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Fig. 1: We present GuidedVLA, a VLA paradigm in which the action decoder is explicitly guided to capture task-relevant
information such as object grounding, spatial geometry, and temporal skill logic. Across simulation and real-robot experiments,
GuidedVLA significantly improves success rates in both in-domain and out-of-domain settings, demonstrating the effectiveness
of specifying action-decoder attention heads with explicit guidance.

Abstract—Vision-Language-Action (VLA) models aim for gen-
eral robot learning by aligning action as a modality within
powerful Vision-Language Models (VLMs). Existing VLAs rely
on end-to-end supervision to implicitly enable the action decoding
process to learn task-relevant features. However, without explicit
guidance, these models often overfit to spurious correlations, such
as visual shortcuts or environmental noise, limiting their gener-
alization. In this paper, we introduce GuidedVLA, a framework
designed to manually guide the action generation to focus on task-
relevant factors. Our core insight is to treat the action decoder
not as a monolithic learner, but as an assembly of functional
components. Individual attention heads are supervised by man-
ually defined auxiliary signals to capture distinct factors. As an
initial study, we instantiate this paradigm with three specialized

heads: object grounding, spatial geometry, and temporal skill
logic. Across simulation and real-robot experiments, GuidedVLA
improves success rates in both in-domain and out-of-domain
settings compared to strong VLA baselines. Finally, we show
that the quality of these specialized factors correlates positively
with task performance and that our mechanism yields decoupled,
high-quality features. Our results suggest that explicitly guiding
action-decoder learning is a promising direction for building
more robust and general VLA models.

I. INTRODUCTION

Vision-Language-Action (VLA) models 45| 8] rep-
resent a significant step toward generalist robot policies by
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integrating action as a specialized modality within the rich  and stochasticity of unguided VLA decoders.

feature space of Vision-Language Models (VLMs). By lever- We provide extensive evaluations across multiple simula-
aging the massive pre-training of VLMs [78,179,4) 51], these tion benchmarks and real-robot tasks, showing that Guid-
models can inherit high-level semantic knowledge and reason- edVLA signi cantly improves state-of-the-art baselines in
ing capabilities essential for complex tasks. However, current both in-domain and out-of-distribution scenarios.

VLA training typically relies on end-to-end supervision where  We offer quantitative insights into head specialization,
the action decoder is expected to implicitly learn task-relevant validating that our approach yields high-quality features
factors from demonstration dafa [10]. According to pioneering that correlate positively with task performance.

studies in the eld of computer vision and imitation learning,
end-to-end learning without explicit guidance may lead to
shortcut learning[30, 29] or causal confusidn][21]. Vision-Language-Action (VLA) Models: Vision-Language-

In practice, we observe that the action decoder of VLA oftection (VLA) models aim to map visual observations and
latches onto spurious correlations, such as background textueggyuage instructions to low-level robot actions by combin-
or incidental camera artifacts, as shown in [Fig. 1. While sonireg pretrained vision-language models with large-scale robot
cross-attention heads in the action decoder occasionally attelegnonstrations[ 2,10, 104, 128,131,145, [6, 1101} 90]. One
to relevant regions, this behavior is highly stochastic arighportant research direction focuses on scaling embodied data
varies across different heads and scenarios. This randomrtesgsugh multi-source datasets [67,1 81, 43] 20, (63, [40, 48],
suggests that although VLM backbones provide a robustandardized multi-task benchmarksi[64] 59,[28,[39, 92], and
feature stream, the action decoder does not learn a stablegvaluations under distribution shift [28, 65, 24]. Another line
causal understanding of the task, but instead relies on a of work improves training and inference recipes, including
shifting set of features and thus struggles to generalize. multimodal prompting [42, 25], parameter-ef cient adaptation

