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Abstract—We present SACHITRA (Scalable Application of
CPU-based HTML Integrated Transformer for Regenerative
Augmented Image Generation Model), a generative image and
video synthesis framework engineered for browser-native, CPU-
bounded execution without dependence on dedicated GPU
hardware. Existing state-of-the-art synthesis pipelines—including
flow-matching models, attention-propagating Vision Transformers
(ViTs), and large-scale diffusion architectures—achieve high
perceptual fidelity but demand GPU clusters or NVIDIA A100-
class accelerators, rendering them inaccessible to the vast
majority of global computing endpoints, particularly in emerging
economies.

SACHITRA addresses this accessibility gap through three
formally grounded contributions: (1) a Quantized HTML Pipeline
(QHP), which orchestrates compressed generative sub-networks
within an HTMLS5/WebAssembly execution context, exploiting
browser SIMD intrinsics and SharedArrayBuffer for intra-
session parallelism; (2) an Adaptive Finite-Difference Trajectory
Approximation (AFDT), a training-free ODE acceleration method
integrated with a UCB-1 multi-armed bandit (MAB) controller
that dynamically skips redundant integration steps with formal
error guarantees of order O(|S|/T3) under INT4 quantized
arithmetic; and (3) a Cross-Layer Historical Attention Distillation
(CHAD) mechanism that propagates compressed 4-bit integer
attention matrices across encoder layers, reducing attention buffer
memory by 16 X while sustaining accuracy through an analytically
derived dynamic blending schedule. Experiments demonstrate
a 2.1xX-3.4X speedup over CPU-only diffusion baselines on
commodity hardware (Intel Core i5, 8 GB RAM), with CLIP-IQA
scores within 4.7% of GPU-resident reference models. SACHITRA
constitutes the first formally verified, browser-deployable gener-
ative synthesis pipeline designed for the Aatmanirbhar Bharat
digital infrastructure mandate.

Index Terms—Flow Matching; CPU Inference; WebAssembly;
HTMLS Al Pipeline; Vision Transformer; Quantization; Edge
Al; Browser-Native Generation; Multi-Armed Bandit; Attention
Propagation; SACHITRA; Aatmanirbhar Bharat

1. INTRODUCTION

The proliferation of generative artificial intelligence for
image and video synthesis has been accompanied by an
exponential growth in computational demand. Contemporary
generative models—encompassing flow-matching architec-
tures [4], [20], diffusion-based models [22], and transformer-
based decoders [10]—routinely require 40—-80 GB of GPU

VRAM and multi-thousand-watt accelerator clusters for real-
time inference. This creates a structural divide in which
the benefits of generative Al are concentrated among well-
resourced laboratories and commercial cloud providers, while
individual developers and edge deployment contexts remain
excluded.

India presents a paradigmatic case. With over 820 million
internet users, a majority access the web through mid-range
smartphones or sub-$300 computers [25]. The Government of
India’s MeitY mandate for indigenous digital infrastructure
(Digital India, Aatmanirbhar Bharat) creates a compelling
imperative for inference frameworks that operate within the
constraints of consumer-grade processors, commodity RAM,
and browser-based execution environments.

The technical challenge is substantial. Generative synthesis
via flow-matching requires solving a time-continuous ordinary
differential equation (ODE) governed by a neural velocity field
v : R% [0, 11— R Each integration step involves a full
forward pass through a deep transformer network, typically
comprising billions of floating-point multiply-accumulate oper-
ations. On CPU hardware constrained to 64-bit SIMD lanes
(AVX-512) without tensor cores, this translates to latencies of
30—120 seconds per 512x512 image—far exceeding interactive
thresholds.

This paper presents SACHITRA (Sanskrit-rooted acronym:
sa-chitra also means “with image”), an end-to-end generative
synthesis framework architected for browser-native, CPU-
bounded execution. SACHITRA integrates three formally
grounded innovations:

1) An adaptive ODE trajectory approximator governed by

a multi-armed bandit, building on FastFlow [1];

2) A cross-layer compressed attention propagation system
extending HAVIT [2];

3) A quantized HTML pipeline that compiles the complete
inference graph to a portable, single-file WebAssembly
artifact.

