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Abstract

Vision-language-action (VLA) policies have advanced robotic manipulation, yet they still struggle with reliable
instruction following. These policies tend to exploit vision-action correlations instead of consistently using language to
identify task-relevant visual evidence for action prediction. To address this issue, we propose LANCE (Language-
Anchored Action Queries), an action-query framework that explicitly couples scene-conditioned action representations
to task semantics derived from language instructions. LANCE employs two sets of learnable action queries: one reads
only the language tokens to construct a language anchor, while the other reads both language and visual tokens to
form a scene-conditioned action representation. To explicitly couple the scene-conditioned representation with the
language anchor, Reciprocal Alignment aligns their latent distributions. Crucially, alighment alone does not ensure
that the language anchor captures the action distinctions between instructions. We therefore devise PriorAction, an
auxiliary action prediction loss conditioned on the language anchor. Jointly, the two objectives steer visual processing
to prioritize task-relevant evidence for instruction-consistent action prediction. Experiments across diverse unseen
settings show that LANCE improves instruction-consistent target selection. Moreover, under zero-shot composition of
learned skills, LANCE achieves higher semantic coverage and subtask completion rates.

1 Introduction

Vision-language-action (VLA) policies (Brohan et al., 2023b,a; Kim et al., 2024; Black et al., 2024; Bjorck et al., 2025)
have rapidly advanced language-conditioned robotic manipulation by directly mapping natural-language instructions and
visual observations to continuous, closed-loop robot actions. Despite this progress, reliable instruction following remains
challenging (Kim et al., 2026; Fei et al., 2025; Lian et al., 2026) under unseen instructions and over compositional tasks.

Recent studies (Jia et al., 2026; Zha et al., 2026) suggest that reliable instruction following depends not only on fitting
demonstrated trajectories, but also on identifying task-relevant information for action prediction. To examine whether
current VLA policies achieve this, we analyze how language instructions influence visual processing during action
generation. As illustrated in Fig. 1(a), the action pathways in several VLA policies (Bjorck et al., 2025; Intelligence
et al., 2025; Lian et al., 2026; Xu et al., 2026) exhibit diffuse visual attention that extends to instruction-irrelevant
regions. These observations suggest that existing VLA policies may not effectively use language to identify and
prioritize task-relevant visual evidence, motivating a central question: How can language actively guide the selection of
task-relevant visual evidence for action generation?

To answer this question, we propose LANCE (Language-Anchored Action Queries), an action-query framework
that explicitly couples scene-conditioned action representations to task semantics derived from language instructions
(Fig. 1(b)). Specifically, LANCE introduces two sets of learnable action queries within a shared vision-language
backbone. The first set attends to only language tokens and extracts language-only features, while the other attends to
both language and visual tokens and aggregates multimodal context. These features parameterize a scene-independent
distribution p(u | £) and a scene-conditioned distribution g(u | o, ) over a latent action-conditioning space. We use
p(u | £) as a language anchor to represent task-level action semantics that should be shared between the language-only
and multimodal action representations induced by the given instruction. The scene-conditioned distribution g(u | o, £)
grounds these semantics using the evidence available in the current scene. To explicitly couple the two representations,
we introduce Reciprocal Alignment, which bidirectionally aligns the scene-conditioned distribution with the language
anchor through KL regularization. Thus, language anchoring regularizes the action representations so that the visual
evidence they aggregate remains consistent with the task-level semantics.

Crucially, alignment alone does not ensure that the language anchor captures action-relevant distinctions between
instructions. We therefore devise PriorAction, an auxiliary loss that supervises action prediction conditioned on samples
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Figure 1: (a) Comparison of visual attention across VLA policies under the same observation and instruction (b) LANCE:
Language-Anchored Action Queries. (¢) Simulation benchmark results and real-world test-time skill composition.
from the language anchor. The auxiliary action loss shapes an action-relevant language anchor, while Reciprocal
Alignment couples the scene-conditioned distribution with this language anchor. Jointly, the two objectives encourage
the scene-conditioned representation to remain consistent with the task-level semantics while incorporating visual
evidence required for execution, thereby supporting instruction-consistent action generation.

We evaluate LANCE under diverse instruction and scene variations in both simulation and real-robot settings
(Fig. 1(¢)). Under language variation and paraphrasing, LANCE achieves 90.8% success on LIBERO-Plus Language
and 84.3% on LIBERO-PARA. On the VLA-Arena UnseenObjects subset, LANCE achieves 63% average success.
Real-robot experiments further show more reliable instruction-consistent target selection across most evaluated settings,
including cross-condition generalization, visual distractors, and unseen objects, containers, and instructions. Moreover,
under zero-shot composition of learned skills, LANCE achieves higher semantic coverage and completes more requested

subtasks than the baseline when following previously unseen composite instructions. Our contributions are threefold:
[itemsep=3pt, parsep=0pt, topsep=4pt]

* We find that existing VLA policies do not consistently use language to prioritize task-relevant visual evidence
during action generation.

* We propose LANCE, an action-query framework that constructs a language anchor for visual evidence selection.
PriorAction shapes this anchor with distinctive action semantics, while Reciprocal Alignment uses it to regularize
the action representations.

* We demonstrate improved language generalization and stronger instruction grounding across diverse cross-
condition, visual distractor, and zero-shot skill-composition settings.

