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K D /C Research Math Question: If a > 1, then the sum of the real solutions of W = x is equal to
(EpochAl Frontier Math) Response: <think>
To solve the equation W = x, let's start by squaring both ---

100 5
( fa— . a+x ) =x"=‘-a—v'a_+_x =it

80 Rearrange to isolate the inner square root term:
- (a—x)' =a+x=a?— 202+ () =a+x=x"—2ax* —x+ (@ —a) =0
g 60
=
g 40 Wait, wait. Wait. That's an aha moment | can flag here.
2 25.2 Let's reevaluate this step-by-step to identify if the correct sum can be --- s

20 We started with the equation: OpenAl, *

a—Ja¥x =x OpenAl 03 and 03-mini—12 Days of OpenAl:
© emmm Day 12"
0 First, let's square both sides:

DeepSeek, “DeepSeek-R1: Incentivizing

i —Ja+ =%t =a—-x? . . . .
plrse::"r?mus o3 FERETI TR R Reasoning Capability in LLMs via
Next, | could square both sides again, treating the equation: --- Reinforcement Learning
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%} manus Comprehensive Tesla Stock Analysis and Investment Insights

4. EV Market Share: Tesla holds approximately 18.4% of the global EV market, leading all competitors,

though Volkswagen (14.6%) is making significant inroads.

5. Manufacturing Capacity: Tesla's annual production capacity (2.1M vehicles) is lower than
established automakers but higher than other pure-play EV manufacturers. Tesla continues to

expand manufacturing capacity globally.

6. Technological Advantages: Tesla maintains leadership in key EV technologies, particularly in battery

management systems, software integration, and autonomous driving development.

I'm now moving on to calculate Tesla's intrinsic value using discounted cash flow analysis and other
valuation methods to determine if the current stock price represents fair value.

ZDIRIRDIRTDT 71 L%

a E-T

#31T © Calculate intrinsic value of Tesla stock A
Moving to calculate intrinsic value of Tesla
>-] AV Y R%ZR{TH cd /home/ubuntu/tesla_analysis/data && touch tesla_intrinsic_value.py
Calculating intrinsic value of Tesla
2] 771 IVEVEH 3

ysis/data/tesla_intrinsic_value.py

® 7S5 VEEHF

& Manush'y 27 EBELTLET .

BRICAFYT

@

IS

Manus®dvE1—%

Manus EIF< 9% TWEY

Z7AIVEHEBRLTWET tesla_analysis/data/tesla_intrinsic_value.py

tesla_intrinsic_value.py

import sys Diff Original
sys.path.append '/opt/.manus/.sandbox-runtime"'

from data_api import ApiClient

import json

import pandas as pd

import matplotlib.pyplot as plt

import numpy as np

from datetime import datetime

import os

# Initialize API client
client = ApiClient

# Create directory for charts if it doesn't exist
if not os.path.exists '../charts' :
os.makedirs '../charts'

print "Calculating Tesla's intrinsic value..."

# Load Tesla financial data

try:

# Load financial metrics from our previous analysis

with open 'tesla_financial_metrics_detailed.json',
financial_metrics = json.load f

r' as f:

# Load competitor data for comparison
with open 'tesla_competitor_comparison.json', 'r' as f:
competitor_data = json.load f

print "Loaded financial data successfully"
except Exception as e:

print f"Error loading financial data: {e}"
financial_metrics =

competitor_data =

# Current Tesla data

Modified

K Dl

@ Manus HEfi*R T9: Calculate intrinsic value of Tesla stock
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ANCING FOR LOW-DIMENSIONAL GENERATIVE MOD-
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ABSTRACT

This paper introduces an adaptive dual-scale denoising approach for low-
dimensional diffusion models, addressing the challenge of balancing global struc-
ture and local detail in generated samples. While diffusion models have shown re-
markable success in high-di i spaces, their ication to I i i
data remains crucial for understanding fundamental model behaviors and address-
ing real-world applications with inherently low-dimensional data. However, in
these spaces, traditional models often struggle to simultancously capture both
macro-level patterns and fine-grained features, leading to suboptimal sample qual-
ity. We propose a novel architecture incorporating two parallel branches: a global
branch processing the original input and a local branch handling an upscaled ver-
sion, with a learnable, itioned weighting i i
balancing their contributions. We evaluate our method on four rse 2D datasets:
circle, dino, line, and moons. Our results demonstrate significant improvements
in sample quality, with KL divergence reductions of up to 12.8% compared to
the baseline model. The adaptive weighting successfully adjusts the focus be-
tween global and local features across different datasets and denoising stages,
as evidenced by our weight evolution analysis. This work not only enhances
low-dimensional diffusion models but also provides insights that could inform
improvements in higher-dimensional domains, opening new avenues for advancing
generative modeling across various applications.

1 INTRODUCTION

Diffusion models have emerged as a powerful class of generative models, achieving state-of-the-art
results in various domains such as image synthesis, audio generation, and molecular design Yang
et al. (2023). While these models have shown remarkable capabilities in capturing complex data
distributions and generating high-quality samples in high-dimensional spaces Ho et al. (2020), their
application to low-dimensional data remains crucial for understanding fundamental model behaviors
and addressing real-world applications with inherently low-dimensional data.

The challenge in applying diffusion models to low-dimensional spaces lies in simultaneously cap-
turing both the global structure and local details of the data distribution. In these spaces, each

i ion carries signi i ion about the overall structure, making the balance between
global coherence and local nuance particularly crucial. Traditional diffusion models often struggle to
achieve this balance, resulting in generated samples that either lack coherent global structure or miss
important local details.

