
A. Pseudocodes

We present the GTR-Turbo pseudocodes, both for the SFT and KL thought guidance variants.

Algorithm 1 Training Procedure of GTR-Turbo (SFT)
1: Input: Environment env, agent model πθ0 , Replay buffer size B, update epoch K
2: C ← [πθ0 ] ▷ Checkpoint buffer
3: D ← ∅ ▷ Thought dataset
4: for k = 0 to K − 1 do
5: B ← ∅ ▷ On-policy RL data buffer
6: Obtain π

(k)
merged by merging all checkpoints in C ▷ Eqn. 3

7: ot = env.reset()
8: while |B| < B do
9: Generate (tht, at) using πθk given ot

10: Generate (t̂ht, ât) using π
(k)
merged given ot ▷ Reference thought

11: rt, ot+1 = env.step(at)
12: B ← B ∪ (ot, at, rt, ot+1)

13: D ← D ∪ (ot, t̂ht)

14: Sample mini-batch b from B, d from D
15: Compute LPPO with b
16: Compute LSFT with d ▷ Eqn. 2
17: θk+1 = argminθ(LPPO + LSFT) ▷ Eqn. 5
18: C ← C ∪ πθk+1

19: Output: πθK

Algorithm 2 Training Procedure of GTR-Turbo (KL)
1: Input: Environment env, agent model πθ0 , Replay buffer size B, update epoch K
2: C ← [πθ0 ] ▷ Checkpoint buffer
3: for k = 0 to K − 1 do
4: B ← ∅ ▷ On-policy RL data buffer
5: Obtain π

(k)
merged by merging all checkpoints in C ▷ Eqn.3

6: ot = env.reset()
7: while |B| < B do
8: Generate (tht, at) using πθk given ot

9: Calculate RevKL
(
πθk , π

(k)
merged; tht

)
▷ Eqn. 6

10: rt, ot+1 = env.step(at)
11: B ← B ∪

(
ot, at, rt − β · RevKL

(
πθk , π

(k)
merged; tht

)
, ot+1

)
12: Sample mini-batch b from B
13: Compute LPPO with b
14: θk+1 = argminθ LPPO
15: C ← C ∪ πθk+1

16: Output: πθK

In GTR-Turbo (KL), β controls the contribution of the reserve KL term within the reward. Throughout this paper, we use
the default setting of β = 1.



B. Additional Details on Training
B.1. Training Setting
Drawing inspiration from the common practice in RL post-training frameworks, [3, 5, 7], we perform one epoch of supervised
fine-tuning on the base Qwen2.5-VL [1] model before RL training, so that the agent possesses a basic instruction-following
capability. The datasets are sourced from the RL4VLM paper [7], with labels for the Points24 provided by a task solver and
labels for the ALFWorld environment generated by GPT-4V.

B.2. Hyperparameters
We provide the hyperparameters used for GTR-Turbo training in Table 1, which are primarily derived from previous work
[5, 7]. We employ LoRA [2] to fine-tune the entire VLM model.

Hyperparameter Value

General Setup - Training
Learning rate CosineAnnealingLR

Initial learning rate 1e− 5
Final learning rate 1e− 9
Maximum learning rate step 25
Discount factor γ 0.9
GAE λ 0.95
PPO entropy coefficient 0.01
PPO value loss coefficient 0.5
PPO clip parameter c 0.1
PPO epoch 4
Gradient accumulation steps 128
LoRA r 128
LoRA α 256
LoRA dropout 0.05
KL loss coefficient β (for KL guidance) 1

General Setup - Models
Generation max text length 256
Generation temperature 0.2
Generation repetition penalty 1.2
Model Merging Method TIES
TIES Density 0.8
Teacher Generation base temperature (for SFT guidance) 0.2
Teacher Generation max temperature (for SFT guidance) 0.9
Teacher Generation temperature retry coefficient (for SFT guidance) 1.1

For Points24 task
Environmental steps 30000
Thought probability coefficient 0.5

For ALFWorld task
Environmental steps 20000
Thought probability coefficient 0.2

Table 1. Hyperparameters of GTR-Turbo



C. Additional Experiment Results
C.1. Results on stronger and more recent models
We also evaluate the efficacy of GTR-Turbo using the newly released Qwen3-VL-8B-Instruct model. We evaluate on
ALFWorld using the KL variant of GTR-Turbo. The results show that GTR-Turbo remains compatible with the latest model
family, and the stronger base capability of Qwen3-VL leads to improved performance, even surpassing the success rate of
Qwen2.5-VL-32B, a model that is four times larger in scale.

Moreover, we observe that, in general-knowledge reasoning tasks such as ALFWorld, Qwen3-VL can perform RL directly
without any SFT initialization. This suggests that as foundation models continue to evolve, GTR-Turbo may become even
simpler to use and more broadly applicable.
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Figure 1. Result of Qwen3-VL-8B on ALFWorld.