2 Related Work

Vision-Language-Action Models. Vision-language-action (VLA) policies integrate language-conditioned perception
with low-level robot control. Early systems such as RT-1 (Brohan et al., 2023b) learned task-conditioned transformer
controllers from large multi-task robot datasets, while RT-X (Collaboration et al., 2023) and Octo (Octo Model Team
et al., 2024) scaled robot-policy pretraining across datasets and embodiments. RT-2 (Brohan et al., 2023a) and Open-
VLA (Kim et al., 2024) instead adapted pretrained vision-language models (VLMs) to control by representing robot
actions as discrete tokens, transferring broad visual-semantic knowledge to action prediction. Since naive tokenization
and autoregressive decoding can limit precision and throughput in high-frequency control, recent approaches decode
continuous action chunks through regression, diffusion, or flow matching, including OpenVLA-OFT, CogACT, RDT-1B,
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Figure 2: Overview of LANCE. Language-only and vision-language action queries parameterize scene-independent
and scene-conditioned latent distributions, respectively. Reciprocal Alignment couples the two distributions, while
PriorAction shapes the language anchor with action-relevant semantics through the shared action expert.

7, and GROOT-N1 (Kim et al., 2025; Li et al., 2024; Liu et al., 2024; Black et al., 2024; Bjorck et al., 2025). While
these advances (Zheng et al., 2025; Zha et al., 2026; Yang et al., 2026a; Qu et al., 2025; Shen et al., 2025; Ding et al.,
2026) improve motor skills and adaptability, they still do not guarantee that the policy actually relies on the language
instruction.

Instruction Generalization in VLA Policies. Recent studies (Fei et al., 2025; Kim et al., 2026; Zhang et al., 2025)
show that VLA policies may exploit visual shortcuts and degrade under paraphrases, counterfactual task changes,
unseen objects, or compositional instructions. Data-centric methods co-train robot trajectories with Internet-scale
vision-language data, as in RT-2 (Brohan et al., 2023a), 7 5 (Intelligence et al., 2025), and InstructVLA (Yang et al.,
2025); Knowledge Insulation (Driess et al., 2025) and TwinBrainVLA (Yu et al., 2026) complement this direction by
protecting pretrained semantic representations from action optimization. Action pretrain methods construct stronger
priors before full VLA learning: BayesVLA (Xu et al., 2025) and APT (Xu et al., 2026) learn a vision-action prior
before language alignment, and Qwen-VLA (Wang et al., 2026) and LA4VLA (Lin et al., 2026) begin with text-action
pretraining before full VLA training. CogVLA (Li et al., 2026), Otter (Huang et al., 2025) and GuidedVLA (Jia et al.,
2026) explicitly guide visual routing or specialize action attention to capture task-relevant information. LangForce (Lian
et al., 2026) contrasts a vision-only prior with a vision-language posterior to maximize conditional action-instruction
mutual information. In contrast to these approaches, LANCE learns a scene-independent language anchor through
auxiliary action supervision. It jointly aligns the vision-language representation with this action-relevant anchor to
guide visual evidence selection.

3 Method

3.1 Preliminaries

Vision-language-action (VLA) models learn to map visual observations and language instructions directly to robot
actions. Given a language instruction ¢, multi-view observations o;, and the current proprioceptive state s;, a policy
predicts an H-step action chunk ay.¢4pr—1:

. . Hxd
Qp:e+m—1 = To(Ct, S¢), Qpppp—1 € R7 X%, (1)

where ¢; denotes the vision-language context and d,, is the action space dimension. In VLA policies, ¢, is typically
extracted by a VLM backbone Fig. Following the design of modern VLMs, modality-specific tokenizers first map the
¢ and o, into tokens L € RM*? and V, € RN+*4 where N; and N,, denote the respective token counts and d is the
hidden dimension. The transformer backbone Fg then processes these tokens to extract contextualized vision-language
representations. These representations form the conditioning context ¢;, either directly or through aggregation via
learnable action queries. Conditioned on ¢; and s;, the action expert predicts the action chunk in Eq. 1. The policy is
optimized via behavior cloning using an action objective, denoted by £,t.

3.2 LANCE: Language-Anchored Action Queries

Overview. As illustrated in Fig. 2, LANCE augments a shared VLM backbone with two context-differentiated
action-query banks. Language-only queries, restricted to language tokens, produce features z;, while vision-language



queries produce scene-conditioned features z,; from both language and visual tokens. The two representations
parameterize a scene-independent language-anchor distribution p(u | £) and a scene-conditioned distribution ¢(u | o, £),
respectively. LANCE couples the two representations through Reciprocal Alignment, which bidirectionally aligns the
scene-conditioned distribution with the language anchor, thereby regularizing the scene-conditioned representation and
encouraging the vision-language queries to aggregate visual evidence consistent with the task-level semantics. LANCE
further introduces a complementary training objective, PriorAction, to shape the language anchor so that it captures
distinct task semantics across different instructions. For action prediction, a latent sampled from the scene-conditioned
distribution q is residually fused with z,; to preserve scene-specific information and then concatenated with z; to
form the action condition. The shared action expert predicts the action chunk from this condition and the robot’s
proprioceptive state.

Context-Differentiated Action Queries. To derive language-only and scene-conditioned action-conditioning features,
we differentiate action queries by the context they can access. Specifically, we introduce two learnable query banks, @,
and @, within the shared backbone Fg, and jointly compute their features in a single forward pass under a structured
attention mask M :

(21, 201) = Fo (Q1, Qui; L, Vi, M) . )

Here, M restricts (); to the instruction tokens, while allowing @,,; to access both instruction and visual tokens. The
resulting language-only features z; € R¥*? encode instruction information, while the vision-language features
2y € REX4 aggregate the current multimodal context, where K is the number of queries in each bank.

Probabilistic Query Modeling. To represent task-level action semantics and their scene-conditioned grounding in a
latent action-conditioning space, we use z; and z,,; to parameterize two latent distributions. Two lightweight heads
map each query feature to a mean and a log-variance:

[Mzn pp] = g¢(25[), [Mqv pq] = gw(zvl)7 3)

where fip, pp, flgs g € RE *d_Each head projects the feature dimension from d to a hidden dimension d;, and then to
2d. We split the output along the feature dimension into the mean and log-variance, with p,, = log ag and p,; = log Jg.

