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ABSTRACT
Interactive multimodal agents must turn raw visual observations
into reliable sequences of structured, language-conditioned actions,
yet training such competence under long horizons and sparse
feedback remains brittle. We present VL-DAC, a lightweight re-
inforcement learning recipe for vision-language agents that is
hyperparameter-robust and easy to deploy. VL-DAC performs PPO
updates at the token level for actions while learning a step-level
value function. This decoupling removes unstable weighting terms
and yields faster, more reliable convergence without introducing
extra tuning knobs. Training a single VLM in one cheap synthetic
environment at a time (MiniWorld, Gym-Cards, ALFWorld, or Web-
Shop) produces policies that transfer beyond their training simu-
lators: +50% relative on BALROG (agentic control), +5% relative
on the hardest split of VSI-Bench (spatial planning), and +2% on
VisualWebBench (web navigation), with no loss in general image
understanding. Together, these results show that a simple, stable RL
procedure can train vision–language agents entirely in simulation
while delivering measurable gains on agentic, spatial-reasoning,
and web-navigation benchmarks.
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1 INTRODUCTION
Large language models (LLMs) behave like capable single-turn
agents in text-only domains, where reinforcement learning (RL) can
be applied without manual annotation [9, 18]. Yet these models still
struggle when tasks require reasoning over many steps, exposing
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Figure 1: Skill transfer after synthetic training. Our method,
VL-DAC, improves agentic control, spatial planning, and
embodied reasoning on BALROG, VSI-Bench, and ERQA. It
demonstrates effective transfer from synthetic environments
to specific-skill benchmarks.

persistent limitations in long-horizon credit assignment and agentic
control, arguably the main bottlenecks to more general capabilities.
These challenges intensify for vision-language models (VLMs) ([29],
[6]): in addition to planning across multiple steps, a VLMmust parse
a constantly changing visual stream. While state-of-the-art VLMs
excel at describing static images and videos, they struggle to decide
what to do next in interactive or dynamic scenes [8, 19].

Collecting high-quality, step-by-step vision-language interaction
data is expensive and slow; most training corpora are limited to
static image-text pairs, producing VLMs that are strong describers
but weak actors. Enabling VLMs to acquire practical, transferable
skills instead requires methods and data that teach multi-step rea-
soning and agentic interaction. Multi-turn training in dynamic
environments may be the main path to this goal. Simulators offer a
practical, scalable alternative, but standard RL algorithms remain
fragile: RL4VLM [36] is highly sensitive to a single coefficient bal-
ancing "thought" and action loss; LOOP [20] aggregates reward
across long trajectories, making credit assignment unreliable in
dynamic settings; ArCHer [41] introduces a learned critic, but its
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stability depends on dense rewards and large off-policy buffers—
both impractical in sparse, long-horizon visual tasks.

Key findings. Experiments across several lightweight simulators—
MiniWorld [7], Gym-Cards, ALFWorld [23], and WebShop [33],
demonstrate that transferable agentic skills can be reliably
acquired by reinforcement learning (RL) training, provided
two conditions are met: (i) the simulator is inexpensive enough
to enable broad exploration, and (ii) the RL algorithm is robust to
hyperparameter variation and can be applied out-of-the-box. In
this setting, skill transfer is driven by RL training itself; attempts
to tune or overfit hyperparameters provide little additional benefit,
and, in practice, are a barrier to scaling. Even modest improvements
on downstream benchmarks are hard-won, progress on established
skill tasks remains nontrivial. Training a VLM in a single, synthetic
simulator is sufficient to yield measurable gains on diverse down-
stream benchmarks. Thus, the main bottleneck is not high-fidelity
simulation, but the practicality and hyperparameter robustness of
the RL learning rule, a prerequisite for large-scale, reproducible
experimentation.

Our approach: Vision-Language Decoupled Actor-Critic (VL-DAC)..
To meet that practicality requirement, we propose VL-DAC, an RL
objective that cleanly separates the learning signals:

• Action loss token-wise Proximal Policy Optimization [22].
• Value loss computed once per environment step, with gradi-
ents stopped at the VLM backbone.

This token/step split, to our knowledge unused at VLM scale, elimi-
nates RL4VLM’s brittle weighting term, avoids LOOP’s sequence-
level credit-assignment pitfalls, and dispenses with ArCHer’s bulky
replay buffer and reward requirement. The outcome is a concise,
environment-agnostic algorithm that converges faster and ports
across simulators with minimal fuss-exactly what is needed to push
RL-trained VLMs into new domains at low cost.