Together these contributions enable practical generative

synthesis on commodity hardware, without GPU dependency,
cloud connectivity, or software installation.
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A. Contributions
1) Quantized HTML Pipeline (QHP): A compilation
and runtime framework encoding compressed generative
model weights within structured HTMLS data attributes,
executing inference via WebAssembly SIMD kernels,

and orchestrating parallel sub-model inference through
Shared ArrayBuffer-backed Web Worker pools.

2) Adaptive Finite-Difference Trajectory Approximation
(AFDT): A training-free ODE acceleration method using
first-order Taylor expansion with finite-difference velocity
estimation to skip redundant integration steps, governed
by a UCB-1 multi-armed bandit with formally bounded
trajectory deviation er = O(|S |/T 3), adapted for INT4-
quantized arithmetic.

3) Cr oss-Layer Historical Attention Distillation (CHAD):
A 4-bit compressed attention propagation mechanism
blending previous-layer attention logits with current-layer
self-attention via a dynamically scheduled coefficient,
maintaining an attention memory at 16< reduced memory
footprint with analytically guaranteed distortion bounds.

4) Formal Error Guarantees: Two theorems establishing
end-to-end error bounds for AFDT and CHAD under
quantized arithmetic, stated in a form amenable to
independent verification.

5) SACHITRA Application Platform: A complete,
browser-native deployment validated on GenEval [16],
CIFAR-100 [26], and TinylmageNet [27] benchmarks.

II. RELATED WORK
A. Flow-Matching Generative Models

Flow Matching (FM; [4]) provides a deterministic framework
for generative modelling by learning a continuous-time velocity
field that transports samples from a source distribution o to
a target distribution 1. Unlike score-based diffusion models,
FM trains directly on conditional vector fields and achieves
straighter sampling trajectories, permitting high-quality genera-
tion with fewer function evaluations [20], [21].

Acceleration of FM inference has proceeded along several di-
rections. Static methods include knowledge distillation [8], [9],
piecewise rectification [7], and higher-order ODE solvers [19].
Dynamic caching methods such as TeaCache [6] reuse inter-
mediate representations across timesteps using handcrafted
polynomial criteria.

FastFlow [1] most directly informs our work: it introduces
a multi-armed bandit to adaptively skip ODE steps using
finite-difference velocity approximation, demonstrating 2.6 x
speedup on GPU hardware. SACHITRA extends this framework
to the fundamentally different regime of integer-quantized
CPU inference within a browser WebAssembly environment,
requiring new analysis of error accumulation under quantization
noise (Section IV-B).

B. Vision Transformers and Attention Mechanisms

Vision Transformers (ViTs; [10]) apply self-attention to non-
overlapping image patches, enabling long-range dependency
modelling. Architectural variants have explored efficiency [11],

[15], multi-scale attention [14], and cross-layer information
reuse [13].

HAVIT [2] introduces a cross-layer historical attention
propagation mechgnism that blends the self-attention matrix
Al = QK] / d« with the attention history H’p,ev us-
ing a fixed coefficient a, demonstrating consistent accuracy
improvements of +1.01% to +1.33% on CIFAR-100 and
TinylmageNet. SACHITRA adapts this mechanism to 4-bit
integer space, introduces dynamic a scheduling (Section IV-C),
and deploys it within the broader QHP inference graph.

C. On-Device and Browser-Native Al Inference

Browser-native inference has been enabled by WebAssembly
(WASM) [23], which provides near-native execution speed
through SIMD intrinsics, and by WebGPU [24], which exposes
GPU compute shaders to web applications. Transformers.js
(Hugging Face) and ONNX Runtime Web (Microsoft) provide
JavaScript-accessible inference runtimes. For flow-matching
models, Low-Bit High-Fidelity quantization via Optimal Trans-
port [17] demonstrates near-lossless 4—8 bit quantization.

No prior work integrates adaptive step-skipping, cross-layer
attention propagation, and formal error bounding into a single
browser-deployable generative synthesis pipeline. SACHITRA
fills this gap.

D. Al for Mathematical and Scientific Knowledge

The broader Al4Math landscape [3] has demonstrated that
foundation models can achieve graduate-level mathematical
reasoning when equipped with formal verification environ-
ments and agentic workflows. This motivates SACHITRA’s
commitment to formally stated error bounds, consistent with
the emerging standard of certified Al systems.

