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Abstract

Long-horizon graphical user interface (GUI) agents are usually trained and evaluated as
stepwise policies over the current screen, yet many software tasks are partially observ-
able: the correct click or keystroke can depend on hidden progress, a previous tab, or
earlier form state. We present W0, a vision–language model (VLM)-based GUI agent
that pairs a frozen screen-language backbone with bounded persistent memory across
interaction blocks and decodes each UI action chunk with a block-discrete diffusion ac-
tion head. Training is deliberately restricted: after supervised fine-tuning (SFT) aligns a
small steering actuator, reinforcement learning with verifiable rewards (RLVR) updates
only a categorical post-prefix mode selector over the frozen model’s denoising continu-
ations — a procedure we call Mode-Selection Policy Optimization (MSPO). In the
ideal frozen-mode abstraction, this turns policy optimization from full reverse-kernel
fine-tuning into support-constrained mode selection inside the pretrained model’s
reachable behavior library, which an appendix formalizes as an abstract mode Markov
decision process (MDP) with a Bellman contraction, approximate selector improvement,
and a finite-cover comparison against full action/residual policy classes. As a technical
report, we pair the formulation with a measurement snapshot for the current desktop
configuration and specify the diagnostics needed to reproduce or extend the benchmark
on mobile neural processing unit (NPU) deployments.
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Figure 1: W0 at a glance: faster block-diffusion decoding, higher GUI task success, and more
sample-efficient selector-only RLVR. Technical-report snapshot (current RTX 4060 desktop; numbers
to be finalized). Left: at the deployed block size b⋆=16 (bd16), block-discrete decoding cuts per-chunk
decode latency over an autoregressive decoder (≈ 2.8×). Middle: selector-only W0 reaches 41% task
success, above SFT (26%) and the two critic-free RLVR baselines applied to the full block-dVLM policy,
GRPO (32%) and RLOO (35%). Right: W0 reaches the stronger success regime with fewer verifier-driven
update rounds. The Snapdragon 8 Gen 3 NPU path is the intended mobile target and is not included in
these desktop bars.

Not yet formally validated. These are preliminary results we observed in our own
small-scale in-house testing.

1



1 Introduction
Large language model (LLM)-powered agent services now let end users interact with AI
directly, far beyond simple question answering. The most visible instantiation of this shift
is the GUI agent: an LLM-based system that observes a software interface – a web page, a
mobile app, a desktop OS – and manipulates it by emitting clicks, keystrokes, and gestures
on the user’s behalf (19, 23, 33, 35, 65, 82, 94, 97, 100–102, 105, 106). Powered by multimodal
grounding from modern Vision–Language Models (VLMs) (5, 6, 18, 59, 83), the most recent
generation collapses perception, grounding, and action prediction into a single end-to-end
vision–language–action (VLA) model that operates directly on pixels (49, 65, 94, 97), giving
the agent the closed-loop autonomy that a pure QA system lacks.

Yet agency is only half of what real tasks demand. Common GUI-agent training
and evaluation objectives operationalize a stepwise, Markov decision process (MDP)-style
next-action problem: given the provided screen and prompt context, predict the next action
πθ(at | ot, l, ct). The assumption that the provided context is a sufficient state breaks the
moment the workflow becomes partially observable. A multi-step quiz cannot be solved
by looking at the current page if the relevant question state is hidden in earlier turns; a
multi-tab workflow requires remembering which tab holds which artifact; a button that
has already been pressed looks identical to one that has not. Formally these are partially
observable Markov decision processes (POMDPs), in which a policy that conditions only
on ot is not generally optimal; a relevant decision statistic may depend on the history
ht = (o0:t, a0:t−1) or on a belief bt(s) = Pr(st = s | ht) (38).

The deep-RL community has spent the last decade building the machinery this requires —
recurrent history compression (27, 31, 40), latent world models (28–30), attention over full
trajectories (16, 20, 60), and external differentiable memory (25, 26, 87), all approximating
bt with a fixed-size latent zt. Yet this machinery is still not a first-class object in most
native GUI-agent objectives, which instead train screenshot-conditioned action heads or
VLM policies whose next-action loss treats the provided context as sufficient (35, 65, 97).
Long-horizon GUI behavior falls into the gap between these two literatures.

Is there a way to give a VLM-based GUI agent a bounded belief-like memory
without breaking the frozen backbone or the interaction loop? The end-to-end col-
lapse buys closed-loop autonomy, but it fuses three concerns with different requirements — a
perceiver that should stay frozen, a memory that must persist across the horizon, and a
low-latency actuator. Our main hypothesis is that a GUI policy can instead separate these
three roles: a frozen screen-language model, a bounded history memory, and a compact
action expert — so the pretrained perceiver’s grounding stays intact while the only learned
component is small and cheap to train.1 Concretely, W0 comprises three components:
• a frozen screen-language backbone, instantiated with GUI-Owl-1.5-2B from the

Mobile-Agent-v3.5 family (96);
• a hybrid linear-plus-sliding-window attention memory that carries bounded his-

tory at O(1) recurrent cost per block (2, 41); and
• a block-discrete diffusion action head — a discrete-diffusion language model (dLLM)

or, with vision conditioning, vision-language model (dVLM) — whose parallel denoising
is a natural fit for discrete UI event chunks (4, 48, 57, 70, 92).

The third component, the action head, carries a constraint the memory thread does
1The foundation-model/action-head split in robotic VLAs (11, 63) is the architectural analogy, not the

application domain — the target policy is a GUI agent over browser, desktop, and mobile screens.
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not: real time. A GUI agent must commit its next action before the observed screen
goes stale, so per-chunk decode latency is a design constraint. Robotic VLAs meet the
analogous control-frequency budget by emitting an action chunk per inference (11, 62, 107);
W0 borrows the remedy for discrete UI actions, where a block-discrete diffusion head decodes
a whole chunk in a few parallel denoising steps rather than token by token (48, 74). The
block size sets this parallelism: larger blocks decode faster but strain structured-output
integrity, so we schedule it with a curriculum that anneals only the distribution center —
from the autoregressive anchor b=1 to the deploy/eval target (b⋆ ≈ 16) — at fixed spread,
with the largest candidate b=32 retained as a symmetric training stress tail rather than as
the curriculum target.

Freezing the backbone and action head turns RL into a support-constrained problem:
the selector can only reweight behaviors already in the frozen model’s reachable library,
never invent new ones. After SFT aligns the steering actuator (the fixed module that
turns a selected mode into a concrete action chunk), RLVR (reinforcement learning with
verifiable rewards) changes only which frozen denoising mode is selected — which of the
action head’s candidate denoising continuations the agent commits to — an update we name
Mode-Selection Policy Optimization (MSPO). Optimizing the selector rather than the
reverse kernels keeps the expensive pretrained behavior fixed and reduces RL to reweighting
a finite library of continuations, the source of the sample efficiency we report. Figure 1
previews three results from the current measurement snapshot (numbers to be finalized):
(i) at the deployed block size b⋆=16, block-diffusion decoding cuts per-chunk decode latency
by roughly 2.8× over an autoregressive decoder; (ii) selector-only W0 improves GUI task
success over SFT and the two critic-free RLVR baselines, GRPO and RLOO; and (iii) it
reaches that stronger success regime with fewer verifier-driven RL updates.

Not yet formally validated. These are preliminary results we observed in our own
small-scale in-house testing.

Contributions.
• W0, a long-horizon GUI agent that decouples a frozen screen-language backbone and

bounded persistent memory from a block-discrete diffusion (dLLM/dVLM) action head,
bringing the foundation-model/action-head split to GUI control.

• MSPO (Mode-Selection Policy Optimization): a critic-free, verifier-driven RL update
that trains only a categorical mode selector over the frozen model’s continuations (support-
constrained) — the same critic-free RLVR objective our baselines GRPO and RLOO ap-
ply to the full block-dVLM policy, and distinct from critic-based or latent-noise diffusion
RL (OGPO, DSRL).

• A self-contained performance-transfer analysis for MSPO in which every gap is
derived from named primitives: a Bellman contraction and a finite-sample concentration
plus approximate-policy-iteration bound on the learning gap, a return-level lifting bound
on the implementation gap, and a simulation-lemma bound on the model-abstraction
gap.

• A degree-2 (Gaussian-in-log b) block-size curriculum that, in x= log b, is an unnor-
malized Gaussian; over octave-spaced candidates it is the discrete Gaussian N (µx, σ

2
x)

whose multipliers have the closed form ℓ2=1/(2σ2x), ℓ1=− µx/σ
2
x — i.e. ℓ1, ℓ2 are derived

from the two moments µx=E[log b], σ2x=Var[log b] as the maximum-entropy (Gibbs) La-
grange multipliers, not tuned (the Boltzmann power law is the ℓ2=0 special case). The
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curriculum anneals only the center (from the autoregressive anchor b=1 to the eval tar-
get b⋆≈16) at constant curvature ℓ2, together with the finding that large-block parallel
unmasking is where structured-output format collapses.

• A technical-report measurement snapshot and validation protocol, including
an Android-curated reasoning-SFT corpus and decoder/curriculum diagnostics for re-
producing or extending the benchmark.

We are deliberate about scope. The only unconditional theoretical claim is representa-
tional — via the multiplier-to-moment map µx=−ℓ1/(2ℓ2), σ2x=1/(2ℓ2) the two free moments
map bijectively to (ℓ1, ℓ2), so the degree-2 law sets the mean and variance of log-block-size
independently while a monotone (ℓ2=0) law ties spread to mean, and the curriculum varies
only the mean (center) at fixed variance, which a monotone one-parameter law cannot; the
transfer bounds are explicit but rest on stated primitives, and the curriculum is a design
choice rather than a method proven to dominate direct training. The remainder of the paper
formalizes the selector objective (Section 2), situates W0 among GUI agents, memory, and
diffusion-policy RL (Section 3), details the architecture and training (Section 4), specifies
the validation protocol, and proves the transfer analysis (Appendix A) and the curriculum
characterization (Appendix B).

2 Problem Statement
We state the learning problem before the architecture that solves it. W0 trains exactly one
object: a mode selector qψ. Everything else in the action pipeline is frozen. The goal of
this section is to make the selector’s objective explicit as an optimization problem, and to
state precisely what optimum W0 competes with. All symbols are collected in Table 1; we
define each at first use.

The objective, in one line. Fix the discount γ ∈ [0, 1) and a per-block verifier reward
R(χb, yb) ∈ [−Rmax, Rmax], where χb is the outer controller context at block b and yb ∈ Y
is the action chunk the environment receives (both defined below). For a selector qψ that
induces a distribution over interaction rollouts, its discounted return is

J(qψ) = Eqψ

∑
b≥0

γbR(χb, yb)

 , (1)

where the expectation is over the rollout generated when the selector qψ drives a fixed
pretrained pipeline. W0 solves

ψ⋆ ∈ arg max
ψ

J(qψ), equivalently J⋆ = sup
q∈Q

J(q), Q = {qψ}ψ, (2)

i.e. it maximizes return over the frozen-mode selector class Q of all admissible selectors
over the pretrained continuation library. The benchmark J⋆ is the support-constrained
frozen-mode optimum: the best return any selector in Q can achieve, not the global optimum
over all GUI action strings. We make no global-optimality claim. For the selector that
RLVR returns, Appendix A writes J⋆ as the optimal frozen-mode value J⋆mode and bounds
the regret against this benchmark,

J⋆ − J(qψ)︸ ︷︷ ︸
regret

≤ ∆learn +∆impl +∆model, (3)
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where the three terms are bounded by explicit primitives ϵR, ϵP , ϵsuff, ϵverifier, ϵopt (reward/verifier
reliability, model abstraction, context sufficiency, verifier bias, and optimization slack;
Corollary A.6). These gaps are assumed small but not claimed to vanish; in particular
the curriculum is a design choice, not a procedure proven to dominate direct training.