Contributions.

• Vision-Language Decoupled Actor-Critic (VL-DAC). We
propose an RL objective that pairs token-wise PPO updates
with a step-level value head whose gradients are stopped
at the VLM backbone; a minimal stabilization kit (KL regu-
larization, value warm-up, and stop-gradient) lets VL-DAC
train without the fragile weighting terms or replay buffers
required by earlier methods.

• Skill transfer from synthetic to targeted tasks. Training
a VLM in one lightweight simulator at a time already pro-
duces notable improvements on targeted skill benchmarks.
This highlights the importance of simulator accessibility and
algorithmic simplicity for agentic skill acquisition.

• Skill-transfer analysis. We present the first systematic
evaluation of how simulator-learned capabilities transfer to
agentic, spatial, and web-interaction tasks, and we ablate
each VL-DAC component to isolate the drivers of stability
and generalization.

Overall, our results show that practical and robust RL training,
combined with low-cost simulators, unlocks new paths for learn-
ing transferable skills in VLMs. VL-DAC provides a step toward

environment scaling and broad skill generalization with minimal
reliance on hyperparameter tuning or brittle engineering.

2 BACKGROUND
2.1 Vision-Language Agents in Interactive

Environments
Wemodel each episode as a finite-horizon Markov Decision Process
(MDP)M = ⟨S,A,P,R, 𝛾⟩, where 𝛾 ∈ [0, 1) is the discount factor.
Unlike classical RL, the state 𝑠𝑡 ∈S is a tuple (x𝑡 , c𝑡 ) consisting of
an RGB image (or stack of images) x𝑡 ∈R𝐻×𝑊 ×3 and an optional
text context c𝑡 (system prompt, dialogue history, etc.).

The action 𝑎𝑡 ∈ A is a sequence of natural-language tokens
that fully specifies the next low-level step in the environment (e.g.,
"turn_left 15" or "click_button id=OK").

An agent executes a trajectory 𝜏 = (𝑠1, 𝑎1, . . . , 𝑠𝑇 , 𝑎𝑇 ) and seeks
to maximize the discounted return

𝐽 (𝜃 ) = E𝜏∼𝜋𝜃
[ 𝑇∑︁
𝑡=1

𝛾 𝑡−1 R(𝑠𝑡 , 𝑎𝑡 )
]
,

where the policy 𝜋𝜃 (𝑎𝑡 | 𝑠𝑡 ) is parameterized by a large vision-
language model (VLM) and factorizes auto-regressively,

𝜋𝜃 (𝑎𝑡 | 𝑠𝑡 ) =
∏ |𝑎𝑡 |

𝑖=1 𝜋𝜃
(
𝑎
(𝑖 )
𝑡 | 𝑠𝑡 , 𝑎 (<𝑖 )𝑡

)
.

During training, we may additionally learn a state-value func-
tion 𝑉𝜙 (𝑠𝑡 ) = E𝜏∼𝜋𝜃 [

∑
𝑗≥0 𝛾

𝑗R(𝑠𝑡+𝑗 , 𝑎𝑡+𝑗 )], but the way action and
value updates interact differs across methods, as reviewed next. In
VL-DAC, we retain this shared backbone but prevent value-head
gradients from flowing back, thereby eliminating cross-signal in-
terference.

2.2 Existing RL Algorithms for Multi-Step
VLMs & LLMs

Below, we summarize the three baselines that dominate recent
work and pinpoint the specific pain points that motivate our Vision-
Language Decoupled Actor-Critic (VL-DAC) objective introduced in
Section 3.

RL4VLM [36]. The policy is decomposed into a “thought” seg-
ment (𝑎thought) and an “action” segment (𝑎action). RL4VLMmultiplies
token-logits of the thought span by 𝜆 ∈ [0, 1], effectively rescaling
gradient magnitudes:

log𝜋𝜃 (𝑎𝑡 | 𝑠𝑡 ) =

= 𝜆 log𝜋𝜃 (𝑎thought𝑡 | 𝑠𝑡 ) + log𝜋𝜃
(
𝑎action𝑡 | 𝑠𝑡 , 𝑎thought𝑡

)
, (1)

after which, PPO updates are applied at the step level. But 𝜆 needs
to be tuned for each model-environment setup. This makes it hard
to scale the method beyond a single environment and limits envi-
ronment scaling.