III. PROBLEM FORMULATION AND SYSTEM OVERVIEW

A. Formal Problem Statement

Let g a trained flow-matching generative model param-
eterized by a deep transformer network with L encoder layers,
dmodei-dimensional embeddings, and K ODE integration
timesteps. Standard inference requires K full forward passes
throughpg each of complexity O(n2dmodel), where n is the
sequence length. On a CPU-only device with throughput B
FLOPS, total latency is:

Tlatency = K- n? - dmodel L (1)

B
For a representative configuration (K=50, n=256,
dmode=768, L=12, B=100 GFLOPS), this yields

Tiatency =118 seconds—impractical for interactive use.
SACHITRA seeks a modified inference procedure M’
satisfying:

. ’ T M

(1) TIatency(M ) < Myu: Y = 2.0, (2)
(ii) “Xanpro" - xtue” < g g user-specified,  (3)
(i) M’ executes entirely in browser/WASM, 4)

without GPU access, cloud round-trips, or software installation.



TABLE I
SACHITRA SYSTEM COMPONENTS

Component  Function Technology Overhead

MCM Quantization, OT-Quant, One-time offline
WASM codegen emscripten

AFDT Ctrl Adaptive ODE  UCB-1, FD ap- <0.1 ms/step
skip Pprox.

CHAD Mod  Attention propaga-  INT4 buffer, blend ~ O(Bhn?) INT4
tion

BRE Worker orchestra- ~ Web Workers,  Negligible
tion SAB

B. System Architecture

SACHITRA consists of four interlocking components sum-

marized in Table I. The Model Compilation Module (MCM)
accepts a pre-trained FM backbone and applies OT-Quantization
(INT4/INTS), structural pruning, and WASM kernel generation.
The resulting compressed model is encoded as base64 binary
within HTMLS5 <data> attributes—constituting the QHP.
The AFDT Controller governs ODE integration at runtime
via UCB-1 bandit-selected skip lengths. The CHAD Module

manages the cross-layer INT4 attention memory buffer. The
Browser Runtime Engine (BRE) orchestrates execution across

Web Workers using SharedArrayBuffer for zero-copy inter-
worker communication.

IV. METHODOLOGY
A. Flow Matching Background

Given source distribution o (standard Gaussian) and target
distribution 11 (data), FM learns a time-dependent velocity
field v : R¥ x [0, 1] —» R satisfying the ODE:

dXt
— =V(x, t), Xo~TmHo t€][O0, 1] %)

dt
Forward Euler discretization on grid {to, ts, ..., tx} gives:
Xty = Xt, + Atk - V(Xe, te), Atk =tk+1 —te.  (0)

The velocity field v( , ) is parameterized by transformeM ,
and each evaluation constitutes one forward pass. Acceleration
aims to minimize the number of such evaluations while
bounding trajectory deviation.

B. Adaptive Finite-Difference Trajectory Approximation
(AFDT)

1) Velocity Approximation: The core insight, exploited by
FastFlow [1] and extended here, is that FM models trained on
linear interpolants generate approximately linear trajectories
in the intermediate regime. Applying a first-order Taylor
expansion to v(Xe+at, t + At):

dv(xs, t)
T @)

Instead of setting dv/dt — O (simple caching), AFDT
estimates the time derivative using a finite-difference between

V(Xerar, t+ At) = v(x , 1) + At -

the two most recently computed full-model evaluations at
timesteps t« and t, (p < k):

VKt )xv(x,t)+Aat | VXt = V(X t) @)
k+1 k+1 Kk k .
tk_tp

This captures local velocity curvature, outperforming simple
reuse in the presence of systematic intermediate refinements.

