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Abstract. Large Vision-Language Models (VLMs) now act as agents in
interactive environments, where success requires coherent reasoning and
decision-making across turns. Although end-to-end training in agentic
environments can improve such multi-turn decision-making abilities, cur-
rent methods mainly rely on either token-wise optimization over concate-
nated token trajectories or turn-wise optimization with uniform within-
turn credit. In this work, we establish theoretical formulations for the
two levels of optimization and derive a hybrid advantage that serves
both objectives. Furthermore, with an appropriate choice of discount
factor and learning target, we prove that a unified critic model can es-
timate values for both turn-wise and token-wise. As such, we propose
HyGAE, an actor-critic framework that jointly optimizes token- and
turn-level objectives with the hybrid advantage and unified critic. We
conduct extensive evaluations of HyGAE across five multi-turn decision-
making environments, where it achieves an average success rate of 91%
and a significant improvement of 10% over other methods. Furthermore,
we provide an in-depth analysis showing that the exact analytic form
of the hybrid advantage and return is crucial for optimization. Project
Page: https://wx-zhang.github.io/hygae-web/.

1 Introduction

With the rapid evolution of Large Vision-Language Models (VLMs) [7,8,20,57],
they are no longer limited to single-turn visual question answering. VLMs are
now expected to serve as agents that perceive, reason, and act in the real world [1,
14,38]. In this setting, effective agents need to understand complex environments,
make sequential decisions, receive feedback, and adapt their future actions over
multiple turns.

A primary bottleneck of current VLMs lies in their nearsightedness: they
often reason based solely on the most recent observation, neglecting the critical
context of past actions and feedback. As illustrated in Fig. 5, when faced with
identical observations and feedback indicating that the previous action failed,
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Fig. 1: Multi-turn decision-making tasks for VLMs. We update the VLM policy using
hybrid advantages from the token and turn levels, while learning the value with a
unified value model.

the model redundantly repeats its previous failed output rather than synthe-
sizing its experience. In this way, multi-turn decision-making is reduced to a
series of disjointed single-turn generations, where task success becomes highly
opportunistic rather than the result of systematic strategic planning.

This limitation mainly arises from the mismatch between conventional single-
turn training paradigms and the requirements of multi-turn interaction. In multi-
turn interaction, models can receive intermediate information that guides them
to refine or maintain their internal beliefs. Several recent works have noticed
this issue and attempted to design algorithms that directly support multi-turn
agentic reinforcement learning [10,44,45,52]. A central discussion in this context
concerns two levels of reinforcement learning modeling: (1) token-wise RL, which
treats each token as a single action, and (2) turn-wise RL, which treats the turn
as a whole as one action. Turn-wise optimization better leverages intermediate
feedback for intra-turn differentiation, while token-wise training provides fine-
grained inner-turn guidance for language generation [9]. More recently, several
works have adapted classical hierarchical reinforcement learning ideas [29–31] to
combine token-level and turn-level optimization in multi-turn agentic RL [44,56].
To better understand these RL modeling choices, we need to answer an essential
question: what is the inherent difference between the two levels of RL modeling?

To answer this question, we first provide a POMDP-based theoretical for-
mulation of token-wise and turn-wise RL, showing that the two formulations
differ only in advantage estimation and that their surrogates therefore have the
same gradient. Based on this observation, we propose hybrid advantage esti-
mation, which optimizes the two levels of RL simultaneously through a simple
linear combination and improves both inner- and intra-turn credit assignment.
Furthermore, we show that, with an appropriate choice of discount factor and
learning target, we can learn a unified critic model for both turn-wise and token-
wise value estimates. We instantiate the resulting hybrid advantage and value
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estimation in an actor-critic framework, denoted as HyGAE, which benefits from
both language-generation training and turn-wise intermediate feedback during
training, as shown in Fig. 1. We further prove that hybrid advantage estimation
and unified value training provide a better balance between bias and variance.

We evaluate HyGAE on five multi-turn decision-making benchmarks and
compare our algorithm with various baselines. The results show that HyGAE
achieves SOTA performance on all tasks, with an average success rate of 0.91.
We further provide ablations and qualitative analyses showing that the precise
analytic forms of the hybrid advantage and mixed return are crucial for stable
optimization. Our contributions are as follows:

– We provide a formal formulation of token-wise and turn-wise RL in multi-
turn decision-making tasks and reveal the intrinsic similarities between them.

– We design hybrid advantage estimation with unified value model training to
optimize the policy for better inner- and intra-turn credit assignment. This
formulation is computationally efficient and provides a better bias-variance
trade-off.

