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Abstract

Vision-language-action models (VLAs), which
leverage the cognition of multimodal information
to infer physical-world actions, provide a general-
ized solution for embodied AI applications. Con-
ventional VLAs usually concentrate on current
digital cognition. While some efforts are made
to enhance VLAs’ reasoning capabilities by cap-
turing temporal information, encoding the long-
context history causes an efficiency-decreasing
issue. To reconcile the conflict between capturing
temporal information and maintaining inference
efficiency in VLAs, this paper introduces FibVLA,
an efficient framework featuring temporal per-
ception of long-context history. Specifically, we
leverage logarithmic hindsight sampling to both
proprioceptive states and visual frames to capture
long-term temporal dependencies with minimal
redundancy. For the action expert, we introduce
the flow matching to produce action distributions,
and the Fibonacci recurrent inference strategy to
generate long-range planning steps based on real-
time closed-loop feedback. Experiments demon-
strate that FibVLA significantly improves action
smoothness and success rates without retraining
large-scale visual encoders. Efficiency analysis
demonstrates superior real-time responsiveness
compared to video-based baselines in real-world
evaluations.

1. Introduction
Vision-Language-Action models (VLAs) serve as a foun-
dational paradigm for embodied agents by grounding
language instructions into executable robotic control to-
kens (Zitkovich et al., 2023; Yu et al., 2025). Conventional
VLAs (Black et al., 2024; Liu et al., 2025; Kim et al., 2025b)
primarily rely on limited traceback observations, which are
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insufficient for long-horizon embodied tasks in which cur-
rent actions depend causally on historical context (Song
et al.; Lin et al., 2025). Consequently, incorporating tempo-
ral context into VLA backbones is crucial to allow embodied
agents, such as robotic manipulators, to achieve reliable per-
formance in real-world executions.

Existing temporal modeling or inference in VLAs focuses
on the reasoning capabilities of models given historical
observations by prompting visual frames in VLM input con-
text (Zheng et al., 2025; Mees et al., 2024; Li et al., 2024b;
Cheang et al., 2024) or predicting future subgoals to guide
action generation (Zhao et al., 2025; Tian et al., 2024; Zhang
et al., 2025b). Although they utilize the temporal informa-
tion to enable VLAs understand the reasoning process of
action generations, the encoding of history frames and state
traces has to face a new efficiency problem. It is the token
explosion issue, which results in prohibitive computational
costs that hinder the real-time control required for infer-
ence. Therefore, to balance efficiency and the utilization
of historical context, recent research primarily falls into
two categories: sparse representation learning (Zheng et al.,
2025; Zhang et al., 2025a) and fixed-frequency sampling
methods (Shi et al., 2025; Lin et al., 2025). While the former
attempts to compress data through sparse representations, it
relies on offline preprocessing, which limits the deployment
flexibility of the model in robotic manipulation. In contrast,
fixed-frequency sampling overlooks the non-uniform infor-
mation density inherent in embodied tasks. For example,
the sampling frequency needed to understand task progress
differs substantially from that needed to capture the robot’s
proprioceptive state.

To demonstrate the non-uniform information density inher-
ent within embodied tasks, we investigate the latent charac-
teristics of robotic manipulation data. As shown in Figure 1,
our empirical analysis reveals that representations derived
from high and low sampling frequencies form distinct clus-
ters within the feature space. This phenomenon suggests
that high-frequency frames are primarily associated with
fine-grained motion control, such as changes in propriocep-
tive states, whereas low-frequency frames correspond to the
understanding of task context, such as the progression of
subtasks. Based on the above observation, we argue that by
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Figure 1. Action chunks generated by VLA, and visualization of
features extracted by VLA at different sampling intervals.

integrating information from gradual-frequency sampling,
the VLA model can enhance its comprehensive temporal
perception, enabling the robot to execute high-frequency ac-
tions, while maintaining robust performance in long-horizon
embodied tasks.

Based on these insights, this work aims to design an effective
and efficient temporal VLA framework for robotic percep-
tion and inference, where there are two main challenges
that need to be addressed: First, how to efficiently encode
sampled robotic frames on the perception side? Despite
gradual-frequency sampling, significant redundancy from
static backgrounds and repeated features remains, requir-
ing the model to extract key manipulation dynamics within
a limited computational budget. Secondly, how to reduce
the computational load of maintaining historical informa-
tion during inference? Incorporating historical context at
each step introduced additional retrieval and computation
overhead, resulting in latency that undermines the real-time
requirements of robotic control.

To deal with these challenges, we propose an efficient tem-
poral Vision-Language-Action model with Fibonacci sam-
pling, called FibVLA, which employs a flow matching gener-
ative strategy. Specifically, FibVLA introduces logarithmic
hindsight sampling at the input stage to effectively capture
both high-frequency actions and low-frequency propriocep-
tion states. Furthermore, during the encoding stage, to effi-
ciently represent the sampled historical frames, we design
a channel-wise temporal encoding that leverages temporal
features along the channel dimension to filter out irrelevant
background in the robot’s historical frames, thereby reduc-
ing token noise. For the action expert, we introduce the
flow matching method to generate action distributions rather
than discriminative action sequences. Based on the action
distributions, we design a Fibonacci recurrent inference
strategy in the inference stage that exploits the recursive
property of the Fibonacci sequence to align logarithmically
sampled frames with preceding action chunks. Since the

frames required for inference at the current timestamp are
already included within the previous action chunk, avoiding
redundant encoding of historical frames reduces inference
overhead. Our contributions are summarized as follows:

• We propose FibVLA, a framework that concentrates on the
long context perception for efficient temporal modeling
in VLAs. It develops logarithmic hindsight sampling with
Fibonacci sampling to mathematically enable the direct
reuse of prior action chunks during inference.

• We introduce channel-wise temporal encoding methods to
capture background-invariant historical frames and a Fi-
bonacci recurrent inference strategy aligned with preced-
ing action chunks, substantially reducing computational
overhead in temporal VLA inference.

• We validate FibVLA’s superior performance on four sim-
ulation benchmarks. Moreover, we collect a real-world
dataset with more than 600k frames across 15 tasks, in-
cluding single/dual-arm and long/short-horizon robotic
manipulation, demonstrating the effectiveness and effi-
ciency of FibVLA in the physical world.

2. Related Work
2.1. Vision-Language-Action Models

To bridge the gap between the language inference of
VLMs and the manipulation policies required for the in-
tuitive human-robot interface, vision-language action mod-
els (VLAs) (Yu et al., 2025; Shao et al., 2025; Ma et al.,
2024) are explored to provide a direct path for processing
information from vision, language, and action modalities.
VLAs utilize visual foundation models (Dosovitskiy et al.,
2021; Zhai et al., 2023; Radford et al., 2021) and LLMs
to align vision and language embeddings, which are fur-
ther trained on large-scale robot datasets (O’Neill et al.,
2024; Walke et al., 2023; Khazatsky et al., 2024) to per-
form language-conditioned tasks. Recent works achieve
success using either autoregressive discretization (e.g., RT-
1 (Brohan et al., 2023), RT-2 (Zitkovich et al., 2023), and
OpenVLA (Kim et al., 2025b)) or diffusion-based continu-
ous denoising, such as π0 (Black et al., 2024), CogACT (Li
et al., 2024a), and HybridVLA (Liu et al., 2025). However,
these methods often operate under the implicit assumption
of the Markovian state (Jang et al., 2022; Haarnoja et al.,
2018; Schulman et al., 2017), relying on instantaneous obser-
vations and overlooking the temporal dependencies arising
from historical visual and proprioceptive states required for
complex embodied tasks. For example, in tasks involving
object occlusion, the scarcity of historical context prevents
VLA models from recovering the last-known positions of
target objects, thereby impeding successful task execution.
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Figure 2. The overview of FibVLA, consisting of Logarithmic Hindsight Sampling, Channel-wise Temporal Encoding Module, and
Fibonacci Recurrent Inference.