2) Quantization-Adapted Error Analysis: We extend the
error bound of FastFlow (Theorem 3.1 in [1]) to the quan-
tized arithmetic setting. Let q() denote a symmetric INT4
quantization operator with scale s and zero-point z, satisfying
[v —q(v)] < &g uniformly.
Theorem 1 (AFDT Quantized Error Bound). Let {)t<ktr”e} be

approx
the trajectory from exact forward Euler, and let {X,, }

be the trajectory where velocity evaluations are skipped at
S ..., T 1} and approximated via (8), with velocities
evaluated using INT4-quantized weights. Under Lipschitz
continuity of v (constant Lx) and bounded second time-
derivative (constant M ), with uniform step size At = 1/T , the
cumulative trajectory error satisfies:

. . Met |S L
er:= Xpo 7 - xtue < -u+eX-K-;€. )
LY

3
2JT:

3

. - quan i zation
appro Xi mation

Proof. We augment the proof of FastFlow Theorem B.1 [1]
by decomposing the velocity mismatch. Let v7x denote the
approximated velocity at step k. Then:

[V = vt
< [%e— AV )| + q(Vk) — v(XZPP™, t)
., X
S € g
The error recurrence ek+1 < (1+LxAt) ek +At7M At?Tes+

gq is unrolled from eo=0. Bounding (1 +LxAt)k e’x and
summing yields (9). O

Remark 1. The first term of (9) recovers the FastFlow
bound O( S |/T 3). The second term shows quantization error
accumulates linearly with K but decays cubically with T ,
making denser timestep grids doubly beneficial.

3) UCB-1 Bandit Controller: At each timestep tv, a UCB-
1 bandit By, with arm set A¢, = {0, 2, 4, 6} (steps to skip)
selects skip length m := o, € &\, viay

*=arg max Q(a)+vy ,
“ N(a)

y=20, (10)

aEA;
3

where Q(a) is the empirical mean reward and N(a) the arm
play count. The reward function is:

r(ag) = 1. ag — €(v™ (X, th), V(Xe,, t)),

(1

where i = max: MSE(v”t, vi) /K normalizes rewards, and
£(-,+) is mean squared error. This yields sub-Iinear cumulative

regret O( K logK), with convergence to near-optimal skip
policy within 50-100 generations.



In SACHITRA, UCB-1 state tables Q and N are maintained
as INT16 fixed-point arrays within SharedArrayBuffer, enabling
atomic updates across Web Workers without mutex overhead.
Cross-session bandit policies are persisted via browser In-
dexedDB, eliminating cold-start latency after the first session.

C. Cross-Layer Historical Attention Distillation (CHAD)

1) HAViT Foundation and Extension: HAVIT [2] establishes
that preserving and blending the pre-softmax self-attention
matrix Al .= Q/K’,/ d« across encoder layers enhances
feature learning through attention continuity. The blending rule
is:

A(/:+1 =(X'AI+1+(1—(X)'H/

ur self prev’

12)
with H) ., = Al and a = 0.45 found universally optimal
across ViT and CaiT on CIFAR-100 and TinylmageNet.

CHAD extends (12) with two modifications for the SACHI-

TRA context:

1) INT4 buffer storage: The attention history H is stored
in symmetric INT4 format with per-head scale factors
sn, reducing memory from B xh xn xn x 32 bit to
B xh xn xn x4bit—a 16 x reduction.

2) Dynamic o schedule: A layer-wise schedule

—a)- 1 , (13)
max 0 L
linearly increases from «o=0.35 at early layers to
amax=0.55 at final layers, reflecting the empirical
observation that later layers benefit from higher historical
context weighting.

2) Quantized Attention Distortion Bound:

Theorem 2 (CHAD Distortion Bound). Let 84(H) denote
the INT4 quantization error in the stored attention history,
|Hfpz2 —Hintal < 84 The cumulative distortion of the

blended attention across L layers satisfies:
L-1

a(l) =a + (x
[0}

AL, (fp32) - AL - z
cur( p32) cur(INT4) < 8q(1 —a)t - (1 —(x)/ < 8.

(14)

Proof. The distortion propagates through the recurrence (12)
as (1 —20()’&, at depth 1. Summing the geometric series:
(1-x) L,_:ldl—oc)’ =1—(1—-a)* < 1. Hence total distortion
< 8. O]

Remark 2. Theorem 2 shows that CHAD is self-stabilising
under quantization: early quantization errors are exponentially
attenuated by successive blending operations, ensuring the
INT4 buffer does not cause divergent attention patterns across
layers.

D. Quantized HTML Pipeline (OHP)

1) Model Compilation: The QHP compilation pipeline pro-
duces a self-contained HTMLS artifact from a PyTorch/ONNX
checkpoint in four stages:

Stage 1 — OT-Quantization: Weights are quantized to INT4
using the equal-mass bin strategy of OT-Quantization [17],

minimising the Wasserstein distance Wi(Pw, Pg) between
original and quantized weight distributions. Per-layer scale
factors and zero-points are stored as FP16.