– We achieve SOTA performance on five multi-turn decision-making tasks,
reaching an average success rate of 0.91.

2 Related Work

Multi-turn Decision-Making Tasks for VLMs. Early approaches for solving vision-
related multi-turn decision-making tasks mainly fall into two categories: (1)
leveraging pretrained visual representations, e.g ., CLIP [27], for decision-making,
often trained with external reward models [12, 24], and (2) directly employing
pretrained VLMs as agents for sequential reasoning and action generation [54].

Recent works increasingly adopt reinforcement learning to train VLMs for
these tasks. Some works propose to obtain high-quality training data from ex-
ternal sources [11, 17, 40, 49], self-refining data through interaction or feedback
[28,53,55], improving reward modeling [3,21,51], and integrating tool usage dur-
ing rollout [22, 23]. In addition, [2] proposes a comprehensive pipeline spanning
pre-training to post-training. Despite these advances, most methods still rely on
standard RL algorithms such as PPO [34] or GRPO [15].

Multi-turn Reinforcement Learning for VLMs. An important line of work focuses
on the design of training algorithms for foundation models in multi-turn decision-
making tasks. Some studies analyze the underlying mechanisms of foundation
models in such scenarios [10, 18], while others propose improved optimization
strategies, such as advantage-weighted RL with stochasticity-aware estimators
[4]. A central topic in this line of research is how to model trajectories at the turn
level or token level [9]. On one hand, some approaches introduce complex and
computationally expensive hierarchical models to explicitly capture both levels,
such as [56]. On the other hand, many methods operate at a single level and rely
on heuristic designs for credit assignment. [52] introduces a coefficient to balance
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the contribution of reasoning (thinking) tokens and action tokens, and follow-
up works further refine control over reasoning processes [46, 47]. Similarly, [44]
applies different discount factors to token-level and turn-level rewards, and [13]
analyzes credit assignment in GRPO at both the turn and sequence levels. In
contrast to these approaches, through theoretical analysis, we find that the two
levels of RL are intrinsically related. We therefore propose hybrid advantage
estimation, which combines token-wise and turn-wise advantages with a unified
value function and achieves a better balance between bias and variance.

3 Preliminaries

POMDP Following [44], we define the multi-turn interaction of VLMs as a
Partially Observable Markov Decision Process (POMDP) (S,A,O, T ,R, Ω,γ).
Here, S, A, O, and R denote the state, action, observation, and reward spaces,
respectively; T represents the state transition dynamics; Ω represents the ob-
servation function; and γ ∈ [0, 1) is the discount factor. At each decision step
t, the agent receives an observation ot ∈ O ∼ Ω( · | st) conditioned on the
system state st ∈ S and generates an action at ∈ A conditioned on the his-
tory τ it :=

(
o0,a0, r0,o1,a1, r1, . . . ,ot,

(
a0t , a

1
t , . . . , a

i
t

))
. The environment then

transitions from state st to a new state st+1 ∼ T (· | st,at), produces a reward
rt ∼ R(· | st,at), and sends the agent a new observation ot+1.

RL with Actor-Critic Framework The objective of reinforcement learning is to
find an optimal policy πθ parameterized by θ that maximizes the expected return,
defined as the sum of the discounted future rewards:

J(θ) = Eπθ

[
T−1∑
t=0

γtrt

]
(1)

To optimize this objective, it is common to employ the surrogate function:

Lactor(θ) = E

[
T−1∑
t=0

log πθ(at|τt)Aπθ (τt,at)

]
(2)

where Aπθ (τt,at) = Qπθ (τt,at) − V πθ (τt) is the advantage value function de-
fined as

Qπθ (τt,at) := E

[
T−t∑
t′=t

γt
′−trt′ | τt,at

]
, V πθ (τt) := Ea∼πθ(·|τt) [Q

πθ (τt, a)]

In practice, the advantage value Aπθ (τt,at) is usually estimated by the Gener-
alized Advantage Estimation (GAE) [33]:

Ât =

T−t∑
t′=0

(γλ)t
′
δt+t′ , where δt := rt + γV̂ψ(τt+1)− V̂ψ(τt), (3)
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where δt is the temporal difference error, and λ ∈ [0, 1] is a secondary discount
factor that controls the bias–variance trade-off. V̂ψ is a parameterized value
function that estimates the state value.

We employ the actor-critic framework for the value function estimation and
policy update.

V̂ψ is also called the critic, which is updated together with the actor using
the TD error as the target.