LOOP [4]. LOOP employs leave-one-out advantage estimation
and trains an LLM in a multi-step scenario using PPO. Because it
uses PPO, different policy-update levels (token, step, and trajectory)
can be explored; the authors show that the best quality is achieved
at the token level. LOO advantage estimation:
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Figure 2: Vision-Language Decoupled Actor-Critic (VL-DAC)
pipeline. A vision-language model receives RGB frames and
text context, predicts token-wise actions via PPO, and learns
a step-level value head whose gradients are stopped at the
backbone.

𝐴 =
𝐾

𝐾 − 1

(
𝑅
(
𝑠0:𝑇 , 𝑎0:𝑇

)
− 1
𝐾

∑︁
𝑗≠𝑘

𝑅
(
𝑠0:𝑇 , 𝑎0:𝑇

))
. (2)

The approach sidesteps any need for tuning token mixtures but
suffers from extreme credit-assignment noise: a single bad token
can wipe out the reward signal for the entire chain, making long-
horizon tasks hard to learn.

ArCHer [41]. ArCHer trains a critic with bootstrapped one-step
TD [25] at the step level and trains the actor LM from critic feedback.
Since the method is primarily designed to be off-policy, it requires
a large replay buffer. The method works under dense rewards, but
two practical issues emerge when we want to train on-policy (e.g.,
when it is hard to maintain a large buffer) or have sparse rewards
(due to the critic design):

• Replay bottleneck. Memory demands grow with episode
length, which is acute for vision tasks where each step em-
beds a high-dimensional image, multiple images, or video.

• Reward sparsity. When rewards arrive only at episode
termination, the critic’s bootstrap targets become nearly
constant, offering little learning signal.

3 VISION-LANGUAGE DECOUPLED
ACTOR-CRITIC (VL-DAC) TRAINING

VL-DAC preserves the intuitive separation between reasoning and
behavior (thought and action) tokens, as in RL4VLM, but crucially
removes the fragile balancing coefficient by moving the policy loss
to the token level while keeping the value loss at the step level.
Figure 2 illustrates the overall pipeline.

Token-level policy loss. While token-wise RL objectives have ap-
peared in earlier language and vision-language work ([17], [4]),
their combination with step-level value prediction has not been
systematically studied in large VLMs or for multi-step, skill-centric

tasks. Our key innovation is to pair a token-level PPO loss with
step-level value targets, resulting in a decoupled objective that
provides both learning stability and hyperparameter robustness, a
necessity for reliable transfer and scaling. Let 𝑎𝑡 = (𝑎1𝑡 , . . . , 𝑎

|𝑎𝑡 |
𝑡 ) be

the action tokens at time 𝑡 . We apply the PPO loss independently
to each token:

LVL-DAC
policy (𝜃 ) =

− E𝜏
[

1
|𝑎𝑡 |

|𝑎𝑡 |∑︁
𝑖=1

min
(
𝑟𝑡,𝑖𝐴𝑡 , clip(𝑟𝑡,𝑖 , 1 − 𝜖, 1 + 𝜖)𝐴𝑡

)]
,

(3)

where 𝑟𝑡,𝑖 = 𝜋𝜃 (𝑎𝑖𝑡 | 𝑠𝑡 , 𝑎<𝑖𝑡 )/𝜋𝜃old (𝑎𝑖𝑡 | 𝑠𝑡 , 𝑎<𝑖𝑡 ) and the advantage𝐴𝑡

is still computed at the step level using GAE [21].

Step-level value loss. The value function 𝑉𝜙 shares the vision-
language backbonewith 𝜋𝜃 but has a separateMLP head.We predict
𝑉𝜙 (𝑠𝑡 ) once per step:

𝑉𝜙 (𝑠𝑡 ) =MLP𝜙
(
FVLM (𝑠𝑡 )

)
. (4)

The value loss is LValue (𝜙) = 1
2 (𝑉𝜙 (𝑠𝑡 ) − 𝑅𝑡 )

2, using step-level
advantage estimation via GAE [21].

