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Abstract

While vision-language-action (VLA) models
excel at robotic manipulation, they frequently
fall short when interpreting physical-property
language, where adjectives such as fragile
or coarse-grained specify constraints that are
often visually ambiguous and should modu-
late behavior primarily during active contact.
We therefore propose Contact-Local Seman-
tic Actuation (CLSA), an architecture that ex-
tracts semantically structured tactile represen-
tations through a language-guided bottleneck
and injects them through a contact-gated resid-
ual path, confining physical adjustments to
contact-relevant stages without perturbing sta-
ble nominal motion. To probe instruction-
conditioned behavior under matched contexts,
we introduce the Action-Property-Constraint
(APC) hierarchy. On the language side, APC
contrasts action-only (L0O), property-aware
(L1), and constraint-explicit (L2) prompts; on
the trajectory side, offline evaluation uses the
corresponding demonstrated behavior strata
defined by the data protocol. Across matched
offline comparisons, a 140-trial comparative
real-robot benchmark, and a separate 240-
rollout APC sweep on four tactile-sensitive
tasks, CLSA improves instruction sensitiv-
ity while maintaining action accuracy. We
also report visually ambiguous black-bag tri-
als within the comparative benchmark as a di-
agnostic of touch-based material recognition
after contact. Code is available at https://
github.com/melodyiii/CLSA.

1 Introduction

Vision-language-action (VLA) models (Brohan
et al., 2023; Kim et al., 2024; Octo Model Team
et al., 2024) have made substantial progress in
mapping task instructions to robot actions. By cou-
pling pretrained vision-language representations
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with robot policy learning, they improve seman-
tic generalization across tasks and objects. Yet
their strength remains primarily visual and seman-
tic: under visual occlusion or ambiguity, vision
alone often cannot determine how control should
be modulated once physical interaction begins.
This limitation has motivated recent research to in-
tegrate tactile signals into VLA pipelines.

While recent tactile-augmented VLAs have ex-
plored token-level fusion (Hao et al., 2025) or fea-
ture conditioning and modulation (Bi et al., 2025;
Morissette et al., 2026), they frequently expose
touch through a globally shared policy context.
This raises two coupled issues. First, global in-
jection can perturb the action distribution across
all movement phases, including pre-contact stages
where tactile input adds sensor noise instead of
task-relevant signal. Second, although recent ef-
forts have begun to bridge vision, language, and
touch (Huang et al., 2025), they do not explic-
itly specify which tactile cues physical-property
words such as “fragile,” “soft,” or “coarse-grained”
should select. As a result, grounding physical-
property language into closed-loop manipulation
remains an open routing problem: the policy must
determine both which tactile evidence a descriptor
refers to and when that evidence should be allowed
to alter control.

To bridge this gap, we propose Contact-Local
Semantic Actuation (CLSA), a dual-path architec-
ture that separates stable nominal control from
contact-phase semantic modulation. CLSA pre-
serves a visuo-linguistic base path for macro-
motion, while a language-guided cross-modal bot-
tleneck with tactile-language alignment (TLA) ex-
tracts tactile semantics and injects them through
a contact-gated residual path. As shown in Fig-
ure 1, once contact begins, the policy can adjust
grip force for a fragile blueberry or distinguish vi-
sually identical bags by touch, without perturbing
the approach motion.
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Figure 1: Bilateral fingertip tactile sensing, the APC instruction hierarchy, and representative real-robot tasks.

Instructions are shown at three levels: LO, L1, and L2.

Existing evaluations mostly rely on binary task
success, which fails to isolate how language con-
ditions physical motion. To address this, we intro-
duce the Action-Property-Constraint (APC) hierar-
chy to probe instruction-conditioned behavior un-
der matched contexts. On the language side, APC
ranges from action-only (LO) to richer property-
and constraint-aware prompts; on the trajectory
side, offline evaluation uses the matched demon-
strated behavior strata defined by the data protocol.
The APC gradient A(L2,L0) then tests whether
richer physical-property language shifts predic-
tions toward more-constrained demonstrated be-
havior under matched task and contact contexts.
We pair it with Swap L2, which changes only the
property descriptor on held-out L2 episodes as a
cleaner prompt-side probe of adjective grounding.

We evaluate CLSA in two real-robot settings.
The first is a 140-trial comparative benchmark
across three groups: fragile grasping (blueberry,
egg), compliance-sensitive manipulation (cloth,
sponge), and visually ambiguous sorting (the
black-bag family). The second is a separate
APC sweep comprising 240 CLSA rollouts on
four tactile-sensitive tasks and measuring how
peak force and success change across LO, L1,
and L2 prompts. Because bag contents are visu-
ally matched, the black-bag tasks serve as a tar-
geted diagnostic for whether post-contact tactile
signals can support material-specific action selec-
tion. In offline evaluation, CLSA achieves nega-
tive A gradients across all evaluated tasks under

this matched protocol, with notable improvements
on compliance and black-bag settings. In brief,
our results show that contact-local semantic rout-
ing enforces physical constraints without sacrific-
ing base control.

Our primary contributions are:

* Architecture: We propose CLSA, a mecha-
nism that links property-centric instructions
to physical interaction by extracting semanti-
cally structured tactile representations and re-
leasing them through a contact-gated residual
path.

* Formulation: We introduce the APC hierar-
chy and the corresponding A(L2, LO) metric
to probe instruction-conditioned behavior un-
der matched task and contact contexts.

