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Build a block bridge: Place two green bars to form the bridge 

structure, then fill the middle with purple blocks.
User-defined combined task: First stack the cups in order, 

then place the banana into the last cup.

Stack the blocks: Place the green block on top of the blue 

block, then place the red block on top of the green block.

Fig. 1: Overview of EvoVLA on long-horizon and multi-stage robotic manip-
ulation tasks. Our framework suppresses stage hallucination for robust multi-stage
execution. We evaluate on Discoverse-L with three simulation tasks—Bridge, Jujube-
Cup, and Stack—and on real robots with Sim2Real transfer on the same three tasks
plus an on-robot Insert (OOD) task. Across these settings, EvoVLA improves success
rates and sample efficiency while reducing stage hallucination.

Abstract. Vision-Language-Action (VLA) policies fine-tuned with RL
and frozen VLM reward evaluators can produce observations that look
correct without physically completing the task—a phenomenon we for-
malize as stage hallucination. To suppress it, we propose EvoVLA, a
self-supervised framework with three synergistic modules: Stage-Aligned
Reward (SAR) penalizes near-miss states via counterfactual hard nega-
tives in CLIP-based scoring; Pose-Based Object Exploration (POE)
grounds curiosity in relative gripper–object pose; and Long-Horizon
Memory uses selective context retrieval with gated fusion to stabi-
lize credit assignment. We also introduce Discoverse-L, a long-horizon
benchmark (3 tasks, 18–74 stages) with a formal Hallucination Rate met-
ric. Under matched backbones and budgets, EvoVLA achieves 69.2% suc-
cess (+10.2 over OpenVLA-OFT), 1.5× sample efficiency, and reduces
hallucination from 38.5% to 14.8%; real-robot deployment attains 54.6%
(+11.0) across four tasks, confirming Sim2Real transfer.

Keywords: Vision-Language-Action Model · Long-horizon Manipula-
tion · Self-supervised Reinforcement Learning · Robotics
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1 Introduction

Vision-Language-Action (VLA) models unify perception, language, and control
in a single backbone, enabling generalist robot policies [2,7,20,32,50]. A common
recipe for adapting these models is reinforcement learning (RL) fine-tuning with
a frozen vision-language model (VLM) as an external reward evaluator—for
example, scoring each observation against a text description of the target state
via CLIP image-text similarity. This setup works for short-horizon skills, but
when tasks span dozens of semantically distinct stages, a failure mode emerges
that we term stage hallucination: the policy learns to produce observations
that score highly on the VLM evaluator without actually completing the task—
e.g., hovering the gripper above a block may be scored as “object grasped” while
making no physical contact. The root cause is that appearance-based evaluators
cannot distinguish genuine completion from visually similar near-miss states, so
the policy converges to deceptive local optima with inflated success despite zero
real task progress.

Why does this problem persist? We trace it to two gaps that current methods
leave open. (1) Reward signal gap. Standard VLM-based rewards compare
images against only positive/negative text descriptions, leaving a wide margin
for exploitation. Without counterfactual reward signals that penalize near-miss
states, policies can discover visual shortcuts. Self-supervised curiosity [4,30] can
provide denser feedback but relies on pixel-level novelty that collapses in clut-
tered manipulation scenes. (2) Memory fragility. Long-horizon tasks require
persistent stage tracking, yet retaining and leveraging task history remains an
open challenge for VLA-based manipulation [37], and compressing history can
blur stage-specific details, amplifying credit mis-assignment.

These observations motivate EvoVLA (Figure 2), a framework that di-
rectly counteracts stage hallucination through three synergistic modules. Stage-
Aligned Reward (SAR) introduces counterfactual hard negatives—textual
descriptions of near-miss states—into CLIP-based evaluation, penalizing the
policy for producing “looks-correct-but-isn’t” observations. Pose-Based Ob-
ject Exploration (POE) replaces fragile pixel-based curiosity with intrin-
sic rewards grounded in the relative gripper-to-object pose, ensuring explo-
ration is driven by task-relevant geometric changes rather than visual distractors.
Long-Horizon Memory selects Top-K history items via attention, fuses them
through a learned gate, and modulates intrinsic shaping so that progress signals
remain stable across extended episodes. The key insight is that no single compo-
nent suffices: SAR corrects the reward landscape but cannot guide exploration;
POE provides geometrically grounded exploration but needs stable temporal
context; Memory stabilizes learning but requires accurate rewards to gate. Their
synergy is what suppresses hallucination end-to-end.