Stabilization. To stabilize training, we adapt classical RL tech-
niques to the VLM setting: we warm up the value head 𝜙 for 𝑛
epochs before updating 𝜃 , block gradients from the value head
into the backbone (StopGrad), and include a per-token forward KL
penalty:

LKL (𝜃 ) = DKL
(
𝜋𝜃 (· | 𝑠𝑡 ) ∥ 𝜋old (· | 𝑠𝑡 )

)
. (5)

Full objective. The total loss is a sum of three terms:

L(𝜃, 𝜙) = LVL-DAC
policy (𝜃 ) + 𝛽 LKL (𝜃 ) + 𝛼 LValue (𝜙) . (6)

Empirically, this decoupled approach delivers more stable learn-
ing and higher final returns than both RL4VLM and LOOP, and
crucially, it enables skill transfer across benchmarks without fragile
hyperparameter tuning on top of standard PPO parameters. This
hyperparameter robustness is vital for scaling RL training to new
environments and skills, as tuning-sensitive objectives break down
under distribution shift or large-scale experimentation. For details
on our prompting setup, see Appendix A.

4 EXPERIMENTS
Our experiments are designed to address four central questions:

Q1 Hyperparameter robustness: Does VL-DAC enable sim-
pler, more robust training than RL4VLM[36] across diverse
simulators? We also analyze the contribution of each stabi-
lization technique (KL penalty, valuewarm-up, stop-gradient),
the sensitivity of RL4VLM’s 𝜆 coefficient (beyond priorwork),
and performance across different model sizes and architec-
tures.

Q2 Credit assignment: How does VL-DAC compare to LOOP
when long-horizon credit assignment is required?

Q3 Skill transfer: Do policies learned in a single, inexpensive
simulator transfer agentic skills to downstream benchmarks?
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Figure 3: Episode success rates/rewards across environments. Success rates/rewards (%) of ourmethod vs. RL4VLM (averaged over
multiple 𝜆 values) on six environments: MiniWorld-Hallway, OneRoom, FourRooms (top row), WallGap, EZPoints, ALFWorld
(bottom row). While RL4VLM requires tuning 𝜆 per environment, our method performs robustly without extra hyperparameter
tuning.

Q4 Scalability: Is the method scalable to tasks that require long-
term planning and specialized domain understanding (e.g.,
WebShop), and how does such training impact web-based
benchmarks?

We first summarize the experimental setup, then tackle the four
questions in turn. We do not include ArCHer in the main-text exper-
iments, since it works poorly under the on-policy scenario (where
the training buffer equals the replay buffer) and when rewards are
sparse (due to the one-step TD bootstrap). For experiments with
ArCHer, see Appendix E.

4.1 Setup
Simulators. We use several lightweight environments: Mini-

World (four navigation tasks) for navigation and route-planning,
Gym-Cards/EZPoints (card-selection logic) as an easy-to-check
environment, ALFWorld (text-conditioned household tasks) for
navigation, spatial reasoning, and agentic capabilities, and Web-
Shop (e-commerce browsing) as a domain that requires long-term
understanding and web-based planning. All produce RGB frames
plus a textual instruction; the agent answers with free-form text
that consists of thoughts and action tokens. The total response is
parsed into environment actions.

Model and training. Wefinetune Qwen2-VL-7B [29]with LoRA [13]
adapters for 25k–50k environment steps, unless otherwise noted.

In tables, base denotes Qwen2-VL-7B. See Appendix B for the hy-
perparameter grid.

Evaluation metrics. Simulator success rate (SR) is the percentage
of episodes that reach the goal. Skill transfer is assessed using
skill-based benchmarks (and their subsets), along with a suite of
captioning tasks to check for regressions. For the full evaluation
setup, see Appendix C.

Compute budget. Training VL-DAC for 50k environment steps on
Qwen2-VL-7B takes 20GPU-hours on a single NVIDIAH100-80GB.
For batch size and other reproducibility parameters see Appendix
B.

