+1∼p

[∑
ut+1

(
πold
jt (ut+1|st+1)− πnew

jt (ut+1|st+1)
)(
Qπold

tot (st+1,ut+1)

−
∑
i

OPTi(Q
πold
jt

i (oit+1, u
i
t+1))

)]
≤ Est+1∼p

[∑
ut+1

|πold
jt (ut+1|st+1)− πnew

jt (ut+1|st+1)||Qπold
tot (st+1,ut+1)

−
∑
i

OPTi(Q
πold
jt

i (oit+1, u
i
t+1))|

]
≤ Est+1∼p

[
C ·
∑
ut+1

|πold
jt (ut+1|st+1)− πnew

jt (ut+1|st+1)|
]
,

(A.13)

where C = max
ut+1

|Qπold
tot (st+1,ut+1)−

∑
i OPTi(Q

πold
jt

i (oit+1, u
i
t+1))|. Due to the Pinsker’s

inequality [44], we have:

ϵ ≤ γ

1− γ
|ϵ1 + ϵ2| ≤

γ

1− γ
Est+1∼p

[
C ·
∑
ut+1

|πold
jt (ut+1|st+1)− πnew

jt (ut+1|st+1)|
]

≤ γ

1− γ
Est+1∼p

[
C ·
√

2DKL

(
πold
jt (·|st+1)|πnew

jt (·|st+1)
)]

(A.14)
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A.3 Hyper-network Structure

layer name hyper-net embed embed dim num layer

mixer 64 32 2

OPT 64 - 1

Table A.1: Hyperparameters used for hyper-networks.

Figure A.1 shows the overall network structure. Specifically, OPTs share the same

network structure as the mixer network, but while the mixer network’s input dimension

is (batch size, agent num) and its output dimension is (batch size, 1), both the

input and output dimensions of OPTs are (batch size, action num). The network

hyperparameters are as shown in the table below. In the SMAC-v2 experiment, we

select a single layer for the OPT model to ensure fairness in comparison. Using two

layers of OPT would significantly increase the number of parameters, making it less

comparable to the baseline algorithms. While this may slightly reduce our method’s

performance, we adopt this choice for a fair comparison.

A.4 Comparison with Baselines

The following paragraphs present the differences between our method and those based

on the Actor-Critic framework:

1. Using existing maximum entropy MARL algorithms may result in the loss of

action order learned through credit assignment. Achieving the IGM condition, which

outlines the order of local value functions, is crucial in credit assignment. Our work

presents a value-based algorithm that introduces order-preserving transformations,

ensuring that the order of the local actor matches the order of the local value functions.

However, the commonly used maximum entropy MARL methods, employing the

actor-critic framework, may not guarantee alignment between the actor’s action order

and that of the local Q-function due to approximation errors.

2. Actor-critic methods utilize the KL divergence as the loss function, while

our approach uses the MSE loss. In the CTDE framework, all methods maintain a
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more accurate centralized Q-function alongside multiple imprecise local policies. The

core idea is to distill knowledge from the centralized Q-function to the local policies.

Actor-critic methods typically minimize the KL divergence between the actor and the

softmax critic, whereas our method minimizes the MSE loss between their logits. [25]

pointed out that, in distillation contexts, MSE is a superior loss function compared

to KL divergence.

3. AC methods can use global information when training the critic, resulting in

higher model capacity. Our method introduces global information through hyper-

networks and the mixer network, which results in lower model capacity.

4. In fact, it’s challenging to theoretically prove that value-based methods

are inherently superior to AC methods. However, through experiments, we have

demonstrated that our method surpasses both FOP [63] and HASAC [32].

Below are comparisons with individual papers.

mSAC [45] introduces a method similar to MASAC. It employs the AC architecture,

thus encountering issues 1 and 2 mentioned above, but does not fully utilize global

information to train the critic, hence lacking the advantage noted in point 3.