We do not introduce a new policy backbone or increase model scale. Instead,
we initialize the policy from OpenVLA-OFT and keep the policy architecture
fixed across all comparisons, while fine-tuning the policy with PPO. The CLIP-
based evaluator remains frozen and is used only as an external reward source.
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We evaluate EvoVLA on Discoverse-L, a long-horizon manipulation bench-
mark we construct with three multi-stage tasks (18–74 stages) on the AIRBOT-
Play platform, providing the community with ground-truth stage annotations
for systematic study of hallucination and memory in long-horizon manipulation.
Contributions.

– Problem formalization. We formally define stage hallucination—a fail-
ure mode where VLA policies exploit VLM reward evaluators in long-horizon
RL—and trace its root causes to reward signal gap and memory fragility. To
our knowledge, this is the first systematic study of stage-level hallucination
in long-horizon VLA reinforcement fine-tuning with VLM-based rewards.

– Method. We propose EvoVLA, which counters hallucination through three
synergistic modules: SAR (counterfactual reward correction), POE (pose-
grounded exploration), and Long-Horizon Memory (selective context with
gated shaping). No single module suffices; removing any one forfeits ≥2.4
success points (Table 2).

– Benchmark and empirical results. We introduce Discoverse-L (3 tasks,
18–74 stages) with ground-truth stage annotations and the Hallucination
Rate metric. Under matched backbone and training budget, EvoVLA achieves
69.2% sim success (+10.2), 54.6% real-robot success (+11.0), 1.5× sample
efficiency, and reduces HR from 38.5% to 14.8%.

2 Related Work

VLA Models and RL Fine-Tuning. VLA models [2, 3, 7, 8, 20, 23, 32, 46, 50]
unify perception, language, and control into end-to-end robot policies, with re-
cent work on optimized fine-tuning [19] improving efficiency via action chunking
and continuous regression. Related embodied vision-language systems, including
3D scene understanding and navigation models [15–17, 24, 40, 41], further high-
light the importance of reasoning and memory in interactive environments, but
they do not directly address long-horizon VLA reinforcement fine-tuning under
VLM-based reward evaluators. RL-based post-training [6, 10, 11, 13, 14, 21, 22,
25, 35, 39, 48] further improves VLAs beyond imitation, but depends critically
on reward quality. A common practice is to use VLM-based evaluators (e.g.,
CLIP image-text similarity) as reward functions, yet this introduces the stage
hallucination problem we study: policies exploit coarse appearance-level reward
signals without physical task completion. To our knowledge, existing works do
not explicitly diagnose this failure mode in long-horizon VLA RL or provide a
targeted mitigation mechanism. EvoVLA provides a systematic characterization
of stage hallucination and a principled framework to suppress it.
Intrinsic Motivation and Self-Supervised RL. Self-supervised RL gener-
ates dense intrinsic rewards to alleviate sparse-reward bottlenecks. ICM [30] and
RND [4] define curiosity via prediction errors, Plan2Explore [36] uses trajectory
ensemble disagreement, and RaMP [5] enables zero-shot transfer with random
features. However, all these methods operate on pixel-level representations and
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Fig. 2: EvoVLA overview. Built on OpenVLA-OFT backbone, EvoVLA inte-
grates three modules: Stage-Aligned Reward (SAR) with hard negatives and tempo-
ral smoothing, Pose-Based Object Exploration (POE) via world models, and Long-
Horizon Memory with context selection and gated fusion. The framework couples with
Discoverse-L for training and deploys to real robots.

are brittle in cluttered manipulation scenes where lighting, camera motion, and
irrelevant objects dominate novelty signals. EvoVLA introduces pose-grounded
curiosity that operates in the task-relevant geometric space of relative gripper-
object poses, providing robust intrinsic signals immune to visual distractors.
Reward Shaping and Memory for Long-Horizon Tasks. Potential-based
shaping [12, 27] adjusts returns without changing optimal policies. VLM-based
reward generation [26, 42, 44, 49] leverages pretrained vision-language models
as reward sources, but typically uses only positive-negative contrast without
counterfactual near-miss detection. Memory-augmented systems including Re-
flexion [38] and JARVIS-1 [45] address long-horizon reasoning but rely on non-
end-to-end frameworks or short context windows. Recent memory-augmented
VLA systems, such as MemoryVLA [37], demonstrate the value of incorporat-
ing perceptual-cognitive history for manipulation. EvoVLA differs in that its
memory is explicitly tied to reward-level modulation: it retrieves Top-K stage-
relevant history items and gates intrinsic progress rewards to stabilize credit
assignment in long-horizon RL. Unlike generic contrastive regularization, SAR
hard negatives are stage-conditional and directly coupled to online stage gating
and PPO return shaping.