Lcritic(ψ) = Et
[
(V̂ψ(st)− Ĝt)

2
]
, where Ĝt = Ât + V̂ψ(τt). (4)

4 Method

As discussed above, few prior works have formally formulated the RL process in
VLM agentic training. We first derive turn-wise and token-wise objectives under
a unified view, revealing their shared surrogate structure and motivating our
hybrid actor-critic framework with HyGAE advantage estimation and unified
value model training. Finally, we provide a theoretical analysis explaining why
the hybrid approach is both effective and efficient.

Notation: Throughout this paper, we use boldface notation to represent turn-
wise variables, such as at, and standard unbolded font with a superscript local
token index i to represent token-wise variables, such as ait. Full definitions, the-
orems, and proofs are provided in Appendix A.

4.1 Turn- and Token-wise Formulations

In multi-turn decision-making tasks, at each turn t ∈ [0, T − 1], the VLM policy
generates a token sequence at := (a1t , a

2
t , . . . , a

It
t ), where ait is the i-th token

generated at turn t, and It is the length of the token sequence for turn t. The
generated tokens encode intermediate reasoning and executable actions. The
environment then executes the action, providing a reward rt and a feedback
token sequence ot+1 for the next turn.

This generation–interaction loop can be viewed at either the turn or token
scale, leading to distinct POMDP formulations and corresponding RL training
strategies. Below, we detail these two perspectives.

Token-wise POMDP. A popular perspective treats the generation of each token
as an individual action [23, 26, 44]. At each decision step (t-th turn and i-th
token generation), the VLM policy πθ takes the context τ it as input and samples
a token ait ∼ πθ( · |τ it ). The token-wise reward rit assigned to each token is defined
as

rit =

{
rt, i = It

0, otherwise
.

This indicates that if the token is at the end of the turn, its reward is the
environmental reward rt; otherwise, it is 0 for intermediate tokens.
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Based on this formulation, Eq. (1) can be rewritten by re-indexing across
both turn and token indices: J(θ) = Eπθ

[∑T−1
t=0

∑It−1
i=0 γi+I<trit

]
, where I<t =∑t−1

k=0 Ik is the total number of tokens generated before the t-th turn, and γ is
the discount factor. From this objective, we can derive the token-wise surrogate
function:

Ltoken(θ) = E

[
T−1∑
t=0

It−1∑
i=0

log πθ
(
ait|τ it

)
Aπθ

(
τ it , a

i
t

)]
(5)

Here Aπθ (τ it , a
i
t) represents the token-wise advantage function, which estimates

the advantage value for each generated token.

Turn-wise POMDP. This perspective treats the generation of the entire token
sequence at within a single turn as one unified macro-action [52]. We define
the turn-wise POMDP as follows: at decision step t (the t-th turn), the VLM
policy takes the context τt as input and generates at ∼ πθ( · |τt). The context
τt is constructed from the observations, actions, and rewards returned by the
environment:

τt := (o0,a0, r0,o1,a1, r1, . . . ,ot) (6)

The reward in the turn-wise formulation is simply the reward rt returned by
the environment. The objective follows Eq. (1), and we can use the surrogate
function from Eq. (2) to optimize it.

4.2 Hybrid Advantage Function and Unified Value Function

Note that the turn action, at := (ait)
It
i=0, is generated autoregressively by the

model. The log-probability of generating the turn-wise action, log πθ(at|τt), can
be decomposed into the sum of the log-probabilities of generating each token:

log πθ(at|τt) =
It−1∑
i=0

log πθ
(
ait|τ it

)
, (7)

Substituting Equation (7) into the surrogate function in Eq. (2), we obtain the
following form of the turn-wise surrogate:

Lturn(θ) = E

[
T−1∑
t=0

It−1∑
i=0

log πθ
(
ait|τ it

)
Aπθ (τt,at)

]
(8)

where Aπθ (τt,at) represents the turn-wise advantage function, which estimates
the advantage value for the turn-wise action.

The turn-wise and token-wise surrogates in Eq. (8) and Eq. (5) have the same
form except for the advantage value: the turn-wise surrogate employs the turn-
wise advantage Aπθ (τt,at), whereas the token-wise surrogate uses the token-wise
advantage Aπθ (τ it , a

i
t).

The two estimators focus on different properties during training. As shown
in Fig. 2, the turn-wise advantage estimation remains constant across the turn.
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Fig. 2: Estimated advantage scales for different advantage estimators over all tokens
in the trajectory.