These parameters define two diagonal Gaussian distributions over a latent tensor u € R%*¢:

plu| £) = N (pp, diag(exp(pp))) , )
q(u | o, £) = N (g, diag(exp(py))) - 5)

We refer to p and ¢ as the scene-independent and scene-conditioned distributions, respectively. Conditioned only
on the instruction, p serves as a learnable language anchor for ¢. During training, we sample u, ~ ¢ through
reparameterization:

1
Ug = [bq + €XP (2pq> © €q, €q ~N(0,1), (6)

where ¢, € RE*?is sampled from a standard Gaussian distribution. To retain a direct path for scene-specific information
alongside the aligned latent, we fuse u, with the original vision-language features z,;: z,; = (1 — &)z + @u,. The
fused features are then concatenated with the language features to form the action condition: ¢; = [sg(z;); z,1]. Here,
a € [0, 1] is the mixing weight, sg(-) denotes stop-gradient, and ¢; € R*% <4, We stop gradients through z; in the main
branch to preserve the language-only information extracted by the language queries. The action expert then predicts the
action chunk from ¢, and the proprioceptive state as as.;+g—1 = mg(ct, St)-

Reciprocal Alignment. To explicitly couple the scene-conditioned action representation with task semantics derived
from language, we align its latent distribution with the language anchor:

Lowp = Dxw (q(u | o1, €) || p(u | £)). ©)

To penalize mean differences relative to the variances of both distributions, we also include the reverse KL divergence:

Lpg = Dxw (p(u [ €) || g(u | o1, £)). ®
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Figure 3: Effect of Reciprocal Alignment and PriorAction. Reciprocal Alignment couples the scene-independent
and scene-conditioned distributions (top), while PriorAction injects action-relevant semantics into the language anchor
(bottom).

The two terms form the Reciprocal Alignment objective Lajign = Lq—p + Lp—q. Through bidirectional KL regulariza-
tion, the predicted distribution scales adaptively modulate the penalty for deviations between the two representations.
Because p and q are parameterized by z; and z,;, respectively, Reciprocal Alignment couples the language-only and
scene-conditioned query representations in the shared latent action-conditioning space. This coupling regularizes the
scene-conditioned representation toward the task-level semantics encoded by the language anchor, thereby encouraging
the vision-language queries to aggregate task-relevant visual evidence for action prediction. The closed-form Gaussian
KL expressions and additional analysis are provided in Appendix A.

“Pick up the black pen into the pencil case”

@ Pick up the eraser into the pencil case ”

. “Pick up the tape into the pencil case”

PriorAction: Action-Shaped Language Anchor. Crucially, without direct action supervision, distribution alignment
alone does not ensure that the language anchor captures the action distinctions between instructions (Fig. 3). Even when
the two distributions are well aligned for each task, latent representations from different tasks may overlap rather than
form task-discriminative clusters. To provide this supervision, we introduce PriorAction, an auxiliary loss that replaces
the multimodal condition ¢; with a sample from p:

1
CfA = pp + exp (pr> © €p, ep ~ N(0,1). &)

The shared action expert receives condition ¢t A through cross-attention, while the proprioceptive state s, remains
unchanged. We supervise this with the same action objective as the main branch and denote it by Lpa:

Lpa = Lact (We(CfA7 5t), a;t+H71) : 1o

This auxiliary loss shapes the language anchor to encode action-relevant distinctions across instructions rather than
scene-specific execution details. Reciprocal alignment uses this action-relevant anchor to couple the scene-conditioned
distribution. Jointly, the two objectives encourage the scene-conditioned representation to remain consistent with
the task-level semantics while incorporating visual evidence required for execution, thereby supporting instruction-
consistent action generation.

Training and inference. The main action objective supervises the prediction from the context ¢;: Lyain =
Lact (7r9 (Cty8¢), Ak H—l)' The complete training objective is

L= Emain + )\PA‘CPA + )\alignﬁalign- (1 1)

where Apa and A,jign control the weights of the two auxiliary objectives.

At inference, we replace sampling with the deterministic mean ug = fi4 and construct ¢; using the same residual
fusion and concatenation as during training. The action expert predicts an action chunk from c; and s,. The language-
only features z; remain part of ¢, but the scene-independent distribution head and the PriorAction branch are no longer
used. No additional backbone or action-expert forward pass is required at inference.

4 Experiments

4.1 Experimental Setup

Simulation benchmarks and baselines. We evaluate instruction generalization on LIBERO-Plus Language (Fei
et al., 2025), which tests instruction variations across LIBERO-Goal, Spatial, Object, and Long, and LIBERO-



Table 1: Real-robot single-task evaluation under cross-condition, visual-distractor, and Unseen conditions settings. We
report Semantic Accuracy and Task SR (%).

Dimension Setting Trials 0.5 GROOT LANCE (Ours)
7/G/L Sem.Acc. Task SR Sem. Acc. Task SR Sem. Acc. Task SR
Cross-condition Attribute-Near 20/20/20 100.0 90.0 85.0 40.0 100.0 95.0
Attribute-Far 20/20/20 85.0 60.0 75.0 25.0 100.0 90.0
State-Lying 20/20/20 85.0 85.0 85.0 60.0 95.0 85.0
State-Standing 20/20/20 70.0 65.0 100.0 55.0 95.0 85.0
Visual distractor Same Category (Attr.-State)  40/40/40 71.5 75.0 90.0 55.0 95.0 85.0
Stacking / Clutter 20/20/20 75.0 75.0 75.0 35.0 90.0 75.0
Partial Occlusion 10/10/10 80.0 60.0 90.0 40.0 90.0 80.0
Unseen conditions  Unseen Object 10/10/10 40.0 40.0 60.0 30.0 90.0 90.0
Unseen Container 10/10/10 80.0 80.0 80.0 50.0 100.0 100.0
Unseen Background 10/10/10 60.0 60.0 80.0 80.0 70.0 60.0
Unseen Instruction 10/10/10 100.0 100.0 70.0 70.0 100.0 100.0

Table 2: Real-robot closed-loop composition of individually trained atomic skills. We report Semantic Coverage,
Task Coverage, Ordered Progress, and Full SR. NV and H denote rollouts and requested items per rollout, respectively.
Entries show counts with percentages in parentheses.