2.2. VLA Models Capturing Temporal Information

To address partial observability in long-context robotic ma-
nipulation, VLAs have evolved from basic pixel-stacking
to integrated historical contexts (Li et al., 2023). While
these advancements enhance the capacity of VLA models
to capture temporal dependencies, they are increasingly bot-
tlenecked by both the token explosion and the prohibitive
computational overhead associated with long-horizon se-
quences (Jiang et al., 2022; Dao et al., 2022). Although rep-
resentative methods, such as TraceVLA (Zheng et al., 2025)
and 4D-VLA (Zhang et al., 2025a), employ trajectory or 4D
reconstructions for data reduction, their reliance on inten-
sive offline preprocessing severely compromises real-time
responsiveness and deployment flexibility. Furthermore,
existing memory-based (Shi et al., 2025) and predictive
strategies (Lin et al., 2025) utilize fixed-frequency sam-
pling, overlooking the temporal non-uniformity of robotic
manipulation. In practice, critical signals are often sparse
and concentrated within irregular temporal windows (James
et al., 2022; Mandlekar et al., 2022), yet current models
expend resources on redundant frames, thereby risking the
loss of pivotal transient information (Feichtenhofer et al.,
2019). Thus, adaptively extracting essential historical infor-
mation while maintaining inference efficiency and accuracy
remains a fundamental issue in VLA temporal modeling.

3. Methodology
3.1. Problem Formulation and Overview

3.1.1. PROBLEM FORMULATION

We formulate the robotic manipulation task as a sequen-
tial decision-making process. At current timestamp t, the
system receives a natural language instruction L, a cur-
rent visual observation ot ∈ RH×W×3 with the resolution
of H × W , and a proprioceptive state st ∈ Rds . The
objective is to predict a future action chunk At:t+L =
{at, at+1, . . . , at+L}, where L denotes the action chunk
length and each action at ∈ Rda . The policy π relies solely
on the instantaneous observation, modeled as:

At:t+L ∼ π(· | L, ot, st) (1)

To capture temporal dynamics, a standard approach extends
this by conditioning on a continuous history window. Let T
represent the lookback window size. We define the contin-
uous visual history as OT = {ot, ot−1, . . . , ot−T } (where
t > T ) and the corresponding state history as ST . The
policy is further formalized as:

At:t+L ∼ π(· | L,OT ,ST ) (2)

3.1.2. OVERVIEW

In this section, we propose the FibVLA framework based
on flow matching generation to achieve efficient tempo-
ral modeling. At the input stage of FibVLA, we intro-
duce a monotonically increasing sparse temporal index set
K = {k1, . . . , kN}, containing N sampled frames, which is
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used to construct the observation set OK and the correspond-
ing state set SK. Our proposed FibVLA, parameterized by
θ, generates the action chunk by conditioning on these non-
uniformly sampled frames as At:t+L = πθ(· | L,OK,SK).
The overall architecture of the FibVLA framework is shown
in Figure 2. This framework unifies the processing of multi-
modal inputs, including language instructions, multi-view
visual frames, and state information. All inputs are first
projected into a unified token sequence and then fed into
the PaliGemma backbone (Beyer et al., 2024). Specifically,
the input first leverages logarithmic hindsight sampling to
capture temporal dependencies in both visual frames and
state, while the sampled visual frames are further processed
by a channel-wise temporal encoding (CTE) Module. Then,
the encoded multimodal features, guided by a customized
prefix attention mask, are employed to generate the action
distributions through a flow-matching-based action expert.
Finally, the robotic action is precisely generated using the
Fibonacci recurrent inference strategy.

3.2. Logarithmic Hindsight Sampling

Based on the analysis in Figure 1, the VLA model enhances
full-scale temporal perception in embodied tasks by inte-
grating gradual-frequency sampling while balancing com-
putational overhead. A common approach is Long-Short
Term Hybrid Sampling (Wang et al., 2016; Lin et al., 2019),
which maintains multiple temporal buffers to densely sam-
ple distant past states with a fixed stride. Given that distant
states change slowly and provide limited information gain,
this method is inefficient in allocating the sampling budget.
Ideally, the sampling density should decay naturally with
temporal distance, following a dense-near, sparse-far pat-
tern. Probabilistic Quantile Sampling (Li et al., 2019; Zhou
et al., 2021) partially follows this intuition, but its sampling
points do not align with discrete time steps and rely on dis-
tributional assumptions and quantile computations, leading
to inconsistencies between training and inference.

To address the above issue, we propose Logarithmic Hind-
sight Sampling, which constructs a discrete set of temporal
indices K on a logarithmic scale. This approach preserves
high-frequency information for recent time steps while effi-
ciently covering long-term history. Formally, given a mini-
mum sampling interval qmin and a growth rate r > 1, the
sampling points are defined as:

ki = ⌊qmin · ri⌋ (3)

To mitigate index collisions caused by discretization arti-
facts (i.e., the floor operation), we impose a recursive spar-
sity constraint on the sequence:

ki ≥ ki−1 + ki−2, ∀i > 2 (4)

This constraint implicitly establishes a theoretical lower
bound for the growth rate r, ensuring that the sampling
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t

Long-term Window [t-50, t-40, ···, t]

......
Window Stride

Long-Short Term Hybrid Sampling

t
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... Growth Rate r
>Dense<<Sparse>

Logarithmic Hindsight Sampling

t

Probabilistic Quantile Sampling

Poisson Distribution PMF Truncate

Long-term Window [t-D9, t-D8, ···, t]

Visual hindsight State 

Figure 3. Comparison among temporal sampling strategies.

sequence remains strictly monotonic after discretization
and inherently eliminating redundancy. In practice, the
growth rate can be flexibly adjusted according to the control
frequency to balance long-term coverage with the precision
required to capture critical state transitions.