* Empirical validation: Through controlled
ablations and real-robot experiments, we
show that CLSA outperforms unstructured
tactile fusion baselines, particularly on visu-
ally ambiguous tasks where physical proper-
ties must be decoded from touch.

2 Related Work

Vision-Language-Action Models. Recent VLA
and generalist robot policies map visual obser-
vations and language instructions to robot ac-
tions, including RT-1/RT-2 (Brohan et al., 2022,
2023), OpenVLA (Kim et al., 2024), Octo (Octo
Model Team et al., 2024), and PaLM-E (Driess
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et al., 2023). These systems combine language-
conditioned perception with large-scale robot pol-
icy learning, and action-generation methods such
as Diffusion Policy further show that expressive
continuous action distributions improve visuomo-
tor imitation (Chi et al., 2023). Their main
strength lies in semantic task grounding and visual
generalization. They do not explicitly address how
physical-property words should select tactile evi-
dence, or when such evidence should be allowed
to modulate contact-level control.

Tactile and Visuo-Tactile Learning. Tactile
sensing provides contact-centric evidence for
grasping, slip detection, and material-aware ma-
nipulation (Dahiya et al., 2010; Calandra et al.,
2018). Recent visuo-tactile policies show that
touch improves manipulation when visual obser-
vations are incomplete or physically ambiguous,
especially in fine-grained and contact-rich set-
tings (Huang et al., 2024). This line of work estab-
lishes that tactile feedback improves robust con-
trol, but it largely treats touch as a perceptual or
control signal rather than asking how language se-
lects tactile cues relevant to a physical constraint.

Tactile-Augmented VLA and Multimodal Fu-
sion. A growing set of methods augments VLA
policies with tactile inputs, including TLA (Hao
et al., 2025), VLA-Touch (Bi et al., 2025), Tactile-
VLA (Huang et al., 2025), and TacFiLM (Moris-
sette et al., 2026). These works bridge vision,
language, touch, and action through token-level
fusion, feature conditioning, modulation, or tac-
tile feedback, and demonstrate the benefit of tac-
tile signals for language-conditioned manipulation.
CLSA is complementary but focuses on a differ-
ent question: how physical-property language se-
lects tactile evidence and routes it into the policy
only when contact makes the referenced property
actionable.

3 Method

CLSA treats physical-property grounding as two
routing problems: selecting the tactile evidence
named by the instruction and using it only when
contact makes it actionable for control. It com-
bines an APC-conditioned flow-matching policy
with a language-guided semantic tactile state and
a contact-gated residual path trained in two stages.

3.1 Problem Setup and Contact-Local Design

We model language-conditioned manipulation as
continuous action generation. At time step ¢, the
policy receives O = {I,gs,q:}, where I; =
{Ifront 31de} contains synchronized front-view
and side-view RGB images, g; € RH*2x16x16 jq
the bilateral tactile history, and ¢; € R% is the
robot proprioceptive state. The instruction is in-
dexed by an APC level ¢ € {L0, L1,L2}: LO gives
action-only guidance, .1 names a physical prop-
erty, and L2 adds an explicit contact-dependent
constraint such as “grasp the fragile object gently.”

The policy predicts actions with conditional
flow matching (Lipman et al., 2022). For a noisy
intermediate action a} at flow time p € [0,1],
the model estimates a velocity field vg(a?, p) that
transports a simple noise distribution toward the
target action trajectory. Physical-property lan-
guage adds a routing decision to this objective: the
policy must determine which tactile evidence the
instruction refers to and when that evidence should
change the velocity field.

The contact-local design follows from the tem-
poral structure of tactile evidence. Before con-
tact, tactile history mostly reflects no interaction
or sensor noise; during contact, it carries the phys-
ically meaningful cues that should modulate be-
havior. CLSA captures this asymmetry with two
action pathways: a base path for nominal execu-
tion across the full trajectory and a semantic path
that predicts an instruction-conditioned residual re-
leased by contact evidence. Figure 2 summarizes
this structure: language and vision guide a tactile
bottleneck, which yields a semantic tactile state
whose effect on action generation is controlled by
a contact gate.

3.2 Language-Guided Tactile Semantic
Bottleneck

The bottleneck addresses the first part of routing:
which tactile evidence the instruction should read.
A single tactile history can support different phys-
ical interpretations under different property words,
so the semantic state must be conditioned on lan-
guage. We encode the instruction a:%v and the
dual-view RGB pair I; with a Qwen2-VL back-
bone (Wang et al., 2024), producing a joint vision-
language sequence H; € RY "*dv and an instruc-
tion summary h; € R%. A proprioceptive pro-
jection of ¢ is fused with the policy features used
by the base controller, while a bilateral CNN-GRU

25637



/ N\

© Tri-Modal Episode Representation

RGB F
rames ’)“Q"" —L

instruction Encoder

Tactile History
(T frames) 2 - = ]

Tactile
Encoder

\ Y

L2
Language | E] 5 L1 Qwen2-VL
Lo

Cross-Modal Bottleneck

Language-Guided e Physically-Aware
Semantic Supervision

Learned Queries(K=16) Tactile-Language Alignment(TLA)

l rl-=->

Cross-Attend
Language

l

Cross-Attend
Tactile

|

Feed-Forward
Network

Alignment Loss

Physical Property Supervision

compliance fragile coarse-grained

[T [ i
‘v
Property Loss

¥
Contact-Local Semantic Actuation(CLSA)