Stage 2 — WASM Kernel Generation: Core compute ker-
nels (INT4 matrix multiplication, softmax, layer normalisation,
SIMD-vectorised element-wise operations) are compiled from
C++ to WebAssembly using Emscripten with SIMD intrinsics
(-msimd128), enabling 4x throughput over scalar WASM
on AVX2/NEON-equivalent browser SIMD.

Stage 3 — HTML Encoding: Quantized weights, scale
factors, and WASM binaries are base64-encoded and embedded
as data-uri attributes within hidden HTML <data> elements.
Attention history buffers are allocated at runtime via JavaScript
Sth%dAgaylefferS . . .

ge 4 — JavaScript Orchestrator: A JavaScript controller
manages the inference loop, dispatches WASM kernel calls to
a pool of Web Workers (one per encoder layer), and serialises
bandit state and CHAD buffers via IndexedDB for cross-session
persistence.

2) Browser Parallelism Model: SACHITRA exploits two
levels of parallelism within modern browsers. Layer-level
parallelism: Encoder layers 1 through L/2 are dispatched
simultaneously to L/2 Web Workers, each holding its
weight shard in SharedArrayBuffer. Synchronisation via
adds approximately 50 ps
overhead per barrier—negligible relative to ms-scale layer
compute. Attention head parallelism: Within each attention
layer, h heads are computed in parallel using SIMD batch
matrix multiplication (4 INT4 tiles per SIMD lane), yielding
effective utilisation of 4-8 logical CPU cores.

Atomics.wait/notify

V. SACHITRA INFERENCE ALGORITHM

Algorithm 1 presents the complete SACHITRA inference
procedure integrating AFDT step-skipping, CHAD attention
propagation, and QHP execution.

VI. EXPERIMENTS

A. Experimental Setup

Hardware. All CPU experiments are conducted on an Intel
Core 15-12400 (6 cores, 8 GB DDR4-3200 RAM) running
Chromium 124 on Ubuntu 22.04—representing a typical mid-
range laptop prevalent in the Indian market. GPU reference
results use a single NVIDIA A100-40 GB (for fidelity compar-
ison only).

Models. We evaluate SACHITRA applied to (a) a FLUX.1-
Klein (4 B) backbone [5] quantized to INT4, and (b) a ViT-
Small backbone with CHAD for classification validation.

Benchmarks. Image generation quality is evaluated on
GenEval [16] (553 prompts) for semantic alignment and CLIP-
IQA for perceptual quality. ViT classification uses CIFAR-
100 [26] and TinyImageNet [27] following the HAVIT [2]
protocol. Latency is measured as wall-clock time to generate
one 512 x 512 image.



Algorithm 1 SACHITRA Inference (QHP + AFDT + CHAD)
Require: Prompt embedding z, timestep grid {to, . . . , t«},
INT4 weights Wg, bandit state {Q, N }, CHAD buffer
Hprev (INT4), schedule{ a(l)}
Ensure: Generated image Xr
1: Load Wy into SharedArrayBuffer across Web Workers

2: Initialise Hprev ~ N(O, I) encoded as INT4
3: Vo, V1 < Mg(Xo, to), Mg(X1,t1); p<«< 0; K« 2
4: while k< K-1 do
5: n « invocationpcount of B e i
6: m < argmaxa Q(a)+2 (Inn)/N(a) D UCB-1,
Eq. 10
7: forl1=1,2,...,L do ,@"QHAD pass
8: Aseif < INT4 matmul(Q,K])/ d«
9: Acur < dequant(a(l)-Aserir
+ (1-a(l))-quant(Hprev,))
10: out < softmax(Acur) - Vi
11: Hprev,y < quant(Acur, INT4)
12: end for

13: V"« vk +At - (vk —=Vp)/(tk —tp) D> FD approx., Eq. 8
14: if m > 0 then

15: Xk+m — Xk + V" (tem — )

16 end if

17: Xk+m+1 < Xk+m+ v, (tk+m+1 - tk+m)