To address this challenge, we propose an adaptive dual-scale denoising approach for low-dimensional
diffusion models. Our method introduces a novel architecture that processes the input at two scales:
a global scale capturing overall structure, and a local scale focusing on fine-grained details. The
key innovation lies in our learnable, ti tioned weighting ism that

balances the contributions of these two scales throughout the denoising process.

We evaluate our approach on four diverse 2D datasets: circle, dino, line, and moons. Our experiments
demonstrate significant improvements in sample quality, with reductions in KL divergence of up to
128
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3.1 PROBLEM SETTING

We focus on applying diffusion models to 2D datasets. Let X C R? be our data space, and pyu(x)

be the true data distribution over X'. Our goal is to leam a generative model that samples from a
istribution progel () closely imating pasa ().

The diffusion process is defined over T timesteps. Let Xo ~ pua(x) be a sample from the data

distribution, and X1, ..., X7 be the sequence of increasingly noisy versions of Xo. The forward

process is defined as:

/(%63 /1 = Bixe—r, Bil) m

qxe|xe—1) =

where 5, is the noise schedule.
‘The reverse process, parameterized by a neural network ¢g, is defined as:

Po(xe-1[xe) = N(xe-1: pa(xe, t), Bo(xe, 1)) @

In low-dimensional spaces, each dimension carries significant information about the overall structure
of the data. This presents a unique challenge: the model must simultaneously capture both the global
structure and local details of the data distribution. Traditional diffusion models often struggle to
achieve this balance in low dimensions, motivating our proposed adaptive dual-scale approach.

Our approach is based on two key assumptions:

1. The importance of global and local features varies across different datasets and at different
stages of the denoising process.

2. A leamable, timestep weighting ism can y balance the contri-

butions of global and local features during denoising.

These assumptions form the basis of our adaptive dual-scale denoising architecture, which we will
describe in detail in the following section.

4 METHOD

Our adaptive dual-scale denoising approach addresses the challenge of balancing global structure
and local details in low-dimensional diffusion models. Building upon the formalism introduced in
Section 3, we present a novel architecture that dynamically adjusts its focus between global and local
features throughout the denoising process.

4.1 DUAL-SCALE ARCHITECTURE

The core of our method is a dual-scale architecture that processes the input at two different scales
simultaneously:

1. Global Scale: This branch processes the original input x, € X C B2, capturing the overall
structure of the data.

2. Local Scale: This branch processes an upscaled version of the input x}” € R, focusing on
fine-grained details.

Both branches use similar network architectures, but with different input dimensions:

€™ (xe,£) = MLPgiana(x, £) )
e (x}”, t) = MLPyocal(x;7, 1) @)
where MLP denotes a multi with sinusoidal for both input and time,

similar to the architecture used in the original DDPM Ho et al. (2020). The upscaling operation
x!"7 = Upscale(x,) is implemented as a leamable linear transformation:
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Figure 2: Evolution of global and local feature weights across timesteps for different datasets. The
X-axis represents timesteps (from end to beginning of the diffusion process), while the y-axis shows
weight values. Each line represents the weight for global (solid) and local (dashed) features for a
specific dataset.

b

Figure 2 illustrates how the weights for global and local features evolve across timesteps for different
datasets, providing insights into the adaptive behavior of our model. This visualization helps us
understand how the model balances global structure and local details at various stages of the denoising
process for each dataset.

5 EXPERIMENTAL SETUP
We evaluate our adaptive dual-scale denoising approach on four 2D datasets: circle, dino, line, and
moons. These datasets, each consisting of 100,000 points, represent a range of low-dimensional data
distributions with varying complexity:

« Circle: A simple closed curve

« Dino: A complex shape with both smooth and sharp features

« Line: A linear structure

« Moons: Two interleaving crescent shapes

Our model architecture, implemented in PyTorch, consists of:

+ Global and local branches: Multi-Layer Perceptrons (MLPs) with 3 hidden layers of 256
units cach, using sinusoidal embeddings for input and time

« Upscaling operation: Learnable linear transformation from B2 to R*

« Weight network: 2-layer MLP with LeakyReLU activation

Training parameters:

i SCANAR

https://sakana.ai/assets/ai-scientist/adaptive_dual_scale_denoising.pdf
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Digital Transformation through Artificial Intelligence: A Systematic Review R 5|FA#: 145
Tanaka Kenji, Suzuki Akira, Yamamoto Yuki

This paper reviews the current state of digital transformation (DX) enabled by artificial intelligence technologies, focusing on implementation strategies and
success factors across various industries.
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Machine Learning Applications in Digital Transformation: Case Studies from Japanese Manufacturing R S|FHE%: 98
Sato Haruki, Ito Yui

This study examines how machine learning technologies are being applied to accelerate digital transformation in Japanese manufacturing companies, with
detailed case studies and implementation frameworks.
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Deep Learning for Digital Transformation in Healthcare R 5|AE%: 87
Nakamura Mei, Kobayashi Ryo, Takahashi Hana

This research explores how deep learning technologies are revolutionizing healthcare through digital transformation, with focus on diagnostic imaging,
personalized medicine, and operational efficiency.
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Al-Driven Digital Transformation in Financial Services R 5|M#: 76
Watanabe Taro, Kimura Aiko

This paper analyzes how artificial intelligence is driving digital transformation in the financial services industry, covering applications in risk assessment, fraud
detection, and customer service automation.
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