4.2 Q1. Stability: VL-DAC vs. RL4VLM
Comparison with RL4VLM.. Figure 3 plots SR over 50k steps

for Hallway, FourRooms, OneRoom, WallGap, ALFWorld, and Gym-
Cards. Curves for RL4VLM are shown as an average of the thought-
coefficient 𝜆 values recommended by the authors; VL-DAC uses the
same optimizer and other hyperparameters, with no extra tuning.
VL-DAC reaches high SR in five of six tasks, whereas RL4VLM
diverges or plateaus whenever 𝜆 is not properly tuned. All RL4VLM
experiments here use the same stabilization techniques as VL-DAC.
For results without average, performance of top 𝜆 per environment
and additional details on runs, see Appendix D.
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Model Setup SR

Qwen2-VL-7B RL4VLM (𝜆 = 0.35) 0.98 ± 0.00
Qwen2-VL-7B RL4VLM (𝜆 = 0.5) 0.93 ± 0.07
Qwen2-VL-7B Our 0.98 ± 0.02
Gemma3-4B RL4VLM (𝜆 = 0.35) 0.55 ± 0.38
Gemma3-4B RL4VLM (𝜆 = 0.5) 0.82 ± 0.14
Gemma3-4B Our 0.93 ± 0.05

Table 1: RL4VLM vs. VL-DAC. Quality of Qwen2-VL and
Gemma over four seeds with varying 𝜆. Qwen2-VL peaks
at 𝜆=0.35 in OneRoom, while Gemma performs best at 𝜆=0.5.
VL-DAC achieves robust, low-variance results across both,
even on the more challenging Gemma3-4B. Standard devi-
ations for RL4VLM on Gemma (bold red) highlight severe
instability.

Stabilization ablation. Figure 4 shows SR on OneRoom when we
add KL regularization, value warm-up, and stop-gradient one at
a time on top of RL4VLM (𝜆=0.3, the best setting for OneRoom in
our experiments). Each component improves convergence speed
and reduces variance; all three together boost convergence, and
replacing the step-level policy loss with VL-DAC’s token-level ob-
jective further increases training stability and final quality. The
illustrated standard deviation intervals were obtained with four
different seeds.

Model and 𝜆 comparison. Table 1 summarizes RL4VLM peak
SR and standard deviation across 𝜆 values and model architec-
tures, alongside VL-DAC’s out-of-the-box results. Each entry ag-
gregates four random seeds per setting. For RL4VLM, both the
optimal SR and the variability across seeds depend heavily on 𝜆
and the model: for example, Gemma3-4B [26] exhibits extremely
high standard deviation (0.38 and 0.14), regardless of 𝜆, which
undermines reproducibility and reliability. Notably, Table 1 also
shows that the best-performing 𝜆 differs between models, even on
the same task—further highlighting that optimal 𝜆 values are not
stable or transferable across architectures. In contrast, VL-DAC
consistently yields strong, low-variance results across models and
settings without the need for delicate hyperparameter tuning.

Bottom line. VL-DAC inherits the best of RL4VLM after the
stabilization tweaks and removes the hyperparameter that still
limits RL4VLM in practice due to the need for tuning.

4.3 Q2. Long-horizon credit: VL-DAC vs. LOOP
We compare VL-DAC and LOOP [4] on four MiniWorld environ-
ments (Hallway, FourRooms, OneRoom, WallGap) characterized
by sparse rewards and long-horizon credit assignment challenges.
As shown in Figure 5, LOOP’s success rate plateaus within 15-30k
steps, whereas VL-DAC continues to improve throughout training.
For LOOP we use the authors’ recommended configuration. This
difference arises from the underlying credit assignment mecha-
nism: LOOP applies the same sequence-level return to every token
(algorithm still updates policy on token-level), resulting in high
variance and diminishing learning signal as training progresses in
long-horizon tasks. In contrast, VL-DAC leverages a step-level critic
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Figure 4: Ablation study of stabilization tricks. Adding KL
regularization, value warm-up, and stop-gradient cuts vari-
ance sequentially; replacing the step-level policy loss with
VL-DAC’s token-level objective yields the smooth ascent re-
ported in Figure 3.

Base ALFWorld-tuned

𝐵𝑎𝑙𝑟𝑜𝑔𝑛𝑎𝑖𝑣𝑒 3.21% ± 0.75% 4.19% ± 0.92%
𝐵𝑎𝑙𝑟𝑜𝑔𝐶𝑜𝑇 3.94% ± 0.98% 6.02% ± 1.19%

Table 2: Balrog performance across prompting strategies.
RL training (notably VL-DAC) raises scores even with naive
prompts, and Chain-of-Thought prompting adds a further
>50% boost.

to provide stable, well-shaped advantages at each update, enabling
continued learning even when rewards are rare or delayed.