The remaining three blocks define the objects in Eqs. (1)–(2): the outer decision process,
the inner denoising realization, and the frozen/trained split that pins down Q.

Outer decision process. We model a GUI task as a partially observable discounted
control problem. The full interaction history is hb = (o≤b, y<b), but W0 does not feed this
raw history to the action decoder; it compresses it into a bounded controller context from
the current screen ob, instruction ℓ, and persistent memory ξb−1:

χb = (ob, ℓ, ξb−1). (4)

The environment never sees the token-by-token or denoise-step computation inside the
model. At each block it receives one completed UI action chunk and returns a reward and
a next context,

yb ∈ Y , χb+1 ∼ P (· | χb, yb), R(χb, yb), (5)

where P is the abstract Markov kernel induced by the chosen memory state, not an assump-
tion that the raw GUI process is fully observable. Any failure of χb to be Markov-sufficient
is charged to ϵsuff in Appendix A. Concretely, a click, scroll, typed span, or short tool-call
sequence is one outer action yb.

Inner frozen denoising realization. W0 realizes each outer action with an inner block-
discrete denoising chain of K steps,

τb = (zb,K , zb,K−1, . . . , zb,0), yb = decode(zb,0). (6)

For k > 0, the intermediate zb,k−1 is an internal state of the action head, not an environment
action. W0 first runs a frozen denoising prefix, reads prefix-measurable denoise-history
evidence Hb,Iobs from it over the observed-prefix window Iobs, selects a continuation mode
mb, and then completes the chunk through a fixed SFT-aligned actuator. A full diffusion-
policy RL method would instead optimize the reverse-kernel likelihood of the whole chain;
W0 freezes those kernels and optimizes only the choice among their continuation modes
(Appendix A).

Frozen/trained split. During RLVR the VLM, memory backbone, dLLM/dVLM action
backbone, and actuator are all fixed. The only trainable policy is the post-prefix mode
selector

mb ∼ qψ(· | Cb), mb ∈ MC , Cb = (χb,Hb,Iobs), yb ∼ π0(· | Cb,mb), (7)

a distribution over a finite continuation-mode set MC given the prefix-measurable selector
context Cb, where the frozen mode-conditioned action law π0(· | Cb,mb) turns a selected
mode into an action chunk. Varying ψ in Eq. (2) therefore reweights these frozen laws
but cannot create support outside them. This is why the attainable optimum is J⋆ over
Q rather than global optimality, and why optimization reduces to a low-dimensional mode
choice inside the frozen model’s effective support rather than a fine-tuning problem over all
reverse denoising kernels.
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3 Related Work
3.1 VLM-Based GUI Agents and MDP-Framed Training
This subsection covers VLM-based GUI agents, i.e., policies over digital interfaces that
observe screens, receive a natural-language goal, and emit UI actions. ReAct-style agents
first made the reasoning/action loop explicit for language models (100). Mind2Web, We-
bArena, and VisualWebArena established realistic web-agent benchmarks and evaluation
protocols (23, 44, 106), while SeeAct and WebVoyager studied grounded web navigation
with modern VLMs (33, 105). Native screenshot systems such as AppAgent, CogAgent,
SeeClick/ScreenSpot, OS-Atlas, ShowUI, Aguvis, and UI-TARS scale visual grounding and
action modeling across mobile, desktop, and browser settings (19, 35, 49, 65, 94, 97, 102).
The Mobile-Agent line progresses from visual mobile operation to multi-agent navigation
and self-evolving experience stores (81, 82, 86); Mobile-Agent-v3 then introduces GUI-Owl
as a foundational GUI agent model (101). Mobile-Agent-v3.5 introduces GUI-Owl-1.5, a
multi-platform native GUI agent family with 2B/4B/8B/32B/235B variants and explicit
mobile, desktop, and browser support (96); W0 uses the GUI-Owl-1.5-2B scale as the prac-
tical edge-side GUI backbone. UI-TARS-2 is a complementary native GUI-agent direction
that emphasizes multi-turn RL, sandboxed rollout infrastructure, and data-flywheel train-
ing (80).

The bottleneck is not perception alone. Demonstrations and online rollouts are commonly
reduced to tuples of the form (ob, ℓ, ab), or to a prompt/history string plus the current screen,
and the learner is optimized to predict the next action from that available context. This is an
MDP-style operational assumption: the training objective treats the provided observation
context as sufficient for the next action. Reflection notes, prompt histories, and planner
scratchpads help empirically, but they are not equivalent to learning a bounded belief-like
state with an explicit decision role. W0 keeps the VLM-based GUI-agent interface but
moves the action policy to a belief-conditioned form π(ab | ob, ℓ, ξb).

3.2 Bounded Memory for POMDP GUI Control
The memory module has a different role from the dVLM action head. It must carry task
history across blocks while preserving a fixed deployment shape. Linear attention gives
an O(1) recurrent state (41); structured state-space duality (SSD) connects this recurrence
to structured state-space models (22); hybrid linear-plus-window attention restores local
precision at high throughput (2). This motivates W0’s hybrid linear-plus-window attention
memory. A linear branch carries long-horizon belief, while a small full attention branch
anchors local screen details and exact goal cues.

This memory is not a replacement for the dVLM’s denoise-history cache. The persistent
memory ξb survives across GUI actions. The denoise-history cache is block-local evidence
used to select the current continuation mode and is discarded after the action chunk is
decoded.

3.3 VLM-Based Agents and VLA Action Heads
Robotic VLAs supply the architectural analogy. RT-2 and OpenVLA map images and
instructions to action tokens (43, 107), while π0 and π0.5 pair a VLM with a diffusion or
flow action expert (11, 63). This decoupled template is useful for GUI agents: keep the
expensive screen-language model frozen, and train a compact action expert that targets
interaction-rate decoding.
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The GUI setting changes the action codomain. UI events are naturally discrete strings
or chunks: coordinates, key codes, scroll operations, tool calls, and typed text. FAST
shows that action tokenization is a first-order design choice for VLA policies (62). Discrete
Diffusion VLA shows that discretized action chunks can be modeled by discrete diffusion
inside a unified transformer, preserving pretrained vision-language priors while supporting
parallel refinement (48). Fast-dVLA is related as an efficiency/adaptation direction for
discrete-diffusion VLA policies (74). W0 adopts the dLLM/dVLM action-head view for
GUI control.

3.4 Block-Parallel dLLM/dVLM Decoding
Autoregressive decoding emits one token per forward pass, often leaving GPU tensor-core
parallelism underused at batch size one. Block diffusion changes the unit of generation.
A block is denoised over K refinement steps, and all tokens inside the block are updated
in parallel. D3PM and MDLM provide the discrete/masked diffusion foundation (4, 70);
LLaDA scales this recipe to language modeling (57). BD3-LM combines block-level autore-
gression with intra-block diffusion (3); D2F adds block-wise autoregressive (AR) structure
and following-token prediction to obtain faster-than-AR inference (85); Fast-dLLM and
Fast-dLLM v2 add cache-aware and block-diffusion acceleration (91, 92); Fast-dVLM con-
verts AR VLMs into block-diffusion VLMs with key–value (KV) cache-compatible parallel
decoding (90). BARD similarly bridges AR and diffusion VLMs, progressively merging
small decoding blocks into larger ones via stage-wise distillation from a fixed small-block
anchor (15). At the agent level, DLLM Agent isolates the decoding paradigm by holding the
agent framework and supervision fixed while swapping an AR backbone for a diffusion one,
and reports faster, fewer-round inference at comparable task success alongside structured
tool-call reliability challenges specific to diffusion policies (104).

This lineage is the reason W0 uses a block-discrete action expert. The relevant com-
mon structure is intra-block parallel denoising: the environment sees one completed GUI
action chunk, while the model internally refines a fixed-size block over K steps. Inter-
block decoding may remain sequential, cache-reused, or pipelined depending on the back-
bone. W0’s steering claim concerns the block-local denoising trajectory, not a particular
inter-block scheduler. W0 confronts the same speed-versus-structured-output tradeoff that
DLLM Agent reports, but in the GUI setting: the block-discrete action head targets faster,
fewer-round decoding (Figure 1), while the curriculum diagnostics track strict JSON/action
recovery against repaired outputs (Figure 2).

3.5 RL for Diffusion Policies and Frozen Mode Selection
DDPO treats denoising as a multi-step decision process and optimizes the reverse kernels
with policy gradients (10). DPPO applies the same view to diffusion policies for robot
control (69). DSRL freezes a diffusion or flow policy and learns over its initial latent-
noise input (78); OGPO uses an off-policy critic and updates the full generative control
policy (61). W0 is narrower than all of these: the Fast-dVLM/dVLA backbone and SFT-
aligned actuator are fixed during RLVR, and only a post-prefix continuation-mode selector
is updated.

Phase-transition analyses of diffusion models motivate a testable hypothesis for why such
a selector can be low dimensional. High-level mode commitment may concentrate in a small
portion of the denoising trajectory, while later steps mainly refine intra-mode details (9, 68).
The validation protocol tests this hypothesis through critical-window ablations rather than
assuming it as a theorem.
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Table 1: Notation used throughout the paper.

Symbol Meaning
ob, ℓ, ξb screenshot, language instruction, and bounded persistent memory (after

block b)
χb = (ob, ℓ, ξb−1) outer controller context / Bellman state
yb ∈ Y decoded action chunk (the environment action)
b interaction-block index; in the curriculum, the block size b ∈

{1, 2, 4, 8, 16, 32} (the value range disambiguates the two uses; b=32 is a
non-deployed training stress tail, deployment/eval clamped to b⋆=16)

zb,k internal denoising state at block b, step k (not an environment action)
K number of intra-block denoising steps
Cb = (χb,Hb,Iobs) prefix-measurable selector context
mb ∈ MC continuation mode (selector command) from the finite mode set MC

qψ(m | C) trainable mode selector (the only object updated by RLVR)
π0(· | C,m) frozen mode-conditioned action law
P (b) degree-2 Gaussian-in-log b block-size curriculum, the discrete Gaussian

N (µx, σ
2
x) in x= log b over octave candidates b ∈ {1, 2, 4, 8, 16, 32}, mul-

tipliers ℓ2=1/(2σ2
x), ℓ1=− µx/σ

2
x (Sec. 4.6)

b⋆ deploy/eval center (mode) of the curriculum, b⋆≈16
µx, σ

2
x mean and variance of log-block-size, µx=E[log b], σ2

x=Var[log b]
γ, Rmax discount factor and reward bound

4 Method
4.1 Overview
W0 is a long-horizon GUI agent built from three components: a frozen vision-language
backbone that encodes the screen and task, a bounded memory module that carries history
across the interaction, and a parallel action expert that emits the next UI event chunk. At
outer block b, the agent receives a screenshot ob, a language instruction ℓ, and persistent
memory ξb−1, and it outputs a discrete action chunk yb such as a click, scroll, typed string,
or short sequence of UI events. The environment transitions only after yb is decoded; the
intermediate denoising states used to produce yb are internal policy states.

The design separates three trainable objects. First, the VLM and dLLM action back-
bone are pretrained and then frozen. Second, a small steering actuator is SFT-aligned so
that requested mode commands produce bounded residual changes in the denoising chain.
Third, RLVR trains only a selector qψ(m | Cb) over post-prefix continuation modes. In
the ideal frozen-mode abstraction, policy optimization is therefore a low-dimensional mode-
selection problem inside the frozen model’s effective support rather than a full fine-tuning
problem over all reverse denoising kernels; implementation leakage is handled separately in
the appendix.