Contact Localizer

Tactile Contact Residual Semantic Residual Flow
Activity Metadata Mask
— @ Residual
j N o " Velocity
= — ol =a —
[ IS,

Contact Gate(a) |/

Contact-Local Velocity Composition
— — 6-DoF Action
U= Vgage + Q" Ures

Vision Token Tactile Token Bottleneck Readout — Data Flow

Language Token Bottleneck Token Contact Token ---> Supervision (Training only)

Figure 2: Overview of CLSA. RGB observations, tactile history, and the instruction are encoded into a language-
guided cross-modal bottleneck, which is structured by tactile-language alignment and physical-property supervi-
sion. The resulting semantic state enters the policy through a contact-local residual action path, while the base path
remains responsible for stable control across the full trajectory.

tactile encoder maps the tactile history g, to a com-
pact tactile state z; € R% (Cho et al., 2014; Huang
etal., 2024).

The language-guided cross-modal bottleneck
(LGB) uses K learned queries to map z; to an
instruction-conditioned tactile representation. At
layer r, the queries first read the projected vision-
language sequence and then use the updated query
state to read the projected tactile token:

QT - QT*I + CA(QT‘*I) Lt7 Lt)?

T o o (1)
Q :Q +CA(Q 7Zt7Zt)7

where Q7 € RE*d s the query matrix, L; =
H,Wy € RV % is the projected vision-language
sequence, Z; = z Wy € RXdb ig the projected
tactile token, and CA(Q, K,V) denotes multi-
head cross-attention (Vaswani et al., 2017). The
first attention step binds each query to the instruc-
tion context. The second step reads tactile ev-
idence through that language-conditioned query
state.

The final bottleneck’s first token is projected to
the semantic tactile state z;*™ € R%. Tactile-
Language Alignment (TLA) structures this state
by matching semantic tactile states to instruction
summaries through physical-property overlap. For

samples ¢ and j, the target s;; € [0,1] comes
from task-level property labels such as compli-
ance, fragility, and granular structure; Appendix F
gives the full construction:

1 e;—lj 2
Lria = 73 Z o) =si) . @
7’7]

where B is the batch size, e; and [; are Lo-
normalized projections of z{*™ and h;, and 7 is
a learnable temperature. An auxiliary physical-
property classifier with loss L,y is also applied
to z;*", which is then used as the tactile input to

the semantic residual path.

3.3 Contact-Local Actuation and Training

The actuation module addresses the second part
of routing: when the semantic tactile state may
change the action distribution. The raw tactile
state z; provides contact activity and local tactile
dynamics. The semantic state zj*™ provides the
property-conditioned evidence extracted by the
bottleneck. The raw tactile state and propriocep-
tive state ¢; enter the base controller. The semantic
state conditions the residual branch that predicts

the velocity correction.
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Contact prior. We compute a scalar contact
prior my € [0, 1] for the current frame. During
training and offline evaluation, when valid post-
hoc contact-timing annotations are available, they
are blended with an online tactile activity score to
provide a phase-timing scaffold for semantic mod-
ulation. During real-robot deployment, or when-
ever annotations fail the validity checks, the same
prior is computed from the online score alone be-
cause post-hoc timing annotations are unavailable.
The online score uses the maximum taxel activa-
tion and the mean contact indicator over a sliding
16-frame tactile window; Appendix G gives the
full construction. The prior controls only the tim-
ing of semantic modulation. Property identity and
correction direction are supplied by the language-
conditioned representation and the residual path.

Semantic gate. A lightweight MLP predicts the
residual confidence conditioned on semantic tac-
tile evidence, raw tactile state, and contact prior:

ap = my - gateg(23°™, zg, My ), 3)

where oy € [0, 1] is the final residual gate. The
multiplicative factor m; provides an explicit phase
prior. The MLP uses the same prior as an input
feature, allowing residual confidence to depend
on both contact strength and the current tactile-
language state.

Velocity composition. The flow-matching ve-
locity is composed from a base path and the gated
semantic residual:

vg(&f, p) = Ubase(&fv P ht, zt, qt)

~p sem
+ oy Usem(atapa Zt ,Zt,mt)'

4

The base velocity vpase handles nominal macro-
motion using the instruction summary, raw tactile
state, and proprioceptive state. The semantic ve-
locity veem predicts property-specific corrections
from 27", with z; and m; providing contact con-
text. This composition preserves a full-trajectory
control path and gives physical-property language
a separate contact-gated route into action.
Training follows the same split. Stage A trains
the semantic bottleneck with £4 = AjaLrra +
AphysLphys» giving 27" a property-aligned geom-
etry before it drives residual control. Stage B opti-
mizes flow matching while retaining the alignment
and property losses, together with a non-contact
suppression term Lxc weighted by (1 —m;)? and

a residual regularizer Lyes.

To enforce stronger residual use under stronger
physical-property instructions, we add an APC
monotonicity loss over matched task-contact
groups. For each group g containing LO, L1, and
L2 samples, we require the mean gated residual
norm 74 ¢ = K[| Vsem||2] to increase with APC
level:

1
Lnono = @ Z (maX(07 Y= (fg,Ll - ’Fg’LO))

geG

+max(0,7 — (TgL2 — fg,m))),

)

where v is a margin. This encourages stronger in-

structions to recruit more semantic residual correc-
tion under matched contexts.

The full Stage B objective is Lp = Lpm +
)\tlaETLA + /\physﬁphys + /\ncﬁNC + )\res/v‘res +
)\monoﬁmono-

Stage A defines the property-structured tactile
state. Stage B learns the base velocity, the seman-
tic residual, and the contact gate that controls how
the semantic state enters continuous action gener-
ation.