Because end-to-end supervision alone makes the decisight, 87, 74, 34], and inference-time acceleration [88, 9, 41,
making process of VLA opaque and inconsistent, we propo62, 99]. In parallel, prior work strengthens the action path-
GuidedVLA, a framework that transforms the action decodeway through alternative action parameterizations and learn-
from a monolithic learner into an assembly of functionally speng objectives, including diffusion- or ow-based generation
cialized components. Instead of allowing the cross-attentigB, 8, 7, 60, 17, 55, 14, 86], action chunking for temporal
heads to develop roles implicitly, we manually specify thabstraction [98], and discrete or compressed action tokenizers
information each head should capture by supervising thémbetter match control bandwidth [69, 85].
with distinct, task-relevant auxiliary signals. Auxiliary Tasks for Robotics Models Structured intermediate

While this paradigm is designed to be general and extenstpresentations improve policy robustness under distribution
ble, in this work, we instantiate it by supervising three primarghift. Object-centric methods factor manipulation around task-
factors, as in Fig[]1: (i) object grounding, ensuring actionrelevant entities such as object poses, keypoints, and relations
tokens attend to task-relevant regions; (ii) skill recognition[36, 32, 58, 33, 89, 53, 50, 49, 68, 13]. Skill-based represen-
enabling action tokens to identify the intended sub-skill dations support long-horizon reasoning by decomposing tasks
phase of a multi-step behavior; and (iii) geometry perceptioninto reusable subgoals [2, 54, 61, 35, 27, 97, 1]. Geometry-
allowing action tokens to leverage 3D spatial information. Owaware policies that operate on 3D representations, including
probing experiments reveal that current VLASs are brittle acropsint clouds and 3D scene tokens, achieve strong viewpoint
all three factors, and that the proposed guidance mechanianu instance generalization [94, 83, 56, 100, 71, 19, 91, 70, 22,
effectively resolves these de ciencies. 26, 76, 93, 47, 52, 46, 37, 66, 102, 5]. Our work complements

Across multiple simulation benchmarks and real-world exthese approaches by supervising object-centric structure, skills,
periments, GuidedVLA achieves a signi cant performancand geometry into separable internal pathways within the
boost for o [8], surpassing other recent feature-trainingction decoder of VLA.
methods in the eld [[96 75]. Furthermore, we provide a
guantitative evaluation showing a strong positive correlation
between factor understanding and overall success rates. A&i-Problem Setup and Motivation

nally, we validate that partitioning factors into specialized Rgcent representative Vision-Language-Action (VLA) mod-
atf[ention heads produces better-decqupled featur_es tharé|5a[8’ 45, 104] extend Vision-Language Models (VLMs) by
mixture approach where all heads are jointly supervised. jnoqucing action tokens a alongside vision tokens v and
In summary, we make the following contributions: language tokens |. The action generation process is trained to
We propose GuidedVLA, a general paradigm for VLAregress robot trajectories by denoising a conditioned on (v; I).
that mitigates overt risk by specifying task-relevant ajthough VLMs provide rich semantic features in (v; ), the
factors through functional attention specialization. action tokens a do not inherently learn to extract task-critical
We instantiate this framework by designing three specialnformation. As in Figure 1, action token attention often
ized heads: object grounding, skill recognition, and ggjiffuses over irrelevant background regions. This motivates our

ometry perception and demonstrate through probing thantral designs: How can we guide action decoding to extract
such explicit guidance resolves the inherent brittleneggsk-relevant information?

Il. RELATED WORK

I1l. METHOD



Fig. 2: Architecture of GuidedVLA. We introduce explicit, structured guidance into the multi-head attention layers of the
VLA action decoder. Instead of relying on implicitly entangled representations, we repurpose dedicated attention heads to
specialize in distinct task-relevant factors: (i) Object Head supervises its attention maps to explicitly ground task-relevant
objects and suppress distractors vigsibe: ; (i) Skill Head aligns internal feature representations with temporal skill phases
(e.g., Pick ! Place) through auxiliary classi cation Ly, ; (iii) Depth Head injects geometric cues via cross attention only to
features from a depth encoder. These guidance forces the policy to explicitly aware spatial, temporal, and geometric structures.