4.2 VLM-Based GUI Backbone
W0 uses a frozen screenshot-native VLM as its screen-language encoder. The default in-
stantiation is GUI-Owl-1.5-2B-Instruct (96), which is GUI-specialized from the Qwen3-
VL-2B foundation model (5). We use this backbone as the baseline screen-language model
and detail its architecture — including the DeepStack multi-level vision–language fusion (54)
that W0 inherits — in Appendix E.
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GUI specialization and the distillation target. GUI-Owl-1.5-2B-Instruct adds GUI
competence on top of this foundation: the Mobile-Agent-v3.5 recipe continually pretrains
and post-trains the backbone on large-scale multi-platform (mobile/desktop/browser) trajec-
tories through a hybrid data flywheel, a unified thought-synthesis pipeline, and the MRPO
reinforcement-learning objective (96); its predecessor GUI-Owl was specialized analogously
from Qwen2.5-VL (101). The Instruct variant is CoT-free and tuned for low-latency, high-
efficiency execution, which is why it fits the interaction-rate budget of Section 4.4. This
single backbone plays two roles in W0: it is the frozen perceiver of Eq. (8), and its native
clean/autoregressive branch — a stop-gradient stream of the same network, not a separate
model — is the teacher that the block-diffusion action head distills toward (Section 4.5).
Reusing one GUI-pretrained backbone for both the perceiver and the action-head teacher
is intended to let the action head inherit that grounding from the shared backbone rather
than relearn it.

For each observation block, the frozen VLM consumes (ob, ℓ) and produces visual-language
features

HVLM
b = VLM(ob, ℓ) ∈ RSb×DVLM . (8)

A lightweight adaptor maps these features to the action-head hidden dimension. The
VLM pass is computed once per outer block and cached; the memory module and the
dLLM/dVLM action head consume the cached features without updating VLM parame-
ters.

4.3 Memory Module
W0 maintains a persistent state ξb that summarizes the interaction history. The main
branch is a linear-attention/SSD recurrence with fixed-size state, augmented by a short
full-attention window for current-screen precision:

ξb = Memω(ξb−1,H
VLM
b , yb−1). (9)

This state plays the role of an approximate belief statistic for the GUI POMDP. It is delib-
erately separated from the block-local denoise-history cache: ξb persists across blocks, while
denoise-history evidence is discarded after the current action chunk has been generated.

4.4 Action Decoder and Deployment Assumptions
The canonical W0 action decoder is a separate block-discrete diffusion head conditioned
on frozen GUI-backbone features and persistent memory. It follows the discrete-diffusion
VLA action representation (48): a GUI action chunk is tokenized as a fixed-length block
containing action type, arguments, coordinates, tool-call fields, or text spans. It is Fast-
dVLM/Fast-dLLM style in its decoding schedule: a fixed block is refined for K denoising
steps with intra-block parallel updates. Unless explicitly measured, we claim only fixed-
shape compatibility, not hardware optimality: deployment fixes the block length, denoising-
step budget, attention masks, and visual-token cap.

The decoder samples a noisy/masked action block zb,K and denoises

τb = (zb,K , zb,K−1, . . . , zb,0), yb = decode(zb,0). (10)

For k > 0, zb,k−1 is not an environment action; it is an internal denoising update. W0 first
runs a frozen prefix (zb,K , . . . , zb,κ), computes prefix evidence Hb,Iobs , and forms the selector
context Cb = (χb,Hb,Iobs) = (ob, ℓ, ξb−1,Hb,Iobs). The selector samples a continuation mode

9



mb ∼ qψ(· | Cb), and the SFT-aligned actuator injects bounded residuals only in the future
continuation window Iinj ⊆ {0, . . . , κ− 1}:

ub,k = AηSFT(h
0
b,k;Cb,mb), rb,k = wkP0ub,k, k ∈ Iinj. (11)

Here h0b,k is the frozen pre-residual hidden state, P0 is a fixed residual projection, and wk
gates steering toward the critical denoising window. The dLLM backbone, VLM, memory
backbone, and SFT-aligned actuator are fixed during RLVR; only qψ changes.

4.5 Block-Diffusion Forward Process and Dual-Stream Training
Forward (masking) process. A response action chunk is a token sequence partitioned
into blocks of size b. Following masked/absorbing discrete diffusion (4, 70), each block is
corrupted independently: block j draws a mask rate pj ∼ U [ϵ, 1], and each of its tokens is
replaced by the absorbing [MASK] symbol i.i.d. with probability pj , producing a noisy stream
ỹ and its unmasked clean complement. Drawing the noise per block (rather than one global
level) exposes each forward pass to a spectrum of corruption rates; drawing the block size b
itself from the curriculum P (b) of Section 4.6 (Figure 3) exposes it to a spectrum of block
sizes.

Dual-stream parameterization. The network is run on the concatenation[
ỹ︸︷︷︸

noisy text stream

∣∣ (o, ℓ, ξ, y<b)︸ ︷︷ ︸
clean multimodal stream

]
,

under a single asymmetric attention mask with three rules: noisy tokens attend (i) bidi-
rectionally within their own block (intra-block parallel denoising) and (ii) causally to the
clean stream of earlier blocks; (iii) the clean stream is autoregressive-causal and carries
the grounded visual prefix, instruction, memory ξ, and committed tokens y<b. The noisy
stream predicts the masked response tokens while the clean stream supplies grounding and a
same-network teacher (below); at deployment only the block-parallel noisy path is unrolled
for K steps per chunk.

Stage-1 objective. Let CEnoisy and CEclean be the token-level cross-entropies of the two
streams on their masked/shifted response targets, and let KD• = KL

(
sg[ pclean/T ]

∥∥ pnoisy
)

be forward-KL distillation from the stop-gradient clean/autoregressive teacher into the noisy
student at temperature T , where KDfs isolates the heavily-masked, largest-block pair. The
behavior-cloning objective is

LBC = CEnoisy + βc CEclean + βkd KDnoisy + λfs(b)KDfs, (12)

with βc=0.75, βkd=0.25, and a block-scaled few-step distillation weight

λfs(b) = λ0 ramp(t) min
(
b/bref, c

)
, λ0=0.25, bref=4, c=4,

saturating at the deploy center b⋆=16 (the clamp ceiling c=4=16/4) so that the non-
deployed b=32 stress tail receives no more distillation pressure than the b=16 center — it
is regularized, not optimized as a deploy target. Larger blocks — where factorized paral-
lel unmasking is hardest (Finding B.3) — are therefore pulled more strongly toward the
small-block/clean teacher, realizing the stage-wise distillation of BARD (15) inside a single
network rather than across separate checkpoints. The VLM backbone, memory, the dLLM
reverse kernels, and (after Stage 2) the steering actuator are frozen; Stage 3 updates only
the selector qψ.
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4.6 Training Objective
W0 follows a three-stage training recipe. Stage 1 pretrains the dLLM action head by
masked/discrete diffusion behavior cloning on GUI action chunks. Following the progressive
small-to-large block-merging schedule of BARD (15), the block size used by this branch is
not fixed but drawn from a degree-2 Gaussian-in-log b curriculum Pt(b) ∝ exp

(
−ℓ1(t) log b−

ℓ2(t)(log b)2
)

over octave-spaced candidate block sizes b ∈ {1, 2, 4, 8, 16, 32}. In the energy
coordinate x= log b this is an unnormalized Gaussian, and over octave candidates (x=k ln 2,
k= log2 b) it is exactly the discrete Gaussian N (µx, σ

2
x) whose coefficients are the closed-form

maximum-entropy (Gibbs) Lagrange multipliers

ℓ2(t) =
1

2σ2x
, ℓ1(t) = −µx(t)

σ2x

(
inverse: σ2x = 1

2ℓ2
, µx = − ℓ1

2ℓ2

)
,

x = log b, µx = E[log b], σ2x = Var[log b],

so ℓ1, ℓ2 are derived from two moments, not tuned (Appendix B.1, Remark B.2(b)). Deploy-
ment and evaluation fix the center µk= log2(16)=4 (i.e. µx= ln 16); the spread is one octave,
σk=1 (the natural spacing of octave candidates), so σx= ln 2 and ℓ2=1/(2(ln 2)2) ≈ 1.04 is
held constant through training. The curriculum anneals only the center, from the autore-
gressive anchor b=1 (µk=0, so ℓ1=0) to the eval target b=16 (µk=4, so ℓ1=− ln 16/(ln 2)2 ≈
−5.77), at constant curvature ℓ2 — not by sharpening the spread. The start center b=1 gives
the allocation P ≈ {1:0.57, 2:0.35, 4:0.08} with mode b=1, and the end center b=16 gives
P ≈ {8:0.26, 16:0.42, 32:0.26} with mode b=16, the deploy/eval target (Figure 3); the end
allocation is symmetric on {8, 16, 32}. The training mean E[b] ≈ 17.3 at the end center
is inflated by the symmetric b=32 stress tail, but deployment is at the mode/center b=16,
never the mean. The largest candidate b=32 is included precisely so the eval-centered end
Gaussian is symmetric ({8, 16, 32}) rather than boundary-truncated; it is a non-deployed
training-time stress tail (bd32 structured-output collapse, Finding B.3) that regularizes the
b=16 center, while deployment and evaluation are clamped to b⋆=16. The one-parameter
Boltzmann power law P (b) ∝ b−λ used for the measurement snapshot of this report is the
ℓ2=0 special case; here, by contrast, ℓ2 is held fixed nonzero (ℓ2=1/(2(ln 2)2)) and only ℓ1
(the center) anneals, so the deployed degree-2 curriculum is not the ℓ2=0 case (that was
only the measurement-snapshot Boltzmann run). Via the closed-form Lagrange multipli-
ers above, this family is the maximum-entropy block-size law for a fixed mean — and, for
ℓ2>0, variance — of log-block-size (Appendix B.1, Proposition B.1 and Remark B.2); its
only unconditional advantage is representational: a one-parameter monotone law ties its
spread to its mean, so it can neither place an interior mode nor hold a controlled-variance
low/mid-block tail at a high mean — it can only collapse monotonically toward the largest
block — whereas the degree-2 family sets the mean and variance of log b independently
(this follows because (µx, σ

2
x) map bijectively to (ℓ1, ℓ2) via ℓ2=1/(2σ2x), ℓ1= − µx/σ

2
x; Re-

mark B.2(a)–(b)); the benefit of the small-to-large ordering itself is empirical, motivated
by the coarse-to-fine learning order of image diffusion (79, 98) and carrying no proven
optimality (Remark B.4). Stage 2 aligns the steering actuator with supervised mode com-
mands while the VLM and dLLM backbone remain frozen. Mode-command labels can
be formed by clustering frozen continuation evidence, by optimal-transport/radial-basis-
function (OT/RBF) prototype assignment, or by manually specified intervention tags for
known failure forks; these labels supervise the actuator, not the RL selector’s reward objec-
tive. Stage 3 performs the MSPO update: critic-free RLVR on the selector. Given a batch
of mode continuations for the same context Cb, a verifier supplies sparse success rewards
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and, when available, dense milestone rewards from the GUI environment. The selector
update uses a grouped verifier baseline,

ĝW0 = Âb∇ψ log qψ(mb | Cb), (13)

where Âb is a group-normalized verifier advantage. Logged selector samples may also be
reused through bounded selector-level importance ratios qψ(m | C)/qold(m | C) in fixed-
context or contextual-bandit reuse; sequential off-policy reuse requires Monte-Carlo re-
turns, trajectory importance sampling, a learned model, or a critic. Unlike OGPO-style
full generative-policy optimization, no Bellman critic is required and no reverse denoising
kernel is updated. The proof in Appendix A does not claim that this estimator alone proves
convergence; it assumes a separate selector-level bandit, policy-gradient, or approximate-
policy-iteration result supplies the final learning gap ∆learn.