4 Experiments

We structure the evaluation around three questions.
RQ1. Does CLSA increase instruction sensitivity
while preserving control fidelity? RQ2. Do its
gains depend on the semantic bottleneck, tactile-
language alignment, and contact-local residual
route? RQ3. Does the learned modulation de-
pend on coherent tactile evidence? The three are
linked: the main comparison addresses RQ1, ab-
lations test RQ2, and mechanism probes address
RQ3.

4.1 Evaluation Metrics

Our evaluation combines control accuracy, instruc-
tion sensitivity, and real-robot success. We report
normalized action MSE and define the APC gra-
dient A(ls,01) = &, — &y, where & is the
mean squared action error under APC level /. A
negative A(L2,L0) indicates closer alignment to
more-constrained demonstrated behavior strata un-
der L2 than under LO within matched task and con-
tact contexts. We also use adjective-swap mini-
mal pairs (Swap L2), which change only the prop-
erty descriptor on fixed held-out L2 episodes and
therefore serve as a closer prompt-side probe of
adjective-level grounding.
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Method Semantic routing

MSE| A(@2,L0)|, Swap?T Neg. 1

Baselines and references

No Tactile none 3.79 +0.002 1.35 3/7
Tactile Concat late feature concat 3.98 —0.063 1.40 517
TLA + Global Resid- non-local residual correc-  4.40 —0.087 2.22 6/7
ual tion

pi0.57 external RGB-only VLA 3.48 —0.076 1.72 4/7
CLSA (Ours) contact-local residual ve-  3.64 —0.092 2.70 717

locity field

Table 1: Offline comparison on seven held-out tasks. No Tactile and Tactile Concat are matched baselines, TLA +
Global Residual is a matched VTLA-family reference, and pi0.5 is shown as an external reference. CLSA is listed
last for direct comparison. Tpi0.5 uses a different action space and tokenizer, so its APC-gradient, Swap L2, and
negative-A metrics are approximate. All results are averaged over 3 random seeds.

4.2 Experimental Setup

We use a LeRobot SO-101 arm (Cadene et al.,
2026) with bilateral 16x 16 piezoresistive tactile
arrays and synchronized front-view and side-view
RGB cameras. The dataset contains 228 episodes
across seven tasks, collected under LO and L2 in-
structions and post-hoc relabeled into APC levels
from tactile-force signatures; L1 denotes interme-
diate demonstrations between the LO and L2 con-
tact regimes (Appendix E).

The tasks cover fragile grasping, compliance-
sensitive manipulation, and visually matched
black-bag sorting. For black-bag real-robot evalu-
ation only, all methods use a shared deployment-
time material readout from post-contact tactile
windows; it is not used in offline evaluation or
Stage B training.

Real-robot evaluation includes a 140-trial com-
parative benchmark over all seven tasks (Table 4)
and a 240-rollout APC sweep on four tactile-
sensitive tasks (Table 2).

We compare the No Tactile baseline, the Tac-
tile Concatenation baseline with late feature fu-
sion, and pi0.5 (Physical Intelligence et al., 2025)
as an external reference. We also report TLA +
Global Residual as a matched VTLA-family rout-
ing reference. Metrics include normalized action
MSE, A(L2,L0), Swap L2, contact-phase MSE,
and real-robot success rate.

4.3 Main Results

To answer RQ1, Table 1 compares CLSA against
matched baselines and shows that, among matched
VTLA-family models, it gives the best combina-
tion of control fidelity and instruction sensitiv-
ity, with the strongest APC gradient, Swap, and
negative-A coverage and lower MSE than No Tac-
tile, Tactile Concatenation, and TLA + Global

Peak force mean,, Success rate?

Task LO L1 L2 LO L1 L2

218.6 157.4 113.1 13/20 15/20 19/20
egg grasp 203.5 138.2 96.7 12/20 16/20 20/20
gentle sponge 2133 112.0 1034 5/20 6/20 14/20
inboxpicking-cloth 251.1 152.5 112.5 3/20 6/20 9/20

blueberry grasp

Table 2: APC-level peak force and success rate from
a separate 240-rollout CLSA-only real-robot sweep on
four tactile-sensitive tasks. Lower force and higher suc-
cess under L2 indicate gentler, more reliable property-
conditioned execution.

Method Contact MSE |
No Tactile 3.82
Tactile Concat 3.85
pi0.5 334
CLSA (Ours) 3.04

Table 3: Contact-phase action error on contact frames
only, normalized on the same scale as Table 1. fpi0.5
remains an external reference because it uses a different
action space and tokenizer.

Residual. pi0.5 attains lower aggregate MSE but
remains an external reference because it uses a dif-
ferent action space and tokenizer. The baseline pat-
tern supports the routing claim: No Tactile shows
little instruction sensitivity, Tactile Concatenation
improves coarse APC separation without robust
adjective grounding, and TLA + Global Residual
incurs a control cost from non-local semantic in-
jection.

Table 2 shows that richer APC instructions con-
sistently reduce peak force and improve success
on tactile-sensitive real-robot tasks. We observe
the same LO-to-L2 trend across all four tasks in a
separate CLSA-only APC sweep, indicating gen-
tler and more reliable execution under constraint-
explicit instructions.