Task Model N H Sem. Cov.? Task Cov.? Ord. Prog.? Full SR 1
Multi-target composition

Multiple Black Pens GROOT 5 3 13/15(86.7)  2/15(13.3) - 0/5(0.0)
0.5 5 3 15/15(100.0) 12/15 (80.0) - 3/5(60.0)
LANCE 5 3 15/15(100.0) 12/15 (80.0) - 3/5(60.0)
Multiple State-conditioned Objects GROOT 5 3 14/15(93.3)  9/15 (60.0) - 2/5(40.0)
0.5 5 3 14/15(93.3) 13/15(86.7) - 3/5(60.0)
LANCE 5 3 15/15(100.0) 14/15(93.3) - 4/5(80.0)

Composite-instruction composition
Black Pen — Standing Sharpener — Tape GROOT 5 3 5/15(33.3)  2/15(13.3) 0/15(0.0)  0/5 (0.0)
0.5 5 3 8/15(53.3)  6/15(40.0)0 4/15(26.7)  0/5(0.0)
LANCE 5 3 12/15 (80.0) 10/15 (66.7)  9/15 (60.0) 2/5 (40.0)
. . . GROOT 5 4 5/20 (25.0)  4/20(20.0)  4/20 (20.0)  0/5(0.0)
gtrz:g;“i S;;‘Eji‘:fr;a;yr'“g Sharpener — Lying " S 4 12720(600) 10/20(50.0) 4720 (20.0) 1/5 (20.0)
& LANCE 5 4  17/20(85.0) 14/20 (70.0) 10/20 (50.0) 2/5 (40.0)

PARA (Kim et al., 2026), which replaces the original instructions with semantically equivalent paraphrases while
keeping the tasks unchanged. VLA-Arena UnseenObjects (Zhang et al., 2025) evaluates object generalization across
three difficulty levels (L0-L2). We report task success rate (SR) on all benchmarks and the SR drop from the original
instructions on LIBERO-PARA. Following the StarVLA (Ye et al., 2026) evaluation protocol, we train on the standard
LIBERO data for LIBERO-Plus and LIBERO-PARA and only on the L0 training split for VLA-Arena. Our simulation
comparisons include OpenVLA-OFT (Kim et al., 2025), m 5 (Intelligence et al., 2025), ABot-MO (Yang et al., 2026b),
Xiaomi-Robotics-0 (Cai et al., 2026), Qwen-based StarVLA variants (Ye et al., 2026), LangForce (Lian et al., 2026),
and APT (Xu et al., 2026). We additionally use a Direct Concatenation (DC) baseline that directly concatenates
the language-only and vision-language query features without probabilistic modeling, PriorAction, or Reciprocal
Alignment. Implementation details and hyperparameters are provided in AppendixB.1, with additional simulation
results in Appendix B.5.

Real-robot evaluation setup. We compare 7 5 (Intelligence et al., 2025), GROOT-N1.7 (Bjorck et al., 2025), and
LANCE on an ARXS5 robot. The single-task evaluation covers changes in object attributes and states, target distance,
visual clutter and occlusion, and unseen objects, containers, backgrounds, and instruction paraphrases. We report
Semantic Accuracy and task success rate (SR), separating instruction-consistent selection from successful physical
execution. All policies are fine-tuned on the same single-task demonstrations; no multi-target or composite trajectories
are used for training. Detailed training data and single-task evaluation protocols are provided in Appendix B.2 and
Appendix B.3.

Long-horizon closed-loop composition setup. We also evaluate test-time composition of individually trained atomic
skills. Multi-target tasks require manipulating several objects that satisfy the same instruction condition, whereas
composite instructions combine three or four ordered subtasks. Each policy receives the complete instruction once and
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Figure 4: (a) Example rollouts on Attribute-Far and Unseen Object tasks. (b) Real-robot attention visualization under
different instructions in the same scene.

executes continuously in closed loop. We evaluate five rollouts per task and report Semantic Coverage, Task Coverage,
Ordered Progress, and Full SR. Detailed protocols and metric definitions are provided in Appendix B.4.

4.2 Real-robot results

Single-task results. LANCE achieves the strongest performance across most single-task settings (Table 1). For
the baseline models, GROOT exhibits a substantial gap between Semantic Accuracy and Task SR. Meanwhile, 7 5
frequently selects nearby or familiar objects instead of the instruction targets under Attribute-Far and Unseen Object
(Fig. 4(a)), where LANCE substantially improves both Semantic Accuracy and Task SR.

Long-horizon results. Table 2 evaluates zero-shot composition of individually trained skills. On multi-target tasks,
LANCE slightly exceeds 7 5, while larger gains emerge on composite instructions. For the three- and four-subtask
instructions, LANCE achieves semantic coverage of 80.0% and 85.0%, respectively, with higher Task Coverage and
Ordered Progress than both baselines. These results show that LANCE maintains more reliable instruction-consistent
target selection as preceding actions change the scene. Ordered Progress nevertheless remains below Task Coverage,
indicating that completing requested subtasks does not yet guarantee execution in the specified order.

Real-robot attention visualization. As shown in Fig. 4(b), we change the language instruction while keeping the
real-robot scene unchanged. DC shows similar and diffuse attention across different instructions, whereas LANCE
shifts its attention to the task-relevant visual regions. This difference remains visible in both the initial scene and the
pick-up views.