Android-curated reasoning SFT corpus. The Stage 1 and Stage 2 supervised phases
are trained on a reasoning-augmented GUI corpus that we re-curate for the Android phone
form factor, assembling CoT supervision, action trajectories, and element-grounding from
public GUI-agent datasets plus in-house OpenMobile traces, and synthesizing additional
teacher trajectories where ready-made reasoning traces are insufficient. The curation pass
restricts every source to Android phone trajectories, normalizes them to the decoder’s mobile
UI action schema, keeps reasoning-dense steps, and reformats them into the dLLM action
head’s block-chunk decoding target, yielding an Android-specific mixture aligned with the
deployed action space rather than a generic multi-platform corpus. Full dataset sources and
curation steps are listed in Appendix C.

5 Empirical Validation Requirements
The formal claim in Appendix A is conditional: the transfer statement compares W0 with
the best reachable frozen-mode policy only when the selector-learning, model-abstraction,
and implementation gaps are small. The empirical section of a completed benchmark study
therefore needs to instantiate three interfaces, rather than only report task success: de-
coder speed, selector-only adaptation, and mode-abstraction validity. Figures 1
and 2 serve as the paper’s technical-report measurement summary: they show the cur-
rent RTX 4060 desktop behavior and the block-size/curriculum signals that motivated
the deployed decoder design. The same reporting template should be reused for Snap-
dragon 8 Gen 3 NPU measurements, where the static-shape denoising graph can be placed
on the NPU while the GUI/VLM context path remains outside the block decoder.

Not yet formally validated. These are preliminary results we observed in our own
small-scale in-house testing.

Finding: block size and structured-output integrity. A block-size sweep on the
116-task AndroidWorld suite, decoding from a single training epoch (the ℓ2=0 Boltzmann
special case of the degree-2 curriculum), shows that block-diffusion decoding is near-lossless
up to a block size of four — bd1 (autoregressive), bd2, and bd4 reach the same task suc-
cess — and degrades only gracefully through bd16, while raw structured-output validity
stays high (strict-JSON validity ≥ 0.945 through bd16). The degradation concentrates at
the largest block size: at bd32 strict-JSON validity falls to ≈ 0.569 (about 43% of raw
outputs malformed), i.e., large-block parallel unmasking is where the action/JSON output
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Figure 2: Block-size and curriculum diagnostics. The block-diffusion decoder is not
only an inference optimization; it also changes the training variables exposed to the action
head. The direct conversion panel tracks CE-like loss under different block-size schedules,
the accounting panel separates strict JSON/mobile-use recovery from repaired outputs,
and the speed panel shows the AR-normalized latency trend as block size increases. The
lower panels summarize how the curriculum’s block allocation moves probability mass from
small anchor blocks toward larger blocks while monitoring noisy-branch CE and teacher-
gap behavior. These diagnostics explain why W0 reports decoder speed, block size, and
denoising-step budget together with task success.

format breaks. This is the same structured tool-call failure mode reported for diffusion-based
agents (104); W0 encounters it as well. The block-size curriculum (Figure 3) responds to
this by including b=32 only as a non-deployed training stress tail (for end-Gaussian symme-
try) while concentrating the mode and clamping deployment and evaluation at the usable
center b⋆≈ 16— we never serve the broken block size. We therefore report decoder speed
together with block size and strict-format validity rather than task success alone.

Not yet formally validated. These are preliminary results we observed in our own
small-scale in-house testing.

Benchmark sources. Mind2Web, WebArena, VisualWebArena, OSWorld, and Android-
World provide natural GUI-agent task families for these checks (23, 44, 67, 95, 106). An-
droidWorld is especially suitable for RLVR because task success checkers and intermediate
state predicates can provide sparse and dense verifier rewards without introducing a learned
critic. The most relevant subsets are hidden-state stress tasks: delayed goal recall, multi-
tab or multi-window state, form-progress memory, state toggles whose visual appearance is
ambiguous, and mobile tasks in which intermediate predicates reveal progress before final
success.

Required baselines. A complete comparison uses four matched policies at fixed verifier-
call and compute budgets. SFT is the non-RL recipe (Stage 1 behavior-clones the action de-
coder, Stage 2 supervised-aligns the steering actuator; both frozen for evaluation). The two
RL baselines are critic-free, verifiable-reward policy-gradient methods — the same regime as
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Figure 3: Degree-2 (Gaussian-in-log b) block-size curriculum. Block sizes for the
diffusion behavior-cloning branch are sampled from the degree-2 maximum-entropy law
Pt(b) ∝ exp(−ℓ1(t) log b − ℓ2(t)(log b)2) over the support b ∈ {1, 2, 4, 8, 16, 32}; the Boltz-
mann power law is the ℓ2=0 boundary case. Equivalently this is a discretized log-normal in
b, i.e. a Gaussian in the dyadic index log2 b. Across the early, mid, and late phases, markers
give the on-grid allocation P (b) at the six dyadic block sizes and the dashed curve is the un-
derlying continuous Gaussian-in-log b density; both share one normalizer over the support,
so the markers lie exactly on the curve (they are its on-grid samples). The allocation is
a moving bump of constant spread (σk=1, one octave) whose center/mode advances from
the autoregressive anchor b=1 toward the deploy/eval center b⋆≈16 (e.g. 1→4→16); the
spread does not narrow (ℓ2 fixed). The largest candidate b=32 is the symmetric stress tail
that makes the end Gaussian {8, 16, 32} symmetric and is never deployed.

W0 — applied to the full block-dVLM action policy: GRPO, which uses a group-relative
advantage over K sampled action chunks (73), and RLOO, which uses a leave-one-out
baseline (1); both weight the diffusion action chunk’s log-likelihood by the verifier-reward
advantage and require no learned critic. Neither imposes a post-prefix mode restriction.
W0 instead freezes the VLM, memory backbone, diffusion action decoder, and SFT-aligned
actuator, applying the same critic-free verifiable-reward update to only the post-prefix
mode selector. In all RLVR variants the outer objective is

J(π) = Eπ

∑
b≥0

γbrver
b

 ,
but the score term differs: full-policy baselines use ∇ logπ(yb | χb) or the corresponding
reverse-kernel sum, while W0 uses only ∇ log qψ(mb | Cb).

Decoder speed. For each completed outer action block, measure wall-clock decode time
ti under a fixed hardware and decoding configuration. Report

L̂mean =
1

N

N∑
i=1

ti, L̂95 = Quantile0.95(t1:N ), T̂chunk =
N∑
i ti
,

together with peak memory, block size, denoising-step budget, visual-token cap, and whether
the decoder uses AR or block-parallel denoising.
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Required diagnostics. Five estimators target the gaps in Appendix A: mode stability
Ŝ(C) and verifier disagreement D̂ver over R frozen continuations, prefix sufficiency
∆̂pref, critical-window sensitivity ∆̂win, and actuator leakage (∆̂J

leak and a TV distance
ϵ̂leak). Appendix D gives the estimator definitions.

6 Discussion and Limitations
W0 is intentionally more restricted than full generative-policy fine-tuning. This improves
stability: the frozen VLM and frozen dLLM cannot suffer parameter-level forgetting, and
RLVR can only reweight reachable continuation modes, up to measured actuator leakage.
The same restriction defines the main limitation: if the frozen model contains no useful mode,
if the denoise-prefix evidence is not predictive of reward, or if the SFT-aligned actuator
leaks outside the mode abstraction, the conditional support-constrained transfer bound in
Appendix A does not imply good task performance. W0 is therefore best understood as a
support-constrained alignment method for pretrained GUI/VLA action experts: a selector
over pretrained capabilities rather than a mechanism for creating skills absent from the
frozen model. Its sample-efficiency claim is meaningful only when the validation quantities
in Section 5 are favorable.

7 Conclusion
W0 combines a frozen screen-language backbone, bounded persistent memory, a discrete
diffusion action head, and RLVR-trained post-prefix mode selection. It targets the regime
where pretrained diffusion action experts already contain useful GUI behaviors but choose
the wrong mode under long-horizon or out-of-distribution context. By training only a
small selector over denoising continuation modes, the ideal W0 abstraction stays inside
the frozen model’s effective support, avoids parameter-level full-policy forgetting, and re-
stricts optimization to the finite mode-codebook abstraction formalized in the appendix;
the implemented system must still verify actuator leakage empirically.
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A Problem Statement and RLVR Mode-Selector Formalization
Scope. This appendix states the formal object used by W0. The claim is not global
optimality over all possible GUI action strings. The claim is a support-constrained
performance-transfer statement: if selector learning reaches a near-optimal abstract
mode policy, then the implemented W0 policy competes with that frozen continuation-mode
target up to explicit learning, modeling, and implementation gaps.

Three levels of policy. We keep three objects separate. The outer GUI policy emits
one completed action chunk yb. The inner denoising chain produces intermediate states
zb,K , . . . , zb,0 that are not environment actions. The trainable mode selector qψ(mb | Cb)
observes only prefix-measurable denoising evidence and selects a continuation mode for a
fixed actuator.

Proof organization. Definitions and assumptions appear first. The proof section then
gives the standard RL ingredients and wires them together: a Bellman contraction (Lemma A.7)
and one-step approximate selector improvement (Proposition A.9), whose uniform estima-
tion event is discharged from finite verifier samples by a Hoeffding/union-bound concen-
tration lemma (Lemma A.8), are combined into an approximate-policy-iteration bound
on the selector-learning gap (Corollary A.10); a one-step leakage bound (Lemma A.11) is
lifted to a return-level implementation gap (Lemma A.12); a simulation-lemma argument
(Lemma A.14) bounds the mode-abstraction slack ∆model from named per-step primitives
(Definition A.13); these feed the support-constrained transfer corollary (Corollary A.6),
so every gap is derived from explicit primitives, leaving only the irreducible reward-model,
transition-kernel, prefix-sufficiency, verifier-proxy, and optimization errors as assumed-small
inputs, while the statistical error ϵest is itself driven to zero by sampling (Lemma A.8). A
finite-cover comparison (Proposition A.15) bounds the selector policy-class size.

A.1 Outer GUI/VLA MDP and Inner Denoising Policy
Let the outer interaction be a discounted MDP or a belief-MDP abstraction with bounded
controller context χb = (ob, ℓ, ξb−1) and environment action chunk yb ∈ Y . The outer
action is this completed chunk, not an intermediate denoising state. The transition kernel
on χ is an abstract Markov kernel induced by the memory update; Markov-sufficiency error
is included in ∆model. A block-discrete diffusion action head emits one chunk only after an
inner denoising rollout

τb = (zb,K , zb,K−1, . . . , zb,0), yb = decode(zb,0). (14)
For k > 0, zb,k−1 is an internal denoising update, not an environment action. A full
diffusion-policy RL update would optimize the reverse-kernel likelihood

pϕ(τb | χb) = p(zb,K)

1∏
k=K

pϕ(zb,k−1 | zb,k, χb,Hb,k), (15)

with a policy-gradient estimator proportional to

Âb

1∑
k=K

∇ϕ log pϕ(zb,k−1 | zb,k, χb,Hb,k). (16)

W0 uses Eqs. (15)–(16) only as the reference policy object. It freezes the reverse kernels
and trains a selector over their continuation modes.
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A.2 Post-Prefix Mode Selection
Choose a selection index κ. The observed prefix window and the future injection
window are separated:

Iobs ⊆ {κ, κ+ 1, . . . ,K}, Iinj ⊆ {0, 1, . . . , κ− 1}. (17)

The frozen backbone first samples a prefix

τpre
b = (zb,K , zb,K−1, . . . , zb,κ) ∼ P pre

θ0
(· | χb), Cb = (χb,Hb,Iobs). (18)

The selector observes Cb and samples a runtime command mb ∼ qψ(· | Cb). For the
ideal abstract library, let m̄b = ιCb(mb) be the corresponding frozen basin label. The
calibration map ιC is defined in the frozen-library definition below. The ideal frozen
continuation is

τpost
b = (zb,κ−1, . . . , zb,0) ∼ P̄ post

θ0
(· | χb, τpre

b , m̄b). (19)
Thus the selector is prefix-measurable. It does not observe zb,0 or the verifier reward before
choosing mb. The implemented actuator-conditioned denoising kernel is compared with this
ideal basin law through ∆impl.