Contact-phase error tests the routing hypothesis
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at the frames where tactile evidence can affect con-
trol. Table 3 shows that CLSA reduces contact-
phase error by 20% over No Tactile and 21% over
Tactile Concatenation. Its error is also lower than
the pi0.5 reference (3.04 vs. 3.34) and lower than
its own aggregate error (3.04 vs. 3.64), indicating
that the tactile path improves the contact phase
without reducing full-trajectory control fidelity.

Real-robot trials preserve the offline trend un-
der execution noise. Table 4 first summarizes
the standalone-policy comparison on the frag-
ile and compliance tasks, where CLSA reaches
62/80 overall successes, compared with 34/80 for
No Tactile, 39/80 for Tactile Concatenation, and
43/80 for pi0.5. The black-bag rows then report
the shared black-bag deployment evaluation de-
scribed in Section 4.2; with these rows included,
the system-level total is 89/140. Fragile grasp-
ing is near saturation, so the largest margins ap-
pear in compliance and black-bag tasks. These
tasks underdetermine the named property from
vision and require post-contact tactile evidence
for material-consistent actions. Black-bag success
rates therefore measure performance under this
shared deployment-time readout on a visually am-
biguous tactile diagnostic.

Remaining failures concentrate in black-bag
sorting and inboxpicking-cloth, consistent with
the limits of coarse 16x 16 tactile resolution and
high-variance deformable-object grasps. Gains
are largest in these difficult settings, where visual
evidence provides the weakest constraint on the re-
quired physical behavior.

Taken together, the offline, contact-phase,
and real-robot results answer RQ1 affirmatively:
CLSA increases instruction sensitivity while pre-
serving control fidelity, especially where tactile ev-
idence is most decisive.

4.4 Ablation Study

To answer RQ2, we ablate the components that
support instruction-sensitive contact control: the
language-guided gate, the tactile-language align-
ment objective, and the contact-local residual
route.

The ablations in Table 5 show that CLSA re-
quires both semantic alignment and contact-local
routing. Fixed-LGB preserves a strong APC gra-
dient but collapses Swap from 2.70 to 0.92, indi-
cating coarse instruction-level sensitivity without
reliable adjective-level discrimination. Removing
TLA weakens MSE and negative-A coverage, sug-

gesting that alignment structures the bottleneck
along reusable physical-property axes.

The TLA + Global Residual variant isolates the
routing effect. It uses the same language-guided
bottleneck and alignment as CLSA, but injects the
semantic state globally. It recovers part of the in-
struction effect, confirming that the bottleneck car-
ries useful physical information. Its MSE remains
substantially worse than CLSA’s (4.40 vs. 3.64),
showing the control cost of non-local semantic in-
jection. Performance depends on how tactile se-
mantics enter control, not only on whether they are
present.

These ablations answer RQ2: the gains de-
pend jointly on the semantic bottleneck, tactile-
language alignment, and contact-local residual
route.

4.5 Mechanism Evidence

RQ3 asks whether CLSA grounds property words
in tactile evidence. The mechanism probes test
this directly. Figure 3(a) holds a contact frame
fixed and varies only the APC level. Attention
shifts from generic task wording under LO toward
property-bearing tokens such as fragile and break-
able under L2, indicating that the model reads tac-
tile input through the named property.

This qualitative pattern matches the Stage A
ablation. With TLA, the mean cosine distance
between bottleneck embeddings from different
physical-property groups is 0.677; removing TLA
collapses the distance to 0.018 (Table 7, Ap-
pendix B). Thus, the bottleneck is not only
language-sensitive; it is organized along physical-
property axes.

The learned bottleneck geometry shows the
same property structure. In Figure 3(b), the t-
SNE view (van der Maaten and Hinton, 2008) sep-
arates fragile, fragile+compliant, and compliant
groups into distinct regions, consistent with the
large cross-property cosine gap preserved by TLA.

Residual separation requires coherent tactile
structure. ~ With intact tactile input, seman-
tic residuals remain separated in direction and
magnitude, but temporal shuffling shrinks the
mean cosine and Lo distances from 0.41/0.31 to
0.15/0.11, and zero masking reduces them further
to 0.06/0.04. Once post-contact structure is de-
stroyed, the separation disappears, showing that
adjective-conditioned modulation relies on tactile
evidence rather than prompt statistics alone.

These probes answer RQ3: the learned modu-
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Group Task No Tactile Tactile Concat pi0.57 CLSA
Fragile blueberry grasp 12/20 13/20 16/20  19/20
egg grasp 13/20 14/20 15/20  20/20
subtotal 25/40 27/40 31/40  39/40
Compliance inboxpicking-cloth 4/20 3/20 5/20 9/20
gentle sponge 5/20 9/20 7/20  14/20
subtotal 9/40 12/40 12/40  23/40
Core overall fragile + compliance 34/80 39/80 43/80  62/80
Black-bag cotton bag 3/20 6/20 4/20 8/20
sand bag 5120 8/20 5/20  10/20
soybeans bag 5/20 7/20 5/20 9/20
subtotal 13/60 21/60 14/60  27/60
System overall all tasks 47/140 60/140 57/140 89/140

Table 4: Real-robot successes on the 140-trial comparative benchmark. Each task has 20 trials. Core overall sum-
marizes the fragile and compliance tasks (80 trials). Black-bag rows and System overall use the shared deployment-
time material readout in Section 4.2. Tpi0.5 is an external reference.