3 EvoVLA: Method

3.1 Overview

We first formalize the core problem before describing EvoVLA’s architecture.
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Fig. 3: EvoVLA Data Engine. Aligned with Discoverse-L and the video-driven stage
discovery pipeline to close the data–reward–policy loop.

Stage Hallucination: Problem Definition. Consider a VLA policy π fine-
tuned via RL with a VLM-based reward evaluator (e.g., CLIP image-text sim-
ilarity). For a multi-stage task with K stages, the evaluator computes a score
uk(t) = ⟨ϕimg(ot), ϕtext(T

+
k )⟩ comparing the current observation ot to a positive

text description T+
k of stage k completion. Stage hallucination occurs when π

produces observations ot that achieve high evaluator scores uk(t) > θ while fail-
ing to satisfy the actual physical completion criterion ck(t) = 0. This arises be-
cause appearance-based evaluators cannot distinguish genuine completion from
visually similar near-miss states (e.g., “gripper hovering above object” vs. “grip-
per grasping object”). Hallucination causes the policy to converge to deceptive
local optima that inflate reported progress without real task completion.
EvoVLA Pipeline. EvoVLA counteracts hallucination by correcting the re-
ward landscape, grounding exploration, and stabilizing memory. It couples a
task-aligned data pipeline (Figure 3) with long-horizon control modules (Fig-
ure 2). Discoverse-L supplies three AIRBOT-Play tasks with 50 scripted roll-
outs each; we store trajectories in RLDS, compute task-aligned normalization,
and run a multi-step prompting workflow with a VLM (Gemini 2.5 Pro [9] or
open-source alternatives such as Llama-3-Vision/Qwen2-VL; prompt templates
and validation details are provided in the supplementary material) to produce
unified stage dictionaries of positive, negative, and hard-negative predicates. The
same semantics supervise simulation training and Sim2Real deployment; for un-
seen tasks we regenerate the dictionary from 50 teleoperated demonstrations.

The architecture centers on three interacting modules. SAR scores image-
text triplets with CLIP [33] contrast and temporal smoothing, delivering stage-
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faithful dense rewards. POE grounds curiosity in relative gripper-to-object poses
via paired forward/inverse world models to reduce spurious novelty from visual
distractors. Long-Horizon Memory selects salient history tokens via attention-
based context selection and gates intrinsic shaping so progress signals remain
stable. SAR, POE, and Long-Horizon Memory plug into an OpenVLA-OFT
policy initialized from pretrained weights; the policy is fine-tuned with PPO
together with trainable auxiliary modules (world models, memory gates), while
the CLIP reward encoder stays frozen.

Training follows a modular recipe: optionally warm-start with supervised
learning on the rollouts, then apply PPO [35] with task-aligned normalization
while SAR, POE, and memory remain active. The following subsections detail
each component.
Notation. We denote stage index by k ∈ {1, . . . ,K}, active stage by κt, current
observation by ot, and stage triplets by (T+

k , T
−
k , T

h−
k ). Reward terms follow

Eq. (1): ret (extrinsic), rit = rstaget + rcur
t + rprog

t (intrinsic, comprising SAR, POE
curiosity, and memory-gated progress).

3.2 Self-Supervised Reinforcement Learning

The central design principle of EvoVLA is to replace sparse, hackable external re-
wards with dense intrinsic signals that are semantically faithful to task progress.
Unlike prior curiosity methods [4, 30] that operate on raw pixels, our intrinsic
rewards are grounded in (i) stage-aligned contrastive evaluation and (ii) geomet-
ric pose structure. The combined reward at each timestep interpolates extrinsic
and intrinsic terms:

r̃t = (1− ρ) ret + ρ rit. (1)

where ret is the sparse external task reward, rit = rstaget + rcur
t + rprog

t is the
aggregate intrinsic reward (components detailed below), and ρ is the intrinsic
weight (we use ρ = 0.6, selected via sensitivity analysis in the supplementary
material).
Stage-Aligned Reward. We evaluate stage completion through image-text
contrastive learning, producing dense reward signals to guide policy learning.
The key insight is that standard positive-negative contrastive learning is insuffi-
cient, so we need hard negatives that capture near-miss states to prevent policies
from exploiting visual shortcuts.