Definition A.1 (Step-wise continuation modes). For each k ∈ Iinj, let

CC,k = {1, . . . ,Mk(C)}

be a finite candidate set. A trajectory-level mode is an admissible path

m = (mk)k∈Iinj ∈ MC ⊆
∏
k∈Iinj

CC,k. (20)

The subset MC excludes impossible step combinations. A single-step selector is the special
case MC = CC,k† .

Definition A.2 (Frozen mode library). Let M̄C be the set of post-hoc frozen basins,
and let ιC : MC → M̄C map a runtime selector command to its intended frozen basin.
Let π̄0(y | C, m̄) denote the frozen final-chunk law conditioned on basin m̄. For compact
notation define

π0(y | C,m) := π̄0(y | C, ιC(m)).

The ideal W0 mixture is

πqid(y | C) =
∑

m∈MC

q(m | C)π0(y | C,m). (21)

If C records only the observed denoising prefix rather than the full latent denoising trajec-
tory, then π0(y | C,m) is understood as the posterior average of the frozen basin law over
latent prefixes consistent with C. For discrete neural policies, raw support can be nearly
all strings, so the paper uses a thresholded effective support

suppϵ(p) = {y : p(y) ≥ ϵ}, ϵ > 0.

The ideal mixture stays inside the frozen model’s effective mode support:

suppϵ(π
q
id(· | C)) ⊆

⋃
m∈MC

suppϵ/|MC |(π0(· | C,m)). (22)

Indeed, if
∑

m∈MC
q(m | C)π0(y | C,m) ≥ ϵ, then at least one component satisfies q(m |

C)π0(y | C,m) ≥ ϵ/|MC |, hence π0(y | C,m) ≥ ϵ/|MC |.
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There are two mode objects. A frozen basin label m̄ is a post-hoc label used to define
the ideal library {π̄0(· | C, m̄)}. A runtime command m is sampled from qψ(· | C) before
the post-prefix continuation is generated. The calibration map ιC records which basin
command m is meant to invoke. The SFT-aligned actuator is assumed to make command
m approximate the corresponding frozen basin law; any mismatch between the implemented
steered continuation and the ideal library is charged to ∆impl below.

Optimal-transport/RBF mode prototypes. Offline, mode prototypes may be built
from frozen denoising evidence. Let EC0 (τpost) be hidden/key–value (KV) evidence from
the post-prefix chain and choose prototypes µm(C). With cost c(e, µm) and prior weights
am(C), the entropic one-point OT selector is

qψ(· | C) = arg min
q∈∆(MC)

{∑
m

qmc(eψ(C), µm(C)) + λKL(q ∥ a(C))
}
, (23)

equivalently
qψ(m | C) =

am(C) exp(−c(eψ(C), µm(C))/λ)∑
n an(C) exp(−c(eψ(C), µn(C))/λ)

. (24)

With uniform am ≡ a and squared cost this is an RBF selector, for which, if m⋆ has margin

m(C) = min
n ̸=m⋆

{c(eψ(C), µn(C))− c(eψ(C), µm⋆(C))} > 0, (25)

then
1− qψ(m

⋆ | C) ≤ (|MC | − 1) exp(−m(C)/λ). (26)

This is a selector-confusion bound, not yet a bound on implemented residual-policy leakage.

A.3 Steering Hook
One denoising step is written as an ordered computation to avoid an algebraic loop. First
form the frozen pre-residual state

h0b,k = F pre
θ0

(zb,k, χb). (27)

Then the fixed SFT-aligned actuator produces

u
(mb)
b,k = AηSFT(h

0
b,k, Cb,mb), rb,k = wkP0u

(mb)
b,k . (28)

Finally,
(hb,k, zb,k−1) = F post

θ0
(zb,k, χb, rb,k). (29)

During RLVR, θ0, ηSFT, P0, and the gate schedule wk are fixed; only qψ is updated.

A.4 Abstract Mode MDP
Let R̄(C,m) and P̄ (χ′ | C,m) be the reward and next context kernel induced by selecting
mode m and then executing the frozen mode-conditioned final chunk. For selector q,

(TqV )(χ) = Eτpre

 ∑
m∈MC

q(m | C)
[
R̄(C,m) + γEχ′∼P̄ (·|C,m)V (χ′)

] , (30)
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and the optimal frozen-mode Bellman operator is

(TMV )(χ) = Eτpre

[
max
m∈MC

[
R̄(C,m) + γEχ′∼P̄ (·|C,m)V (χ′)

]]
. (31)

There are two common specializations. In the discounted abstract MDP, R̄(C,m) is a
one-step verifier reward and the future value is propagated by γEχ′V (χ′). In verifier-only
contextual-bandit reuse, set γ = 0 and replace R̄(C,m) by a return-level verifier estimate
Gver(C,m), so future reward is not counted a second time by the Bellman term.

Assumption A.3 (Abstract mode MDP regularity). Rewards are bounded, |R̄(C,m)| ≤
Rmax; P̄ is a valid Markov kernel on a Markov-sufficient abstraction χ; the selector class
maps each prefix context C to a distribution over the finite set MC ; and 0 ≤ γ < 1 for the
discounted case. Finite horizon tasks use the same definitions with time-indexed Bellman
operators and backward induction.

Under this assumption, Tq and TM map bounded functions to bounded functions and are
γ-contractions in the supremum norm (Lemma A.7); by the Banach fixed-point theorem
each admits a unique fixed point. Let Vq be the unique fixed point of Tq, and let V ⋆

M be
the unique fixed point of TM. For an initial context distribution µ0,

Jmode(q) = Eχ0∼µ0 [Vq(χ0)], J⋆mode = Eχ0∼µ0 [V
⋆
M(χ0)]. (32)

The ideal frozen-mode mixture return integrates over the frozen prefix distribution before
evaluating the outer policy:

π̄qid(y | χ) = Eτpre∼Ppre
θ0

(·|χ)
[
πqid(y | C(χ, τpre))

]
, Jideal(q) = J(π̄qid). (33)

At the realized prefix-context level,

πqid(y | C) =
∑

m∈MC

q(m | C)π0(y | C,m).

In the verifier-only contextual-bandit specialization, replace Vq by

Jbandit(q) = EC

 ∑
m∈MC

q(m | C)Gver(C,m)

 , Gver(C,m) = Ey∼π0(·|C,m)[R(C, y)].

(34)

Assumption A.4 (Abstract mode optimization gap). After T selector-improvement rounds
with the actuator fixed, the final selector satisfies

Jmode(qψT ) ≥ J⋆mode −∆learn, ∆learn ≥ 0. (35)

This gap is discharged by Corollary A.10, which iterates the one-step improvement of
Proposition A.9 under the γ-contraction of Lemma A.7 into a standard approximate-policy-
iteration bound; alternatively it may be supplied by any policy-gradient or bandit guarantee.
It is not proved by the transfer corollary below.
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Assumption A.5 (Return-level transfer gaps). For the final selector,

|Jideal(qψT )− Jmode(qψT )| ≤ ∆model, |J(π̃ψT ,ηSFT)− Jideal(qψT )| ≤ ∆impl, (36)

with ∆model,∆impl ≥ 0. Neither gap is left bare: the first is discharged by the model-
abstraction bound of Lemma A.14, and the second by the return-level lifting of Lemma A.12.
Concretely, with the named per-step primitives of Definition A.13,

∆model ≤
ϵR

1− γ
+

2γRmax ϵP
(1− γ)2

+ ϵsuff, ∆impl ≤
2Rmax εleak
(1− γ)2

,

so the modeling slack is expressed through the explicit reward-model error ϵR, transition-
kernel error ϵP , and prefix-sufficiency bias ϵsuff rather than the informal triple ϵmode + ϵsuff +
ϵabs. Of these, ϵR, ϵP , ϵsuff (modeling), together with the verifier proxy-bias ϵverifier and the
optimization slack ϵopt, are the irreducible primitives: they are now named and quantified,
but remain assumed small and cannot be estimated from selector data alone. By contrast
the statistical estimation error ϵest(n, δ) entering ∆learn is not assumed but derived from
finite samples by Lemma A.8, and vanishes as n→ ∞.

Corollary A.6 (Support-constrained performance transfer). Under the abstract mode MDP
regularity assumption and Eqs. (35)–(36),

J(π̃ψT ,ηSFT) ≥ J⋆mode −∆learn −∆model −∆impl. (37)

A.5 Proofs and Auxiliary Claims
Lemma A.7 (Bellman contraction). Under Assumption A.3, for any selector q and any
bounded value functions V,W ,

∥TqV − TqW∥∞ ≤ γ∥V −W∥∞, ∥TMV − TMW∥∞ ≤ γ∥V −W∥∞.

Proof. Let δ = ∥V −W∥∞ and define the one-step mode value

QV (C,m) = R̄(C,m) + γEP̄ (·|C,m)V (χ′).

Then, for every prefix context C and mode m,

|QV (C,m)−QW (C,m)| ≤ γδ ∵ R̄(C,m) cancels, P̄ (· | C,m) unit-mass.

Therefore,

|(TqV )(χ)− (TqW )(χ)| ≤ EτpreEm∼q(·|C)|QV (C,m)−QW (C,m)| ≤ γδ,

|(TMV )(χ)− (TMW )(χ)| ≤ Eτpre max
m∈MC

|QV (C,m)−QW (C,m)| ≤ γδ,

where the second line uses that max is 1-Lipschitz under the supremum norm. Taking
supχ proves the claim. These are the standard sup-norm γ-contraction properties of (mode)
Bellman operators (64, Sec. 6.2); see also Bertsekas and Tsitsiklis (8).

Lemma A.8 (Uniform verifier-mean estimation (Monte-Carlo discharge of the
estimation event)). Consider the verifier-only contextual-bandit specialization (γ = 0), in
which the action value of a mode is the return-level verifier mean

Q(C,m) = Gver(C,m) = Ey∼π0(·|C,m)

[
R(C, y)

]
, |R(C, y)| ≤ Rmax a.s.
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Fix a finite context cover C with |C| < ∞ and a per-context mode budget supC∈C |MC | ≤
Mmax. For each pair (C,m) with C ∈ C, m ∈ MC , draw n i.i.d. verifier rollouts
y
(1)
C,m, . . . , y

(n)
C,m ∼ π0(· | C,m) from the frozen actuator and form the empirical mean

Q̂(C,m) =
1

n

n∑
i=1

R
(
C, y

(i)
C,m

)
.

Then, for any δ ∈ (0, 1), with probability at least 1− δ the uniform estimation event holds:

sup
C∈C

sup
m∈MC

∣∣Q̂(C,m)−Q(C,m)
∣∣ ≤ ϵest(n, δ) := Rmax

√
2 ln

(
2|C|Mmax/δ

)
n

.