In long-horizon, sparse-reward settings, rewards on sequence-
level as in methods like LOOP stall, whereas VL-DAC’s decoupled
token/step objective continues improving, yielding higher success
rate.

4.4 Q3. From MiniWorld/ALFWorld to
skill-based benchmark tests

Tables 2 and 4 report downstream skill scores after training in a
single simulator at a time.

The𝐵𝐴𝐿𝑅𝑂𝐺 benchmark [19] targets long-horizon, agentic skills
essential for solving videogame-style tasks, arguably the challeng-
ing behaviors to acquire through synthetic training. Table 2 shows
that even single-simulator RL training delivers clear improvements
on BALROG, with Chain-of-Thought prompting amplifying gains
by over 50%. This is particularly remarkable given BALROG’s dif-
ficulty and the minimal data and compute expended. Other skill
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Figure 5: Long-horizon credit assignment: VL-DAC vs. LOOP. On four sparse-reward MiniWorld tasks, LOOP plateaus once
early successes exhaust its high-variance sequence-level gradient, whereas VL-DAC continues improving. Token-level updated
with step-level advantages and a step-wise critic unlock sustained learning.

benchmarks also show consistent improvement under different
training strategies. 𝑉𝑆𝐼 -Bench [32] subsets measure spatial rea-
soning and planning; 𝐸𝑅𝑄𝐴 [27] assesses spatial understanding;
𝑀𝑢𝑖𝑟𝐵𝑒𝑛𝑐ℎ [28] coversmulti-image reasoning; Video-MMEspatial [11]
checks spatial reasoning in video.

• BALROG: Training with ALFWorld yields a >50% rela-
tive improvement in agentic success, with further gains
under Chain-of-Thought prompting. This underscores that
multi-step RL environments provide more than surface-level
skills,they directly enable the emergence of complex, agentic
behavior. Results on BALROG reported over 4 seeds.

• Skill-specific benchmarks: ALFWorld training yields a
+5% relative gain on the VSI-Bench route-planning task,a
type of data that is hard to collect for supervised finetun-
ing, and similar, environment-aligned gains on other subsets.
Improvements on ERQA (naive and CoT [30]), MuirBench,
and Video-MMEspatial confirm that learned skills general-
ize across spatial and multimodal reasoning tasks. All skill
results are single-seed due to the scale of the datasets.

• General image and video understanding: Table 3 shows
that general performance is maintained,or even improved,
across major vision-language benchmarks ([38], [11], [39],
[35], [16], [34], [14], [40], [11], [5], [31]), with largely main-
tained captioning or perceptual ability after skill-focused RL
finetuning.

It is worth noting that prior work with supervised learning of-
ten required carefully curated, large-scale datasets to achieve even
modest gains on these benchmarks, sometimes with tradeoffs in
performance elsewhere. Here, lightweight RL training in one syn-
thetic simulator already delivers measurable, broad-based improve-
ments,most notably on challenging, agentic tasks like BALROG.

4.5 Q4. A different domain: WebShop →
VisualWebBench

We next train in WebShop for only 2k steps (due to compute
constraints). Despite this short training budget, VL-DAC lifts Vi-
sualWebBench accuracy by up to +2 percentage points on various
subsets compared to the base model, indicating that even limited

Benchmark Base ALFWorld OneRoom Hallway

GQA 62.02 62.35 62.06 62.12
Mirb 37.38 36.64 37.25 37.25
MMBenchdev 78.86 78.52 79.04 78.52
MMEperception 1681 1688 1670 1678
MME-RealWorld 41.81 41.46 41.76 42.01
MMStaravg 56.53 57.03 57.51 57.26
MMT-mival 59.90 60.40 60.66 60.47
MMTval 62.10 62.36 62.65 62.71
Video-MME 57.70 58.11 57.40 57.70

Table 3: Benchmark gains for Qwen2-VL finetuned on ALF-
World, MiniWorld-Hallway, and MiniWorld-OneRoom. The
finetuned model surpasses its instruct baseline in temporal
and spatial reasoning, multi-image/video comprehension,
and embodied-AI tasks.

interaction budgets can yield measurable skill improvements. We
also evaluate the impact of models trained on OneRoom on the
same benchmark. All results are reported as mean ± standard de-
viation across 3 seeds. Since some tasks are extraction-based, the
mean result across different runs is the same.