Algorithm 1 Decoupled Attention with Guided Heads 2) Skill Recognition: whether action tokens correctly iden-
Require: Action hidden states X at layer L tify the current sub-skill or temporal phase within a
Require: Head sets: i (object), Hs (skill), Ha (depth) complex robotics task (e.g., long-horizon).
Require: Joint cache (K;V); Depth cache (K;V*) 3) Geometry Perception: whether action tokens can utilize
Ensure: Fused attention output A S . . .
: ; 3D spatial information when performing ne-grained
1: Q Proj o(Xv1) )
tasks (e.g., click bell).
Stage 1: Factor-Speci ¢ Attention _ These factors are complementary: grounding localizes the
2: PojAo AIN(Q[H ~ o];K;V) - Object Head  (5rqet, skill recognition de nes the behavior, and geometry
AR A I D - Skill Head rovides the spatial constraints for execution. Together, th
4 Ag AINQMH oK VY _Depth Head ~ Provides the spatial constraints for execution. Together, they
constitute a comprehensive semantic interface between high-
Stage 2: Per-Head Supervision level VLM representations and low-level control.
5: App'y I—object (Eq 4) to R S . - .
6: Apply L (Eq. 7) to A C. How to Guide: Attention Head Specialization

Stage 3: ControlNet-style Residual Fusion To capturg decoupled task—relevant.informatiqn, the Multi-
7. A proj o Concat(AL]) Head Attention (MHA) [8(_)] ad_opted in the action _decpder
8 AL ZeroComv(A %%+ A " Merge with Main Branch offers a n_atural _solqun _Wlth minimal structure m_odl cation:
we explicitly assign speci ¢ heads to capture certain factors by
applying different supervision signals on different heads.
. Because large-scale pretrained backbones already exist [45,
B. What to Guide: Three Task-Relevant Factors 8], we can equip them with specied heads while preserv-
We identify three factors correlated with robotics tasksng pretrained capabilities, thanks to the natural decoupling
based on our preliminary probing experiments in Sec. V-B:characteristics of multi-head attention. Speci cally, for those
1) Object Grounding: whether action tokens can attend tgretrained backbones, we propose a ControlNet-style [95]
the correct task-relevant regions (e.g., affordance). residual adapter strategy, as illustrated in Fig. 3. To add a




allowing the model to decide how to distribute attention within
the interest area. The implementation details are provided
in Appendix C, and the stage-aware mask construction is
described in Appendix I1.

2) Skill Head (Temporal Logic Intent): Skills capture
high-level, temporally extended semantics that modulate the
model's action behaviors in long-horizon tasks. To encode this,
we designate a subset of headgiito specialize in intent
recognition. We pool the selected skill-head output features
over guided Iayers,lheads, Qnd a&tlon queries:

fb foone %)

CLgiiH s iiTal o o
g skill a
We then project the pooled feature to a skill probability dis-
Fig. 3: ControlNet-style residual adapter for plug-and-play {ribution and apply a KL-divergence loss against the ground-
head specialization. The pretrained main attention branch fguth soft label'y, which represents the skill distribution over
kept as the behavior-preserving path, while a factor-speci& future horizon:
attention branch is fused through a zero-initialized projection. Pp = softmax(W fy + b) (6)
The adapter copies weights from the base policy and gradually ® x
injects task-relevant biases during training. 1
n v I uring training Ll = 5 Yo (109 Yok 1091 bk) (7

b=1 k
ﬁ%egarding the annotation of skill types at each time-step,
we combine foundation models and manual correction. For
LIBERO, the skill distribution covers three effective task-level

Since ZeroConv is initialized to zero, the control brancﬁk'” classes plus one null/background class for unannotated or

initially contributes no signal. This ensures the model retaiﬁr?ansitior_l frames. The co_nstrL_Jction and_implementation (_jetails
its pre-trained behavior at the start of training, while grac?— the skill-label are provided in Appendix 12 and Appendix C.