Equivalently, to guarantee ϵest(n, δ) ≤ ϵ at confidence 1− δ it suffices to take

n ≥ 2R2
max ϵ

−2 ln
(
2|C|Mmax/δ

)
,

so the per-pair sample budget grows only logarithmically in the cover size and in 1/δ and as
ϵ−2 in the target accuracy.

Proof. Fix a single pair (C,m) with C ∈ C and m ∈ MC . The rollouts y(1)C,m, . . . , y
(n)
C,m are

i.i.d. from π0(· | C,m), so the rewards Xi := R(C, y
(i)
C,m) are i.i.d., bounded in the interval

[−Rmax, Rmax] of width b−a = 2Rmax, with common mean E[Xi] = Gver(C,m) = Q(C,m);
here we use that the rollout law π0(· | C,m) depends only on the frozen actuator and not
on the selector q, so Q̂(C,m) is an unbiased sample mean of Q(C,m) and the argument is
non-circular.

Step 1 (per-pair two-sided Hoeffding). Hoeffding’s inequality (34) for the mean of n
independent variables with Xi ∈ [a, b] gives, for any t > 0,

Pr
[
Q̂(C,m)−Q(C,m) ≥ t

]
≤ exp

(
− 2n2t2∑n

i=1(b−a)2

)
= exp

(
− 2n2t2

n (2Rmax)2

)
= exp

(
− n t2

2R2
max

)
,

and symmetrically for the lower tail; a union bound over the two tails yields

Pr
[
|Q̂(C,m)−Q(C,m)| ≥ t

]
≤ 2 exp

(
− n t2

2R2
max

)
.

Step 2 (union bound over the finite cover). There are at most N := |C|Mmax ≥∑
C∈C |MC | distinct pairs (C,m). By subadditivity of probability — a union bound over

the finite family with the per-pair Hoeffding tail (12, §2.6) —

Pr
[

sup
C∈C

sup
m∈MC

|Q̂(C,m)−Q(C,m)| ≥ t
]

≤
∑
C∈C

∑
m∈MC

Pr
[
|Q̂(C,m)−Q(C,m)| ≥ t

]
≤ 2N exp

(
− n t2

2R2
max

)
.

Independence across pairs is not needed: only the per-pair tail and subadditivity are used.
Step 3 (invert at level δ). Setting the right-hand side equal to δ and solving for t,

2N exp
(
− n t2

2R2
max

)
= δ ⇐⇒ n t2

2R2
max

= ln2N
δ ⇐⇒ t = Rmax

√
2 ln(2N/δ)

n .

With N = |C|Mmax this is ϵest(n, δ). Since the tail bound is monotone in N , replac-
ing

∑
C |MC | by its upper bound |C|Mmax only enlarges ϵest, so the statement holds

as written. Finally, requiring ϵest(n, δ) ≤ ϵ and squaring gives the sample-complexity
bound n ≥ 2R2

maxϵ
−2 ln(2|C|Mmax/δ), and ϵest(n, δ) = O

(
Rmax

√
ln(|C|Mmax/δ)/n

)
→ 0

as n→ ∞.
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Proposition A.9 (One-step approximate selector improvement). Fix a selector q
and let

Qq(C,m) = R̄(C,m) + γEP̄ (·|C,m)Vq(χ
′).

Suppose a new selector q+ satisfies, for every prefix context C,

|Q̂(C,m)−Qq(C,m)| ≤ ϵstat, Em∼q+Q̂(C,m) ≥ max
m

Q̂(C,m)− ϵopt,

where ϵstat = ϵest+ϵverifier. In the verifier-only contextual-bandit specialization the statistical
slot ϵest is not assumed but derived: Lemma A.8 discharges this uniform estimation event
with probability at least 1− δ at ϵest(n, δ) = Rmax

√
2 ln(2|C|Mmax/δ)/n from n i.i.d. verifier

rollouts per (C,m), so only the verifier proxy-bias ϵverifier remains assumed-small. Then,
with

ϵimp = 2ϵstat + ϵopt,

we have
Tq+Vq ≥ TMVq − ϵimp and Vq+ ≥ Vq −

ϵimp
1− γ

.

Proof. For each C,

Em∼q+Q
q(C,m) ≥ Em∼q+Q̂(C,m)− ϵstat

≥ max
m

Q̂(C,m)− ϵopt − ϵstat

≥ max
m

Qq(C,m)− ϵimp.

Taking Eτpre [· | χ] gives

(Tq+Vq)(χ) ≥ (TMVq)(χ)− ϵimp ≥ (TqVq)(χ)− ϵimp = Vq(χ)− ϵimp.

Let d = supχ(Vq(χ)−Vq+(χ)). By monotonicity and discounted constant-shift equivariance
of Tq+ ,

Vq(χ) ≤ (Tq+Vq)(χ) + ϵimp

≤ (Tq+Vq+)(χ) + γd+ ϵimp = Vq+(χ) + γd+ ϵimp.

Thus d ≤ γd+ ϵimp, so Vq+ ≥ Vq − ϵimp/(1− γ).

Corollary A.10 (Selector-iteration learning gap). Apply Proposition A.9 for T rounds,
each with per-round error ϵimp = 2ϵstat+ ϵopt, starting from any bounded initial selector and,
in the verifier-only specialization, on the probability-(1 − δ) uniform estimation event of
Lemma A.8 (so that ϵstat = ϵest(n, δ) + ϵverifier). For γ > 0 the single (1 − δ) estimation
event of Lemma A.8 no longer suffices—the action value depends on the round through Vq—
so there ϵstat is treated as an assumed per-round estimation error rather than discharged.
Then the optimization gap in Eq. (35) obeys

∆learn = J⋆mode − Jmode(qψT ) ≤ 2γ ϵimp
(1− γ)2︸ ︷︷ ︸

amplified per-round error

+ γT
2Rmax
1− γ︸ ︷︷ ︸

initialization decay

.

Proof. The first term is the standard supremum-norm approximate-policy-iteration error-
accumulation bound (8, Prop. 6.2), instantiated with the per-round Bellman error ϵimp
supplied by Proposition A.9; the second is the geometric decay of the initial value error,
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which holds because Tq is a γ-contraction (Lemma A.7) and |V | ≤ Rmax/(1 − γ). If the
per-round error is controlled only in a weighted L2 (regression) sense, the constant takes
the concentrability form 2γ

(1−γ)2
√
C(ν) ϵimp (55, 56, 72). Either way ∆learn is bounded by

the per-round selector error rather than assumed.

Proof of Corollary A.6. The three nonnegative gaps are return-level quantities:

Jmode(qψT ) ≥ J⋆mode −∆learn,

|Jideal(qψT )− Jmode(qψT )| ≤ ∆model,

|J(π̃ψT ,ηSFT)− Jideal(qψT )| ≤ ∆impl.

Chaining these inequalities yields

J(π̃ψT ,ηSFT)︸ ︷︷ ︸
implemented W0

≥ Jideal(qψT )︸ ︷︷ ︸
ideal frozen-mode mixture

−∆impl

≥ Jmode(qψT )︸ ︷︷ ︸
abstract mode MDP

−∆model −∆impl

≥ J⋆mode︸ ︷︷ ︸
best reachable frozen-mode policy

−∆learn −∆model −∆impl.

Lemma A.11 (One-step leakage bound). For any two one-step action distributions p, q
and any bounded reward with |r(a)| ≤ Rmax,

|Epr − Eqr| ≤ 2Rmax TV(p, q).

Proof.

|Epr − Eqr| =

∣∣∣∣∣∑
a

(p(a)− q(a))r(a)

∣∣∣∣∣
≤ Rmax

∑
a

|p(a)− q(a)| = 2Rmax TV(p, q).

Lemma A.12 (Return-level lifting). Let π, π′ be policies on the discounted abstract mode
MDP with |R̄| ≤ Rmax and per-context total-variation gap supχ TV

(
π(· | χ), π′(· | χ)

)
≤ ε.

Then
|J(π)− J(π′)| ≤ 2Rmax

(1− γ)2
ε.

In particular, if the implemented actuator differs from the ideal frozen-mode mixture by
at most εleak in per-context TV, then ∆impl ≤ 2Rmaxεleak/(1 − γ)2; in the verifier-only
contextual-bandit specialization (γ = 0), ∆impl reduces to the one-step bound of Lemma A.11.

Proof. The performance-difference lemma (39) writes J(π) − J(π′) as the π-discounted-
occupancy average of the advantage Ea∼πAπ

′
(χ, a). Bounding the per-context term by

2∥Qπ′∥∞ TV(π, π′) ≤ 2Rmax
1−γ ε (via Lemma A.11 with |Qπ′ | ≤ Rmax/(1 − γ)) and the occu-

pancy normalization by 1/(1− γ) yields the stated constant 2Rmax/(1− γ)2.
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Definition A.13 (Model-abstraction primitives). The abstract mode MDP (R̄, P̄ ) op-
timized by the selector is an approximate model of the ideal frozen-mode dynamics
(Rtrue, Ptrue) on the same context space, mode sets MC , and discount γ. Here Rtrue(C,m)
and Ptrue(· | C,m) denote the reward and next-context law actually induced by issuing
command m and running the ideal frozen continuation π̄0(· | C, ιC(m)), so that V q

true is the
fixed point of the true mode Bellman operator and Jsuff(q) = Eχ0∼µ0 [V

q
true(χ0)] is the return

of that Markov-sufficient true-dynamics MDP (distinct in general from Jideal(q) = J(π̄qid) of
Eq. (33); their gap is exactly ϵsuff below). Define three per-step primitives:

ϵR = sup
C,m∈MC

∣∣R̄(C,m)−Rtrue(C,m)
∣∣ (reward-model error), (38)

ϵP = sup
C,m∈MC

TV
(
P̄ (· | C,m), Ptrue(· | C,m)

)
(transition-kernel error), (39)

ϵsuff =
∣∣Jideal(q)− Jsuff(q)

∣∣ (prefix-sufficiency bias). (40)

In (40), Jsuff(q) is the return of the (Rtrue, Ptrue) MDP whose state is a Markov-sufficient
latent denoising prefix, while Jideal(q) uses the posterior-averaged law π0(· | C,m) obtained
when C records only the observed prefix window Iobs (Eq. (17)); thus ϵsuff quantifies the
bias introduced by replacing the latent state with the prefix-measurable statistic C and by
the P̄ -Markov assumption of Assumption A.3.

Lemma A.14 (Model-abstraction bound (simulation lemma)). Under Assumption A.3
and Definition A.13, for any selector q the per-step reward/kernel errors propagate to a
uniform value gap ∥∥V q − V q

true
∥∥
∞ ≤ ϵR

1− γ
+

2γRmax ϵP
(1− γ)2

, (41)

and therefore the model-abstraction slack of Eq. (36) obeys

∆model =
∣∣Jideal(q)− Jmode(q)

∣∣ ≤ ϵR
1− γ

+
2γRmax ϵP
(1− γ)2

+ ϵsuff. (42)

In the verifier-only contextual-bandit specialization (γ = 0, R̄ = Gver) the kernel term
vanishes and

∆model ≤ ϵR + ϵsuff. (43)

Proof. Fix q and write the model and true mode-Q functions at the model value V q and
true value V q

true,

Qq(C,m) = R̄(C,m) + γEP̄ (·|C,m)V
q, Qqtrue(C,m) = Rtrue(C,m) + γEPtrue(·|C,m)V

q
true.

Let ∆V = ∥V q − V q
true∥∞. Decompose the kernel difference at the common test function

V q,
EP̄V

q − EPtrueV
q

true =
(
EP̄ − EPtrue

)
V q︸ ︷︷ ︸

kernel

+ EPtrue

(
V q − V q

true
)︸ ︷︷ ︸

≤∆V

.