3.3. Channel-wise Temporal Encoding

While optimized sampling expands the temporal receptive
field, scaling it to high-dimensional visual inputs remains
challenging: long-horizon visual frames are often domi-
nated by redundant backgrounds that mask critical task dy-
namics (Tong et al., 2022), and Transformer self-attention
incurs a computational overhead that scales quadratically
with sequence length (Dao et al., 2022). To overcome these
issues, we introduce a channel-wise temporal encoding mod-
ule to compress discrete temporal dynamics into a compact
representation. Specifically, the CTE module encodes tem-
poral dynamics by using the visual motion aggregator to
process sampled sparse frames OK based on the temporal
index set K. First, the motion difference D(x, y, i) for each
i ∈ [1, N − 1] is derived via frame differencing on the
sampled visual frames I(x, y, t):

D(·, i) = |I(·, t− ki)− I(·, t− ki+1)| (5)

Next, a binary motion mask Ψ(x, y, i) is obtained using a
predefined threshold ξ:

Ψ(·, i) =

{
1, if D(·, i) > ξ

0, otherwise
(6)
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Figure 4. Illustration of the channel-wise temporal encoding module. Specifically, H(x, y, i) leverages spatial discrepancies between
current and past frames to identify movement, Historical frames are then integrated into the composite input via channel-wise mapping.

Then, the temporal encoding frame H(x, y, i) is generated
through the following recursive logic:

H(·, i) =

{
τ, if Ψ(·, i) = 1

max(0, H(·, i+ 1)− δ), otherwise
(7)

where τ denotes the maximum intensity duration, and δ
is a decay parameter. This recursive process proceeds in
the direction of decreasing temporal lag. The final out-
put, H(x, y, 1), serves as the processed motion history im-
age (Ahad, 2012). In this representation, brighter pixels cor-
respond to recent motion, while darker pixels retain earlier
motion traces, thereby forming a “visual trail” that provides
explicit temporal cues.

To fully leverage multi-scale temporal features obtained
through gradual-frequency sampling, the CTE module di-
vides the visual history into three temporal ranges: Near,
Mid, and Far. As shown in Figure 4, features from these
ranges are respectively mapped to the R, G, and B chan-
nels of the PaliGemma visual encoder (SigLip), forming the
hindsight feature ôt (see Appendix I for examples). Finally,
the current RGB frame ot is retained as a semantic anchor
and combined with ôt as input to the visual encoder, thereby
integrating the embodied task’s temporal information with
the scene’s color and texture details.

3.4. Fibonacci Recurrent Inference

During the VLA inference stage, the sampled K based on
Eq.(4) causes misalignment between the frames used to
infer the next action chunk and the historical frames when
ki > ki−1 + ki−2, as shown in Figure 5. This misalignment
prevents the direct reuse of historical feature tokens, forcing
the model to re-encode temporal information at every step
and thereby limiting inference speed. In contrast, when
ki = ki−1 + ki−2, the sampling strategy perfectly aligns
with the additive recursive property inherent to the Fibonacci
sequence, allowing historical feature tokens to be reused
during the inference of the next action chunk. Thus, we
propose a Fibonacci recurrent inference strategy, leveraging
the inherent additive recursive property of the Fibonacci
sequence. We prove that this strategy provides the unique

Normal Logarithmic Sampling ( 𝑘! > 𝑘!"# + 𝑘!"$)

Current RGB frameState Visual hindsight Update 2

Fibonacci Sampling ( 𝑘! = 𝑘!"# + 𝑘!"$)

Action ChunkWindow Length

Window Length

t

Update 1

Figure 5. Schematic of Fibonacci Recurrent Inference.

analytical solution for maximizing historical information
reuse under sparse sampling constraints (proof detailed in
Appendix H).

Let the system receive visual input Ot
K at time t and execute

an action sequence of length L, advancing the system time
to t′ = t+ L. Utilizing the Fibonacci property ki = ki−1 +
ki−2, and setting the action update step to L = ki−2, the
historical frames at time t and the sampling points at time t′

satisfy the following equality:

(t+ ki−2)− ki = t− (ki − ki−2) = t− ki−1 (8)

Eq.(8) indicates that by setting the update step (i.e., ac-
tion chunk length) to L = ki−2, the historical frame lo-
cated ki−1 steps before time t corresponds to the frame
located ki before time t′. Furthermore, for sampling
point ki−3 required at t′, its effective timestamp satisfies
t′ − ki−3 = t+ (ki−2 − ki−3) > t, placing it strictly after
the previous sampling time t. This confirms that all high-
frequency updates occur strictly within the newly elapsed
window [t, t + L], thereby preserving the integrity of the
historical structure without any misaligned sampling points.

Based on this derivation, we dynamically bind the action
chunk length to specific Fibonacci terms, enabling the fea-
ture tokens in the KV cache to be precisely aligned with
the sampling points at the next time step. As the sampling
depth increases, the ratio between adjacent sampling inter-
vals converges to the golden ratio, naturally maintaining a
logarithmic sampling distribution.
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4. Experiment
4.1. Experiment Setups

We have conducted a comprehensive series of experiments
to evaluate the effectiveness of FibVLA, including: 1) Three
simulated benchmark tests to measure its manipulation per-
formance across diverse tasks. 2) Robotic deployment ex-
periments in real-world environments. 3) Ablation studies
to verify the contribution of each module. 4) Efficiency
analysis to assess the model’s inference performance.

Benchmarks & Datasets. We employ comprehensive
benchmarks to evaluate task generalization and long-horizon
manipulation capabilities. 1) Diverse simulation bench-
marks, including LIBERO (Liu et al., 2023) and MIKASA-
Robo (Cherepanov et al., 2025), alongside large-scale policy
evaluations on the Bridge (Walke et al., 2023) and Frac-
tal (Brohan et al., 2023) via SimplerEnv (Li et al., 2025).
2) Real-world dataset, which is collected from a physical
platform built on the Piper robotic arm, comprising over
600k frames of data across 15 tasks, including single/dual-
arm and long/short-horizon robotic manipulation. Further
details on the specific configurations for these benchmarks
and datasets are available in Appendix A and Appendix E.

Baselines. To verify the effectiveness of FibVLA, we com-
pare it against a range of representative state-of-the-art
VLA models. These baselines are primarily categorized
into three types: 1) Classic VLM-based policies, including
RT-1-X (Brohan et al., 2023), RT-2-X (Zitkovich et al.,
2023), OpenVLA (Kim et al., 2025b), and OpenVLA-
OFT (Kim et al., 2025a). 2) Generative policies based on
diffusion or flow matching, such as Octo (Ghosh et al.,
2024) and π0 (Black et al., 2024). 3) VLA variants fo-
cusing on enhanced spatio-temporal reasoning and cogni-
tive planning, encompassing CogACT (Li et al., 2024a),
TraceVLA (Zheng et al., 2025), SpatialVLA (Qu et al.,
2025), 4D-VLA (Qu et al., 2025), and HiF-VLA (Lin et al.,
2025). For detailed descriptions of all baselines and the im-
plementation details of FibVLA, please refer to Appendix B
and Appendix F, respectively.

4.2. Simulation Evaluation

Evaluation on LIBERO. As shown in Table 1, FibVLA
demonstrates competitive performance across all bench-
marks. Notably, it achieves a significant improvement on the
LIBERO-Long suite, outperforming the second-best base-
line by 7.21% and reaching a success rate of 95.2%. This
improvement is primarily attributed to FibVLA’s gradual-
frequency sampling, which effectively bridges the gap be-
tween capturing global task goals and local motion dynam-
ics. In contrast, conventional policies often struggle with
these multi-stage tasks, as they tend to lose short-term preci-
sion while maintaining long-term context. (Detailed success

Table 1. Comparison of success rates on the LIBERO. The best
results are highlighted in bold, and the second-best results are
underlined. This convention is applied to all subsequent tables.