; o : S . = . 3) Depth Head (3D Structure): Since standard vision
;?;Ié/eleedasrmng to inject factor-speci ¢ biases as Optlmlzatlore]:ncoders (e.g.. SigLIP) in VLA [8] are trained with 2D

We now describe the specic objectives and mechanis sup_ervision and lack explicit 3D awareness, we design spe-
for the three speci ¢ factors, as in Alg. 1 r@?‘allzed. depth heads. Instead of a loss, we use a structural
) . ’ A i _constraint: we extract features from a frozen depth encoder
1) Object Head (Visual Grounding): Intuitively, action (e.g., DA3 [57]) on the primary camera view,p& and
dec_oding bene ts from att_ending to semantically meaningﬂﬂroject them into depth-aware keys and valuegedf and
regions, such as the object to be grasped and the target’ The query still comes from the action decoder; we

destination. To enforce _this, we guide a subset of heg;gﬁtbl constrain the action-query heads inydsiy to attend only to
concentrate their attention mass on ground-truth object-regigp.se depth-derived keys and values:

supervised head Attgpecied, We introduce a zero-initialized
projection ZeroConv before fusing with the main branc
attention features AttRain:

Attn(x) = Attn  main(X) + ZeroConv (At specied(X)) : (1)

masks. Given attention probabilities P from action queries to >
all keys, we use mean-head aggregation and rst average the Hdeptn: Softmax QaclH deﬁt@( Deptt) Voeptri  (8)
selected object heads: X This design forces speci ¢ heads to specialize in 3D geom-
Potk = - : Pohitk : (2) etry processing. The details of the implementation and the
JH obj h2H o, design ablation experiments are provided in Appendix C and
Let My« 2 [0;1] denote the object-region target on the fulAppendix E2.
key axis, with non-object image patches and non-image tokendn summary, we adopt a mixed loss:
assigned zero weight. The object mass for action query t is L=L em+ objeclobjectt  skill L skill: 9)
Mp: = Po:tk Mk : (3) where Lgy is the ow matching loss, and gpject @and s
o R _ are the coef cients for the auxiliary objectives that supervise
We minimize the negative log object mass over samples WhQfigtinct subsets of attention heads. For geometric perception,
target object is V'i'bla X X we inject depth keys and values for depth heads rather than
L object = — Vb log (max(my:; )); (4) using a loss term. The remaining unsupervised heads are
b VelTal left free to capture purely data-driven patterns, preserving the

where v indicates that at least one labeled object patch #Rodel's exibility and expressivity, as in Fig. 2.
available for sample b, ;Tis the set of action queries, and ) ]

is a small numerical constant. To construct M, we us®- Guidance Dataset Construction
foundation models like grounding SAM [73] to annotate the To reduce the annotation burden of factor guidance, we build
object to be grasped or the target destination as interestedhighly automatic factor annotation pipeline, as shown in
areas and assign zero weight to all other key positions, whiteg. 4. For object grounding, Qwen3-VL [3] rst identi es the



TABLE I: LIBERO-Plus Benchmark Results. The proposed model achieves the highest average success rate, with a signi cant
boost compared to its base modegl Notably, single-head ablations reveal task-speci ¢ alignment: the object head is strongest
among single-head variants on the Object and Long suites, the skill head gives the best single-head result on the Goal suite,
and the depth head performs best on the Spatial suite.

Perturbation Dimensions Task Suites
Model Camera Robot Language Light Background Noise Layout Spatial Object Goal Long  Total
OpenVLA [45] 0.8 35 23.0 8.1 34.8 15.2 28.5 194 140 151 143 15.6
OpenVLA-OFT [44]| 56.4 31.9 79.5 88.7 93.3 75.8 74.2 84.0 66.5 63.0 66.4 69.6
NORA [38] 2.2 37.0 65.1 45.7 58.6 12.8 62.1 47.6 344 388 36.3 39.0
WorldVLA [12] 0.1 27.9 41.6 43.7 17.1 10.9 38.0 325 286 31.8 82 250
UniVLA [11] 18 46.2 69.6 69.0 81.0 21.2 319 555 36.7 40.7 39.9 43.9
o-Fast [69] 65.1 21.6 61.0 73.2 73.2 74.4 68.8 744 72.7 575 434 616
RIPT-VLA [77] 55.2 312 77.6 88.4 91.6 73.5 74.2 85.8 64.3 58.0 67.5 684
DreamVLA [96] 65.0 40.9 63.5 85.7 82.7 85.0 74.0 79.7 79.0 61.7 59.8 69.9
AdaMoE [75] 53.8 17.5 20.6 73.7 73.8 58.6 65.8 51.0 579 53.3 38.1 50.1
Spatial Forcing [47]| 20.1 13.4 40.9 29.1 334 25.7 39.3 529 31.0 282 54| 291
VLA-Adapter [84] 36.2 37.9 74.6 70.6 76.1 58.0 69.7 85.0 46.3 56.0 50.4 59.1
o [8] 62.3 39.8 63.1 86.0 82.8 82.4 69.6 77.7 74.1 61.4 60.1 68.2
w/ object head 71.7 45.8 63.5 92.4 86.9 85.1 774 80.6 825 67.1 _64.0 734
w/ skill head 70.0 45.0 61.7 90.2 83.0 88.4 76.3 79.8 78.9 689 62.7 | 725
w/ depth head 68.1 43.9 65.8 90.7 83.4 _ 856 7238 81.4 79.0 654 618 717
w/ all heads (Ours) 73.7 51.4 62.6 94.6 89.0 85.2 79.9 84.0 809 708 66.2| 754