For the kernel term, since P̄ and Ptrue are probability measures their difference integrates to
zero, so subtracting the midrange constant c = 1

2(supV q+infV q) and using
∑

χ′ |P̄−Ptrue| =
2 TV(P̄ , Ptrue) gives∣∣(EP̄ − EPtrue)V

q
∣∣ = ∣∣(EP̄ − EPtrue)(V

q − c)
∣∣ ≤ 1

2 span(V q) · 2 TV(P̄ , Ptrue) ≤
2Rmax
1− γ

ϵP ,
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where span(V q) = supV q − infV q ≤ 2Rmax/(1− γ) by Assumption A.3. Combining,∣∣Qq(C,m)−Qqtrue(C,m)
∣∣ ≤ ϵR + γ

(
2Rmax
1−γ ϵP +∆V

)
.

Because V q(χ) = EτpreEm∼qQ
q(C,m) and likewise for the truth, taking EτpreEm∼q and then

supχ preserves the bound (averaging is 1-Lipschitz in sup-norm), so

∆V ≤ ϵR +
2γRmax
1− γ

ϵP + γ∆V .

Solving the geometric recursion yields (41). Since Jmode(q) = Eµ0V q and Jsuff(q) = Eµ0V
q

true,
the expectation over µ0 is a 1-Lipschitz contraction of the sup-norm, giving |Jmode(q) −
Jsuff(q)| ≤ ∥V q − V q

true∥∞. The triangle inequality with |Jideal(q) − Jsuff(q)| ≤ ϵsuff then
gives (42). For γ = 0 the recursion terminates at ∆V ≤ ϵR and the kernel term is absent,
which is (43). This is the discounted simulation lemma (42) specialized to a fixed policy
and a shared state–mode space; the additive ϵsuff is the abstraction-selection bias that
the simulation lemma does not remove because C is a non-Markov statistic of the latent
prefix (37).

The two powers of 1/(1− γ) on the kernel term match the return-level lifting constant of
Lemma A.12: a kernel/TV perturbation costs one factor 1/(1−γ) from the value magnitude
∥V q∥∞ ≤ Rmax/(1 − γ) and a second from the geometric horizon sum, exactly as the per-
context TV perturbation εleak does in ∆impl. The reward term carries a single 1/(1 − γ)
because it is a direct, non-propagated perturbation. The factor 2 on the kernel term is
the worst-case-tight span constant (

∑
|P̄ − Ptrue| = 2 TV); it is unavoidable under the TV

convention (39) and is the same factor 2 that appears in Lemmas A.11–A.12.

Proposition A.15 (Finite-cover mode-class comparison). Let B be a finite cover of
a full action/residual policy class for one context, and let C be a finite context cover. If

|B| = gDact , sup
C∈C

|MC | ≤ gDmode , 1 < g, Dmode < Dact,

then each context has fewer mode choices than the full cover. For deterministic selectors
over C (or for finite covers of stochastic selectors with the same cardinality bound), the
induced selector-policy cover is smaller:

|ΠW0| ≤
∏
C∈C

|MC | ≤ gDmode|C| < gDact|C| = |B||C| = |Πbase|.

Proof. Since g > 1 and Dmode < Dact, for every C ∈ C,

|MC | ≤ gDmode < gDact = |B|.

Multiplying over the finite context cover gives the displayed bound.

This cardinality claim does not prove optimization by itself; it is a finite-cover com-
parison showing that W0 ranges over a strictly smaller mode-codebook policy class under
the stated dimension assumptions.
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B Block-Diffusion Training and Diagnostic Figures
This appendix collects the diagnostic views behind Figure 2. They are included to make the
technical-report narrative auditable: block size affects both decode latency and the noisy-
branch training terms, so W0 reports scheduling, output-format recovery, and variance
behavior rather than only a final success number.

B.1 Block-Size Sampling Law (Degree-2 Gaussian-in-log b Curriculum)
The Stage-1 curriculum samples the block size b from a finite ordered grid S = {b1 < · · · <
bm} ⊂ R>0 (here S = {1, 2, 4, 8, 16, 32}), writing g(b) = log b. Three things matter, in
order: how the sampling law is derived (maximum entropy / Lagrange multipliers), why the
degree-2 Gaussian-in-log b family is the justified choice, and why the deployed schedule has
its shape. Its ℓ2=0 base case is the Boltzmann law Pλ(b) ∝ b−λ(t) of Section 4.6 used by
this report’s measurement snapshot. Every claim here is about the sampling distribution
only, never the behavior-cloning objective.

How the law is derived: max-entropy moments, with the exponents as the
dual multipliers. The sampling law is the maximum-entropy distribution on S that fixes
prescribed moments of log b, and its exponents are exactly the dual Lagrange multipliers; the
base case fixes one moment.

Proposition B.1 (Form, direction, and naming of the block-size curriculum). (i) Maximum-
entropy form. For any feasible mean µ ∈ (log b1, log bm), the unique maximizer of the Shan-
non entropy H(q) = −

∑
b∈S q(b) log q(b) over distributions q on S subject to

∑
b∈S q(b) g(b) =

µ is the Gibbs law

Pλ(b) =
b−λ

Z(λ)
, Z(λ) =

∑
b∈S

b−λ,

with λ = λ(µ) the Lagrange multiplier dual to the mean constraint; equivalently {Pλ} is the
one-parameter exponential family with sufficient statistic g(b) = log b and natural parameter
−λ.

(ii) Monotone control of expected block size. For any statistic f , d
dλEPλ [f ] = −CovPλ(f, g);

with f = id, comonotonicity of b and log b gives d
dλEPλ [b] = −CovPλ(b, log b) < 0, so EPλ [b]

is a strictly decreasing bijection of λ and the family is ordered by first-order stochastic domi-
nance (λ′ < λ⇒ Pλ′ ⪰FOSD Pλ, since the likelihood ratio Pλ′(b)/Pλ(b) ∝ bλ−λ

′ is increasing
in b). The anneal λ : 1.5 → −0.5 thus drives EPλ [b] monotonically from ≈ 1.93 to ≈ 16.54
on S. Because the log-density is affine in log b, the profile can only sharpen monotonically
toward the largest block: it cannot raise the mean while retaining a controlled low/mid-block
tail. This inability to set mean and spread independently is the representational limit lifted
by the degree-2 family of Remark B.2.

(iii) Tempering. Pλ(b) = exp(−λE(b))/Z(λ) with energy E(b) = log b is the Boltzmann
measure at inverse temperature λ, so annealing λ is temperature scheduling on the block-size
latent.

Proof. (i) Maximizing the strictly concave H(q) over the compact convex feasible polytope
(nonempty for µ ∈ (log b1, log bm)) with multipliers (ν,−λ) for the normalization and mean
constraints gives the stationarity condition − log q(b)−1+ν−λg(b) = 0, i.e. q(b) ∝ e−λg(b) =
b−λ; strict concavity makes the maximizer unique and of exponential-family form (21, 36).
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(ii) logZ(λ) is the cumulant generating function of −λg, so d
dλEPλ [f ] = −CovPλ(f, g);

since b and log b are both strictly increasing on S, their covariance under any non-degenerate
Pλ is strictly positive (Chebyshev’s sum inequality), and the monotone likelihood ratio bλ−λ′

is equivalent to first-order stochastic dominance.
(iii) is the definition of a Gibbs measure.

The proposition justifies only the form b−λ (under the modeling choice of energy E(b) =
log b) and the small-block-first ordering in expectation; it makes no objective claim, neither
that the schedule lowers BC loss, improves sample complexity or structured-output validity,
nor that it beats a fixed/reversed schedule, and it does not cover the intra-model distillation
term. Those benefits are reported empirically (Figure 3 and the diagnostics below); the
small-to-large ordering is motivated by — not derived from — the coarse-to-fine learning
order of continuous image diffusion (58, 79, 98) and the progressive-distillation recipes of
Salimans and Ho (71) and BARD (15).

Why this family: it is the least-assumptive law that can place a controlled-width
interior bump. Adding the second moment of log b is the least-assumptive way to gain a
controlled-width bump at the interior eval center b⋆=16 that a monotone power law provably
cannot represent; representability is the only unconditional claim.
Remark B.2 (Parameterization: power law vs. its two-moment generalization). This com-
pares which sampling family to use; it is structural, not a claim that any family minimizes
BC loss. (a) The power law is the one-moment law and is necessarily monotone. By Propo-
sition B.1(i), Pλ(b) ∝ b−λ = e−λ log b is the unique maximum-entropy law on S under the
single constraint E[log b] = µ. Its log-density is affine in g(b) = log b, so its likelihood ratio
bλ−λ

′ is monotone (part (ii)) and it is always FOSD-monotone with mode at an endpoint. A
one-parameter law therefore cannot represent a localized interior bump (mass concentrated
at an interior b with controlled spread): it shifts mass only by sliding the whole monotone
profile.

(b) The two-moment generalization is again max-entropy, and its coefficients are derived
as Lagrange multipliers. Maximize H(q) on S subject to normalization and to fixing both
the mean µx=E[log b] and variance σ2x=Var[log b] of g(b) = log b (the sufficient statistics
(log b, (log b)2)). The Lagrangian

L(q) = −
∑
b∈S

q(b) log q(b) + ν
(∑
b∈S

q(b)− 1
)

− ℓ1

(∑
b∈S

q(b) log b− µx

)
− ℓ2

(∑
b∈S

q(b)(log b)2 − (µ2x+σ
2
x)
)

has stationarity condition ∂L/∂q(b) = 0, i.e. log q(b) = (ν − 1)− ℓ1 log b− ℓ2(log b)2, giving
uniquely — by strict concavity of H (21, Thm. 12.1.1)(36) — the two-parameter exponential
family

Pℓ1,ℓ2(b) =
exp

(
−ℓ1 log b− ℓ2(log b)2

)
Z(ℓ1, ℓ2)

, Z(ℓ1, ℓ2) =
∑
b∈S

exp
(
−ℓ1 log b− ℓ2(log b)2

)
,

a discretized log-normal in b / Gaussian-in-index in log b. It is still a Gibbs law in the same
energy coordinate g(b) = log b, so it inherits the entire Boltzmann/tempering reading of
Proposition B.1; the power law is the boundary case ℓ2=0. With ℓ2 > 0 the log-density is
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strictly concave in log b, giving an interior mode at log b⋆ = −ℓ1/(2ℓ2) with curvature set
by ℓ2. Matching the Gibbs law to a target N (µx, σ

2
x) in x= log b gives the closed form

ℓ2 =
1

2σ2x
, ℓ1 = −µx

σ2x
, ⇐⇒ σ2x =

1

2ℓ2
, µx = − ℓ1

2ℓ2
, x = log b, (44)

so (ℓ1, ℓ2) are the maximum-entropy multipliers dual to fixing the mean and variance of log b,
strengthening Proposition B.1(i) (whose one-moment map is λ=λ(µ)) to a two-multiplier
closed form. The two free moments map bijectively to (ℓ1, ℓ2): the degree-2 law sets the
mean and variance of log b independently, while the ℓ2=0 law ties spread to mean. This
permits a moving constant-width bump that the always-monotone power law cannot produce,
and ℓ2 ↓ 0 recovers Proposition B.1 exactly.2

Status. Representability is the only unconditional claim: the degree-2 law can advance
the mode to the usable frontier b⋆≈ 16 while keeping a controlled-variance low/mid-block
tail, which (a) shows the power law provably cannot. Whether to advance the center by an
open-loop clock or a closed-loop competence gate on held-out format validity is the least-
settled choice and should be set by a multi-scale validity sweep (Finding B.3); the schedule’s
theoretical status is in Remark B.4.