Method Avg. SR Spatial Object Goal Long

Octo 75.1 78.9 85.7 84.6 51.1
π0 94.2 96.8 98.8 95.8 85.2
OpenVLA 76.5 84.7 88.4 79.2 53.7
CogACT 93.5 97.2 98.0 90.2 88.8
TraceVLA 74.8 84.6 85.2 75.1 54.1
SpatialVLA 78.1 88.2 89.9 78.6 55.5
4D-VLA 88.6 88.9 95.2 90.9 79.1
FibVLA 96.8 97.8 98.0 96.4 95.2

rates for individual subtasks are provided in Appendix D).
Beyond long-horizon scenarios, FibVLA also maintains high
stability in basic manipulation tasks involving spatial, ob-
ject, and goal-oriented operations, These results indicate
that the temporal encoding module not only preserves the
model’s spatial reasoning capabilities but may also enhance
accuracy by improving temporal consistency in action out-
puts. Overall, FibVLA achieves an average success rate of
96.8%, demonstrating its effectiveness as a general-purpose
manipulation policy in handling both complex reasoning
and basic execution tasks.

Evaluation on SimplerEnv-Fractal. To validate the
model’s robustness against visual perturbations, we conduct
a comprehensive evaluation on SimplerEnv-Fractal using
two core protocols: Visual Matching, which aims to mini-
mize the visual appearance gap between simulation and real
world to assess transfer potential; and Visual Aggregation,
serving as a stress test by introducing extensive environ-
mental variations to evaluate adaptability to visual domain
shifts. Table 2 reports the overall performance: FibVLA

achieves the 5.87% improvement in average success rate
compared to the second-best baseline, CogACT. Notably, un-
der the rigorous Visual Aggregation setting, despite severe
environmental changes, FibVLA maintains a stable average
success rate of 65.5% across all four subtasks without any
significant weaknesses. This finding indicates that FibVLA
goes beyond mere memorization of training data patterns.
Instead, it leverages temporal context to comprehend task
semantics, thereby maintaining stable control amid lighting
variations and background distractions, effectively mitigat-
ing the action jitter or execution failures often observed in
baseline models lacking temporal modeling.

Evaluation on SimplerEnv-Bridge. In the SimplerEnv-
Bridge setting, we evaluate the model’s manipulation capa-
bilities on the WidowX robot, covering tasks ranging from
basic pick-and-place to complex long-horizon manipulation.
As shown in Table 3, FibVLA demonstrates superior per-
formance on the Bridge benchmark, achieving an average
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Table 2. Comparison of success rates on the SimplerEnv-Fractal, reporting success rates across Visual Matching (VM) and Visual
Aggregation (VA) settings. Detailed subtask names for this and subsequent evaluations are provided in Appendix C.

Method Visual Matching (VM) Visual Aggregation (VA) Overall
Avg. SR Task1 Task2 Task3 Task4 Avg. SR Task1 Task2 Task3 Task4

RT-1-X 42.4 56.7 31.7 59.7 21.3 30.2 49.0 32.3 29.4 10.1 36.3
RT-2-X 46.3 78.7 77.9 25.0 3.7 54.4 82.3 79.2 35.5 20.6 50.4
OpenVLA 34.3 18.0 56.3 63.0 0.0 39.3 60.8 67.7 28.8 0.0 36.8
Octo 11.0 17.0 4.2 22.7 0.0 1.2 0.6 3.1 1.1 0.0 6.1
π0 69.1 88.0 80.3 56.0 52.2 – – – – – –
CogACT 74.8 91.3 85.0 71.8 50.9 61.3 89.6 80.8 28.3 46.6 68.1
TraceVLA 45.8 45.0 63.8 63.1 11.1 49.8 64.3 60.6 61.6 12.5 47.8
SpatialVLA 56.0 79.3 90.0 54.6 0.0 51.8 78.7 83.0 39.2 6.3 53.9
FibVLA 78.6 89.0 86.7 86.5 52.2 65.5 82.1 77.9 43.6 58.3 72.1

Table 3. Comparison of success rates on the SimplerEnv-Bridge.

Method Avg. SR Task 1 Task 2 Task 3 Task 4

RT-1-X 1.1 0.0 4.2 0.0 0.0
OpenVLA 4.2 4.2 0.0 0.0 12.5
Octo 17.5 15.8 12.5 0.0 41.7
π0 55.7 63.3 58.8 21.3 79.2
CogACT 51.3 71.7 50.8 15.0 67.5
TraceVLA 27.7 12.5 16.6 16.6 65.0
SpatialVLA 42.7 16.7 25.0 29.2 100
FibVLA 67.3 75.0 65.4 35.2 93.7

success rate of 67.3%. Compared to CogACT and the recent
SOTA model π0, FibVLA achieves significant performance
gains of 3.12% and 20.9%, respectively. These results in-
dicate that FibVLA’s temporal module effectively models
dynamic object interactions, substantially enhancing the
overall execution accuracy of policies in Bridge tasks.

Evaluation on MIKASA-Robo. To investigate the limits of
FibVLA in handling memory-intensive tasks, we incorporate
the MIKASA-Robo benchmark for validation. Distinct from
the previously discussed long-horizon tasks that emphasize
multi-step logical reasoning, MIKASA-Robo focuses on
evaluating the model’s capacity to retain object and spatial
memory. In this benchmark, the environment only briefly
presents the target configuration in the initial few frames as
a cue, after which the scene resets to a default state. Conse-
quently, the model must rely solely on the memory of the
initial keyframes to reconstruct the target scene, as the target
information is unavailable in the current observations. As
shown in Table 4, FibVLA achieves superior performance
with an average success rate of 46.5%, outperforming π0

by 40.9%. Notably, the model demonstrates a significant
performance advantage in specific subtasks that involve tran-
sient visual goals. This improvement is likely attributed to
the design of the temporal module. In scenarios where tar-

Table 4. Comparison of success rates on the MIKASA-Robo.

Method Avg. SR Task1 Task2 Task3 Task4

π0 33.0 33.0 42.0 31.0 26.0
SpatialVLA 22.0 23.0 27.0 18.0 20.0
OpenVLA-OFT 26.5 48.0 14.0 27.0 17.0
FibVLA 46.5 78.0 37.0 36.0 35.0

get positions or task-relevant cues are only briefly visible
at the onset, the gradual-frequency sampling mechanism
prioritizes the retention of these critical initial states. By
maintaining these historical visual features, FibVLA is better
equipped to track objectives during the subsequent manipu-
lation phase, effectively mitigating the goal-forgetting issues
frequently observed in traditional VLA models.

4.3. Real-world Evaluation

We have conducted extensive evaluations on the Piper
robotic platform, equipped with both third-person and wrist-
mounted cameras, to validate the effectiveness and robust-
ness of FibVLA in real-world settings. The model is fine-
tuned on teleoperated demonstrations covering single/dual-
arm coordination across various horizons. To move beyond
binary success rates, we introduce a fine-grained step-wise
scoring metric to evaluate manipulation quality and execu-
tion stability. The detailed definitions and task decomposi-
tions are provided in Appendix E.