FOP [63] shares a similar issue with [45], in that the AC framework it utilizes can

actually train the critic with global state information. Furthermore, FOP employs

a credit assignment mechanism similar to that of QPLEX [56]. [22] experimentally

shown that QMIX outperforms QPLEX. Additionally, FOP’s proof concept is that

under the IGO conditions, if we locally move local policies towards local optimal

policies, the distance between the joint policy and the optimal joint policy also

decreases. In contrast, our proof approach first establishes that our method is

equivalent to the single-agent SAC algorithm and then completes the proof using

existing conclusions.

HASAC [32] is a CTCE version of MASAC, with its core contribution being the

introduction of sequential decision-making. Therefore, we do not compare it here.

PAC [66] utilizes global information during centralized training, possessing the

advantages noted in point 3. However, it still encounter issues 1 and 2 mentioned

above.
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A.5 Hyper-parameters

For all baseline algorithms, we implemented them using the corresponding open-

source frameworks and chose the hyperparameters provided by these frameworks for

replication. We used FOP by Zhang et al. and HASAC by Zhong et al.. Our method,

ME-IGM is built on Hu et al.. The experiments were conducted on a computer

equipped with 92 GB of RAM, a 40-core CPU, and a GeForce RTX 2080 Ti GPU.

The following are the hyperparameters used in the experiments.
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Figure A.1: (a) The overall network architecture. Single Q-Net takes local observations
as input and outputs a distribution over local actions ui, also denoted as local Qi.
Functions OPTs are order-preserving transformations, ensuring the input and output
dimensions are identical and have the same argmax values. Both the input and output
of the OPTs are k-dimensional, where k is the action dimension. The output of the
OPT, after undergoing a softmax operation, becomes the policy, from which action
ui
t is sampled. The Mixer network takes local Qi as input and outputs the global

Qtot. Green blocks utilize a recurrent neural network as the backbone, with all agents
sharing parameters. For decentralized execution, only the green network is needed,
and the maximum values of their output are selected. (b) The blue blocks’ network
structure. The red blocks represent the hyper-network, which takes the global state st
as input and outputs the network’s weights and biases. The weights are constrained
to be non-negative. The activation function is denoted by σ(·). The mixer network
takes an n-dimensional Q function as input and outputs a one-dimensional Qtot.
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Parameter Name Value

n rollout threads 8
num env steps 10000000
warmup steps 10000
train interval 50
update per train 1
use valuenorm False
use linear lr decay False
use proper time limits True
hidden sizes [256, 256]
activation func relu
use feature normalization True
final activation func tanh
initialization method orthogonal
gain 0.01
lr 0.0003
critic lr 0.0005
auto α True
α lr 0.0003
γ 0.99
buffer size 1000000
batch size 1000
polyak 0.005
n step 20
use huber loss False
use policy active masks True
share param False
fixed order False

Table A.2: HASAC hyperparameters used for SMACv2. We use the hyperparameters
for SMAC as specified in the original paper [32].
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Parameter Name Value

Runner parallel
Batch Size Run 4
Buffer Size 5000
Batch Size 128
Optimizer Adam
tmax 1005000
Target Update Interval 200
Mac n mac
Agent n rnn
Agent Output Type q
Learner nq learner
Mixer qmix
Mixing Embed Dimension 32
Hyper-net Embed Dimension 64
Learning Rate 0.001
λ 0.4
H̄ (zerg, protoss) 0.24 × num ally
H̄ (terran) 0.32 × num ally
α Learning Rate 0.3

Table A.3: ME-QMIX hyperparameters used for SMACv2. We utilize the hyperpa-
rameters used in SMACv2 [14].
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Parameter Name Value

Runner parallel
Batch Size Run 8
Buffer Size 5000
Batch Size 128
Optimizer Adam
tmax 1005000
Target Update Interval 200
Mac basic mac
Agent rnn
Agent Output Type q
Learner dmaq qatten learner
Mixer dmaq
Mixing Embed Dimension 32
Hyper-net Embed Dimension 64
Learning Rate 0.001
λ 0.6
H̄ (zerg, protoss) 0.24 × num ally
H̄ (terran) 0.32 × num ally
α Learning Rate 0.3

Table A.4: ME-QPLEX hyperparameters used for SMACv2. We utilize the hyperpa-
rameters used in SMACv2 [14].
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Parameter Name Value