Why this deployed configuration: slide the center at fixed spread, clamp de-
ploy/eval to the usable frontier. The center slides bd1 → bd16 at fixed spread σx=1
octave; the grid keeps b=32 only as a symmetric stress tail, and deploy/eval are clamped to
b⋆=16 because bd32 collapses structured-output validity.

Concretely, the spread is held at one octave (σx= ln 2), so the curvature ℓ2 is constant
while only the center anneals through ℓ1:

ℓ2 =
1

2(ln 2)2
≈ 1.04, ℓ1 : 0

b : 1→ 16−−−−−−→ − ln 16
(ln 2)2

≈ −5.77.

Four choices fix the rest:
• Center, not spread. Only the center µx anneals, from the autoregressive anchor b=1

to the eval center b=16; the curvature ℓ2 is fixed.
• Symmetric stress tail. The support includes b=32 as a non-deployed candidate, so

the eval-centered end Gaussian {8, 16, 32} is symmetric, not boundary-truncated.
• Built-in replay. The constant-ℓ2 low/mid-block tail keeps mass on small blocks through-

out, a built-in replay against forgetting.
• Anchored distillation. Each stage distills from a fixed small-block anchor (b ≤ 4),

following BARD (15).
The clamp to the deploy/eval center b⋆=16 is forced by the empirical cliff below.
Finding B.3 (Capacity-determined critical block size). On 116-task AndroidWorld (single
epoch, sampled from the ℓ2=0 Boltzmann measurement-snapshot special case of the degree-2
curriculum, not the deployed ℓ2 ̸=0 schedule), task success is near-lossless for b ≤ 4 (≈ 6.0%,
matching autoregressive decoding) and degrades gracefully at b ∈ {8, 16} (≈ 5.2%). The
raw (un-repaired) strict-JSON/action-format validity, however, shows a sharp cliff,

validity(b) : 1.000︸ ︷︷ ︸
b=1

, 0.952︸ ︷︷ ︸
b=4

, 0.945︸ ︷︷ ︸
b=16

, 0.569︸ ︷︷ ︸
b=32

,

2A Beta / Beta–Binomial prior on the grid index is a flexible interior-bump alternative, but it is the max-
entropy law for E[logx] and E[log(1−x)] (21, §12) — not for moments of the curriculum energy g(b) = log b—
so it forfeits the single “Boltzmann in log b” characterization and is not theory-preserving in the sense
of (a)–(b).
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so ≈ 43% of b=32 outputs are malformed. Thus b=16 holds while b=32 breaks, indicating a
capacity-determined critical block size bcrit with 16 < bcrit ≤ 32; deployment uses the usable
frontier just below it, the center b⋆=16.

Not yet formally validated. These are preliminary results we observed in our own
small-scale in-house testing.

A consistent mechanism: larger b unmasks more tokens in parallel under a factorized
denoiser, ignoring more intra-block dependency (total correlation); since well-formed JSON/
action structure is a long-range intra-block dependency, it collapses first once b exceeds
capacity. Deployment and evaluation are therefore clamped to the center b⋆=16, while
b=32 is retained in training only as a non-deployed symmetric stress tail.

We make no claim that b⋆ is invariant across model scale or training progress; a 2B-vs-
8B validity sweep is needed to decide whether an open-loop clock suffices or a closed-loop
competence gate is warranted.
Remark B.4 (Honest theoretical status of the schedule). The annealed, easy-to-hard sched-
ule is an instance of graduated optimization (32). If the Stage-1 loss at small b is a smoothed,
near-convex level of the loss at large b along a valid homotopy (the σ-niceness condition
of 32), the staged schedule reaches an ε-approximate global solution in O(1/ε2) stochastic-
gradient steps; but this condition is unverified for the block-discrete-diffusion loss, and the
rate only matches the stochastic non-convex SGD lower bound — it gives global-convergence
reassurance, not a provable speedup over direct training. The convex curriculum theorems
of Weinshall and Amir (88), Weinshall et al. (89) predict faster early convergence when b
is read as a difficulty proxy, but hold only for convex, static orderings and transfer to our
non-convex, non-stationary, structured-output setting by analogy only (7).

We therefore claim theoretical superiority of one kind only — the unconditional repre-
sentability characterization of Remark B.2(a)–(b) (a degree-1 / monotone law ties its spread
to its mean and so can neither place an interior mode nor retain a controlled-variance
low/mid-block tail at a high mean, whereas the degree-2 Gaussian-in-log b law is the mini-
mal exponential family that sets the mean and variance of log b independently, because the
multiplier-to-moment map ℓ2=1/(2σ2x), ℓ1= − µx/σ

2
x is a bijection, Eq. (44)) — and treat

the center-equals-frontier choice (deploying at the mode b⋆=16 rather than the largest can-
didate b=32), the frozen distillation anchor, the retained-tail replay, and competence-gated
pacing as well-motivated design principles, not as theorems that the curriculum beats its
alternatives. The block-size/quality trade-off itself follows the block-diffusion model class
of Arriola et al. (3).

Real training-loss trace. The deployed degree-2 curriculum above is the schedule we
actually train under. Figure 4 shows the training-loss trace of our in-house run; Figure 5
then compares schedules to illustrate the phenomena the curriculum is designed around.
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(b) Curriculum center: b = 1→16

Figure 4: Real training-loss trace of the deployed degree-2 curriculum (in-house
single run; v6e-16, 10,040 steps, 3 epochs; teacher = same-network clean branch with stop-
gradient). (a) the dual-stream loss components — CE-clean stays flat while CE-noisy and
KD rise as the curriculum moves to larger, harder blocks; (b) the sampled block size b
sliding 1→ 16 (mass settling on {8, 16, 32}). Unlike the schedule comparison in Figure 5,
this is the actual run we trained.

Not yet formally validated. These are preliminary results we observed in our own
small-scale in-house testing.
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(a) Loss terms. The noisy diffusion branch vs. the cleaner behavior-cloning branch, and which
terms respond to block-size scheduling.
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(c) Per-block-size behavior. Whether a schedule preserves strict JSON formatting, valid mobile-
use actions, and decode progress across block sizes, not just aggregate loss.
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(d) Loss-term variance. Whether the schedule stabilizes the noisy branch rather than merely
lowering the mean loss.
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Figure 5: Block-diffusion curriculum diagnostics (in-house snapshot). (a) loss-term
mechanics, (b) block-size allocation, (c) per-block-size structured-output behavior, (d) loss-
term variance, and (e) training-window bin means.
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C Android-Curated Reasoning SFT Corpus
The Stage 1 and Stage 2 supervised phases are trained on a reasoning-augmented GUI corpus
that we re-curate for the Android phone form factor. We assemble chain-of-thought (CoT)
supervision from publicly available GUI-agent reasoning SFT datasets — GUI-Libra, Agu-
vis Stage-2, ScaleCUA/GUI-Net, Android-in-the-Zoo (Chain-of-Action-Thought), GUI-R1,
and AndroidControl (47, 51, 53, 97, 99, 103). The underlying Android action trajectories are
curated from core mobile-control datasets (13, 14, 52, 66, 75, 77), and element-grounding su-
pervision is drawn from large-scale cross-platform GUI corpora (17, 19, 24, 45, 46, 49, 93, 94),
complemented by our in-house OpenMobile traces covering answer and long-press actions.
Where ready-made reasoning traces are insufficient, we synthesize additional teacher trajec-
tories with reverse-task-synthesis and reflective-CoT pipelines (76, 84, 96), and we follow
spatial-reasoning distillation to transfer teacher reasoning into the compact action head (50).
Our curation pass (i) restricts every source to Android phone trajectories, (ii) normalizes
heterogeneous logs to the mobile UI action schema used by the decoder (tap, swipe, type,
system keys, and tool calls), (iii) keeps reasoning-dense steps while discarding pure-action
samples that carry no thought, and (iv) reformats the retained CoT-plus-action steps into
the block-chunk decoding target of the dLLM action head. This yields an Android-specific
reasoning SFT mixture aligned with the deployed action space, rather than a generic multi-
platform action corpus.

D Diagnostic Estimators
These estimate the gaps appearing in Appendix A. For a fixed context C, draw R frozen
continuations and their basin labels m̄(1:R). Mode stability is

Ŝ(C) = max
m̄∈M̄C

1

R

R∑
r=1

1{m̄(r) = m̄}.

For a verifier v(y) applied repeatedly to identical decoded chunks, Verifier disagreement
is the pairwise rate

D̂ver =
2

R(R− 1)

∑
i<j

1{vi(y) ̸= vj(y)}.

Prefix sufficiency is measured as the return gap between a state-only selector and a
denoise-history selector, ∆̂pref = J(qhist) − J(qstate). Critical-window sensitivity com-
pares the selected window against random or all-window variants, ∆̂win = J(qIobs) −
max{J(qrand), J(qall)}. Actuator leakage is reported both as a return gap and as a distri-
butional distance,

∆̂J
leak = |J(π̃ψ,η)− Jideal(qψ)|, ϵ̂leak = EC TV

(
π̃ψ,η(· | C), π

qψ
id (· | C)

)
.

E Baseline Backbone: Qwen3-VL Architecture
This appendix describes the baseline screen-language model W0 freezes: the default instan-
tiation GUI-Owl-1.5-2B-Instruct (96) is the Qwen3-VL-2B foundation model (5) after GUI
post-training (Section 4.2).

Qwen3-VL (5) builds upon the Qwen2-VL (83) architecture with several improvements.
The vision encoder uses a ViT-600M backbone (27 transformer blocks, hidden dimension
d=1152) with native dynamic resolution support through 2D Rotary Position Embedding
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Figure 6: Qwen3-VL architecture overview. The vision encoder (ViT-600M) processes
visual inputs with 2D-RoPE, extracts multi-scale DeepStack features from blocks {8, 16, 24},
and compresses them via a patch merger (2× 2 → 1). The 1.5B-parameter transformer de-
coder receives DeepStack injections at its early layers and fuses visual tokens with language
tokens.

(2D-RoPE) combined with learnable absolute position embeddings, eliminating the need for
fixed-resolution resizing. A key innovation is DeepStack: the encoder extracts intermediate
features from blocks {8, 16, 24}, each processed by a dedicated PatchMerger,

F (k) = PatchMergerk
(
h(lk)

)
∈ RN/4×dout , lk ∈ {8, 16, 24}, (45)

and injects these multi-scale features into the LLM decoder’s early layers (j ∈ {0, 1, 2}) via
additive residuals at visual-token positions:

h
(j)
LLM[vis] += F (k). (46)

This supplies the decoder with low-level textures (block 8), mid-level object parts (block 16),
and high-level scene semantics (block 24) from the very first layers. The patch merger
compresses 2× 2 spatial patches into single tokens using a learned two-layer MLP, reducing
the visual token count by 4×.
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The language backbone is a 1.5B-parameter transformer decoder with 28 layers, hidden
dimension DVLM = 1536, and 12 attention heads. Visual and language tokens are con-
catenated along the sequence dimension with special delimiter tokens, and the model uses
grouped-query attention (GQA) with 2 KV heads for efficient inference. The “2B” in the
model name refers to the total parameter count (≈ 600M vision encoder + ≈ 1.5B language
decoder), so the 2B name and the 1.5B-parameter decoder are the same model, not different
sizes.

W0 freezes this backbone and reads its final-layer features HVLM
b (Eq. (8)); the same

network’s clean/autoregressive branch is also the distillation teacher for the block-diffusion
action head (Section 4.5).
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