We compare FibVLA against mainstream baselines, includ-
ing OpenVLA, OpenVLA-OFT, and π0. As shown in Fig-
ure 6, FibVLA demonstrates superior performance across
all tasks, achieving an average score of 85.7, which signif-
icantly outperforms the second-best performing model π0

(by a margin of +11.4 points). Specifically, FibVLA not only
exhibits exceptional stability and fluency with near-perfect
scores on the first five basic tasks, but also establishes a
substantial lead on the more challenging long-horizon tasks
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Avg. SR Task1 Task2 Task3 Task4 Task5 Task6 Task7

OpenVLA OpenVLA-OFT FibVLA

Sc
or
e

𝜋!

Figure 6. Real-world performance comparison across individual
tasks. Detailed subtask names are provided in Appendix C.

Table 5. Ablation study of FibVLA components on LIBERO-Long
and Real-world dataset.

Variant LIBERO-Long
(Avg. SR)

Real-world
(Avg. Score)

FibVLA 95.2 85.7
–(w/o Sampling) 88.4 78.3
–(w/o CTE) 91.2 80.0

(Task 6 and Task 7). While other baseline models suffer
significant performance degradation due to cumulative er-
rors, FibVLA maintains robust performance by leveraging
effective memory of historical states. These results validate
that the temporal consistency provided by our module is not
merely a theoretical advantage in simulation, serving as a
critical factor in overcoming perceptual noise and dynamic
uncertainties in the physical world, thereby enabling robust
real-world deployment of complex long-horizon tasks. Fur-
ther details regarding the physical experimental setup and
specific evaluation cases are described in Appendix G.

4.4. Ablation Study

To validate the effectiveness of FibVLA’s core components,
we conduct two variants: 1) w/o Sampling, which removes
the progressive frequency sampling strategy from FibVLA.
2) w/o CTE, which removes the Channel-wise Temporal
Encoding module. Ablation experiments have conducted on
the LIBERO-Long benchmark and the real-world dataset.
The experimental results are shown in Table 5. Specifically,
FibVLA significantly outperforms all variants. The w/o
Sampling variant suffers the most severe performance degra-
dation, with the success rate on LIBERO-Long dropping to
88.4% and the real-world score decreasing to 78.3%. This
demonstrates that an efficient historical information com-
pression mechanism is crucial for capturing long-horizon
dependencies. Furthermore, w/o CTE also causes a notice-
able performance loss (a decline of approximately 4% in
success rate), validating the key role in temporal feature
extraction and fusion.

Table 6. Comparison of inference time across different sampling
strategies, including both competitive baselines and FibVLA vari-
ants utilizing alternative sampling curves.

Sampling Method Inference Time
(ms)

Avg. SR
(LIBERO-Long)

FibVLA 177 95.2
–(w/ Logarithmic) 201 94.6
–(w/ Long–Short) 235 95.5

TraceVLA 196 54.1
HiF-VLA 243 94.4

4.5. Efficiency Studiy

To evaluate the inference efficiency of different sampling
strategies, we compare the inference latency of our Fi-
bonacci recurrent inference strategy against other common
mathematical sampling methods, including normal Loga-
rithmic sampling (w/ Logarithmic) and long-short term
hybrid sampling (w/ Long–Short). We also included re-
cent state-of-the-art temporal VLA methods, TraceVLA
and HiF-VLA, both of which employ traditional continu-
ous time-window sampling mechanisms. For fair compar-
ison, all methods have configured with a uniform histori-
cal time window size of 10 frames. As shown in Table 6,
the results on the LIBERO-Long task suite demonstrate
the superior computational efficiency of Fibonacci sam-
pling. While maintaining high-level performance across
these long-horizon tasks, our method requires only 177 ms
per inference, achieving a reduction in latency of 9.69%
and 27.16% compared to TraceVLA and HiF-VLA, respec-
tively. FibVLA also outperforms other sampling variants,
indicating that the Fibonacci recurrent inference maximizes
historical information coverage with minimal temporal over-
head while reducing computational latency, thereby offering
significant advantages for real-time robotic deployment.

5. Conclusion
In this paper, we propose FibVLA, an efficient temporal
VLA framework designed to bridge the gap between tempo-
ral perception and real-time inference. We design a novel
gradual-frequency sampling strategy based on Fibonacci
sampling, which allows the model to directly reuse fea-
ture caches from the previous timestep during inference
without incurring additional temporal encoding overhead,
thereby capturing temporal context information for embod-
ied tasks. Experimental results on three benchmarks and the
real-world dataset show that FibVLA significantly improves
performance in long-horizon tasks and demonstrates real-
time robustness in the real world. In future work, we plan to
leverage the Fibonacci recursive principle to explore replay
buffer mechanisms, enhancing FibVLA’s continual learning
for embodied tasks under out-of-distribution scenarios.
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Impact Statement
This paper advances the foundations of Embodied AI. By
improving the efficiency of vision-language-action models,
this work reduces the computational overhead for robotic
training and inference, mitigating the environmental foot-
print of large-scale deployment. Furthermore, these ef-
ficiency gains facilitate the democratization of advanced
robotic control on resource-constrained platforms. As fun-
damental research, its specific societal consequences primar-
ily depend on downstream applications, and we foresee no
specific negative impacts.
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A. Detailed Experimental Setups and Benchmarks

LIBERO MIKASA-Robo

Franka 
Panda

SimplerEnv

WidowX
Google 
Robot

Eggplant in Basket Place in Drawer

Spoon on Towel Move Near

Real-world

Piper

Stack Bowls

Place in Region Grasp Shape

Pick Function 

Bunch of Colors Return Position

Remember Shape Shell Game

Bowl on Plate Book in Caddy

Soup and Sauce Mug in Microwave

Bridge V2 Fractal

Figure 7. Overview of experimental setups and task specifications. The evaluation encompasses three simulation benchmarks and
real-world robotic tasks across diverse platforms, including the Franka Panda (LIBERO-Long and MIKASA-Robo), WidowX 250
(SimplerEnv-Bridge), and Google Robot (SimplerEnv-Fractal), and the Piper manipulator (Real-world evaluation).

• LIBERO (Liu et al., 2023): A lifelong robotic learning benchmark designed to decouple knowledge transfer. Here,
LIBERO-Spatial, Object, and Goal (10 tasks each) investigate the transfer of spatial relationships, object types, and motion
behaviors, respectively, while LIBERO-Long comprises 10 challenging long-horizon tasks for evaluating downstream
performance in complex, multi-step scenarios.

• MIKASA-Robo (Cherepanov et al., 2025): A comprehensive benchmark comprising 32 memory-intensive manipulation
tasks across 12 categories, designed to evaluate four core memory capabilities: Object Memory, Spatial Memory,
Sequential Memory, and Memory Capacity. By targeting these distinct cognitive aspects, this benchmark provides a
rigorous environment for assessing a model’s generalization in handling complex geometries and contact-rich interactions.

