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● VLAs generalize well to categorical instructions: “pick the object”, “open the drawer”.

Categorical  (what to do)

“Pick the object”

“Open the drawer”

Strong generalization ✓

Continuous  (how much)

20cm 30cm 40cm

?

seen 20 & 40  →  what about 30 ?

Introduction

● However, many real commands are continuous: “pick up the object 30cm”, “open the drawer 50%”.

Can VLAs generalize to unseen numeric goals? 



Problem Statement

● Standard VLAs learn numeric goals only through instruction tokens. 

Instruction tokens

pull the handle 30 cm

“30” is just one more token

Standard VLA

implicit

token → action

action space

20 40

Seen goals 

X

30

X

50

no ordered axis →  30, 50 Failure action

Numeric goal in instruction 

Predicted action

Correct action

● The numeric structure is not explicitly grounded in the action space.

● Limited numeric supervision weakens numeric grounding, limiting generalization to unseen values.



Method: a Plug-in Action Head (OrdiFlow)

Image  oₜ

State  sₜ

Masked instr.  l ̃

Inputs

VLM backbone
Action context    

+ (quantity type)

canonical scalar

OrdiFlow action head  ·  plug-in (backbone untouched)

Base  b

value-invariant +
Gate  g

selects dims ∈[0,1] ⊙
Residual  r(ṽ)

ordered =
âₜ(ṽ)

robot action

cₜ , e_q  to all heads → residual only

base & gate never see ṽ →  value-invariant by construction



Method:  Canonical Scalar

● Parse the instruction into a numeric goal, a type, 

and a masked instruction with a placeholder.

● This routes the number through a separate 

pathway, instead of fusing it into the token 

stream.

● Normalize per type; never clamp →  out-of-range 

commands stay valid.

“Adjust the top-left drawer 50% open”

Parse (GPT)

r = 50      q = ratio

l ̃ = “… drawer [MASK] open”

canonical scalar

remaining motion  =  v

ṽ

current target



Method:  Base  +  Gated Residual

We split the predicted action into a value-invariant base and a value-conditioned residual:

bϕ Value-invariant base — approach, grasp, contact 

setup; does not see the numeric value.

gϕ Per-dimension gate ∈ [0,1] — selects which action 

dimensions the command may modify.

rψ
Ordered, value-conditioned residual — the only 

term that scales with the number.

gate  g ∈ [0,1]⁷ selects action dimensions

x y z roll pitch yaw grip

1

Task relevant dims: residual passes through, 

invariant dims: residual is suppressed

0



Method:  Ordered Value-Conditioned Residual

positive density  ⇒ accumulated magnitude is non-decreasing  (ordered)

● Positivity → ordered response, guaranteed —

the structural bias a token head lacks.

ordered residual  r(v)

train range

extrapolate

v

magnitude direction

● Controlled extrapolation: clip queries to the 

training boundary → residual continues 

linearly.



Results
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48.5%

51.6%

Test (in-distribution state)

10.2%

43.4%

Novel (extrapolation state)

18.7%

45.8%

Any (interpolation state)

OpenVLA-OFT π0.5 OrdiFlow (ours)

Unseen goal stateSeen goal state

51.2%

12.9%
14.7%

2nd Place



Conclusion

● Standard VLAs treat numeric goals as instruction tokens.

● This makes value-to-action generalization difficult under sparse numeric supervision.

● We separates numeric values from the token stream and models them with an ordered action head.

● This leads to stronger unseen-goal generalization in continuous-state manipulation.
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