Action Selector Multinomial
ϵ-Start 1.0
ϵ-Finish 0.05
ϵ-Anneal Time 50000
Buffer Size 5000
tmax 1005000
Target Update Interval 200
Agent Output Type pi logits
Learner fop learner
Head Number 4
Mixing Embed Dimension 32
Learning Rate 0.0005
Burn In Period 100
λ 0.4

Table A.5: FOP hyper-parameters used for SMACv2. We use the hyperparameters
for SMAC as specified in the original paper [63].
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A.6 Derivation of the Loss Function

The derivation is mainly from Peng et al. [41]. The goal of the gradient update step

is to bring π closer to π′. One way to achieve this is by maximizing the following

objective:

η(π) = Es∼dπ(·),a∼π(·|s) [log π′(a|s)− log πk(a|s)] , (A.15)

where dπ(s) =
∑∞

t=0 γ
tp(st = s|π) represents the unnormalized discounted state

distribution induced by the policy π, and p(st = s|π) is the likelihood of the agent

being in state s after following π for t time-steps. For simplicity, we use πk in the

appendix but π0 in the main text; both denote the sampling policy.

In practice, to enhance sample efficiency, we aim to use dπk
(s) instead of dπ(s) when

estimating η(π), where πk is the policy used to sample new data. Therefore, similar

to [41], we can employ η̂(π) as an approximation of η(π) in practical implementations.

η̂(π) =
∑
s

dπk
(s)
∑
a

π(a|s)
[
log (

π′(a|s)
πk(a|s)

)

]
. (A.16)

η̂(π) is a reasonable estimator of η(π) only when π and πk are sufficiently similar.

Therefore, rather than directly solving the optimization problem maxπ η(π), we can

instead reformulate it as the following optimization problem:

argmax
π

∑
s

dπk
(s)
∑
a

π(a|s)
[
log(

π′(a|s)
πk(a|s)

)

]
s.t.
∑
s

dπk
(s)DKL (π(·|s)||πk(·|s)) ≤ ϵ∑

a

π(a|s) = 1,∀s.

(A.17)

By applying the method of Lagrange multipliers to the constrained optimization

problem, the optimal policy can be expressed as follows:

π∗(a|s) =
1

Z(s)
πk(a|s) exp

(
1

α
log

π′(a|s)
πk(a|s)

)
, (A.18)
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where Z(s) =
∑

a′ πk(a′|s) exp
(

1
α

log π′(a|s)
πk(a|s)

)
normalizes the optimal policy and α is

the Lagrange multiplier.

Finally, we need to project π∗ back onto the manifold of parameterized policies.

This can be achieved by optimizing the following objective:

argmin
π

Es∼dπ0 (s)
[DKL (π∗(·|s)||π(·|s))]

= argmin
π

Es∼dπ0 (s)

[
DKL

(
1

Z(s)
· πk(·|s)⊙ exp(

1

α
log

π′
k+1(·|s)
πk(·|s)

)||π(·|s)
)]

= argmin
π

Es∼dπ0 (s)

[
DKL

(
1

Z(s)
· exp((1− 1

α
) log πk(·|s) +

1

α
log π′

k+1(·|s))||π(·|s)
)]

= argmin
π

Es∼dπ0 (s)

[
DKL

(
1

Z(s)
· exp((1− α∗) log πk(·|s) + α∗ log π′

k+1(·|s))||π(·|s)
)]

,

(A.19)

where ⊙ represents the element-wise multiplication. In practice, we treat α∗ = 1/α

as a hyper-parameter that controls the size of the trust region.

A.7 Proof of Theorem 3.4.1

Proof. Let π0 : S ×A → (0, 1) and π : S ×A → (0, 1) be any two policies in a finite

MDP (S,A, P, r, γ), where r : S × A → R is unknown. According to Eq. (3.2), we

have: (∀s ∈ S, a ∈ A)

π(a|s) =
π0(a|s) exp (Aπ0

r (s, a)/β)

Z(s)
⇒ Aπ0

r (s, a) = β

(
log

π(a|s)
π0(a|s)

+ logZ(s)

)
(A.20)

Here, Z(s) is a normalization factor and is a function of π(·|s) and π0(·|s) since∑
a A

π0
r (s, a)/β =

∑
a log π(a|s)

π0(a|s) + logZ(s) = h(π0). Thus, given π and π0, we can

acquire the advantage function Aπ0
r (s, a) for all (s, a).