This preserves the turn-level reward signal and avoids excessive discounting
through intermediate reasoning tokens. Conversely, the token-wise advantage
estimation provides fine-grained advantage values for each individual token, pre-
serving within-turn differentiation.

Existing methods typically employ either estimator independently or use one
signal to guide the other when both advantages are considered. The equivalence
above provides a theoretical basis for optimizing with both advantage signals
without introducing hierarchical modeling; instead, the two signals can be di-
rectly hybridized. This leads to a hybrid surrogate function using a hybrid ad-
vantage function:

Lhybrid(θ) = E

[
T−1∑
t=0

It−1∑
i=0

log πθ

(
ait|τ it

)(
αAπθ (τt,at) + (1− α)Aπθ

(
τ it , a

i
t

))]
(9)

Formally, the following theorem demonstrates that the hybrid surrogate yields
the same policy gradient as the original objective J(θ).

Theorem 1. Let the discount factors of the turn-wise and token-wise formula-
tions satisfy γt = γIt , where It is the length of turn t. Then, for any α ∈ [0, 1]
in Eq. (9), we have

∇J(θ) = ∇Lhybrid(θ) = ∇Lturn(θ) = ∇Ltoken(θ).

As we will show in Sec. 4.4, the hybrid advantage can also balance the bias–
variance tradeoff. Therefore, utilizing the hybrid advantage is theoretically sound
and effective compared to relying on a single surrogate for advantage estimation.

Naively, the turn-wise and token-wise advantage computations involve dif-
ferent value models, V̂ψ and V̂ψ. One would need to train two separate value
models within the actor-critic framework, which introduces significant compu-
tational overhead and memory usage. However, we demonstrate that by appro-
priately setting the discount factors γ and γ, a single, unified value function can
be employed for the estimation of both turn-wise and token-wise advantages.

Theorem 2. Let the discount factors of the turn-wise and token-wise formula-
tions satisfy γt = γIt , where It is the length of turn t. Then the corresponding
value functions are consistent at the last token of the trajectory, that is,

V π(τt) = V π(τ Itt ) for any turn t. (10)
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Fig. 3: Actor-critic framework with HyGAE: we combine the token-wise advantage and
turn-wise advantage to update the policy model, while broadcasting the turn value with
discounted rewards to learn a unified value model.

Theorem 2 shows that, given the appropriate discount factors, the turn-wise
value V π(τt) is exactly equal to the token-wise value of the final token V π(τ Itt ).
This equivalence implies that we can use exactly one shared value model, Vψ,
which provides turn-wise values at the end of the turn and token-wise values at
intermediate token positions.

4.3 HyGAE Estimation

In practice, following Eq. (3), we can estimate the hybrid advantage value by
combining the turn-wise and token-wise advantage estimates. As shown in Fig. 3,
we first calculate the turn-wise advantage estimate by

Ât =

T−t∑
t′=0

(γλ)t
′
δt′ , where δt′ = rt′ + γV̂ψ(τt′+1)− V̂ψ(τt′) (11)

We then calculate the token-wise advantage value Aπθ (τ it , a
i
t) by

Âit =

I−i−I<t∑
i′=0

(γλ)i
′
δ(i

′+i+I<t), where δ(i
′) = r(i

′)+ γV̂ψ

(
τ (i

′+1)
)
− V̂ψ

(
τ (i

′)
)

(12)

For simplicity, we use the superscript (i′) to denote the global token index in the
whole trajectory. Here, V̂ψ is the value model in the actor-critic framework.

Finally, we combine the turn-wise and token-wise advantage values to obtain
the hybrid advantage value Âit by Eq. (13).

Âit = αÂt + (1− α)Âit, α ∈ [0, 1] (13)

where α is a hyperparameter that weights the turn-wise signal against the token-
wise signal. As shown in Fig. 2, the hybrid advantage estimation provides fine-
grained advantage values for each individual token, while being less discounted
by the intermediate tokens.
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Algorithm 1 HyGAE

Input: Policy πθ; Value Model V̂ψ.
1: for each iteration k = 0 to K do
2: Interact with the environment and collect trajectory τ (see Eq. (6)), which

contains T turns.
3: for each turn t = T − 1 to 0 do
4: Obtain turn-wise advantage Ât and return Ĝt via turn-wise GAE in Eq. (11)

and Eq. (16).
5: Obtain token-wise advantage Âit and return Ĝit via token-wise GAE in

Eq. (12) and Eq. (15).
6: for each token i = It − 1 to 0 do ▷ HyGAE advantage estimation
7: Calculate the hybrid advantage Âit via Eq. (13).
8: Construct the training target for the turn-wise value model by broad-

casting the turn-wise return with discounted rewards to each token position via
Eq. (16).