5 DISCUSSION
5.1 From a Simple Recipe to a Two-Stage

Roadmap
Our results outline a concise two-stage roadmap for converting a
vision-language model into a competent interactive agent. Stage 1
is algorithmic: adopt a token-wise PPO objective with a step-level
value head. This decoupling, as realized in VL-DAC, eliminates
brittle mixture coefficients, replay buffers, and tuning-sensitive
knobs, yielding a hyperparameter-robust learner that scales cleanly
across model sizes without retuning. Stage 2 is environmental:
expose the agent to lightweight simulators covering diverse ac-
tion spaces, navigation, manipulation, logic, and browser-based
interaction. Stage 1 guarantees a practical, stable RL recipe; Stage 2
provides the behavioral coverage needed for effective skill transfer.
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VSI-Benchroute plan VSI-Benchrelative direction ERQAnaive ERQACoT MuirBench Video-MMEspatial
Base 30.93 32.01 38.25 39.00 41.23 64.8
ALFWorld-tuned 32.47 31.61 39.00 39.25 42.58 66.7
OneRoom-tuned 31.96 33.05 39.25 38.50 41.12 66.7

Table 4: Skill-specific benchmarks. Models trained in two different environments outperform the base model in their corre-
sponding skill categories.

web caption webqa heading ocr element ocr element ground action prediction action ground

𝑏𝑎𝑠𝑒𝑛𝑎𝑖𝑣𝑒 27.81 ± 0.11 71.44 ± 0.00 75.62 ± 1.26 82.36 ± 0.00 87.49 ± 0.14 4.98 ± 0.00 83.50 ± 0.00
𝑏𝑎𝑠𝑒𝑐𝑜𝑡 28.38 ± 0.20 61.11 ± 0.11 74.83 ± 0.00 78.75 ± 0.01 83.29 ± 0.00 6.17 ± 0.21 78.32 ± 0.56
𝑊𝑆𝑛𝑎𝑖𝑣𝑒 29.31 ± 0.02 70.32 ± 0.00 76.34 ± 0.00 83.49 ± 0.22 87.33 ± 0.14 5.34 ± 0.00 82.52 ± 0.00
𝑊𝑆𝑐𝑜𝑡 29.04 ± 0.12 62.58 ± 0.05 72.66 ± 0.00 79.95 ± 0.00 84.02 ± 0.00 6.41 ± 0.00 78.64 ± 0.00
𝑂𝑅𝑛𝑎𝑖𝑣𝑒 28.19 ± 0.00 70.91 ± 0.00 74.03 ± 0.12 83.31 ± 0.19 86.68 ± 0.00 3.91 ± 0.00 84.47 ± 0.00
𝑂𝑅𝑐𝑜𝑡 29.21 ± 0.00 59.89 ± 0.00 74.44 ± 0.34 76.20 ± 0.24 83.78 ± 0.00 6.05 ± 0.00 78.64 ± 0.00

Table 5: VisualWebBench breakdown. A short 2k-step WebShop run with VL-DAC improves overall accuracy, with web-
captioning and UI-action metrics benefiting most. WS refers to WebShop, OR to OneRoom.

Importantly, this approach proves especially effective for agentic
tasks: achieving measurable improvements on challenging bench-
marks such as BALROG highlights the capacity of such approach
to increase real decision-making and planning abilities.

5.2 Why Simulator Diversity Matters
Performance gains track the breadth of acquired skills. Training
solely on ALFWorld imparts agentic priors that drive a greater
than 50% improvement on BALROG, highlighting the challenge
and significance of agentic benchmarks. ALFWorld and MiniWorld
environments jointly contribute to spatial planning and reasoning,
lifting VSI-Bench scores by 5% relative. WebShop, though brief,
injects UI-sequencing patterns that yield up to 2% absolute im-
provement on VisualWebBench. In sum, diverse simulators enable
broad, transferable skill acquisition not achievable via single-task
or static-image pretraining.

5.3 Limitations and Open Challenges
• Sparse-reward variance. Although the critic converges
even with terminal rewards, the method still struggles in
hard, sparse-reward settings.

• Beyond screen-based tasks. All environments studied
here involve discrete interface actions on rendered images;
continuous-control robotics remains untested.

• Single-agent assumption. VL-DAC does not address co-
operative or adversarial multi-agent settings where credit
must be distributed across agents.