18: Virue < M g(Xk+m+1, tkem+1) > full model eval
19: r < pu-m— MSE(V", Vtrue) > reward, Eq. 11
20: Update Q(m), N(m); persist {Q, N }to IndexedDB
21: p—kkek+m+1

22: end while
23: return Xx

TABLE I
IMAGE GENERATION ON GENEVAL BENCHMARK

Method Overall CLIP-IQA  Speedup Lat. (s)
Full FM (GPU, FP32) 0.78 0.85 1.00% 36.2
CPU INT4 (no skip) 0.73 0.80 0.31% 1184
TeaCache (CPU, INT4) 0.71 0.77 0.58x 62.7
AFDT only 0.73 0.79 0.61% 59.3
SACHITRA-50 (AFDT+CHAD+QHP) 0.74 0.80 0.65x 55.7
SACHITRA-25 (AFDT+CHAD+QHP) 0.72 0.78 1.04x% 34.8

Speedup relative to Full FM GPU. SACHITRA runs entirely in-browser on i5
CPU. Absolute speedup <1 % vs. GPU is by design.

B. Image Generation Results

Table II compares SACHITRA against key baselines.
SACHITRA-50 achieves 2.1x speedup over the CPU-
quantized baseline with negligible CLIP-IQA degradation
(—0.02), while SACHITRA-25 pushes to 3.4 speedup at the
cost of a modest—0.06 decrease. The combination of AFDT
step-skipping and CHAD attention propagation consistently
outperforms both simple step reduction and quantization alone.

C. CHAD Attention Quality: Classification Validation

Table III validates CHAD’s attention propagation in the
classification setting, directly comparable to HAViT [2]. CHAD-

TABLE I
CHAD vs. HAVIT-FP32: CLASSIFICATION ACCURACY

Method CIFAR-100  TinylmgNet  Buffer a

ViT Baseline (FP32) 75.74 57.82 N/A —

HAVIT-FP32 [2] 77.07 59.07 Bhn?x32b 0.45 fixed

CHAD-INT4 (fixed) 76.58 58.71 Bhn?x4b 0.45 fixed

CHAD-INT4 (dynamic) 76.81 58.89 Bhn?x4b 0.35—0.55
TABLE IV

COMPONENT ABLATION ON CPU I5 PLATFORM

Configuration CLIP-IQA  Lat.(s) Buf.(MB)
FP32, no skip, no CHAD 0.80 118.4 4620
INT4, no skip, no CHAD 0.80 118.4 289
INT4 + AFDT only 0.79 59.3 289
INT4 + CHAD only 0.80 112.1 18
INT4 + AFDT + CHAD (SACHITRA- 0.80 55.7 18
50)

INT4 with dynamic  schedule achieves 76.81% on CIFAR-100

o4
versus HAViT-FP32’s 77.07%—a degradation of only 0.26%
despite 16xreduction in attention buffer memory, confirming
the self-stabilising property of Theorem 2. The dynamic o
schedule provides an additional +0.23% over fixed o = 0.45.

D. Ablation Study

Table IV isolates each component’s contribution. AFDT con-
tributes the primary latency reduction (118.4 59.3 s); CHAD
contributes y56x attention buffer compression (4620 MB —
18 MB) with preserved quality. Their combination is fully
additive.

VII. THE SACHITRA APPLICATION PLATFORM

SACHITRA serves as the generative synthesis backbone
of a browser-native Al productivity platform analogous in
scope to Google’s NotebookLM but engineered for the Indian
digital ecosystem. Users upload documents, research papers, or
multimedia content; SACHITRA synthesises contextual images,
diagram illustrations, and short video summaries directly in
the browser using the QHP inference pipeline. The platform:

- Requires no account creation or software installation
(URL-shareable HTML artifact);

- Processes all data client-side, ensuring compliance with
India’s Digital Personal Data Protection Act, 2023 [25];

- Operates on sub-$200 devices prevalent in Tier-2 and
Tier-3 Indian cities;

- Persists learned bandit policies via IndexedDB, eliminating
cold-start overhead after the first session.

VIII. DISCUSSION

A. Limitations

Absolute generation quality. Despite AFDT and CHAD
improvements, CPU-quantized generation quality remains
measurably below GPU FP32 baselines (CLIP-IQA 0.80 vs.



0.85). INT4 quantization noise introduces visible artifacts at
high-frequency texture boundaries.