9: Calculate the hybrid return Ĝit via Eq. (17).
10: end for
11: end for
12: Update the policy πθ and value model V̂ψ via the policy loss in Eq. (14) and

the TD loss with the target in Eq. (17).
13: end for
14: Return policy πθ and value model V̂ψ.

We employ the clipping technique in Proximal Policy Optimization (PPO)
[34] to improve training stability. The empirical surrogate loss function derived
from Eq. (9) can be written as

L̂hybrid(θ) = Ê

[
T−1∑
t=0

It−1∑
i=0

min
(
ρit(θ)Â

i
t, clip(ρ

i
t(θ), 1− ϵ, 1 + ϵ)Âit

)]
(14)

where ρit(θ) := πθ(a
i
t|τ it )/πθ′(ait|τ it ) is the likelihood ratio.

A critical practical consideration is the calculation of the target return used to
update this shared value model V̂ψ. While returns from either the turn or token
level could be used, they exhibit significantly different bias-variance profiles.
Computing the token-wise return following Eq. (3) is straightforward,

Ĝit = Âit + V̂ψ(τ
i
t ) (15)

Conversely, the turn-wise GAE only provides a single return at the end of the
turn. To compute the hybrid return in the middle of the turn, we must broadcast
the turn-wise return back to each intermediate token position by summing the
discounted rewards from the current token index to the end of the turn:

Ĝi
t = Ât +

It∑
k=i+1

γk−irk + V̂ψ(τt) (16)
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Therefore, as illustrated at the bottom of Fig. 3, we calculate a hybrid return
to combine the turn-wise and token-wise returns:

Ĝit = αĜi
t + (1− α)Ĝit, (17)

We demonstrate in Sec. 5.3 that this specific formulation of the hybrid return is
crucial for optimizing the performance of the value model.

Regarding environmental consistency, the token-level rewards should formally
aggregate perfectly into the turn-level rewards. In practice, token-level rewards
often consist of very small KL-divergence penalties. We found it empirically
beneficial not to aggregate these micro-rewards into the final turn-level reward
R(i). We show both of these design choices in Sec. 5.3.

The full procedure for calculating these mixed signals is summarized in Al-
gorithm 1. Once the estimated advantage Ait and return Git are computed, the
policy and value networks are updated via the standard PPO loss.

4.4 Bias and Variance Analysis

We compare the bias and variance of the turn-wise and token-wise advantage
estimators. We define the bias of the token-wise advantage estimator Âit as
bias

(
Âit

)
=

∥∥∥E [
Âit | τ it , ait

]
−Aπ(τ it , a

i
t)
∥∥∥
∞
, where ∥ · ∥∞ denotes the infinity

norm. Similarly, we can define bias(Ât) for the turn-wise estimator.

Theorem 3 (Bias Comparison). Let emax := ∥V̂ − V π∥∞, and I = mint It.
Then

bias
(
Ât

)
≤

(
1 +

γI(1− λ)

1− γIλ

)
︸ ︷︷ ︸

bturn

emax, bias
(
Âit

)
=

(
1 +

γ(1− λ)

1− γλ

)
︸ ︷︷ ︸

btoken

emax, bturn ≤ btoken.

Theorem 4 (Variance Comparison). Let σmax := sup var(δ(i)), and I =
maxt It. Then

var
(
Ât

)
≤

(
1− γI

(1− γ)(1− γIλ)

)2

︸ ︷︷ ︸
vturn

σmax, var
(
Âit

)
≤

(
1

1− γλ

)2

︸ ︷︷ ︸
vtoken

σmax, vturn > vtoken.

The above theorems show that the turn-wise estimator tends to have smaller
bias but larger variance compared to the token-wise estimator. These results
reveal a bias–variance tradeoff between the turn-wise and token-wise estimators,
and our hybrid approach balances the two by combining them. All proofs are
provided in Appendix A.
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5 Experiments

5.1 Setup

Environment: We evaluate HyGAE across five decision-making benchmarks, fol-
lowing the protocols established in [10, 44]. These environments require Vision-
Language Models (VLMs) to process visual observations and generate natural
language actions to interact with the environment.

– Sokoban [32]: Evaluates spatial reasoning and long-term planning. The
agent must push boxes onto target positions on a grid using actions: up,
down, left, right.

– FrozenLake(F.Lake) [43]: Tests path planning under constraints. The agent
navigates from a start to a goal while avoiding holes, using the same discrete
action space as Sokoban.