Next, we derive the relation between Aπ0
r and r under the maximum entropy

RL framework. According to [67, 68], the advantage function Aπ0
r , value function

V π0 , and Q function Qπ0 of a policy π0 are related as follows: (t is a time step and
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(st, at) ∈ S ×A.)

Aπ0
r (st, at) = Qπ0(st, at)− V π0(st)

V π0(st) = Eat∼π0(·|st) [Qπ0(st, at)− β log π0(at|st)] =
∑
at

π0(at|st)Qπ0(st, at) + βH(π0(·|st))

(A.21)

where H(π0(·|st)) is the policy entropy at state st. Thus, Eat∼π0(·|st)[A
π0
r (st, at)] =

−βH(π0(·|st)) and h(π0) = −H(π0(·|st)). The Q function satisfies the Soft Bellman

Equation:

Qπ0(st, at) =r(st, at) + γβEst+1∼P (·|st,at)[H(π0(·|st+1))]

+ γEst+1∼P (·|st,at),at+1∼π0(·|st+1)[Q
π0(st+1, at+1)]

(A.22)

Denote f(st, at) = γβEst+1∼P (·|st,at)[H(π0(·|st+1))], which can be calculated based on

P and π0, then we have:

Qπ0 = (I − γP π0)−1(r + f) (A.23)

where Qπ0 , r, and f are vectors of size |S||A|, I is an identity matrix, P π0 ∈
[0, 1]|S||A|×|S||A| is the transition kernel between any two state-action pairs defined

with P and π0. I − γP π0 is invertible, according to Corollary 1.5 in [2]. Combining

Eq. (A.21) and Eq. (A.23), we have the following linear system:

Aπ0
r + g = (I ′ − Π0)(I − γP π)−1(r + f) (A.24)

Here, Aπ0
r , log π0, r, f are vectors of Aπ0

r (s, a), log π0(s, a), r(s, a), f(s, a), respectively;

I ′ is an identity matrix; g is a vector of size |S||A|, where each g(s, a) = βH(π0(·|s));

Π0 is a block diagonal matrix of size |S||A| × |S||A|, composed of |S| submatrices,

each of size |A| × |A|. Specifically, the submatrix corresponding to s is Π0(s) =

[π0(·|s) · · · π0(·|s)]T = 1π0(·|s)T , where 1 is an all-one vector. I ′(s) − Π0(s) is a

diagonal block of I ′ −Π0 corresponding to state s and has a rank of |A| − 1.

This is because: (1) rank(I ′(s) − Π0(s) + Π0(s)) = |A| ≤ rank(I ′(s) − Π0(s)) +

rank(Π0(s)) = rank(I ′(s)− Π0(s)) + 1⇒ rank(I ′(s)− Π0(s)) ≥ |A| − 1 and (2) 1 is

an eigenvector of I ′(s)− Π0(s) corresponding to an eigenvalue of 0.
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Next, we proof that the linear system Cx = b corresponding to Eq. (A.24) is

consistent, where C = (I ′ − Π0)(I − γP π)−1, x = r + f , and b = Aπ0
r + g. Note that

C, f , and b are defined with γ, β, P , π0, and π and so are known. We can apply

elementary row operations, represented by a matrix D, to the augmented matrix

[C | b]. In particular, D is also a block diagonal matrix, composed of |S|
submatrices, each of size |A| × |A|. The submatrix corresponding to state

s is an identity matrix with the first row replaced by π(·|s)T . Notably, the

1st, (|A|+ 1)-th, (2|A|+ 1)-th, · · · , ((|S|− 1)|A|+ 1)-th rows of D(I ′−Π0) (and

so DC) and Db are all 0. This can be easily proved based on the following facts:

π0(a|s)(1− π0(a|s))− π0(a|s)

(∑
a′ ̸=a

π0(a
′|s)

)
= 0⇒ π0(·|s)T (I ′(s)− Π0(s)) = 0T ;

Ea∼π0(·|s)[A
π0
r (s, a)] = −βH(π0(·|s))⇒ Ea∼π0(·|s)b(s) = 0.