V. EXPERIMENTS
A. Simulation Experiments

LIBERO-Plus [28] is a robustness-oriented benchmark built
upon LIBERO [59]. It is designed to evaluate generalist
manipulation policies under distribution shifts. It introduces
perturbations along seven dimensions: camera viewpoint, robot
initial state, language variation, lighting condition, background
texture, sensor noise, and object layout to expose failure modes
under generalization scenario beyond in-domain evaluation.
We compare with state-of-the-art baselines in Table I.

) ) ) o ) RoboTwin 2.0 [16] offers a multi-task evaluation platform
Fig. 4: Automatic factor annotation pipeline. Object masks 5crqss diverse robot embodiments, and leverages extensive
are initialized by Qwen3-VL point prompts and propagated Ry;ene/object randomization to scale data and enable out-
SAM2, skill labels are generated by Qwen3-VL from staggs gistribution testing. As in Fig. 5, we evaluate on eight

descriptions and a prede ned skill list, and depth guidangg esentative tasks under randomized, unseen settings (out-
uses frozen depth features without requiring depth labels. TOe4omain task instructions, environments, and object

pipeline substantially reduces human annotation time Whi;]fFacements) using the Agilex Piper dual-arm setup.
preserving a human veri cation step for supervision quality.

B. Real-World Experiments

task-relevant object from the stage description and proposesVe conduct real-world experiments on two dual-arm plat-
foreground point prompts; SAM2 [72] then propagates tHerms to evaluate both in-domain action generation and cross-
corresponding masks through the video segment, followed phatform generalization against baselines.

human veri cation. For skill recognition, Qwen3-VL assigndlatforms: Platform A is an ALOHA AgileX dual-arm sys-
stage-level skill labels from a prede ned skill list, which ardem, equipped with two Intel Orbbec Dabai wrist cameras
then converted into soft targets in Eq. 7. Depth guidan€¢ene per arm) and an additional Intel Orbbec Dabai third-
does not require manual depth annotation because the dgmtson camera. Platform B is a PSI-Bot dual-arm platform,
head directly consumes features from a frozen pretrainading Intel RealSense D435 cameras for visual observations.
depth encoder. In our annotation method, 92% of the episodégure 6 summarizes the hardware setups and qualitative task
require no human correction; annotating 50 episodes takefouts.

about 4 minutes with our pipeline, compared to around 43Tasks: On ALOHA AgileX, we design three household tasks:
minutes under manual annotation. The implementation detgilg pick up fruits and vegetables: classify and place pepper/car-
are in Appendix I. rot on plate, strawberry in bowl, (2) stack the bowls: assemble



Fig. 5: RoboTwin 2.0 Benchmark Performance. Success rates across 8 manipulation tasks comparingtibseline, single-
head experts, and our full model. While speci ¢ heads excel at aligned tasks (e.g., depth head for geometry-heavy Beat Hammer
Block), the full model (purple) integrates these capabilities to achieve the best overall average performance (90:63%).

two bowls and place on rack, and (3) clean the tabletop:4) Does our attention head specialization indeed lead to
sweep trash with broom/dustpan, pour into tray. On PSI-Bot learning decoupled features? (Section V-C)