– Navigation [19, 50]: Assesses visual grounding and instruction following.
The agent navigates to a target within 1.5 meters using an 8-action space
related to move, turn, and look. We test both direct instructions and complex
scenarios involving common-sense reasoning.

– Primitive Skill [16,25,39,41]: Focuses on robotic manipulation. The agent
performs tabletop tasks (place, stack, draw, align) using continuous parame-
terized actions: pick(x,y,z), place(x,y,z), and push(x1,y1,z1,x2,y2,z2).

– VIRL [48]: A real-world navigation task using street-view imagery. The agent
follows step-by-step instructions to reach a destination using 10 distinct ac-
tions including forward, turn, and stop.

Detailed environment statistics, prompt templates, and evaluation metrics are
provided in Section 2.1 of the Supplementary Material.

Comparison: We compare HyGAE against three categories of models:

1. Proprietary Models: Leading closed-source models including GPT-5 [38],
Gemini 2.5 Pro [14], and Claude Sonnet 4.5 [1].

2. Frozen Open-Source VLMs: Top-performing small-scale models.
3. Reinforcement Learning Methods: We compare the finetuning perfor-

mance of the Qwen2.5-VL-3B backbone using standard reinforcement learn-
ing methods, including Token-PPO [26, 34], Turn-PPO [9, 34], GRPO [15],
RL4VLM [52], and VAGEN-Base [44].

The Qwen2.5-VL-3B backbone was chosen for RL training due to its robust
architecture and extensive community support, facilitating reproducible results.
Training hyperparameters for all baselines are detailed in Section 2.2 of the
Supplementary Material.
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Table 1: Comparison of HyGAE with state-of-the-art methods and models on five
multi-turn decision-making benchmarks.

Model/Method Sokoban F.Lake Navigation Primitive Skill VIRL Avg.
Base CS Place Stack Draw Align ID OOD

Proprietary Models

GPT-5 [38] 0.7 0.77 0.75 0.81 1 0.63 0 1 0.06 0.56 0.63
Gemini 2.5 Pro [14] 0.58 0.78 0.63 0.63 0.63 0.63 0 0.75 0.16 0.39 0.52
Claude Sonnet 4.5 [1] 0.31 0.8 0.67 0.67 0.63 0.5 0 1 0.09 0.44 0.51

Frozen Open-Source Models

Qwen2.5-VL-3B [6] 0.18 0.13 0.34 0.28 0 0 0 0 0 0 0.09
Gemma-3-4B [42] 0.07 0.05 0.03 0.02 0 0 0 0 0 0 0.02
VLM-R1-3B [35] 0.16 0.10 0.34 0.15 0 0 0 0 0.03 0 0.08
Cosmos-R1-7B [2] 0.14 0.23 0.01 0 0 0 0 0 0 0 0.04
Qwen3-VL-4B [5] 0.27 0.08 0.01 0 0 0 0 0 0 0 0.04

Reinforcement Learning Methods

Token-PPO [26] 0.59 0.72 0.90 0.84 1 1 0.99 0.95 0.16 0.94 0.81
Turn-PPO [9] 0.38 0.70 0.78 0.84 0 0 0 1 0.09 0.94 0.47
GRPO [15] 0.20 0.57 0.88 0.81 0 0 0 1 0.03 0.28 0.38
RL4VLM [52] 0.20 0.35 0.86 0.78 0 0.95 0 0.98 0.38 1 0.55
VAGEN-Base [44] 0.61 0.71 0.78 0.80 1 0.88 0.88 0.88 0.06 0.83 0.74
HyGAE(Ours) 0.83 0.80 0.90 0.86 1 1 1 0.99 0.72 1 0.91

5.2 Results

As illustrated in Tab. 1, proprietary models consistently outperform open-source
alternatives by a wide margin. Specifically, while all proprietary models achieve
an average score exceeding 0.5 across the five benchmarks, their open-source
counterparts struggle to surpass the 0.1 threshold. Notably, even with the evolu-
tion of general-purpose small models, progress remains inconsistent. For instance,
while transitioning from Qwen2.5-VL-3B to Qwen3-VL-4B yields a localized im-
provement on Sokoban (rising from 0.18 to 0.27), this gain is overshadowed by
a systemic decline across other benchmarks. Consequently, the overall average
score drops from 0.09 to 0.04. This disparity implies the critical necessity of
multi-turn RL training to instill robust sequential decision-making capabilities
in VLMs, bridging the gap toward real-world applications.