4.3 Simulation Results

Instruction generalization on LIBERO-Plus. Table 3(a) reports success rates on LIBERO-Plus Language. LANCE
achieves the highest success rate among the compared methods (90.8%), exceeding the best baseline, LangForce (Lian
et al., 2026), by 2.7 percentage points. Results on the remaining LIBERO-Plus subsets are provided in Appendix B.5.

Robustness to language paraphrases. On LIBERO-PARA, LANCE achieves 98.8% on the original instructions
and retains 84.3% under paraphrased instructions (Table 3(b)). At the same original-task success rate of 98.8%,



Table 3: Language generalization results. Results on LIBERO-Plus Language and LIBERO-PARA. Drop denotes
Goal minus PARA.

(a) LIBERO-Plus Language. (b) LIBERO-PARA.
Method SR (%) 1 Method Goal PARA Drop
OpenVLA-OFT 79.5 OpenVLA-OFTgoa1 979  64.7 332
0.5 833 OpenVLA-OFTmixea 96.1  63.7 324
ABot-M0 86.4 0.5 97.6 714 26.2
Qwen2.5-VL-GROOT 86.3 To.5 (expert-only) 78.6  39.1 39.5
Qwen3-VL-OFT 87.0 X-VLA 97.8  62.1 35.7
APT 77.6 VLA-Adapter 98.2 463 51.9
LangForce 88.1 Xiaomi-Robotics-0 98.8 76.0 22.8
LANCE (Ours) 90.8 LANCE (Ours) 98.8 843 14.5

Table 4: Component ablation on LIBERO-Plus Language. Query denotes the DC query interface; Dist., PA, and Align.
denote Gaussian parameterization, PriorAction, and Reciprocal Alignment, respectively. All values are success rates
(%).

Query Dist. PA Align. | Goal Spatial Object Long Avg. 1

815 928 873 922 884

75.1 959 90.1 958 89.0

v 785 962 89.0 916 88.7
v |785 938 887 903 877

v v 841 956 904 932 908
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Xiaomi-Robotics-0 drops to 76.0%, corresponding to a drop of 22.8 versus 14.5 percentage points for LANCE. These
results indicate stronger paraphrase robustness without sacrificing original-task performance.

4.4 Ablation Study

Component ablation. We ablate PriorAction and Reciprocal Alignment in Table 4. Adding either component alone
does not outperform the Gaussian-only variant, whereas combining both yields the highest average success rate of
90.8%. This pattern reflects their complementary roles: Reciprocal Alignment alone does not make the language anchor
action-relevant, while PriorAction alone does not couple the scene-independent and scene-conditioned distributions.

Placement of action supervision. We compare action supervision on the language-only features z; and on samples
up ~ p(u | £) from the scene-independent distribution (Fig. 5a). When action supervision is applied to z;, stopping its
gradients performs better than allowing the action loss to update it directly. PriorAction, which supervises the sampled
up, achieves the highest average success rate. These results support placing action supervision in the scene-independent
distribution, rather than directly on the upstream language query features.

Representation analysis. We further examine how the placement of action supervision affects the instruction
alignment of the two query representations, measured by their cosine similarity to the instruction (Fig. 5(b)). Direct
action supervision on z; reduces its instruction alignment to 0.064. In contrast, PriorAction largely preserves the
instruction alignment of z;, while increasing that of z,; from 0.163 to 0.509 relative to alignment alone. Thus,
PriorAction preserves the instruction information extracted by the language queries while increasing the instruction
alignment of the vision-language features.

Action-space separability. To evaluate action-relevant distinctions induced by PriorAction, we measure action-space
separability on 100 observations from eight LIBERO-Goal tasks (Fig. 5(c) ). Following LA4VLA (Lin et al., 2026),
we report the Separability Ratio (SepR) to quantify ratio of inter-task to intra-task distances in the predicted actions,
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Figure 5: PriorAction provides behaviorally meaningful language anchoring. (a) Success rates (%) for different
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Table 5: Design ablation on LIBERO-

Figure 6: Analysis of distribution alignment. Success rates (%) and distri- Plus Language

bution statistics under different alignment strategies.

with details in Appendix C.2. PriorAction increases SepR across all conditions, including from 3.2 to 19.3 when visual
input is removed. The gains persist under unaligned and conflicting observations, indicating stronger action-relevant
distinctions between instructions even when visual evidence is absent or misleading.

Alignment ablation. Reciprocal alignment (¢ <> p) achieves the highest average success rate of 90.8% among the
tested alignment variants (Fig. 6(a)). Compared with single-direction alignment, Reciprocal Alignment yields more
balanced variances and the lowest precision-weighted mean gap (0.50) on 128 static LIBERO observation instruction
pairs, which measures mean mismatch relative to the predicted variances (Fig. 6(b)). Stopping alignment gradients
through the language anchor (g <+ sg(p)) increases this gap to 0.82 and yields a lower average success rate of 89.4%.

Query and distribution design. Table 5 compares two alternative designs. Deterministic matching replaces Gaussian
distribution alignment with an MSE loss between the language and vision-language query features, while shared query
weights tie the learnable parameters of the two query banks. Both variants achieve lower average success rates than
LANCE.

5 Conclusion

We presented LANCE, an action-query framework that explicitly couples scene-conditioned action representations to
task semantics derived from language instructions. LANCE uses language-only queries to construct a scene-independent
language anchor and vision-language queries to extract scene-conditioned features for action prediction. PriorAction
shapes an action-relevant language anchor through action supervision, while Reciprocal Alignment couples the scene-
independent and scene-conditioned distributions. Together, these designs encourage task-relevant visual evidence
selection for instruction-consistent action generation. Across simulation and real-robot evaluations, LANCE improves
robustness to language variations and unseen objects, enables more reliable instruction-consistent target selection, and
achieves higher semantic and task coverage under zero-shot composition of learned skills.