• SimplerEnv (Li et al., 2025): An open-source simulation suite for evaluating real-to-sim transfer, encompassing robotic
setups from Google Robot (RT-series) and BridgeData V2. It offers a standardized Gym interface for seamless task
interaction and provides integrated inference pipelines for evaluating generalist policies like RT-1 and Octo.

– Bridge V2 (Walke et al., 2023): A large-scale real-world dataset comprising over 60k trajectories across diverse en-
vironments using the WidowX 250 manipulator. As a key component of the Open X-Embodiment cross-embodiment
dataset, Bridge V2 serves as a primary training source for verifying a model’s effectiveness in open-vocabulary
instruction following, with performance further validated in the aligned SimplerEnv.

– Fractal (Brohan et al., 2023): A large-scale real-world robotics dataset released alongside the RT-1 model, consisting
of approximately 130k episodes and over 700 tasks collected by a fleet of 13 robots over 17 months. Characterized
by its high diversity in objects, backgrounds, and manipulation skills, Fractal serves as a foundational data source for
pre-training generalist VLA models and is a core component of the Open X-Embodiment dataset.

• Real-world: The real-world benchmarking is conducted on a curated custom dataset comprising over 600k frames
across 15 tasks, encompassing both single- and dual-arm manipulations with varying temporal horizons. To prioritize
experimental reproducibility, a standardized environment is established featuring a consistent white background and black
tablecloth, with interaction objects limited to easily accessible props such as various cubes and common household items.
A subset of 7 representative tasks was selected from this suite for comprehensive performance evaluation.

B. Extended Description of Baselines
• RT-1-X (Brohan et al., 2023) & RT-2-X (Zitkovich et al., 2023): RT-1-X is a transformer-based robot action model

that uses EfficientNet as a vision encoder to output discretized action tokens. RT-2-X is a representative VLA model
that transforms a Vision-Language Model (VLM) into a closed-loop robotic policy through co-fine-tuning on large-scale
internet data and robotic trajectories.

• OpenVLA (Kim et al., 2025b) & OpenVLA-OFT (Kim et al., 2025a): OpenVLA is a Llama 2-based model using
Prismatic encoders to generate actions via discrete token quantization. Its successor, OpenVLA-OFT, optimizes
this framework by adopting a continuous action head with L1 regression and action chunking. This transition from
autoregressive tokenization to direct regression enables higher control frequencies and improved inference efficiency
while maintaining the original model’s strong generalization.
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• Octo (Ghosh et al., 2024): A transformer-based generalist robot policy pre-trained on the Open X-Embodiment dataset.
Unlike the RT series, Octo employs a diffusion head to output multi-modal action distributions rather than discrete tokens.

• π0 (Black et al., 2024): A foundation model introduced by Physical Intelligence. Similar to FibVLA, it leverages flow
matching techniques to model continuous action distributions. As a powerful generalist policy, it represents the frontier of
generative action modeling.

• CogACT (Li et al., 2024a): A VLA model designed to distinguish “cognition” from “action.” By decoupling Chain-of-
Thought (CoT) reasoning from specific action execution, it enhances task planning and execution capabilities for complex
long-horizon tasks.

• TraceVLA (Zheng et al., 2025): This method explicitly generates “visual action traces” via visual prompts to guide the
VLA model in understanding the end-effector’s motion path, thereby improving manipulation precision.

• SpatialVLA (Qu et al., 2025): Focuses on addressing the lack of spatial awareness in VLA models. It injects geometric
knowledge into the VLM backbone by co-training action prediction with 3D spatial reasoning tasks, such as depth
prediction or 3D bounding box regression.

• 4D-VLA (Zhang et al., 2025a): Further introduces the temporal dimension on top of 3D perception. By processing
dynamic 3D point cloud video streams, it enables the model to understand dynamic changes of objects in space-time,
generating spatiotemporally consistent action trajectories.

• HiF-VLA (Lin et al., 2025): A unified framework that leverages motion representations for bidirectional temporal
reasoning, encompassing hindsight priors and foresight anticipation. It addresses temporal myopia in VLA models by
capturing inter-state dynamics to filter static background noise effectively.

C. Detailed Task Specifications

Table 7. Mapping between Task IDs and language instructions across evaluated benchmarks.

Task ID LIBERO-Long SimplerEnv
-Bridge

SimplerEnv
-Fractal MIKASA-Robo Real-world

Task 1
Put soup and
box in basket

PutSpoonOn
TableCloth

GraspSingle
OpenedCokeCan ShellGameTouch Place Bowl (Test)

Task 2
Put box and

butter in basket PutCarrotOnPlate MoveNearGoogle
BakedTex InterceptMedium Place Bowl (Color)

Task 3
Turn on stove
and put pot

StackGreenCubeOn
YellowCubeBakedTex Open/CloseDrawer TakeItBack Push Cube (Shape)

Task 4
Put bowl in

drawer and close
PutEggplant

InBasket
OpenTopDrawer
andPlaceApple RememberShape5 Pick Cube

Task 5
Put mugs on left
and right plates - - - Dual-Arm Handover

Task 6
Pick book and
place it in back - - -

Stack Bowls
(Instruction)

Task 7
Put mug on plate,

pudding right - - - Stack Bowls (Visual)

Task 8
Put soup and

sauce in basket - - - -

Task 9
Put both pots

on stove - - - -

Task 10
Put mug in micro-

wave and close - - - -

13



FibVLA: An Efficient Temporal Vision-Language-Action Model with Fibonacci Sampling

D. Per-Task Performance Analysis on LIBERO-Long

Table 8. Comparison of success rates on LIBERO-Long subtasks.

Method Avg. SR Task1 Task2 Task3 Task4 Task5 Task6 Task7 Task8 Task9 Task10

OpenVLA 54.0 35.0 95.0 65.0 45.0 40.0 80.0 60.0 45.0 20.0 55.0
OpenVLA-OFT 91.0 82.0 96.0 96.0 94.0 90.0 96.0 92.0 100 70.0 94.0
π0 72.0 86.0 86.0 60.0 86.0 82.0 52.0 84.0 82.0 26.0 76.0
UniVLA 63.0 64.0 82.0 76.0 96.0 58.0 98.0 24.0 74.0 32.0 26.0
HiF-VLA 94.4 94.0 98.0 100 100 94.0 100 90.0 98.0 76.0 94.0
FibVLA 95.2 96.0 98.0 96.0 98.0 96.0 96.0 98.0 100 88.0 86.0

E. Scoring Rubric for Real-world Experiments
To comprehensively evaluate the error-recovery capabilities and execution fluency of our model in long-horizon tasks, we
propose a quantitative scoring framework as follows:

• Task Decomposition: Each long-horizon task is decomposed into five key sub-steps (i.e., action primitives), represent-
ing the critical stages of the manipulation sequence.

• Scoring Criteria: Each sub-step is evaluated based on execution quality using a tiered scoring system:

– 2 Points (Fluent Execution): The robot successfully completes the sub-step in a single, continuous motion
without hesitation or significant deviation.

– 1 Point (Corrective Execution): The robot encounters minor deviations or stutters but successfully completes the
sub-step through autonomous self-correction.