Among reinforcement learning methods, token-wise methods such as Token-
PPO achieve an average score of 0.81, and VAGEN-Base reaches 0.74, consis-
tently outperforming their turn-wise counterparts. In contrast, turn-level method-
ologies such as Turn-PPO and RL4VLM exhibit diminished efficacy, yielding
average scores of only 0.47 and 0.55, respectively. This decline is primarily at-
tributed to the omission of fine-grained token-level guidance, which is indispens-
able for stable autoregressive generation. Furthermore, while GRPO has emerged
as a cornerstone for single-turn reasoning, its inability to leverage intermediate
rewards at the turn level leads to an average performance of 0.38 across the five
benchmarks.

HyGAE achieves SOTA performance across all benchmarks. Specifically, our
method reaches 0.83 on Sokoban and 0.80 on Frozen Lake, while maintaining a
high average score of 0.88 on Navigation. Remarkably, HyGAE achieves a near-
perfect average score of 1.0 on Primitive Skill and a robust 0.86 on the VIRL
task. By synergistically leveraging the mixed advantage for precise credit as-
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signment and the mixed return for stabilized value training, our method effec-
tively bridges the gap between high-level reasoning and low-level token genera-
tion. Notably, HyGAE achieves a remarkable average score of 0.91, significantly
outperforming both token-wise and turn-wise baselines and demonstrating its
robustness in complex, multi-turn interaction scenarios.

Fig. 4: Key design factors for the performance of our algorithm: value model training,
advantage aggregation, and value selection for constructing turn-level advantages.

5.3 Key to the Success of HyGAE

During development, we identify several critical design choices that contribute
to the stability and performance of HyGAE. The diagnostic studies in this sub-
section are conducted on the Sokoban task.

The return must be precise. The formulation of the mixed return in Eq. (17) is
critical. We observe that alternative choices, such as broadcasting the turn-level
return uniformly across all tokens within a turn or omitting the value model
entirely (i.e., using REINFORCE), lead to training collapse, as shown in Fig. 4.
This observation aligns with known challenges in PPO for language models,
where training the value model is difficult [36,37]. The formulation of the hybrid
return in Eq. (17) provides the precise target and necessary variance reduction
to stabilize the value function Vψ throughout training.

Aggregation of small token-wise rewards is optional. As discussed in Sec. 4.3,
strictly speaking, additional token-level rewards, e.g ., KL-divergence penalties,
should be aggregated into the turn reward when computing the turn-level ad-
vantages. This ensures that the system provides exactly the same reward from
the token-wise and turn-wise RL perspectives. However, since these rewards are
typically small, we show in Fig. 4 that aggregating them at the turn level or not
leads to similar results.

Which value should be used for the broadcasted turn-wise advantage? As dis-
cussed in Sec. 4.3, computing the broadcasted turn-wise advantage for interme-
diate tokens requires selecting an appropriate value estimate. We evaluate two
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strategies: 1) using the token-specific value, which provides fine-grained, state-
dependent guidance but relies on potentially noisy broadcasted intermediate
value; or 2) using the turn-level value as a constant baseline for all tokens within
a turn. Our empirical results in Fig. 4 show that the theoretically grounded
choice of using the turn-level value is sufficiently robust.

Numerical analysis on bias-variance. We further examine the bias-variance trade-
off on Sokoban by comparing the stability of PPO and HyGAE across runs. PPO
obtains a success rate of 0.5797±0.2105, whereas HyGAE reaches 0.8222±0.0711.
This result indicates that HyGAE not only improves the average performance
but also substantially reduces variance, suggesting a more stable optimization
process.

5.4 Ablation Study on α

Table 2: Ablation study on the mixing coefficient α.

α 0 0.25 0.5 0.75 1

Sokoban 0.59 0.64 0.83 0.78 0.38
FrozenLake 0.72 0.76 0.80 0.73 0.70
Primitive Skill (avg.) 0.98 0.73 1.00 0.73 0.25

We ablate the mixing coefficient α used in both the hybrid advantage in Eq. (13)
and the hybrid return in Eq. (17), where α controls the balance between turn-
level and token-level signals. In this setting, α = 0 corresponds to Token PPO,
α = 1 reduces to Turn PPO with broadcasted values, and α = 0.5 is our default
configuration. As shown in Tab. 2, the default choice α = 0.5 achieves the best
performance on Sokoban, FrozenLake, and Primitive Skill. The intermediate
mixtures also generally outperform the pure turn-wise setting, suggesting that
combining token-level and turn-level credit assignment provides a more reliable
training signal.