Triplet text generation. For each stage k, an automated prompting workflow
(e.g., Gemini 2.5 Pro [9] or Llama-3-Vision; templates and prompt compatibil-
ity are provided in the supplementary material) generates a stage dictionary
providing a triplet: positive T+

k (completion state), mutually-exclusive negative
T−
k , and counterfactual hard negative Th−k (near-miss). The hard negative uses

spatial/contact predicates (e.g., “grasping non-target object”) rather than visual
features (e.g., “grasping blue cup”), ensuring robustness to appearance variations.

Image-text contrastive scoring. Given VLM encoder ϕ (CLIP [33]), we com-
pute stage-aligned scores by comparing image observations against the triplet
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text descriptions:

uk(t) = σ
(
τ [s+k (t)−max{s−k (t), s

h
k(t)}]

)
,

uk(t) ∈ [0, 1].
(2)

where s+k (t) = ⟨ϕimg(ot), ϕtext(T
+
k )⟩ (similarly for s−k (t), s

h
k(t)), τ is the temper-

ature parameter, and σ is the sigmoid function.
Why hard negatives suppress hallucination. Without Th−k , policies can exploit the
coarse “task done” vs. “task not started” distinction by producing observations
with high s+k (t) (e.g., hovering near the target) without physical completion. The
max{s−k (t), shk(t)} term in Eq. (2) penalizes near-miss states (high shk(t)) even
when s+k (t) is high. Although the CLIP encoder is frozen, uk(t) shapes policy
optimization through PPO returns built from Eq. (1), so observations match-
ing hard negatives are consistently down-weighted. Prior work [42, 44] supports
that image-text similarity captures spatial relations, and our ablation (Table 2)
confirms SAR reduces hallucination by 15.1 points.

Temporal smoothing. To stabilize score fluctuations and prevent noisy reward
signals, we maintain a running average ūk that is updated smoothly over time:

ūk(t) = (1− α)ūk(t− 1) + αuk(t). (3)

where α is the smoothing coefficient. The stage reward is then computed as the
progress in these smoothed scores:

rstaget = ūκt
(t)− ūκt

(t− 1). (4)

where κt is the current active stage. We advance to stage κt + 1 when a slid-
ing window (size m = 8) of recent rstage values exceeds a threshold, indicating
sustained progress in the current stage (implementation details are in the sup-
plementary material). This approach filters out transient score fluctuations while
preventing premature transitions. To ensure semantic robustness, these stage dic-
tionaries are subjected to automated validation filters, and stress tests (Supp.
Tab. 3) confirm that gains depend on correct stage-conditional semantics rather
than any specific VLM backend.
Pose-Based Object Exploration. Pixel-based curiosity suffers from spurious
novelty, with exploration driven by irrelevant changes, such as lighting variations
or camera motion, rather than task progress. POE addresses this by ground-
ing curiosity in task-relevant interaction dynamics between the object and the
parallel-jaw gripper, focusing on how the gripper’s motion and contact evolve
during manipulation.

Latent manipulation dynamics. We represent the manipulation state as zt =
ψ(T−1

ee Tobj) ∈ R6, where Tee is the end-effector pose, Tobj is the object pose,
and ψ converts the relative transformation to a 6D vector in axis-angle plus
translation representation (3D translation + 3D axis-angle rotation). We train
forward and inverse models:

ẑt+1 = fϕ(zt, at),

ât = gψ(zt, zt+1).
(5)
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These lightweight MLP models (2 × 256 units) learn the dynamics of object
manipulation without being distracted by visual nuisances.

Task-relevant intrinsic rewards. The curiosity reward encourages exploring
states where the forward model makes large prediction errors, while the progress
reward captures learning improvements:

rcur
t =

η

2
∥sg(ẑt+1)− zt+1∥22,

rbase
t = ReLU

(
LF (t− 1)− LF (t)

)
.