Our results highlight three broader findings for language-guided robot control. First, language can play a more active
role than simply conditioning action prediction by steering the selection of task-relevant visual evidence. Second, the



placement of action supervision matters: applying it through the language anchor captures action-relevant distinctions
between instructions while preserving the language-only features. Third, instruction-consistent target selection remains
reliable as preceding actions change the scene during long-horizon compositional execution. Yet the remaining gap
between Task Coverage and Ordered Progress shows that completing requested subtasks does not yet ensure execution
in the specified order. This motivates future systems that combine task-relevant visual evidence selection with temporal
task context to explicitly track task progress.

Al use statement

We used generative Al tools for language polishing and readability improvements, as well as for assisting with the
editing and visual refinement of figures and captions. All Al-assisted content was reviewed by the authors.
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A Derivation and Analysis of Reciprocal Alignment

This appendix derives the closed-form Reciprocal Alignment objective for the scene-independent and scene-conditioned
distributions introduced in Sec. 3.2. The resulting expression shows how the mean discrepancy is weighted by the
predicted variances of both distributions.

A.1 Closed-Form Derivation of the KL Divergences
LANCE models the scene-independent distribution and scene-conditioned distribution as diagonal Gaussians:

p(u | €) = N (up, diag(a3)) , (12)
q(u| oy, 0) =N (uq,diag(US)) , (13)

where v € RX*? and all variance components are strictly positive. For analytical clarity, we first derive the KL
divergence for a single latent dimension u;. Let ¢; = N (pq 5,07 ;) and pj = N (pp 5,07 ;).

Forward KL. By definition, Dkr,(q;||p;) = Euj~g, [logq;j(u;) — logp;(u;)]. Substituting the Gaussian densities
and utilizing Bq, [(uj — pp ;)] = 07 ; + (tq,5 — Hp,j)*, We obtain the closed form:

Loy 0t (Hey— ppg)”
Dxr(gsllpj) = 5 |log 5L + —LI 0 TPIL (14)
2 04,5 Op.j

Reverse KL. Exchanging the roles of the two distributions yields the reciprocal divergence:

1 o2
Dxuw(pjllg;) = > [logag’?
p.J

o2 .+ 2
4 Tpad (/‘p; Haq.j) 1| (15)

oy

Reciprocal Alignment. Summing over all K x d latent dimensions, the symmetric objective Laign = Dkr,(q||p) +
Dxr.(pllq) cancels the logarithmic variance-ratio terms, yielding the unnormalized objective:

1
EAign = 5 Z

k,j

Tp,kj Tq,kj p,kj Tq.kj

2 2
o ki o ki 1 1
194 5 2 o (14 2 )| 16)

Unlike a single-direction KL term, Reciprocal Alignment weights the mean discrepancy by the precisions of both
distributions. It also penalizes relative variance mismatch in both directions, providing the bidirectional distribution
coupling used in the main method.
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Figure 7: Real-world platform, containers, objects, and background variations used in our real-robot evaluations.

B Additional Experiment Details

B.1 Implementation Details

Training setup. Our implementation is built on the StarVLA framework (Ye et al., 2026). We use Qwen3-VL-4B-
Instruct as the vision-language backbone and a DiT-B action expert. All models are trained for 30,000 steps on 8
NVIDIA A800 GPUs with a global batch size of 128. We use AdamW with 5; = 0.9 and 52 = 0.95, and clip the
gradient norm to 1.0. The learning rates are set to 2.5 x 10~° for the remaining trainable modules, 1 x 10~ for the
Qwen-VL interface, and 1 x 10~ for the action expert. We use 2,000 warm-up steps followed by cosine decay to a
minimum learning rate of 1 x 107,

LANCE configuration. We use 32 language-only queries and 32 vision-language queries. The PriorAction is applied
to a reparameterized sample from p(u | L) with a loss weight of 0.1. For Reciprocal Alignment, the L,z is weighted
by % The latent-feature mixing coefficient follows a cosine schedule up to o = 0.5 and is fixed to 0.5 during inference.
The action expert predicts eight-step chunks of 7-D delta joint-position actions and uses four denoising steps at inference.
Unless otherwise stated, all ablations retain the same training configuration and modify only the component under
study.

B.2 Real-Robot Training and Evaluation Protocol

Training data and evaluation setup. All models are fine-tuned on the same dataset of 500 teleoperated trajectories
collected with the ARXS5 robot, with 50 demonstrations for each of ten atomic tasks. As summarized in Table 6,
the training set consists of ten atomic manipulation tasks covering the objects and task variations used for real-robot
fine-tuning. All models use the same sensory inputs, robot controllers, and software pipeline, with policy inference
performed on a single NVIDIA H100 GPU. The training set contains no paraphrased instructions, unseen scene
variations, multi-target episodes, or composite long-horizon demonstrations.

B.3 Single-Task Evaluation Protocol.

Evaluation settings. Before each rollout, the workspace is reset to the designated configuration, with the red and
blue pencil cases fixed on the left and right sides, respectively. Near and Far indicate whether the target object is
initialized near or far from the container. Each instruction-configuration pair is evaluated over five trials. As shown in
Fig. 8, Attribute-Near and Attribute-Far each contain four pen-container combinations, yielding 20 trials per setting.
Similarly, State-Lying and State-Standing each contain the eraser and sharpener variants, also yielding 20 trials per
setting. Same-category evaluates target selection among objects from the same semantic category that differ only
in attributes or states, comprising 40 trials. Stacking/Clutter contains 20 trials, while Partial Occlusion and each
unseen-condition setting contain 10 trials.
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Table 6: Atomic tasks used for real-robot fine-tuning. Each task variant contains 50 demonstrations.