B o

Focus entropy 1.04 | salient words: object, Pick

Pick up the @egg

Focus entropy 0.61 | salient words: egg, fragile

utt the freakani ol witn gentie, comrotes force
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t-SNE dim 2

L2

Residual direction

remporat st [
Zero mask 0.06

0.0 0.1 0.2 03 0.4
Mean cosine distance
Residual magnitude

Intact tactile

Temporal shuffle - 0.11
Zero mask 0.04

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Focus entropy 1.47 | salient words: egg, breakable
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Figure 3: Mechanism evidence. (a) Attention sharpens
by physical property. (c) Residual separation collapses

Variant MSE | A(L2,L0)] Swap?tT Neg. T
Full CLSA 3.64 —0.092 2.70 717
Fixed-LGB 4.77 —0.096 0.92 57
No TLA 472 —0.088 2.31 57
TLA + Global Residual ~ 4.40 —0.087 2.22 6/7

Table 5: Controlled ablations. All variants share the
same backbone, data, and evaluation harness.

lation depends on coherent tactile evidence rather
than prompt statistics alone.

5 Conclusion

This paper studies whether physical-property lan-
guage can shape manipulation when the decisive
evidence emerges only at contact. Across APC-
based evaluation, adjective-swap probes, and real-
robot trials, the results support a simple claim:
touch helps only when the policy reads tactile ev-
idence through the named property and releases
that information at contact. Touch is just con-
tact data until language gives it structure. Lan-
guage is still incomplete until contact provides ev-

Mean L2 distance

()

ESNE dim 1

(b)

from LO to L2. (b) Stage A bottleneck embeddings cluster
under shuffled or zeroed tactile input.

idence the action can use. For multimodal agents,
the key question is not just which modalities are
present, but whether language, perception, and
control meet when contact starts to matter.

6 Limitations

Our results have several limits: the SO-101
platform lacks high-precision force control, the
1616 tactile arrays may miss fine material cues,
and current CLSA training and offline analysis
still use a hybrid contact prior, with post-hoc tim-
ing when annotations are available. Real-robot de-
ployment uses only the online tactile activity score,
so the black-bag benchmark is best read as a two-
stage deployment diagnostic rather than a pure per-
timestep test of continuous closed-loop grounding.
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A  Per-Task APC Gradient Breakdown

Table 6 reports the per-task APC gradient
A(L2,L0) for CLSA on the normalized MSE
scale. All seven tasks yield negative A, indicating
closer alignment to constrained L2 demonstrations
than to natural-motion LO demonstrations within
the corresponding APC behavior strata. The gra-
dients are small on visually informative tasks and
larger on the black-bag family, where vision gives
weaker evidence about the physical property. The
final column lists each task’s primary physical-
property axis.

Task A(L2,L0) PPA axis
inboxpicking-cloth —0.013 compliance
blueberry grasp —-0.017 fragility
egg grasp -0.019 extreme fragility
gentle sponge —0.038 compliance discrim.
cotton bag —0.214 compliance (occluded)
sand bag —0.184 fine-grained support
soybeans bag —0.154 coarse-grained
All tasks (aggregate) —0.092 —

Table 6: Per-task APC gradient for CLSA, normal-
ized by 0%, = 808.1. Negative values indicate
closer alignment to constrained L2 demonstrations than
to natural-motion LO demonstrations across the corre-
sponding APC behavior strata. The aggregate row is
the frame-weighted mean reported in Table 1.

B Stage A Bottleneck Ablation

Stage A trains the semantic bottleneck before ac-
tion learning, using the tactile-language alignment
loss and the auxiliary physical-property classifier.
Table 7 isolates the contribution of each objec-
tive on the held-out sweep. The representation-
best checkpoint maximizes alignment score; the
training-best checkpoint minimizes training loss.

Repr-best Train-best
Variant AlignT CosGap?T Alignt CosGapt
Formal Control 0.659  0.677  0.657  0.672
No TLA 0505 0.018 0505 0.015
No PhysProp 0.672 0.732  0.672 0.732

Table 7: Stage A ablation. Align = tactile-language
alignment score; CosGap = mean cosine distance be-
tween bottleneck embeddings of different physical-
property groups. PhysProp accuracy is 1.00 for Formal
Control and No TLA, and 0.586 for No PhysProp. All
metrics are computed on the same held-out sweep.

TLA controls the geometry of the bottleneck
space. Removing TLA collapses the cosine gap

from 0.677 to 0.018 and lowers alignment from
0.659 to 0.505, showing that the alignment ob-
jective separates representations by physical prop-
erty.

The auxiliary classifier preserves class-
discriminative property information. Removing it
keeps the alignment score high (0.672 vs. 0.659)
and increases the cosine gap slightly (0.732 vs.
0.677), but classifier accuracy falls from 1.00
to 0.586. This failure propagates into the Stage
B ablations in Table 5, where missing property
supervision weakens action performance.

C Real-Robot Deployment Details

Real-world deployment is conducted on an SO-
101 leader-follower platform. The follower arm
serves as the execution platform, while the leader
arm is used only for teleoperated demonstration
collection during data acquisition. The deployed
sensory interface consists of front-view RealSense
RGB, side-view RGB, and bilateral tactile sens-
ing. Specifically, an Intel RealSense D435i pro-
vides the front-view RGB stream and a side-view
USB camera provides an auxiliary RGB stream;
both cameras operate at 640x480 resolution and
30 Hz. In addition, two 1616 tactile arrays are
mounted on the left and right gripper fingers to pro-
vide contact-state and local force-distribution mea-
surements. To preserve consistency between train-
ing and deployment, we reuse the same robot cali-
bration, camera placement, and control frequency
as in data collection, and maintain a 30 Hz real-
time control loop during deployment.