(6)

where sg(·) denotes stop-gradient (preventing policy from exploiting model er-
rors), LF is the forward loss with temporal smoothing, and η = 1.0 is the cu-
riosity scale. By focusing on geometric task structure, POE substantially re-
duces spurious exploration caused by lighting changes and camera motion. The
base progress term rbase

t is forwarded to Long-Horizon Memory for memory-
conditioned gating before contributing to the combined reward.
Role and scope of rcurt . The curiosity reward rcur

t is not designed to be a stan-
dalone task reward—a relative pose alone is insufficient for complex multi-stage
manipulation, which additionally requires correct contact forces, sequential or-
dering, and stable placement. Instead, rcur

t serves as a targeted exploration bonus
(weighted by ρ = 0.6, Eq. 1) that steers the policy toward geometrically novel
gripper-object configurations, accelerating the discovery of task-relevant inter-
actions. Task success is ultimately measured by the extrinsic reward ret and the
stage-aligned reward rstaget (which evaluates semantic completion via contact
and spatial predicates). The ablation in Table 2 quantifies the complementary
role: adding POE to the full model contributes +3.1 SR / -4.7 HR, confirming
that geometric exploration is most effective when combined with stage-aligned
evaluation and memory stabilization.

3.3 Long-Horizon Memory

Motivation. In multi-stage manipulation, the policy must track which stages
are completed and adapt its behavior accordingly. Naive averaging or trunca-
tion of history can blur stage-specific details, causing the policy to lose track
of progress and amplifying hallucination via credit mis-assignment. We address
this by treating memory as selective context : at each step we retrieve the Top-K
most relevant history items, fuse them with the current latent via a learned gate,
and perform lightweight write-back with utility-guided eviction. This preserves
phase-specific information while keeping the store compact.
Context Selection via Attention. We extract a latent representation xt ∈ Rd
from the OpenVLA-OFT backbone at each step (by pooling over the LLM’s
hidden states), and we maintain a memory store M = {mi ∈ Rd}Li=1 with
timestamps {τi}, where L is the store capacity. To select relevant history, we



EvoVLA 9

define query, key, and value projections:

qt =Wqxt,

ki =Wk

(
mi + PE(τi)

)
,

vi =Wvmi,

(7)

where Wq,Wk,Wv ∈ Rd×d are learnable linear maps, and PE(·) is a sinusoidal
temporal positional encoding. Attention scores and the selected index set are
computed as:

ai =
exp(⟨qt, ki⟩/

√
d)∑L

j=1 exp(⟨qt, kj⟩/
√
d)
,

St = TopK
(
{ai}Li=1,K

)
,

(8)

where K selects the most relevant history items. We prepend {vi | i ∈ St} to
the current sequence as independent context tokens, replacing static adjacent-
averaging consolidation used in prior work.
Gated Fusion and Reward Modulation. Let ĥt =

∑
i∈St

aivi be the weighted
context embedding. We fuse it with the current latent xt via a learned gate:

gmem
t = σ

(
w⊤
g [ĥt;xt]

)
,

x̃t = (1− gmem
t )xt + gmem

t ĥt.
(9)

where wg ∈ R2d is a learnable weight vector and [·; ·] denotes concatenation.
The gate gmem

t modulates how much history context influences the current rep-
resentation. The memory gate also modulates the base progress reward rbase

t :

rprog
t = gmem

t · rbase
t , (10)

suppressing spurious progress signals when history context indicates unstable
manipulation patterns (e.g., repeated failures, oscillations). We block gradients
through gmem

t−1 to prevent reward hacking. Memory update writes back the fused
representation x̃t only to the selected items St, and eviction removes the least
useful entry based on a utility score combining usage frequency, recency, and
redundancy with existing items.
POE Integration and Effect. In contrast to Titans-MAC [1] and Memo-
ryVLA [37], Long-Horizon Memory uses selective context with gated fusion for
reward-level modulation. The core mechanism operates on backbone latents xt
and history items mi via the attention and gating mechanisms above. When
combined with POE (full model, Table 2 row 5 vs. row 4 standalone), POE’s
geometric pose tracking provides complementary grounding that enhances mem-
ory’s ability to distinguish task-relevant manipulation contexts from spurious vi-
sual changes, further improving robustness. This mechanism complements SAR
temporal smoothing and aligns with the training objective L (11). Empirically,
Long-Horizon Memory in standalone mode contributes +2.4 points of success
and a 3.9-point hallucination reduction, with POE integration adding an addi-
tional +3.1 points, highlighting the value of both selective context and geometric
grounding.
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3.4 Training Objective

The full training objective combines policy gradient loss, value losses, and world
model losses:

L = LPPO(r̃) + λFLF + λILI − λentH(π). (11)

where LF and LI are the MSE losses for the forward and inverse world models,
H(π) is policy entropy, and λF , λI , λent weight the auxiliary objectives (complete
values are listed in the supplementary material). We use PPO [35] with dual
critics Ve, Vi for the returns induced by ret and rit, fusing advantages in the same
proportion as Eq. (1): At = (1−ρ)Aet+ρAit, via GAE [34]. World models and the
memory-conditioned GRU are trained via separate optimizers with stop-gradient
to prevent reward exploitation.