– 0 Point (Execution Failure): The robot fails to complete the sub-step or encounters an irreversible error, such as
a collision or dropping the object.

• Statistical Protocol: To ensure statistical significance, each task is conducted over 10 independent trials. The maximum
possible score for a single task is calculated as:

Smax = 5 sub-steps × 2 points × 10 trials = 100 (9)

Table 9. List of Self-collected Real-world Evaluation Tasks with Decomposed Action Steps

Task & Instruction Evaluation Steps (5 Sub-steps) Config Horizon

Place Bowl (Test): Put the blue
plate on desk, pick up the white
bowl, put the bowl on the plate.

1. Move to hover directly over the white bowl.
2. Descend vertically and close the gripper to clamp the bowl.
3. Lift the bowl and move horizontally to the plate.
4. Descend until the bowl bottom touches the plate.
5. Open the gripper and retract vertically.

Single Short

Place Bowl (Spatial): Put the blue
plate on desk, pick up the white
bowl, put the bowl on the plate.

1. Move to the bowl’s random position and align the wrist.
2. Descend and close the gripper upon contact.
3. Lift and reorient the wrist in mid-air to level the bowl.
4. Move carrying the bowl to the coordinates of the plate.
5. Lower the bowl onto the plate and open the gripper.

Single Short

Place Bowl (Color): Put the bowl
on the color [X] plate.

1. Move to hover over the white bowl.
2. Descend, close the gripper, and lift the bowl.
3. Move the arm to the position of the [Color] plate.
4. Descend vertically to place the bowl into the plate.
5. Open the gripper and retract the arm.

Single Short
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... Continued from previous page

Task & Instruction Evaluation Steps (5 Sub-steps) Config Horizon

Push Cube (Shape): Push the
shape [X] block into the red region.

1. Move directly over the specific [Shape] block.
2. Descend and align with the contact surface behind the object.
3. Rotate the gripper to the pushing angle.
4. Push the block horizontally into the red region.
5. Lift the arm vertically to finish the task.

Single Short

Pick Cube: Pick up the
left/middle/right one among the
three cubes and put it into the bowl.

1. Move directly above the cube matching the [Position].
2. Descend and close the gripper to grab the cube.
3. Lift the cube and move above the bowl.
4. Open the gripper to let the cube fall into the bowl.
5. Return the arm to the initial home position.

Single Short

Pick Functional Object: Put the
object used for [X] on the plate.

1. Move to the center of mass of the target functional object.
2. Rotate the wrist to a suitable grasping angle and close gripper.
3. Lift the object vertically off the table.
4. Move horizontally to the plate’s position.
5. Lower until contact is made and open the gripper.

Single Short

Wipe Whiteboard: Wipe the
whiteboard clean.

1. Move to the eraser, descend, and close the gripper tightly.
2. Move the eraser to the starting corner of the writing.
3. Press down to ensure contact between eraser and board.
4. Execute a wiping motion (zigzag or linear) across the marks.
5. Lift the eraser vertically off the board.

Single Short

Stack Bowls (Instruction): Stack
bowls in the order of color [X], [Y],
[Z] from top to bottom.

1. Grasp bowl [Z], place it in the workspace center, release.
2. Grasp bowl [Y], move it above [Z], align, and release.
3. Grasp bowl [X], move it above [Y].
4. Align carefully and lower [X] onto [Y].
5. Open gripper and retreat to complete the tower.

Single Long

Stack Bowls (Visual): Stack bowls
in the same/reverse order as the
stack on the left.

1. Grasp the bottom-matching bowl and place on the target spot.
2. Grasp the middle-matching bowl from the supply.
3. Stack it precisely onto the bottom bowl and release.
4. Grasp the top-matching bowl from the supply.
5. Stack it onto the middle bowl and release.

Single Long

Dual-Arm Handover: Pick up
cylinder with left arm, pass to right
arm.

1. Left arm moves to the cylinder and closes the gripper.
2. Left arm lifts object to center; Right arm moves to meet it.
3. Right arm closes gripper on the free end of the cylinder.
4. Left arm opens gripper to release the object.
5. Right arm moves away with the object; Left arm retracts.

Dual Short

Classification: Put all the fruits
into the bowl.

1. Move to the first fruit, grasp it, and lift.
2. Move to the bowl and open gripper to release.
3. Move to the second fruit, grasp it, and lift.
4. Move to the bowl and open gripper to release.
5. Repeat until no fruits remain, then return to home.

Single Long

Mid-air Stacking: Place the bowl
on the plate in mid-air.

1. Left arm grasps the plate; Right arm grasps the bowl.
2. Arms lift and meet in the center; Left holds plate flat.
3. Right arm positions the bowl directly above the plate.
4. Right arm lowers gently until the bowl touches the plate.
5. Right arm opens gripper and moves away.

Dual Short

Uncap Marker: Remove the cap
from the marker.

1. Left arm moves to hold the marker body firmly on the table.
2. Right arm moves to the marker cap.
3. Right arm closes gripper to clamp the cap.
4. Right arm pulls horizontally along the axis to detach the cap.
5. Right arm places the cap on the table.

Dual Short
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... Continued from previous page

Task & Instruction Evaluation Steps (5 Sub-steps) Config Horizon

Make Coffee: Make a cup of
instant coffee.

1. Grip the powder cup, pour into the empty cup, and return it.
2. Move to the spoon and grip the handle.
3. Insert the spoon vertically into the filled cup.
4. Perform a circular stirring motion with the wrist.
5. Lift the spoon out of the cup.

Dual Long

Fold Clothes: Fold the clothes on
the table.

1. Move to the left sleeve, grip, fold inward, and release.
2. Move to the right sleeve, grip, fold inward, and release.
3. Move to the bottom hem of the shirt.
4. Grip and lift the hem towards the collar.
5. Release to complete the fold and retract arms.

Dual Long

F. Hyperparameter Settings and Dataset Statistics

Table 10. Hyperparameter settings and data statistics for different evaluation environments.

Category Hyperparameter LIBERO MIKASA-Robo SimplerEnv-Bridge SimplerEnv-Fractal Real-world

Optimization

Optimizer AdamW AdamW AdamW AdamW AdamW

Optimizer Betas (0.9, 0.95) (0.9, 0.95) (0.9, 0.95) (0.9, 0.95) (0.9, 0.95)

Peak LR 2.5× 10−5 2.5× 10−5 2.5× 10−5 2.5× 10−5 2.5× 10−5

Min LR 2.5× 10−6 2.5× 10−6 2.5× 10−6 2.5× 10−6 2.5× 10−6

Weight Decay 1.0× 10−10 1.0× 10−10 1.0× 10−10 1.0× 10−10 1.0× 10−10

Gradient Clipping 1 1 1 1 1

LR Scheduler Cosine Decay Cosine Decay Cosine Decay Cosine Decay Cosine Decay

Warmup Steps 1,000 1,000 1,000 1,000 1,000

Training Steps 30,000 70,000 100,000 70,000 30,000

Batch Size 16 16 16 32 16

Data

Episodes 1,693 6,000 25,460 26,152 700

Frames 273,465 585,000 864,292 1,067,618 288,594

Action Dim 7 8 7 7 7 / 14

Cameras 1×Wrist +1×3rd 1×Wrist +1×3rd 1×3rd 1×3rd 2×Wrist +1×3rd

State Dim 8 25 – – 7 / 14

Instruction Natural Natural Natural Templated Natural

G. Real-world Experimental Setup and Task Execution
The physical experimental platform is centered around the Agilex Piper robot arm, integrated with the Agilex Pika teleoperation kit for
demonstration data collection. Visual feedback is provided by wrist-mounted and third-person Intel RealSense D435 cameras, supporting
both manual teleoperation and autonomous model inference. To ensure the reproducibility of our experiments, we deliberately designed
the environment using readily available components. The setup employs a standardized white background board and a black tablecloth to
minimize environmental interference, while all task objects are common household items to facilitate the benchmarking of FibVLA in
accessible settings.