(A.25)

Eliminating these rows in [DC | Db], we can get a new augmented matrix [C̃ | b̃]
where C̃ has a full row rank (based on the facts that rank(I ′(s)−Π0(s)) = |A|−1, ∀s
and I − γP π is invertible). Thus, the original linear system Cx = b (i.e., Eq. (A.24))

is consistent, according to the Rouché-Capelli theorem.

A.8 Comparison of Training Times

Table A.6: Training time (in minutes) required for each algorithm on different tasks,
along with the GPU setup used.

Method goto pickup pick up seq go to open GPU Type
RWR 72 69 232 227 NVIDIA A40 × 2
RICOL 96 95 594 585 NVIDIA A40 × 2
PPO (10M) 258 257 234 198 GeForce RTX 2080 Ti × 1
PPO (3B) 1440 1440 1440 1440 NVIDIA A40 × 4
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A.9 Environments

A.9.1 1D Key-Door Environment

Key DoorCorridor

Figure A.2: An illustration for the 1D Key-Door scenario.

As illustrated in Figure A.2, the environment consists of a 1D grid world where

the agent can traverse along the x-axis. The key is located at the leftmost grid cell,

and the door is positioned at the rightmost grid cell. Initially, the agent starts without

holding the key, aiming to move left to retrieve the key and subsequently move right

to unlock the door. The corridor length used in the paper is 10. The available action

includes {move left, move right, pick up the key, unlock the door}. The prompt can

be found in Figure A.3 and Figure A.4.

For any given policy, we can compute the corresponding transition matrix P ,

where the entry in the i-th row and j-th column represents the probability of the

agent transitioning from state si to state sj in a single step. The ground truth value

function V can then be computed as:V = (I−γP )−1R, where γ is the discount factor

and R is the reward function. Once the value function is determined, and given that

the environment is deterministic, we can compute the advantage function using the

following formula:A(s, a) = V (s)− r(s, a)−γV (s′) where s′ is the next state resulting

from applying action a in state s, and r(s, a) is the immediate reward received when

transitioning from s to s′ by taking action a.
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You are a helpful navigation agent. 

Please thoroughly review your goal, the available actions, objects around you, and any advice from experts, if 

available, and respond to the question strictly adhering to this specified format: ACTION: [your_answer]

System Prompt

User Prompt

Your goal is to open the locked door. You can choose to: move left, move right, pick up the key, or unlock 

the door. You see the locked door 200 meters away on your right. You don't have the key. You see a key on the 

ground around you. After reviewing the rules of the environment, your goal and objects around you, what do 

you do next to achieve the goal?

Figure A.3: The prompt used for the LLM policy in the 1D Key-Door scenario.

I will provide you with a trajectory starting from step 0 and the state at step 0. 

Firstly, you have to analyze the task, the goal, and the current state, generate a rough plan.

Then, based on this trajectory, you need to evaluate whether the decision you made at step 0 was correct. 

Additionally, if given another opportunity, how would you modify it, if needed?

Provide concise verbal feedback as a guideline for others new to this task and facing the same state in the future.

If the policy is generally correct, you can reply with "No modifications needed."

After providing your explanation, output your final feedback by strictly following this format: "Verbal Feedback: 

[your_answer]"

System Prompt

User Prompt

Trajectory/state (skip due to the space limit)

Figure A.4: The prompt used for the LLM reflector in the 1D Key-Door scenario.
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A.9.2 BabyAI Environment

Figure A.5: Screenshots of four BabyAI scenarios, where the agent is partial-
observable.

We evaluate our algorithm in the BabyAI environment [11], a 2D grid world where

the player navigates an agent to accomplish specified tasks. We use BALROG’s [38]

implementation of the environment. We test our algorithm on four scenarios: goto,

pickup, pick up seq go to, and open. As shown in Figure A.5, the player directs

the agent (a red triangle) toward a specified local object or manipulate it. The

environment is partially observable, with the agent having a 7x7 window of visibility

in front of it, viewed from an egocentric perspective. The agent can perform six

actions: Turn Left, Turn Right, Move Forward, Pickup, Drop, and Toggle. Both

input and output for the tasks are presented in text form. The prompt can be found

in Figure A.6 and Figure A.7. We did two editions to the BabyAI environment.