4 Discoverse-L Benchmark

Benchmark Overview. Discoverse-L builds on the DISCOVERSE simula-
tor [18] with the AIRBOT-Play platform, offering 3 multi-stage manipulation
tasks with varying difficulty: (1) Bridge (74 stages): place two bars to form a
bridge structure, then fill with multiple blocks, the most complex task requir-
ing precise multi-object coordination; (2) Stack (18 stages): stack three colored
blocks in sequence, demanding accurate alignment; (3) Jujube-Cup (19 stages):
place a jujube fruit into a cup and move the cup onto a plate, a relatively
simpler setup with fewer contact-critical stages. Stage counts reflect our Gem-
ini [9]-prompted dictionaries; the DISCOVERSE simulator provides fine-grained
ground-truth annotations (e.g., 79 for Bridge) used only for validation of stage-
discovery coverage. The 74-stage Bridge dictionary merges five simulator micro-
adjustments into semantically equivalent steps (93.7% recall), so reward super-
vision remains faithful while prompts stay compact. The 74-stage dictionary is
used for SAR supervision and stage gating, while simulator-native stage annota-
tions are used only for evaluation diagnostics. We generate 50 simulator rollouts
per task with randomized initial conditions; normalization and protocol details
are provided in the supplementary material.

5 Experiments

5.1 Experimental Design and Evaluation

For comparability across methods on Discoverse-L, we use matched training bud-
gets/protocols and the same task-aligned normalization setup. Behavior-cloning
warm-start, when enabled in a setting, is applied consistently across compared
methods before interactive PPO training. Evaluation uses 50 episodes per task
with held-out seeds, identical camera setups, and fixed episode budgets. For
EvoVLA and all reported ablations, simulator stage labels are never used for
training and are used only for evaluation diagnostics (e.g., HR computation).
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Fig. 4: Simulation rollouts. Each row shows a full episode for Jujube-Cup, Bridge,
and Stack with dual third-person/wrist views; columns denote temporal progression.
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Fig. 5: Real-world rollouts. Each row shows stack, bridge, and insert executions
with synchronized third-person and wrist cameras in the real world.

Implementation Details. We build upon OpenVLA-OFT [19], which extends
OpenVLA [20] with parallel action decoding, action chunking, and L1 regression
loss. The backbone uses multi-view ViT towers (SigLIP [47] + DINOv2 [29])
and Llama-2 7B [43]; SAR uses a separate frozen CLIP ViT-B/16 encoder [33].
Training uses 8 parallel DISCOVERSE environments, 2M timesteps per seed,
and 3 random seeds; we set θ = 0.7 from sensitivity analysis. Stage dictionar-
ies follow the same video-driven workflow in simulation and on-robot settings,
and task-aligned normalization is injected at initialization. Full hyperparame-
ters, hardware, prompts, and filtering details are provided in the supplementary
material.
Evaluation Metrics. Success Rate (SR): Percentage of episodes completing
the task within 400 steps. We cap episodes at 400 to accommodate the most
complex task (Bridge, 74 stages) while preventing indefinite rollouts; successful
runs typically finish in 50–100 steps for simpler tasks (Stack, Jujube-Cup) and
150–250 steps for Bridge.
Sample Efficiency: Number of environment timesteps required to reach a 50%
success rate.
Hallucination Rate (HR): The fraction of high VLM scores corresponding to
failed actual completion. Formally, let uk(t) ∈ [0, 1] be the VLM score for stage
k at time t, and ck(t) ∈ {0, 1} be the ground-truth completion indicator. Hallu-
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Table 1: Discoverse-L benchmark (3 tasks;
mean of 3 seeds, 50 evaluation episodes).
All models use task-aligned normalization;
EvoVLA adds SAR, POE, and Long-Horizon
Memory to OpenVLA-OFT. The last row high-
lights improvements over OpenVLA-OFT.

Model Bridge Jujube-Cup Stack Avg.