Training factor Task variants Per variant Total
Object & Receptacle Pick-and-place of {red, black} pens into {red, blue} pencil cases (4 variants). 50 200
Attributes
Object-state Grounding Pick-and-place of {lying, standing} x {eraser, sharpener} into pencil cases 50 200
(4 variants).
Additional Tasks Placing tape into a pencil case using either arm (2 variants). 50 100
Total 500

Evaluation metrics. All trials are manually reviewed to compute the metrics reported in Table 1. Selecting an
incorrect object, object state, or destination constitutes a semantic failure. If the robot makes an instruction-consistent
selection but subsequently fails because of grasping, placement, or collision errors, the trial is counted as correct for
Semantic Accuracy but unsuccessful for Task SR.

B.4 Long-Horizon Closed-Loop Evaluation Protocol

Long-horizon protocol. We evaluate zero-shot composition using models trained only on the single-task dataset
described above, where the atomic skills are observed individually but never demonstrated together as a complete
trajectory. The multi-target tasks require manipulating three objects that satisfy the same instruction condition (H = 3),
with no prescribed execution order. The composite-instruction tasks require the following ordered sequences:

Black Pen — Standing Sharpener — Tape, H =3, a7y

and
Standing Sharpener — Lying Sharpener — Lying Eraser — Standing Eraser, H =4 (18)

Here, H denotes the number of requested targets or subtasks. Each task is evaluated over five continuous closed-loop
trials. The complete instruction is provided only once at the beginning of each episode, with no scene resets, intermediate
language updates, or human interventions.

Long-horizon metrics. For trial ¢, let s; denote the number of requested targets or subtasks selected consistently with
the instruction, e; the number of subtasks physically completed, and p; the length of the longest completed prefix that
follows the specified order. For \V trials with horizon H, we compute:

E ]'\Ll S; g i—1 €i
Sem. Cov. = NI Task Cov. = NH (19)
N i 1 N
_ Zi:l ? : —_ o
Ord. Prog. = N , Full Completion SR = N ;:1 I[e; = HJ. (20)

Ordered Progress is reported only for composite instructions because multi-target tasks have no prescribed order.
Each target or subtask receives credit at most once. For composite instructions, completing a later subtask after skipping
or reordering an earlier one increases Task Coverage but does not extend the ordered prefix. For example, completing
subtasks 1 and 3 while failing subtask 2 yields a Task Coverage of 2/H but an Ordered Progress of only 1/H.

B.5 Additional simulation results

Full LIBERO-Plus results. Table 7 reports results across all LIBERO-Plus perturbations. LANCE achieves its
strongest relative performance under language variation, reaching the highest success rate of 90.8%. Its performance
on the remaining perturbations is mixed, indicating that the primary gains lie in instruction generalization rather than
generic visual robustness.
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Cross-condition

Figure 8: Representative real-world evaluation settings covering cross-condition grounding, visual distractors, general-
ization to unseen objects, containers, backgrounds, and instructions, and sub-task composition.

Generalization to unseen objects. Table 8 evaluates object generalization on the VLA-Arena UnseenObjects suite.
LANCE achieves the highest average success rate of 0.63, compared with 0.45 for the strongest baseline. The gain is
largest on the more challenging L2 split, where LANCE reaches 0.50 compared with 0.26 for the strongest baseline.
These results further support LANCE’s generalization to unseen objects.

C Additional Ablation Analysis
C.1 Action-Shaped distribution.

To examine how PriorAction shapes the latent distributions, we compare models trained with and without this auxiliary
objective. We use four bowl-placement instructions (plate, stove, cabinet top, and top drawer) under fixed visual inputs.
For visualization, we average the query-wise Gaussian parameters over the &K' = 32 queries to obtain one Gaussian per
instruction and draw 256 samples for PCA projection.

As shown in Fig. 9, without PriorAction, samples from different instructions largely overlap in both the language
anchor and scene-conditioned distribution. With PriorAction, the language-anchor samples form clearly separated
instruction-specific clusters, while the scene-conditioned distributions also become substantially more separated. This
pattern is consistent with PriorAction shaping an instruction-discriminative language anchor and Reciprocal Alignment
coupling this structure to the scene-conditioned distribution.
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Table 7: Zero-shot robustness evaluation on LIBERO-Plus. We report success rates (%) across seven perturbation
dimensions. Bold highlights the best result in each column.

Method Camera  Robot  Language  Light Background  Noise  Layout  Total
OpenVLA 0.8 35 23.0 8.1 34.8 15.2 28.5 15.6
OpenVLA-OFT 56.4 31.9 79.5 88.7 93.3 75.8 74.2 69.6
OpenVLA-OFT,, 10.4 38.7 70.5 76.8 93.6 49.9 69.9 55.8
NORA 2.2 37.0 65.1 45.7 58.6 12.8 62.1 39.0
WorldVLA 0.1 27.9 41.6 43.7 17.1 10.9 38.0 25.0
UniVLA 1.8 46.2 69.6 69.0 81.0 21.2 31.9 42.9
™0 13.8 6.0 58.8 85.0 81.4 79.0 68.9 53.6
mo-Fast 65.1 21.6 61.0 73.2 73.2 74.4 68.8 61.6
0.5 75.8 79.4 83.3 95.5 95.0 89.6 87.0 85.7
RIPT-VLA 55.2 31.2 77.6 88.4 91.6 73.5 74.2 68.4
OpenVLA-OFT,, 55.6 21.7 81.0 92.7 91.0 78.6 68.7 67.9
ABot-M0O 60.4 67.9 86.4 96.2 91.6 86.4 82.6 80.5
Qwen2.5-VL-FAST 19.6 27.6 74.5 75.2 71.0 27.4 62.7 48.9
Qwen2.5-VL-GROOT 32.9 50.8 86.3 96.2 85.7 62.0 73.6 66.4
Qwen2.5-VL-OFT 344 63.7 82.1 86.9 88.8 53.3 74.6 67.2
Qwen3-VL-OFT 47.0 60.1 87.0 96.3 95.3 73.1 79.2 75.0
LangForce 30.6 39.5 88.1 89.3 87.8 37.5 68.5 60.5
APT 31.8 63.1 77.6 93.6 923 76.0 80.1 71.6
LANCE (Ours) 58.0 63.1 90.8 92.9 90.8 60.3 73.1 74.0

C.2 Action-Space Behavioral Analysis

To examine whether these representation differences are reflected in action predictions, we evaluate action-space
separability under four visual conditions. Paired uses the observation corresponding to the instruction; Removed
removes visual information; Unaligned uses an observation from a different task; and Conflict pairs the instruction with
visual evidence corresponding to an incompatible task condition. All other policy inputs remain unchanged.