Firstly, following Ren et al. [47], we modify the policy prompt so that its output is

constrained to a single character between A and F, with each character corresponding

to a specific action. This ensures that the probability of each action is not biased

by differences in token length. Secondly, we set the maximum episode length to 16

for the goto and pickup tasks, and 32 for the pick up seq go to and open tasks. This

early truncation improves sample efficiency. All baseline algorithms are evaluated

using the updated environment to ensure a fair comparison.
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You are an agent playing a simple navigation game. Your goal is to {mission}. 

The following are the possible actions you can take in the game, followed by a short description of each action:  

"A": "turn to the left",

"B": "turn to the right",

"C": "take one step forward",

"D": "pick up the object one step in front of you",

"E": "drop the object that you are holding",

"F": "manipulate the object in front of you",

In a moment I will present you an observation.  Tips: 

- Once the desired object you want to interact or pickup in front of you, you can use the 'toggle' action to interact with it. 

- It doesn't make sense to repeat the same action over and over if the observation doesn't change. 

- answer the alphanumerical action, not the description.  

PLAY!

System Prompt

User Prompt

Current Observation:

a wall 3 steps forward

a wall 1 step right

You always have to output one of the above actions at a time and no other text. You always have to output an action 

until the episode terminates.

Figure A.6: The prompt used for the LLM policy in all the BabyAI scenarios.

A.10 RICL can Identify Critical States in

Sequential Decision-Making

Here, we demonstrate that RICL assigns higher credits to critical states in the

environment. Critical states are defined as those where policy adjustments lead to

greater performance gains. For the sampling policy π0 and an improved policy π,

DKL(π(·|s)||π0(·|s)) serves as a measure of how significantly the policy needs to be

adjusted at state s to achieve policy improvement (from π0(·|s) to π(·|s)). Thus, it

can be used as a criterion for identifying critical states. Specifically, π can be πgt or

πRICL (as defined in Section 3.6.2) to identify the critical states with the ground-truth

policy or the RICL-updated policy, respectively.

Figure A.8 depicts the (normalized) critical score (i.e., vπ = DKL(π(·|s)||π0(·|s)))

in the 1D Key-Door scenario using LLaMA-3.1-8B-Instruct as π0. The yellow curve

shows two peaks in the critical score vπgt . The right peak corresponds to the state
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– picking up the key, which is critical in the 1D Key-Door scenario. The left peak

corresponds to a state where the expert decides to move toward the key. Due to

imperfections in π0, this state also becomes critical. The blue curve in Figure 3.2

represents vπRICL . The peaks of the blue curve align with those of the yellow curve

(i.e., the ground truth), demonstrating that RICL effectively identifies critical states.

We further compare RICL with methods that explicitly utilize LLMs for credit

assignment [43] (represented by the green curve in Figure A.8). Specifically, these

methods prompt an LLM with a trajectory and ask it to identify the critical state

within the sequence. We evaluate this approach on 1000 distinct trajectories, using

the frequency with which a state s is labeled as critical to compute its critical score.

As shown by the green curve in Figure A.8, this method can only identify the ”pick-

up-the-key” state as critical. It fails to detect the left peak of the yellow curve.

This limitation arises because identifying this critical state requires knowledge of the

sampling policy π0, which is provided to but overlooked by this baseline approach.

A.11 Comparisons between Retroformer and

RICOL

First, Retroformer [58] fine-tunes a reflector LLM to generate prompts for a fixed

actor LLM, whereas our method fine-tunes an actor LLM using guidance from a fixed

reflector LLM. The objectives of the two approaches are fundamentally orthogonal.

Second, Retroformer relies on trajectory-level sparse rewards for LLM fine-tuning,

whereas RICL leverages step-level dense training signals. Specifically, Retroformer

requires rolling out two trajectories – one with reflector-generated hints (τ1) and

one without (τ2) – and computes the reward as the return difference between the

two, which is then used to fine-tune the reflector. In contrast, our method applies

step-level dense supervision by estimating the advantage function at each time step.