Octo [8] 24.8 33.7 29.1 29.2
OpenVLA [20] 32.6 42.0 37.5 37.4
π0 [2, 32] 41.1 50.5 46.2 45.9
π0-FAST [31,32] 47.4 56.9 52.8 52.4
OpenVLA-OFT [19] 54.1 63.5 59.4 59.0

EvoVLA (Ours) 65.3 72.6 69.7 69.2
∆ vs. OFT +11.2 +9.1 +10.3 +10.2

Table 2: Component ablation.
Progressive addition (averaged across
3 tasks, 3 seeds). Starting from
OpenVLA-OFT baseline, we cumu-
latively add: hard negatives, tempo-
ral smoothing, Long Horizon Mem-
ory, and POE.

Configuration SR (%) HR (%)

OpenVLA-OFT (Baseline) 59.0 38.5
+Hard Negatives (Th−) 61.8 31.2
+Temporal Smoothing 63.7 23.4
+Long-Horizon Memory 66.1 19.5
+POE (full EvoVLA) 69.2 14.8

cination rate (HR) is:

HR =
E
[
1{uk(t) > θ ∧ ck(t) = 0}

]
E
[
1{uk(t) > θ}

] . (12)

where uk(t) > θ (we use θ = 0.7) indicates “high VLM score” and ck(t) = 0
indicates failed completion, verified using task success signals from the DISCO-
VERSE simulator. The expectation averages over evaluation episodes, timesteps,
and active stages. We emphasize that ck(t) is obtained solely at evaluation time
from DISCOVERSE stage-event triggers to compute the metric; it is never used
for training or model selection, ensuring methodological independence. Further-
more, our sensitivity analysis (Fig. 8) confirms that the HR ranking remains
stable across threshold choices θ ∈ [0.65, 0.75], demonstrating that this metric is
not an artifact of task-specific tuning.
Real-World Deployment. Beyond simulation, we validate EvoVLA on a phys-
ical AIRBOT-Play robot (details in Section 5.3).

5.2 Simulation Results

Baselines. We benchmark against state-of-the-art VLA backbones trained on
Discoverse-L: Octo [8], OpenVLA [20], π0 and π0-FAST [31,32], and OpenVLA-
OFT [19]. EvoVLA is obtained by augmenting the OpenVLA-OFT architecture
with our SAR module, POE module, Long-Horizon Memory module, and task-
aligned normalization to address stage hallucination. Because backbone family
and training budgets are matched, observed gains are attributable to these added
learning signals rather than increased model scale.
Main Simulation Results. Table 1 summarizes quantitative comparisons against
the baselines. Starting from Octo (29.2%) and OpenVLA (37.4%), progressively
stronger models achieve 45.9% (π0), 52.4% (π0-FAST), and 59.0% (OpenVLA-
OFT). EvoVLA lifts average success to 69.2%, improving upon the strongest
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Fig. 6: Real-world evaluation. Green arrows: absolute gains over OpenVLA-OFT
(+9.2–+13.4 points). Blue labels: relative gains (+18.4%–+32.1%). Horizontal dashed
lines mark model averages (37.7%, 43.6%, 54.6%); the vertical dashed line splits
Sim2Real transfers (left) from the on-robot Insert task (right).

baseline by +10.2 absolute points. Per-task gains are consistent: Bridge (+11.2),
Jujube-Cup (+9.1), and Stack (+10.3), with the largest gain on the longest-
horizon Bridge task. Figures 4 and 5 show representative simulation and real-
world rollout sequences.
Sample Efficiency. EvoVLA reaches a 50% average success rate in approxi-
mately 6 × 105 environment steps (averaged over 3 seeds), whereas OpenVLA-
OFT requires approximately 9 × 105 steps, demonstrating 1.5× better sample
efficiency. This acceleration stems from dense intrinsic feedback: SAR provides
stage-level guidance at every timestep, POE grounds exploration in task-relevant
geometric structures, and Long-Horizon Memory stabilizes learning signals.
Hallucination Reduction. Simulation rollouts report a 14.8% Hallucination
Rate versus 38.5% for OpenVLA-OFT, i.e., a 23.7-point drop (Table 2). The
precise contribution of each module—hard negatives, temporal smoothing, Long-
Horizon Memory, and POE—is analyzed in Section 5.4, so we defer further
discussion there.