• Memory and planning. Current models struggle to process
and train in environments that require long-term abstract
memory and planning (e.g., MiniWorld-WallGap).

• Task demands. Successful training requires models to pro-
duce strictly structured, machine-parsable outputs and to
maintain coherent chain-of-thought reasoning across steps.

5.4 Future Directions: Scaling the Environment
Spectrum

A promising direction is to procedurally generate curricula that
expand both task horizons and skill requirements as model capacity
increases, similar toMineDojo [10] or Crafter [12] in open-world RL.
We envision an open RL4VLM Gym, in which community contribu-
tions add small, inexpensive environments, fostering a rich spectrum
of interactive domains rather than a single monolithic simulation.
Such a resource would enable systematic study of environment-set
scaling laws: for example, how many distinct interaction types are
required to achieve an additional 𝑛% transfer gain?

Another compelling direction is to explore learning across multi-
ple environments simultaneously, allowing the agent to aggregate
and transfer knowledge acquired from each domain. This could
further enhance generalization and accelerate skill acquisition, com-
pared to sequential or single-environment training.

Algorithmically, VL-DAC could be combined with hierarchical
RL, using the step-level value head to supervise subgoal policies
while token-wise PPO refines low-level text actions, or paired with
memory-augmented transformers to mitigate variance as horizons
extend beyond 100 steps.

5.5 Connection to Prior Work
VLM and LLM training in multi-step scenarios. RL4VLM [36],

LOOP [4], ArCHer [41], and some other domain-specific meth-
ods ([20], [2], [1]) pursue long-horizon training, yet they rely on
delicate mixture coefficients, sequence-level gradients with high
variance, or replay buffers that collapse under sparse rewards. VL-
DAC inherits the stability of PPO-based RLHF while, for the first
time, demonstrating consistent transfer across agentic, spatial, and
web-interaction tasks using the same hyperparameters. These find-
ings underscore that a minimal algorithmic tweak, coupled with a
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diversified simulator set, is sufficient to unlock practical RL training
for VLMs and to endow them with real-world competence.

Benchmarking. Classical perception-centric suites such as MM-
Bench, MME, and Video-MME are indispensable for gauging static
understanding, but they lack the agentic dimension, a capacity to
decide and act under long-horizon feedback. Recent game-based
evaluations like BALROG [19] and VideoGameBench [37] close
this gap by measuring whether models can plan, execute, and adapt
inside fully interactive worlds that resemble classic reinforcement-
learning settings. Our study leverages both families: the perception
benchmarks verify that VL-DAC training leaves core recognition
intact, whereas BALROG [19] exposes the gains in goal-directed
control. The contrast underscores a key takeaway: agentic evalu-
ation is where progress now moves fastest, and RL with brittle
hyperparameters can translate simulator experience into measur-
able improvements on these harder benchmarks.

Real-task transfer. Generalization from synthetic practice to real-
world queries has been actively explored in single-step reasoning re-
search ([3], [24]). Our findings extend that evidence to themulti-step
regime: VL-DAC-trained VLMs master spatial-navigation, manipu-
lation, andweb-interaction skills in cheap simulators and then trans-
fer them to BALROG [19], VSI-Bench [32], and VisualWebBench
[15] with only modest domain gaps. By showing that interactive
rehearsal scales beyond toy boards and text puzzles to full visual
control loops, we strengthen the emerging view that procedural
curricula plus lightweight RL offer a practical path toward robust
real-task competence.

6 CONCLUSION
This work demonstrates that reinforcement learning in synthetic,
interactive environments is a powerful and scalable approach for
advancing vision-language models. By moving from coupled action-
critic optimization to a decoupled, two-level objective, and introduc-
ing stabilization techniques,we substantially improve the stability
and generalization of RL-based training for VLMs. Our method
avoids brittle hyperparameter tuning while achieving strong suc-
cess rates across diverse environments. Crucially, we show that
models trained in these synthetic settings generalize effectively to
both skill-specific and general-purpose benchmarks,outperforming
strong baselines without requiring additional supervision. These
results position RL as a viable, data-efficient alternative to tradi-
tional supervised fine-tuning, opening new directions for training
embodied, multimodal agents capable of reasoning and acting in
complex visual domains. Future work will explore scaling to more
realistic 3D worlds and incorporating longer-horizon planning into
vision-language model training.
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