C.2. Additional Experiments on other open-ended tasks
We conduct an experiment on the challenging GUI benchmark Android-in-the-Wild (AitW) [4] using Qwen3-VL-8B-Instruct,
as shown in Table 2. GTR-Turbo still outperforms strong DigiRL and PPO baselines without heavy hyperparameter tuning and
reward shaping. Moreover, we also compare the quality of reasoning traces between PPO and GTR-Turbo using GPT-5.2 with
a simple LLM-as-a-judge method. These results demonstrate the efficacy of GTR-Turbo across diverse visual environments.

Method Success Rate Reasoning Score

DigiRL 71.9% -
PPO 75.0% 3.26

GTR-Turbo 80.2% 3.93

Table 2. Experiment results on Android-in-the-Wild.

C.3. Pass@k Comparison
Following prior work [6], we use pass@k success rate with increasing k until convergence (k = 32 achieves the same
performance as k = 16) to assess the upper bound of the base model’s capability. Figure 2 shows that the agent trained by
GTR-Turbo can easily surpass the ceiling, indicating that GTR-Turbo enables the model to acquire capabilities beyond its
original distribution.

C.4. Ablation study regarding merging frequency
In Figure 3, we ablate the merging frequency. GTR-Turbo continues to yield appealing results up to a merging interval of 10,
demonstrating its robustness to this hyperparameter.

C.5. Reasoning Score Evaluation
To further verify whether GTR-Turbo can mitigate “thought collapse”, we employ an LLM-as-a-judge approach using GPT-5.2
to evaluate the quality of agent-generated reasoning traces during RL in terms of factual correctness, logical rigor, and
coherence. Figure 4 shows that the RL-trained agent without guidance from the merged teacher exhibits a clear “thought
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Figure 2. Comparison of GTR-Turbo
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collapse” phenomenon. This indicates that the merged checkpoint is certainly a teacher with better reasoning rather than a
simple regularized reference.

D. Additional Details on Environments
We provide a detailed introduction to the experimental environments used in this study.

D.1. Points24
State and action space. At each observation ot in the Points24 task, the agent observes an image showing four poker cards
and a text-based representation of the current formula. The goal is to form a formula equal to 24 using the numbers represented
by the four cards and basic operators. Cards “J”, “Q”, “K” are all treated as number 10. The action space includes {“1”, “2”,
. . ., “10”, “+”, “-”, “*”, “/”, “(”, “)”, “=”}, and each card can only be used once. Selecting a number not present in the image
or one that has already been used is considered an illegal action. If the action is legal, the corresponding number or operator
is appended to the current formula, forming the next observation ot+1; if the action is illegal, the state remains unchanged
ot+1 = ot. The environment does not guarantee that the four cards in the image have a feasible solution equal to 24.

Reward function. At each step, the agent receives a reward r = −1 for outputting an illegal action and a reward r = 0 for a
legal action. The episode terminates when the agent outputs “=” as an action or the step count exceeds T = 20. At termination,
if the formula evaluates to 24, the agent receives an outcome reward r = 10; otherwise, it receives r = −1.

D.2. ALFWorld
State and action space. In the ALFWorld environment in our experiments, the agent receives an RGB observation image and
a history of past actions at each observation ot. The action space includes all possible interactions in the current scenario, typi-
cally categorized as: (1) go to {recep}, (2) take {obj} from {recep}, (3) put {obj} in/on {recep}, (4) open {recep},
(5) close {recep}, (6) toggle {obj} {recep}, (7) clean {obj} with {recep}, (8) heat {obj} with {recep}, (9)
cool {obj} with {recep}, where {obj} and {recep} denote objects and receptacles. After an admissible action is taken,
ALFWorld renders the updated scene from the agent’s view as the next observation ot+1. ot+1 = ot if the action is illegal.

Notably, the ALFWorld environment provides both an image and a text description of the observation scene at each step.
As noted in GTR, the VLM agent may rely heavily on textual descriptions rather than visual observations, which contradicts
the purpose of visual agentic tasks. GTR therefore modified the state by removing the text description, which we adopt in
GTR-Turbo. We also align with GTR by including the action history in the input prompt to more closely simulate real-world
scenarios. These adjustments increase the task’s difficulty, thereby emphasizing the agent’s comprehensive visual recognition
and long-horizon decision-making capabilities.

Reward function. The reward of ALFWorld consists of two components. Each observation o has a set of admissible actions
Aadm(s), and illegal actions are penalized. Additionally, each task in ALFWorld has both the final goal gtask and sub-goals gsub,
and achieving these goals also provides rewards. Formally, the reward function can be written as:

r(st, at, st+1|gtask) = 50× 1(st+1 = gtask) + 1(st+1 = gsub)− 1(at /∈ Aadm(s)). (1)
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Figure 5. The Points24 task.
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Figure 6. The ALFWorld task.
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