At each control cycle, the system first acquires
proprioceptive observations from the robot, includ-
ing the positions of the six arm joints, together
with RGB observations from the RealSense and
side-view cameras. These raw observations are
converted into the same input structure used dur-
ing training: proprioceptive state gy, dual-view
RGB images I, task-level language conditioning,
and a sliding tactile history g;. Tactile sensing is
acquired asynchronously: the left and right tac-
tile arrays are continuously sampled at 50 Hz and
stored in a sliding temporal window of 16 frames,
yielding a temporally structured tactile observa-
tion aligned with the current control step. This
design allows the deployed system to use visual,
language, and tactile information jointly while pre-
serving a stable control frequency.

During inference, the bilateral tactile window is

25645



first encoded by the tactile branch, where convo-
Iutional layers extract spatial contact patterns and
a GRU aggregates short-horizon tactile dynamics
into a 512-dimensional tactile state. In the de-
ployed CLSA policy, this tactile state is not ap-
pended as a generic tactile-token stream. Instead,
it is combined with the language-conditioned vi-
sual representation through the language-guided
bottleneck to form a semantic tactile state, which
influences action only through the contact-local
residual pathway when contact evidence is suffi-
ciently strong. Because post-hoc contact-timing
annotations are unavailable on hardware, the
deployment-time contact prior is computed from
the online tactile activity score alone. This de-
sign preserves the stability of the base control
path during non-contact motion while allowing
tactile semantics to modulate behavior once phys-
ical interaction becomes informative. After post-
processing, the model output is converted into a
6-dimensional action command and sent to the fol-
lower arm. For safe execution on hardware, per-
step action increments are clipped before being
sent to the robot, and each episode is terminated
after a fixed maximum number of control steps.

After each rollout, an operator annotates suc-
cess or failure according to the predefined task cri-
teria. In addition to task success, we log the num-
ber of executed control steps and average infer-
ence latency as supplementary deployment diag-
nostics. The main paper reports task success rate
as the primary real-robot metric.

D APC Instruction Construction

The LO, L1, and L2 instruction templates for each
task were generated using ChatGPT and manually
verified for correctness and consistency. For each
task, we provided the task description and the rel-
evant physical property adjective (e.g., fragile for
blueberry, coarse-grained for soybeans), and Chat-
GPT produced three instruction variants following
the APC hierarchy: an action-only prompt (LO),
a property-aware prompt (L1), and a constraint-
explicit prompt (L2). All generated templates
were reviewed by the authors to ensure that L1
and L2 differ only in the physical-property spec-
ification and that the constraint in L2 is executable
by the robot platform. The resulting templates are
included in the data release.

E Data Collection Protocol

For each task instance, we collected two phys-
ical demonstrations: one under an LO (action-
only) instruction and one under an L2 (constraint-
explicit) instruction. Demonstrators followed the
L2 constraint only during the L2 demonstration;
L0 demonstrations were performed with natural,
unconstrained motion.

After collection, episode-level LO/L1/L2 labels
were assigned by an automated tactile classifier
that extracts four contact-force features (peak taxel
activation, mean contact force, maximum active-
taxel ratio, and force gradient) from the 16x16
tactile arrays and assigns each episode to LO, L1,
or L2 via a weighted voting scheme. Episodes
with high contact forces are classified as L0, those
with low forces as L2, and those in the interme-
diate range as L1. Task-specific thresholds are
used for the black-bag family; for sponge tasks,
hard/soft labels are set by folder-level ground truth.
In this protocol, L1 denotes an intermediate behav-
ior stratum defined by genuine teleoperated trajec-
tories whose contact statistics fall in the interme-
diate range of the weak-label procedure. Every
episode—regardless of its post-hoc APC level—
retains its own physically demonstrated action tra-
jectory. The L1 prompt text is derived from L2
templates by stripping the execution constraint
while retaining the physical-property adjective, so
the language side still instantiates the full APC hi-
erarchy even though collection was performed un-
der two instructed regimes.

Interpretation of APC levels. APC in this
paper should be interpreted as a prompt-and-
behavior protocol. The LO/L1/L2 templates de-
fine the language side of the hierarchy, while the
episode-level weak labels define the correspond-
ing behavior strata on the trajectory side. Accord-
ingly, the offline APC split measures how stronger
property language moves predictions toward more
constrained demonstrated behavior strata under
matched task and contact contexts while the APC
prompt and behavior hierarchy are evaluated to-
gether. The APC gradient A(L2,L0) therefore
compares alignment to more versus less con-
strained demonstrated behavior strata: LO reflects
unconstrained motion, L2 reflects constrained
execution, and L1 captures naturally occurring
intermediate-force behaviors.

Contact phases (approach, contact, lift, retreat)
were automatically segmented from tactile signal
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peaks in the 1616 piezoresistive arrays and man-
ually verified by the authors. A frame is labeled
as contact when the maximum taxel activation ex-
ceeds a conservative threshold and the mean con-
tact indicator over the 16-frame tactile window is
above 0.5.