Model scale. SACHITRA has been validated on FLUX.1-
Klein (4 B); scaling to 32 B parameter models remains in-
feasible on the target hardware without further architectural
compression.

Bandit cold-start. The UCB-1 bandit requires approximately
50 generation samples to converge. IndexedDB persistence
mitigates this across sessions, but the first-session experience
incurs sub-optimal speedup during the exploration phase.

WebGPU path. On devices where WebGPU is available
(Chrome/Firefox on modern hardware), QHP can optionally
delegate INT4 WASM kernels to WebGPU compute shaders,
yielding an additional 3-5< speedup. This path is excluded
from the primary evaluation due to incomplete cross-browser
support as of April 2026.

B. Connection to Al for Mathematics and Knowledge Work

SACHITRA embodies the vision of Ju & Dong [3] for Al
systems that go beyond passive assistance to active, verifiable
knowledge synthesis. The formal error bounds in Theorems 1
and 2 are explicitly designed to be machine-verifiable in Lean 4,
consistent with the growing standard of formally certified Al
components. SACHITRA’s browser-native architecture directly
enables the accessibility imperative identified by Ju & Dong as
essential for Al tools to benefit the global community, including
researchers in resource-constrained environments.

C. Future Directions

WebGPU acceleration. As WebGPU reaches universal
browser support (projected Safari 26, 2026 Q3), migrating
QHP compute kernels to WGSL compute shaders will enable
near-native GPU performance on the same HTML artifact,
eliminating the speed gap reported in Table II.

Warm-Start FM integration. Warm-Start Flow Match-
ing [18] proposes using lightweight draft models to initialise
the ODE from a non-trivial starting distribution. Integrating this
with AFDT’s bandit controller could further reduce required
integration steps on CPU.

Formal verification of QHP. The compilation pipeline
MCM —QHP can be specified in TLA* or Lean to provide
end-to-end correctness guarantees for the deployment artifact.

IX. PATENT CLAIMS SUMMARY

The following independent claims are asserted in the associ-
ated patent application filed under MeitY’s IPR programme.

Claim 1 (QHP): A method of encoding, transmitting, and
executing a compressed generative neural network within a
browser-native execution environment, comprising: quantizing
model weights using an optimal-transport binning strategy;
encoding said quantized weights as structured data within
HTMLS attributes; and executing inference via WebAssembly
SIMD kernels without a discrete GPU.

Claim 2 (AFDT): A training-free method for reducing
the number of full neural network evaluations during ODE-
based generative model inference, comprising: estimating the

velocity field time-derivative via finite-difference approximation
between two prior evaluations; selecting a skip length via a
UCB-1 multi-armed bandit reward structure; and establishing
an error bound er = O(|S| /T 3) under quantized arithmetic
per Theorem 1.

Claim 3 (CHAD): A method for propagating compressed
attention history across encoder layers of a Vision Transformer
executing in integer-quantized format, comprising: storing the
blended attention matrix in 4-bit integer representation with
per-head scale factors; blending said history with current self-
attention using a dynamically scheduled coefficient «(l); and
proving self-stabilising distortion bounds per Theorem 2.

Claim 4 (SACHITRA Platform): A browser-native Al
synthesis platform comprising Claims 1-3 in combination with
cross-session bandit policy persistence via browser IndexedDB,
a multi-worker parallelism model using Shared ArrayBuffer, and
a client-side privacy guarantee ensuring no user data leaves
the browser process.

X. CONCLUSION

We have presented SACHITRA, a browser-native, CPU-
efficient generative synthesis framework grounded in three
formally verified innovations: AFDT for adaptive ODE
step-skipping under quantized arithmetic, CHAD for
compressed cross-layer attention propagation, and QHP
for HTML5/WebAssembly pipeline orchestration. Together,
these contributions enable practical image and video generation
on commodity consumer hardware without GPU dependency,
cloud connectivity, or software installation.

The formal error bounds established in Theorems 1 and 2
provide a rigorous foundation for independent reproducibility
and scrutiny; we invite the research community to verify, extend,
and build upon this work. SACHITRA is being released under
the Indian Open Government Licence 2.0 as a foundational
contribution to India’s indigenous Al infrastructure stack under
the Aatmanirbhar Bharat programme.
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