5.5 Qualitative Analysis

We compare the frozen Qwen2.5-VL and HyGAE model to investigate their
decision-making behaviors in Fig. 5. To improve the readability, we modify the
output template and highlight the observation, reasoning, prediction, and an-
swer here. The frozen model falls into repetitive and non-adaptive action loops.
In both environments, the frozen model consistently outputs the same action
across multiple turns, even when the action has no effect on the environment. In
contrast, our model demonstrates an active response to environmental feedback:
after an initial "Right" action yields no progress, it immediately incorporates
this failure and pivots its strategy, correctly executing a "Left" move in the sub-
sequent turn to reach the box. In the VIRL environment, our model explicitly
follows the instruction and reaches the destination.



Hybrid Advantage Estimation for VLM Agents 15

Frozen Qwen2.5-VL HyGAE
Obs. The box is to the left of the player
and the target is directly above the
player. Reasoning. The player needs to
push the box to the target, which is di-
rectly above the player. Pred. The player
will be above the box and target, and the
target and box will be at the same row.
Answer. Down.

Obs. The box is to the left of the player
and the target is to the left of the player.
Reasoning. The box needs to be moved
to the target. The player can move right,
up, or down to reach the box. Pred. The
player will move right to reach the box.
Answer. Right.

Obs. The box is to the left of the player
and the target is directly above the
player. Reasoning. The player needs to
push the box to the target, which is di-
rectly above the player. Pred. The player
will be above the box and target, and the
target and box will be at the same row.
Answer. Down.

Obs. The box is to the left of the player
and the target is to the left of the player.
Reasoning. The box needs to be moved
to the target. The player can move left,
up, or down to reach the box. Pred. The
player will move left to reach the box.
Answer. Left.

Obs. The box is to the left of the player
and the target is directly above the
player. Reasoning. The player needs to
push the box to the target, which is di-
rectly above the player. Pred. The player
will be above the box and target, and the
target and box will be at the same row.
Answer. Down.

Obs. The box is to the left of the player
and the target is to the left of the player.
Reasoning. The box needs to be moved
to the target. The player can move left or
down to reach the box. Pred. The player
will move left to reach the box. Answer.
Left.

– – – – – – – – – – – – – – – – – – – – – – – – – – – –
Obs. The scene contains buildings with
glass facades, a blue sign, trees, and
a sign for “The Langham, Melbourne.”
Reasoning. The instruction requires fac-
ing northeast, moving forward until the
next intersection, and then turning left
to face northeast. Pred. Continue for-
ward to the next intersection. Answer.
forward.

Obs. I am facing east. Reasoning.
First instruction is to turn right to face
east. Pred. I will turn right. Answer.
turn_direction(east), forward().

Obs. The scene again shows the same
buildings, trees, and road context. Rea-
soning. The model repeats that it should
face northeast, move forward until the
next intersection, and then turn left.
Pred. Continue forward to the next in-
tersection. Answer. forward.

Obs. I am facing east. Reasoning. I
have turned right, now I need to move
forward. Pred. I will move forward. An-
swer. forward(), turn_direction(north),
forward().

Obs. The scene still contains the same
road and building context. Reasoning.
The model repeats the previous plan to
turn left, move forward until reaching
the next intersection, and then continue.
Pred. I should continue forward to the
next intersection. Answer. forward().

Obs. I am facing north. Reasoning. I
have turned right, now I need to move
forward. Pred. I will move forward. An-
swer. forward().

Fig. 5: Qualitative examples on Sokoban (up) and VIRL (bottom) with readable tem-
plate. The frozen model repeatedly predicts ineffective actions or repeats a static plan,
whereas HyGAE updates its actions after receiving feedback and uses previous actions
and observations to maintain multi-turn consistency.

6 Conclusion

In this paper, we study the problem of training Large Vision-Language Models
for multi-turn decision-making tasks. In these tasks, at each turn, the model
must reason over intermediate visual states and make decisions based on its
internal reasoning. We propose HyGAE, an agentic reinforcement learning algo-
rithm employing the actor-critic framework. Specifically, we introduce a hybrid
advantage that combines a lightly discounted turn-level advantage for decision
making with a token-level advantage that better supports general language gen-
eration, while using a unified critic for efficient training. We theoretically prove
the validity of this hybrid formulation and show that the resulting framework
achieves both low variance and low bias. In experiments with 3B-scale VLMs
across five decision-making benchmarks, our method consistently outperforms
prior approaches. We further provide quantitative and qualitative analyses to
enable a deeper understanding of our algorithm.
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