This is computed based on the change in policy before and after the in-context update:

log
πin-context updated(a|s)

πsampling(a|s)
. In short, for an episode of length n, RICL collects n

supervised signals from n environment steps, while Retroformer requires

2n environment steps to obtain just one supervision signal.

Retroformer estimates ∆(s0, feedback) = V πin-context updated(s0)− V πsampling(s0), i.e.,
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the value difference between two policies, using the difference in trajectory returns:

Reward(τ1) − Reward(τ2). In contrast, our method only requires estimating the

advantage function under a single policy, πsampling, defined as A(s, a) = Qπsampling(s, a)−
V πsampling(s). This is generally more sample-efficient. The following experiments use

the Monte Carlo method to estimate both quantities. The table below reports

the mean squared error (MSE) between the estimated and ground truth values of

∆(s0, feedback) and A(s, a).

Table A.7: Approximation errors vs. number of sample trajectories.

Number of Sample Trajectories 1,000 10,000 100,000 1,000,000
MSE on A(s, a) 0.1287 0.0492 0.0492 0.0454
MSE on ∆(s0, feedback) 0.2763 0.2788 0.2713 0.2641

The results indicate that, under Monte Carlo sampling, Retroformer requires

significantly more trajectories than our method to achieve accurate value estimations.

Further, as shown in Figure 3.2 of the main paper, our actual sampling strategy (i.e.,

RICL) achieves over 100× greater sample efficiency compared to the Monte Carlo

baseline. Altogether, these findings demonstarte that our approach is substantially

more sample-efficient than Retroformer in terms of value estimation.
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You are an agent playing a simple navigation game. Your goal is to {mission}. 

The following are the possible actions you can take in the game, followed by a short description of each action:  

"A": "turn to the left",

"B": "turn to the right",

"C": "take one step forward",

"D": "pick up the object one step in front of you",

"E": "drop the object that you are holding",

"F": "manipulate the object in front of you",

System Prompt

User Prompt

You are a coach that can provide feedback to the agent.

I will provide you the observation at time step t and the action taken by the agent at time step t.

Then I will provide you the trajectory after that. 

Your task is to carefully analyze the trajectory and reflect on the agent’s decision at time step t.

If the agent were to face the same situation again (observation at time step t), what advice would you give to better 

achieve the goal?

Provide your feedback as a concise and informative string.

The observation at time step t is: {o_t}

The action taken by the agent at time step t is: {a_t}

The trajectory after that is: {traj}

Provide a concise, specific verbal feedback that can help the agent improve its performance when it encounters state 

t again to help it achieve the goal.

Breifly analyze the agent's decision at time step t and the consequences of the action then provide the feedback.

You should always follow the format:

Your goal: [your goal]

state t: [the state at time step t]

action t: [the action taken by the agent at time step t]

state t+1: [the state at time step t+1]

analyze: [The agent took action t in state t and transitioned to state t+1. Analyze the decision and its consequences, 

does the action help the agent achieve the goal or make progress?]

Conclusion: [Based on the helpfulness, will you suggest the agent to take action t again, why?]

Feedback: [your concise verbal feedback that can help the agent improve its performance]

Figure A.7: The prompt used for the LLM reflector in all the BabyAI scenarios. Only
the Feedback part is extracted and used for RICL’s in-context policy updates.

68



A. Appendix

Move to the Key
Pick-up the Key

Open the Door

States

0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

 C
rit

ic
al

 S
co

re RICL
GT
Verbal

Figure A.8: Comparison of critical states identified by RICL and verbal credit
assignment. The x-axis represents a sequence of states: the agent first moves toward
the key over 9 steps, picks up the key, then moves toward the door over another
9 steps, and finally opens the door. The y-axis indicates the score reflecting how
critical each state is, where GT denotes the ground truth. The results show that both
algorithms correctly identify the “pick up the key” action as a critical state-action
pair. However, only RICL additionally identifies some of the earlier states in the
“move to the key” phase as critical.
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