RealMan, we design three chemistry-lab manipulation tasks:5) How different architectural choices for guidance in u-
(4) place beaker in heating mantle: grasp a beaker and insertit ence performance? (Section V-E)

into the heating mantle, (5) stack beakers: nest small beakers

inside a large one, and (6) heat beaker: place an asbestos nfesfask-suite Analysis and Cross-benchmark Generalization
on the iron stand and then place the begker on the mesh. The%e analyze how each factor contributes to different task
laboratory tas.kg focqs onthe manlpulatlon ghallengeg posed&mes and use representative results from simulation and real-
transparent, rigid objects and tight Qe.ome”'c cpnstramts. T rld evaluations to explain why each speci ed head helps.
do not evaluate complete safety-critical chemical procedures;

in particular, heat beaker requires placing the beaker onto tﬁg ect Head: Visual Generalization. Tasks involving clutter

heating setup rather than controlling the heating process its&f, diStractors necessitate a precise understanding of object
Detailed success criteria are provided in Appendix L2. instance identities. On the LIBERO-Plus Object suite, which
Evaluation protocol: For each task and model, we perfomistresses object-level distinctions, the object head vyields the

I - 0, 0, .
20 trials. A trial is successful if the entire task is completeol?lj:l0 rr]gsejltt sSI?ngli;;:r? dir:(a Sg)lt ('?riss ﬁlligzssAvéi)tr? \{[@;TlreT?r?tISi t:;)n

settings on both platforms: in-domain generalization, scerg%at explicit object-centric representations mitigate grounding

o S o . ailures, allowing the policy to lter out irrelevant visual cues
generalization, and lighting generalization. Here, in-domai

- : " e ..that confuse the baseline.
generalization focuses on object position variations within . _
the training distribution, while preserving task semantics amfill Head: Temporal Coherence. Long-horizon manipu-

scene layout. Scene generalization introduces distracting ¢#i0n requires maintaining “stage awareness” to transition
jects into the workspace, testing robustness to clutter aﬁgrrectly betweelj sub-skills. On LIBERO-Plus, the_sk|ll head
semantic interference. Lighting generalization varies illum@ives the best single-head result on the Goal suite (68.9%)
nation intensity and color temperature, assessing sensitiviyd remains aboveo on the Long suite (62.7% vs. 60.1%,
to perceptual shifts. Results are summarized in Table II, witgPle ). Similarly, for the Lift Pot task (RoboTwin 2.0)

detailed setting de nitions in Appendix M. involving a strict sequence of grasping, stabilizing, and lifting,
this head achieves the best single-head success rate (96%,

Fig. 5; full results in Appendix B). These results validate
that explicit skill recognition provides the temporal scaffolding
In this section, we aim to answer the following questionsheeded to prevent premature termination or mode collapse

1) Do VLAs under-utilize vision-language representatiorduring phase transitions.
in action decoding process, and can explicit factor guiddepth Head: Geometric Precision. Tasks reliant on precise
ance close this gap? (Section V-B) 3D localization, such as pressing or insertion, necessitate accu-
2) Does our proposed GuidedVLA improve baselineate depth estimation which 2D backbone alone often fails to
performance under both in-distribution and out-ofprovide. On RoboTwin 2.0, the Click Bell task requires precise
distribution evaluations? (Section V-A) Z-axis control to trigger the mechanism without collision; the
3) Which factors (object, skill, geometry) matter most fodepth head drastically improves performance from 35% to
which task types? (Section V-A) 63% (Fig. 5). We observe a similar trend in Beat Hammer

V. ANALYSIS



Fig. 6: Real-world Robot Platforms and Evaluation Tasks. (a) ALOHA AgileX dual-arm mobile manipulator with left/right

wrist Orbbec Dabai cameras and a third-person Orbbec Dabai camera; we evaluate three household tasks: pick up fruits anc
vegetables, stack the bowls, clean the tabletop. (b) PSI-Bot equipped with RealMan RM63 arm(s) and DexHand2 Pro hands,
with head/chest RealSense D435 cameras; we evaluate three lab tasks: pick up beaker, stack beakers, and heat beaker.