F TLA Loss Formulation

The tactile-language alignment loss matches the
pairwise similarity between semantic tactile states
and instruction summaries to physical-property
overlap:

1 €ile 2
Lria=g5) (o) =s5) » ©
1,J

where B is the minibatch size, e; € R2%0 is the
normalized projection of 2{°", I; € R?%6 is the
normalized projection of h;, T is a learnable tem-
perature, and s;; € [0, 1] is the pairwise physical-
property similarity derived from weak labels for
compliance, fragility, and granular structure. We
use a sigmoid-plus-MSE objective because s;; is
a bounded overlap target, not a normalized dis-
tribution and not only a ranking signal. KL di-
vergence would tie the loss to batchwise normal-
ization, while a pure ranking loss would preserve
order but discard the absolute degree of overlap
between partially matched property labels. This
design is therefore closer to similarity matching
in cross-modal representation learning (Radford
et al., 2021) than to distribution matching.

G Contact Phase Annotation

Each episode is accompanied by post-hoc episode-
level annotations of the first and last frames in
which the gripper is in physical contact with the
object. From these contact-timing annotations we
derive four phases for every frame:

Approach. Frames before the first contact frame.
The tactile arrays are inactive or carry only ambi-
ent noise.

Contact. Frames from first contact through the
frame at which the gripper begins to open. This in-
terval covers grasp acquisition and the steady-state
hold.

Lift. Frames from gripper-open onset through
the last contact frame, during which the object is
being released or transferred.

Retreat. Frames after the last contact frame.

For per-phase evaluation and the contact-phase
MSE reported in Table 3, only contact frames are
used. During training, Lyone groups samples by
the contact phase.

The same contact-timing annotations are used
to construct the contact prior m; described in Sec-
tion 3.3. These annotations serve as a phase-
timing scaffold for semantic modulation; property
identity and action direction remain determined by
the language-conditioned representation and pol-
icy. The annotation-derived prior 172, is set to 0 dur-
ing approach, 1 during contact, and decays linearly
from the last contact frame through the end of lift
to 0 at retreat. The online tactile activity score o; is
computed from the maximum taxel activation and
the mean contact indicator over the 16-frame tac-
tile window. When the per-episode contact-timing
annotations satisfy conservative checks on contact
ratio, active taxel ratio, and contact-onset timing,
the annotation-validity flag d; is set to 1 and the
blended prior m; mixes m; and o; with an annota-
tion blend weight of 0.85, capping the pre-contact
online contribution at 0.05. When d; = 0, we fall
back to m; = o;.

In real-robot deployment, post-hoc contact-
timing annotations are unavailable, so we use the
online tactile activity score alone, i.e., m; = 0.

H Supplementary Results

All action MSE values are normalized by the
training-set action variance U%/TL A = 808.1. For
pi0.5, its internally computed MSE is rescaled
from its own training-space variance to the VTLA-
normalized space for approximate aggregate com-
parison. Because pi0.5 uses a different action rep-
resentation and normalization interface, its APC-
gradient, Swap L2, and negative-A metrics should
be treated as approximate.

H.1 pi0.5 Evaluation Protocol

We fine-tune the pi@.5 checkpoint (Physical In-
telligence et al., 2025) on our dataset using the
official OpenPlI training pipeline (Physical Intel-
ligence, 2024). Because pi0.5 uses a Chunking-
CausalFlowMatching action head with a different
action chunking and normalization scheme, a di-
rect latent-space comparison is not available. We
therefore adopt the following protocol for each
metric:
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MSE. We compute MSE in pi0.5’s own normal-
ized action space using the model’s internal de-
normalization, then rescale the per-dimension er-
rors to the VTLA-normalized space (scaling factor
O'%/TL A = 808.1) for aggregate comparison. The
rescaling is approximate because pi0.5’s action
chunking predicts a 50-timestep trajectory from
which we extract the immediate action, whereas
VTLA baselines predict a single 6-DoF target.

APC gradient and Swap L2. We evaluate
pi0.5 on the same held-out slices and APC-level
prompts as the VILA models. The APC gradi-
ent A(L2, LO) and Swap L2 are computed from
the rescaled MSE values following the same def-
initions in Section 3.1. Because the rescaling is
approximate, these metrics are reported with a dag-
ger in Table 1 and should be interpreted as indica-
tive rather than strictly comparable.

Negative-A count. We count the number of
held-out task slices for which the rescaled APC
gradient is negative, following the same criterion
as for the VTLA models.

Real-robot evaluation. pi0.5 is deployed on the
same SO-101 platform with the same camera and
tactile sensors. At inference time, pi0.5 receives
only the RGB image, the robot state, and the in-
struction; it does not use tactile input. Each task
is evaluated with 20 trials under the same success
criteria as the VTLA baselines.

This protocol gives pi0.5 a fair operational com-
parison while acknowledging that its action rep-
resentation, tokenizer, and training pipeline differ
systematically from the VTLA family. The offline
metrics for pi0.5 are best read as a sanity check:
a strong external VLA should not be worse than
a vision-only baseline on these tasks, and the real-
robot results confirm that pi0.5 performs compet-
itively on visually clear tasks while struggling on
tactile-critical ones.

Fragile tasks

2,

Grasp blueberry

Grasp egg

Gentle sponge

Inbox picking
cloth

Sand bag

Soybeans bag

Figure 4: Robot tasks. Each row shows one task
name on the left and two representative center-cropped
rollout frames on the right. The tasks are grouped
into three categories: fragile tasks, where the robot
must handle breakable objects gently; compliance-
sensitive tasks, where the robot must adapt contact to
deformable objects; and visually ambiguous black-bag
tasks, where post-contact tactile evidence is needed to
distinguish the material and select the appropriate be-
havior.
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