We use the “Place Bowl (Test)” task as an illustrative example to demonstrate the real-world inference performance of FibVLA. To
enhance generalization, the demonstration data include balanced initial configurations (e.g., swapping the left-right positions of the bowl
and plate as shown in Fig. 9a), and the model successfully executes the task regardless of the initial layout. Crucially, FibVLA exhibits
a deep understanding of temporal logic rather than mere imitation learning. When external interventions revert the task state during
inference (e.g., resetting from Fig. 9c back to Fig. 9a, or Fig. 9e back to Fig. 9c), the model autonomously perceives the environmental
shift and re-executes the necessary preceding actions. Such dynamic error recovery proves that FibVLA explicitly models temporal
information to achieve robust long-horizon reasoning.
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Figure 8. Real-world experimental scenario

(a) Approach and grasp
plate

(b) Place plate on center (c) Approach and grasp
bowl

(d) Place bowl on plate (e) Return to home posi-
tion

Figure 9. Key-step snapshots of the ”Place Bowl (Test)” task during real-world inference.

H. Proof of Upper Bound on Coincidence Count for Logarithmic Hindsight Sampling
Definition H.1 (Logarithmic Sampling Sequence). Let S = {x0, x1, x2, . . . } be a strictly increasing integer sequence with anchor
x0 := 0. For i ≥ 1, the elements are generated by a base parameter qmin > 0 and a growth rate r > 1:

xi = ⌊qmin · ri⌋. (10)

Definition H.2 (Sparse Sampling Constraint). The sequence S is said to satisfy the sparse sampling constraint if any three consecutive
terms satisfy the second-order recurrence inequality

xi ≥ xi−1 + xi−2, ∀i ≥ 2. (11)

Definition H.3 (Coincidence Count). For a given step size ∆ ∈ Z+, define the coincidence count function

H(∆) =
∣∣{(j, i) ∈ Z2

≥0

∣∣ j > i, xj − xi = ∆
}∣∣ . (12)

Proposition H.4 (Bounded Coincidence Count). Let S be any sequence satisfying the sparse sampling constraint. Then for all ∆ > 0,

H(∆) ≤ 3. (13)

Moreover, equality can only occur if the sequence attains the Fibonacci boundary xi = xi−1 + xi−2 and ∆ ∈ S.

Proof. We consider solutions to the equation xj − xi = ∆ with j > i.

Any sequence satisfying xi ≥ xi−1 + xi−2 dominates the Fibonacci sequence term-wise. Consequently, for any fixed index pair (j, i),
the difference xj − xi is minimized in the tight boundary case where equality holds, i.e.,

xi = xi−1 + xi−2. (14)
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Hence, the maximal possible value of H(∆) is achieved under the Fibonacci recurrence, which corresponds to the minimal growth rate
compatible with the sparse sampling constraint. It therefore suffices to analyze this extremal case. Without loss of generality, consider
∆ = xk ∈ S for some k ≥ 1. If ∆ /∈ S, monotonicity immediately reduces the number of admissible solutions. We enumerate all
possible solutions to xj − xi = xk:

Case 1 (i = 0):
Since x0 = 0, the trivial solution (j, i) = (k, 0) always exists.

Case 2 (j = i+ 1):
From the Fibonacci recurrence,

xi+1 − xi = xi−1.

Setting xi−1 = xk yields i = k + 1, giving the solution (j, i) = (k + 2, k + 1).

Case 3 (j = i+ 2):
We have

xi+2 − xi = (xi+1 + xi)− xi = xi+1.

Setting xi+1 = xk yields i = k − 1, giving the solution (j, i) = (k + 1, k − 1).

Case 4 (j − i ≥ 3):
We show that no solutions exist in this regime.

• If j ≥ k + 2, then for all admissible i,

xj − xi ≥ xk+2 − xk−1 = 2xk > xk.

• If j = k + 1 and i ≤ k − 2,
xk+1 − xk−2 = 2xk−1 > xk,

since xk = xk−1 + xk−2.

Thus, xj − xi strictly exceeds xk, and no solutions arise.

Collecting all cases, there are at most three admissible solutions. For sequences with strict inequality xi > xi−1 + xi−2, Cases 2 and 3
are no longer attainable, and H(∆) is further reduced. Therefore, for all sequences satisfying the sparse sampling constraint,

H(∆) ≤ 3.

Remark (Connection to Logarithmic Sampling) Although the Fibonacci sequence is defined by a linear recurrence, its
closed-form expression given by Binet’s formula is

Fi =
ϕi − ψi

√
5

, (15)

where ϕ = 1+
√
5

2
and ψ = 1−

√
5

2
. Since |ψ| < 1, the term ψi decays exponentially, yielding the asymptotic relation

Fi ∼
1√
5
ϕi. (16)

Thus, the Fibonacci sequence can be viewed as an asymptotic logarithmic sampling sequence with growth rate r = ϕ. This observation
justifies treating the Fibonacci recurrence as the extremal boundary case when analyzing coincidence bounds for logarithmic hindsight
sampling sequences.
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I. Visualization of Channel-wise Temporal Encoding
The image hindsight effectively represents the temporal evolution of the task within the latent space. A notable phenomenon in these
visualizations is the variation in the morphology of the feature ”trails.” In the LIBERO environment, which operates at a lower sampling
frequency of 10Hz, the processed output exhibits elongated trails due to the larger inter-frame displacement. Conversely, in the real-world
experiments conducted at 30Hz, the encoding appears more compact and remains closely aligned with the object boundaries. Rather than
being visual artifacts, these variations in trail length and distribution serve as a direct mapping of the object’s motion dynamics, such
as velocity and trajectory. This demonstrates that the CTE module successfully integrates the temporal progression of the task into the
current visual representation.

(a) (b) (c)

(d) (e) (f)

Figure 10. Visualization of visual inputs and corresponding image hindsight in the LIBERO simulation environment (10Hz). Each
subfigure (a–f) displays the raw RGB camera observation on the left and the processed output from the channel-wise temporal encoding
(CTE) module on the right. The Image Hindsight captures the temporal progression of the task within the latent representation.

(a) (b) (c)

(d) (e) (f)

Figure 11. Visualization of visual inputs and image hindsight in real-world Piper robotic arm experiments (30Hz). Similar to the
simulation, the left panels show raw physical observations, while the right panels display the corresponding processed image hindsight.
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