TABLE II: Cross-Platform Real-World Generalization. Success rates (N = 20) across three generalization settings on
ALOHA and PSI-Bot platforms. Our method consistently outperforms the baseline, achieving performance gains across all
settings (up to 52:7%) and demonstrating robustness under challenging out-of-domain conditions. Task 1-6 correspond to: (1)
pick up fruits and vegetables, (2) stack the bowls, (3) clean the tabletop, (4) place beaker in heating mantle, (5) stack beakers,
and (6) heat beaker. In-domain generalization includes variations in object positions within the training distribution.

Generalization | Method ALOHA AgileX PSI-Bot RealMan Average
Setting Task 1 Task 2 Task ?Task 4 Task 5 Task ?3 (%)
In-Domain Base Policy 10/20 11/20 9/20‘ 12/20 12/20 13/20‘ 55.8
Ours 14/20 15/20 14/20 16/20 17/20 15/20 75.8
Scene Base Policy 7/20 8/20 6/20  12/20 11/20 9/20| 44.2
Ours 13/20 12/20 11/20 15/20 16/20 14/20 67.5
Lightin Base Policy 11/20 9/20 10/20 14/20 12/20 13/20 57.5
ghiing Ours 13/20 16/20 15/20 17/20 18/20 16/20 79.2

Block (78% ! 96%), where height alignment is critical. Thesewhile single heads excel in their respective niches, the full
gains con rm that explicit geometric cues compensate for thmodel is the only variant that reliably generalizes across
lack of 3D observability in standard VLA inputs. all dimensions of variability (scene, lighting, and position),
Full Model: Synergetic Generalization. The full model inte- hlgf}llgh_tlng that these factors are not redundant but mutually
grates these complementary strengths—visual grounding, tdfprorcing.

poral coherence, and geometric precision—to achieve robust _ . : 5
generalization across diverse domains. It raises the aver geSensmwty Analysis: Does Factor Quality Matter?

success on RoboTwin 2.0 from 77.38% to 90.63% (Fig. 5) andWe move from a binary “with/without” comparison to a
demonstrates superior robustness in the real world (Table dhantitative question: does better factor quality lead to higher
head-wise real-robot diagnostics in Appendix O2). Cruciallguccess? We vary each factor's strength in controlled ablations



Fig. 7: Higher Factor Quality Leads to Better Task Performance. Top: Quantitative analysis on the LIBERO-Plus layout
perturbation track shows that improving the quality of each specialized head consistently boosts success rates. (a) Object Head:
as the proportion of attention focused on task-relevant object regions increases, success rises from 61.3% to 74.6%, highlighting
the importance of precise object-centric attention. (b) Skill Head: higher skill-recognition accuracy, measured by a linear probe,
correlates with improved performance (66.2% to 72.9%), indicating that better temporal understanding enhances control. (c)
Depth Head: increasing the ratio of true depth features (versus noise) dramatically improves both qualitative depth estimation
and quantitative success (15.6% to 76.7%), con rming that explicit 3D cues are critical for robust manipulation. Bottom:
Qualitative visualizations show how changes along the x-axis metrics are re ected in the corresponding feature representations.

and measure continuous proxies aligned with the intended
semantics, as summarized in Figure 7.

Object Grounding. We measure the fraction of attention
mass falling inside the object/gripper mask, using the same
supervision target as Eq. 4. As the mask-aligned attention
ratio increases from 0.25 to 1.0, success rises from 61.3%
to 74.6% (Figure 7 (a)). In contrasty exhibits low intrinsic
object focus (26.5%), indicating that stronger spatial ground-
ing directly correlates with performance. Under a stricter
localization diagnostic, GuidedVLA increases object-region
attention mass from 8.1% to 84.0% and argmax-hit accuracy
from 2.2% to 84.7% over .