5.3 Real-World Evaluation

We deploy EvoVLA on a physical AIRBOT-Play robot (additional rollout snap-
shots in Figure 5) and compare against π0-FAST [31,32] and OpenVLA-OFT [19]
under matched real-world settings. Evaluation includes (i) direct Sim2Real trans-
fer on the three Discoverse-L tasks and (ii) an unseen insertion task trained on-
robot from 50 teleoperated demonstrations. In the on-robot setting, the policy is
BC-warm-started and PPO-fine-tuned for roughly 5k steps; SAR (CLIP wrist-
view queries), POE (AprilTag-based relative poses [28]), and memory gating
remain active throughout training.
Main Real-World Results. Figure 6 shows that EvoVLA attains 54.6% av-
erage success across the three Sim2Real tasks plus the on-robot insertion task.
Each model-task pair is evaluated over multiple batches of at least 20 valid
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Fig. 7: Stack task qualitative comparison. Columns (1–5) cover sub-task 1 (left
block onto middle) then sub-task 2 (right block on top). Top: OpenVLA-OFT (cross
markers) opens before contact, dithers, misaligns, and drops the block. Bottom:
EvoVLA (check marks) delays opening until contact, aligns within a few corrections,
and leaves a stable stack.

physical trials. EvoVLA improves over OpenVLA-OFT on all four tasks by +9.2
to +13.4 points (+11.0 overall), with the largest gain on insertion (55.2% vs.
41.8%). Supplementary rollouts and qualitative comparisons further show fewer
premature releases and more stable contact-aware placement. Figure 7 presents
a qualitative comparison on the sequential block-stacking task. The baseline,
OpenVLA-OFT (top row), exhibits suboptimal manipulation behaviors charac-
terized by premature gripper release, oscillatory dithering, and misalignment,
ultimately resulting in task failure. In contrast, EvoVLA (bottom row) demon-
strates robust and precise control. By employing contact-aware execution, it
delays the gripper release until physical contact, achieves accurate alignment
with minimal corrective adjustments, and successfully completes a stable stack,
highlighting its superior planning and execution capabilities.

5.4 Ablation Studies

Table 2 details cumulative gains: Hard Negatives (+2.8 SR/-7.3 HR), Smoothing
(+1.9/-7.8), Memory (+2.4/-3.9), and POE (+3.1/-4.7) sum to +10.2 SR and
-23.7 HR over OpenVLA-OFT. Ablating any component incurs ≥2.4 SR loss.
Isolated Component Analysis. Single modules achieve 63.7% (SAR), 61.4%
(Memory), and 62.1% (POE) SR. POE offers exploration gains (+3.1 SR) with
lower HR penalty than SAR (-5.7 vs. -15.1), confirming complementarity. Other
hyperparameters are robust near ρ = 0.6 (Supp. Sec. 8.2). As shown in Fig. 8,
the Success Rate remains stable (68.7%–69.2%) within a robust range of ±0.05
around θ = 0.7, while the Hallucination Rate decreases monotonically. This
threshold optimally balances false-positive and false-negative rates while main-
taining peak success.
Scaling with Task Complexity. Gains scale with horizon: Bridge (+11.2 SR,
74 stages) > Stack (+10.3) > Jujube-Cup (+9.1), as longer tasks increase hallu-
cination risks mitigated by SAR. Real-world gains remain substantial (+9.2 to
+13.4), though ordering varies due to Sim2Real noise.
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Fig. 8: CLIP threshold sensitivity for EvoVLA (full model) averaged across three
Discoverse-L tasks and three seeds. (a) Success Rate remains stable within ±0.5 points
around θ = 0.7 (68.7–69.2%). (b) Hallucination Rate decreases monotonically with
higher thresholds; θ = 0.7 balances false-positive and false-negative rates while main-
taining peak success.

Synergistic Attribution & Failure Diagnosis. Non-cumulative ablations
(Supp. Tab. 2) confirm our modules synergistically cut the closed-loop halluci-
nation failure, with POE outperforming pixel-based RND (see Supp. Sec. 6 for
details).

6 Conclusion

We formalized stage hallucination–where policies exploit coarse VLM cues with-
out actual completion–and showed it stems from coarse reward contrast and
lossy memory compression. EvoVLA resolves this via three synergistic modules
(SAR, POE, Memory) while keeping the policy architecture fixed and the CLIP
evaluator frozen. Ablations confirm all three are jointly necessary (removing any
forfeits ≥2.4 SR). EvoVLA achieves 69.2% sim success (+10.2), 1.5× sample
efficiency, 14.8% HR (vs. 38.5%), and 54.6% real-robot success across four tasks.
We release the Discoverse-L benchmark and HR metric to support future work.
Beyond the immediate contributions, our findings suggest that designing stage-
aware reward signals and selective memory mechanisms is a promising direction
for improving the reliability of VLA policies in long-horizon manipulation, and
we hope the tools introduced here facilitate further research on hallucination-
aware robot learning.
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