Standard task success does not directly measure whether different instructions induce distinct action predictions.
We therefore follow the action-space analysis of LA4AVLA (Lin et al., 2026), adapting its instruction grouping from
directional instructions to task-level instructions.

o Plate ® Stove e Cabinet top Top drawer ® Plate e Stove ® Cabinet top Top drawer

3 Without PriorAction 41 with PriorAction Without PriorAction With PriorAction
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(a) Language Anchor. (b) scene-conditioned distribution.

Figure 9: 2D PCA projections of language anchor and scene-conditioned distribution samples across four alternative
instructions, comparing models trained with and without PriorAction.
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Table 8: Success rate on the UnseenObjects split of VLA-Arena.

Method LO L1 L2  Avg. T
OpenVLA 0.70  0.50 0.00 0.40
OpenVLA-OFT 0.60 040 0.20 0.40
o 0.80 0.50 0.00 0.43
mo-FAST 0.00 0.00 0.00 0.00
UniVLA 050 0.70 0.10 0.43
SmolVLA 020 0.20 0.00 0.13
Qwen2.5-VL-PI 034 032 0.00 0.22
Qwen3-VL-PI 040 0.60 0.06 0.35
Qwen2.5-VL-OFT 036 034 0.02 0.24
Qwen3-VL-OFT 0.60 0.24 0.06 0.30

Qwen2.5-VL-GROOT 0.58 0.52 0.20 0.43
Qwen3-VL-GROOT 063 046 026 045

LANCE (Ours) 072 070 0.50 0.63

Action representation. For each evaluation instance ¢, the policy predicts an H-step action chunk. We summarize its
translational motion by the cumulative end-effector displacement

=Y A%, PieR’ 1)

where AX; ;, denotes the predicted Cartesian translation at step h. Rotation and gripper dimensions are not included in
the separability calculation.
Let y; € )Y denote the task/instruction label associated with sample 7, and define

Tp={i:y; =k} (22)
as the set of samples belonging to instruction group k.
Separability ratio. We use the Separability Ratio to measure whether different instructions induce distinct action

predictions. To avoid confusion with success rate (SR), we denote this metric by SepR throughout our paper.
We first compute the average distance between predictions generated under the same instruction:

mtra = E § sz pj||2 (23)
|y| = 1Zel(1Z6] — 1) |Ik 'LJSIR
i<j

We then compute the average distance between predictions generated under different instructions:

2
din er — 4
T ENE N2 || PIPIL i s o4)

a,bey ’LGI JELY
a<b
The Separability Ratio is
dint
SepR = ————, (25)
dintra + €

where ¢ is a small constant for numerical stability.

A high SepR indicates compact predictions within the same instruction and greater separation across different
instructions. SepR therefore measures instruction-dependent structure in the predicted action space rather than task
success.
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Instruction

attention please pick up the black bowl positioned next to the ramekin
and place it onto the plate

A step 0 B step 56 C step 64 D step 88 E step 107
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Figure 10: Execution-time dynamics of the language anchor and scene-conditioned distribution. Top: representative
frames at key execution stages. Bottom: average latent mean and variance over execution steps.
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C.3 Execution-Time Distribution Dynamics

To further examine how the two distributions behave during execution, we track their average mean and variance for the
instruction “attention please pick up the black bowl positioned next to the ramekin and place it onto the plate.” As shown
in Fig. 10, the language distribution remains relatively stable throughout the rollout, whereas the scene-conditioned
distribution changes across execution stages, particularly around grasp and transfer. These dynamics are consistent with
the design of LANCE: the language anchor maintains task-consistent action conditioning, while the scene-conditioned
distribution adapts to the current observation and execution state.

C.4 Additional Real-Robot Ablations

(a) mos (b) LANCE (c) LANCE w/o prior-action (d) LANCE w/o Align
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Figure 11: Trajectory-level analysis of the real-robot ablation. Three-dimensional trajectories for (a) g 5, (b) LANCE,
(c) LANCE without PriorAction, and (d) LANCE without Reciprocal Alignment.

To isolate the contributions of PriorAction and Reciprocal Alignment during closed-loop execution, we indepen-
dently remove each objective while retaining the main action loss. Fig. 12 and Fig. 11 show representative rollouts for a
four-subtask composite instruction.

The baseline 7y 5 completes the first three subtasks but fails to identify the final target. Without PriorAction, the
policy initially selects the correct object but is later distracted by an irrelevant one. Without Reciprocal Alignment, the
policy exhibits target-selection failures early in the rollout, leading to unsuccessful grasp-release cycles. In contrast, the
full LANCE model completes all four subtasks as preceding actions change the scene.

These qualitative results illustrate the complementary roles of the two objectives: PriorAction shapes an action-
relevant language anchor, while Reciprocal Alignment couples it with the scene-conditioned distribution. Together,
they support more reliable instruction-consistent target selection during closed-loop execution.
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Figure 12: Real-robot ablation on closed-loop skill composition. Representative executions under a fixed four-subtask
instruction: Standing Sharpener — Lying Sharpener — Lying Eraser — Standing Eraser into the pencil case.
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