Skill Recognition. We use a linear probe to predict task.

skill labels from action features, using probe accuracy as t : . )
. : s : VVLA. From top to bottom: (i) Object attention focuses on
uality metric. Raising the skill accuracy threshold from 0.2 . . .
d y 9 y e manipulation target (e.g., pot handle); (ii) Depth features

to 1.0 increases success from 66.2% to 72.9% (Figure 7 (6 . . e ) -
The baseline ¢ remains low at 48.4%, con rming improvedt code Iepr|C|t 3D ?'E{rucktur;z, (i) ?_Ir(]'_” predlct|0:1r']s ttrackht:\]e q
temporal representations translate into better performance. emporal progress of task pnases. This con rms that each hea
specializes in its designated semantic factor as intended.
Geometry Perception. We modulate the true depth feature
ratio in the geometry stream as a proxy for geometric sign@l Specialization Enables Decoupled Feature Learning
strength_. Increasing this rat|o_ from 0 to 1.0 yields a Ia_lrge suc-We have shown that each factor (object grounding, ge-
cess gain (15.6% ! 76.7%, Figure 7 (c)), demonstrating that . ;
. . . . ometry, and skill) correlates with task success. A natural
richer geometric cues substantially improve task outcomes. NN : ) -
next question is: can we guide multiple factors by training
Figure 7 summarizes these trends, showing that succedisheads with all factor objectives? Our answer is NO:
increases monotonically with each factor's quality, not merely naive mixed training protocol consistently underperforms
its presence. Figure 8 provides a qualitative analysis of faci{giigure 9). The gain is not just extra supervision or capac-
features over time in a task. Details of these metrics aitgl: under matched control settings, GuidedVLA consistently
ablations are provided in Appendix D. outperforms the shared-head mixture alternative and other

. 8: Visualization of Learned Representations in Guid-



E. Ablation of Design Choices

In this section, we discuss the design choices for each
speci ed head and the plug-and-play ControlNet-style resid-
ual adapter. We systematically conduct experiments on these
choices in RoboTwin 2.0, with detailed results in Appendix E.
Object Head. Suppressing attention outside object regions
outperforms enforcing a xed spatial prior (e.g., Gaussian)
inside object regions. This allows the model to exibly learn
which object parts are most relevant at each task stage.

Skill Head. Soft targets outperform one-hot labels, better
handling ambiguous or mixed-intent segments and thus leading

Fig. 9: Comparison of GuidedVLA against Mixture Al- to more stable training and better performance.
ternative. Attention head specialization explicitly outperformdepth Head. Adopting a lightweight downsampling adapter
learning all objectives in a mixture. outperforms directly using original, non-downsampled depth
features, since the number of depth tokens can be large and
non-factorized controls; additional architecture ablations aggske the learning process dif cult.
provided in Appendix F. Extra Branch. A zero-initialized control branch introduces
When object grounding, geometry, and skill objectiveguxiliary signals gradually and does not disrupt the base model
are all supervised through all attention heads, their featurgsthe start of training, outperforming fusion without this
become entangled, as in Fig. 10. This coupling means thgkinch.
information from different factors is mixed, making it dif -
cult to capture each factor clearly, thus leading to degraded VI. CONCLUSION
performance. We present GuidedVLA, a method that makes the VLA
action decoding process more robust by explicitly specifying
task-relevant factors through attention head specialization. By
assigning dedicated heads to object grounding, temporal skill
logic, and geometric cues, GuidedVLA transforms the action
decoder from an entangled black box into a set of semantically
decoupled pathways. Across simulation benchmarks and real-
robot evaluations, this design delivers consistent gains in both
in-domain performance and robustness under distribution shift.
Further analyses show that (i) higher-quality factor signals cor-
relate with higher task success, and (ii) allocating a dedicated
Fig. 10: t-SNE Visualization of Attention Outputs. (a) head per factor produces clearly decoupled features. Together,
Specialized attention heads (object: yellow, depth: blue, skithese results point toward training VLAs that are both more
green) form well-separated clusters, demonstrating factor disterpretable and more generalizable.
entanglement and minimal interference. (b) The mixture alter-Limitations and Future Work. Our method relies on
native shows overlapping clusters (different colors representipgede ned factors, and automating factor discovery remains
different heads), indicating entangled representations. an open challenge, especially for continuous tasks where au-
tomatic skill labeling is dif cult. Promising directions include

D. Comparison to Other Factor Guidance Approaches automatic skill discovery [103, 82] and the use of continuous
Erogress signals as latent skill targets [15].

(a) Ours (b) Mixture

There exist two representative paradigms for providing tas
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