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GLM-4.6V
Z.AI’s new flagship model with Advanced Agentic, Reasoning and Coding 

Capabilities

GLM-4.6V delivers major 
upgrades over the 
previous model GLM-
4.5V. It now supports a 
200K-token context, 
enhanced coding and 
reasoning abilities, 
stronger agentic tool use, 
and more natural, 
human-aligned writing.

Announced on 
October 1, 2025

Z.AI Blog

GLM-4.6V shows clear 
gains over GLM-4.5V 
across eight benchmarks, 
outperforming models like 
DeepSeek-V3.2-Exp and 
Claude Sonnet 4, though 
still slightly behind Claude 
Sonnet 4.5 in coding.

https://z.ai/blog/glm-4.6
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How Do We Scale LLMs?
A trivial question in modern deep learning: How can we make LLMs (or any deep learning models) better performing? 

Can we just make them deeper, larger and pre-train on larger corpus, will it be sufficient?

Yes! Kaplan et al., showed that test performance follows a power-law governing model size and training data size.

Loss decreases with higher N 
(parameters), D (data size).

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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How Do We Scale LLMs? Compute-Optimality
Hoffman et al., introduced the concept of compute-optimality, i.e., for a fixed compute, C, there is an optimal N and D to 
train on. 

Under the condition: 

Therefore, undertraining (low D) or 
overtraining (high D) leads to inefficient 
usage of compute

Following the concept of compute-optimality, 70B-Chinchilla model beats 280B-Gopher model, albeit using same 
FLOPs. 

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Training Scaling Isn’t Sufficient?
If we can improve LLMs by optimal pre-training, then what’s the problem? 

Three major limitations with training-time scaling

• Compute and training data are limited. Can’t increase forever.
• Even if we duplicate data and create synthetic datasets, important assumptions like i.i.d gets violated for scaling 

laws
• Performance improves logarithmically with N and D, but environmental factors (like CO2 emission, energy 

consumption) increase linearly.

10% improvement in 
performance requires 3x 
more energy! 

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Future of LLM Scaling
Training-time scaling works on the principals of training larger models on higher volume of pre-training data.

Post-training strategies involve – 1. in-context adaptation,  2. supervised fine-tuning, 3. Reinforcement learning

Scale models at 
test-time by 
associating more 
compute! 

Image credit: https://medium.com/@yananchen1116/a-survey-on-test-time-scaling-04b1c1dadb9d

Several challenges 
with pre-training 
scaling

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Test-time Scaling? Why?

• Complex reasoning tasks require more dedicated effort, i.e., longer generations. Human cognition 
also follows similar patterns – “thinking fast and slow” , slow and deliberate thinking for complex 
problems.

• We can fine-tune (using SFT or RL or hybrid approaches) foundational models on complex 
reasoning tasks with detailed reasoning chains added to the fine-tuning data.

• Test-time scaling, i.e., assigning more compute (increased number of generation samples, depth 
of reasoning, number of inference steps) to enhance reasoning abilities inherently, while keeping 
the model parameters fixed.

• Typically works better than training-time scaling strategies, at the same compute cost.

Key recent models capable of test-time scaling abilities: DeepSeek R1, OpenAI o1 

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Test-time Scaling -- Empirical Motivation

Wang et al., 2022 showed that TTS could 
improve greedy decoding performance by 
up to 25% for certain tasks

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Reasoning vs Non-Reasoning Models
Reasoning models tend to benefit more from test-time scaling strategies

Unlike non-reasoning language models 
which generates responses directly auto-
regressively, reasoning models break 
response into multiple steps, explore 
multiple reasoning paths, employs 
verification before generating the final 
response

End-of-reasoning tokens are used to indicate 
stop of reasoning.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Test-time Scaling Strategies: What and How to Scale

What to scale How to scale

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/


Tanmoy Chakraborty
Advanced LLMsAdvanced LLMs

Tanmoy Chakraborty
Advanced LLMs

Advanced LLMs

What To Scale in Test-time
Parallel scaling - Generate N candidates in parallel; aggregate to final (Example 
– Majority voting, Beam search, Diverse verifier tree search, self-consistency)

Sequential scaling – Iteratively generate and refine responses (Example - Self-
refine, ReAct, S1 (budget forcing), TIP)

Hybrid scaling – Extracting suboptimality through simultaneous parallel and 
sequential scaling (Example – Tree-of-though, Graph-of-thought, Monte-Carlo 
Tree Search)

Internal scaling – Autonomous scaling within reasoning models (OpenAI o1, 
DeepSeek R1)

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Best-of-N and Majority Voting Strategy (Parallel Scaling)

For N independent outputs 𝑦1, 𝑦2, … , 𝑦𝑁(can 
be generated with different decoding strategy 
or seeds), choose the result ො𝑦 =
 𝑎𝑟𝑔 max

𝑖
𝑀( 𝑦𝑖), where M is a process 

reward model (PRM) generating a score (e.g. 
accuracy w.r.t ground truth)

Majority voting strategy computes the output 
generated in the majority of the traces, i.e., 
ො𝑦 =  𝑎𝑟𝑔 max

𝑐
σ𝑖=1

𝑁 𝕀 (𝑦𝑖 = 𝑐), 

Probability of success of best-of-N strategy is 1 − 1 − 𝑝 𝑁, i.e., increases with N. 

Image credit: https://magazine.sebastianraschka.com/p/state-of-llm-reasoning-and-inference-scaling

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Beam Search and DVTS (Parallel Scaling)

Instead of greedy decoding, beam search 
keeps the top-𝑘 partial hypotheses at each 
step (by cumulative log-probability), 
expanding all in parallel.

DVTS: the model generates diverse reasoning 
branches (via top-p or nucleus sampling), 
and each branch is evaluated or verified using 
a PRM.

The PRM can evaluate the correctness of the reasoning trace, along with the final answer, 
enabling the inference process coherent, transparent and robust.

Image credit: https://magazine.sebastianraschka.com/p/state-of-llm-reasoning-and-inference-scaling

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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A Simple Parallel Scaling – First Finish Search

For several reasoning models (e.g., QwQ, R1, 
GPT-OSS) correct reasoning traces tend to 
be shorter in length than incorrect traces.

This implies that reasoning models are 
mostly correct when they are confident in 
their first attempt.

First finish search (FFS) can drastically reduce the inference compute, due to early 
termination.

These observations lead to a simpler parallel 
sampling technique, terminate the process 
when one reasoning trace is finished (end of 
sentence token generated)

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Self-Refine (Sequential Scaling)
Self-refine is an iterative process, where the 
response is refined based on the previous 
responses and the feedbacks.

Self-generated feedback is received based on 
the previous response.

The iterative process stops when a stop 
condition is triggered.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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S1 – aka Budget Forcing (Sequential Scaling)
To elongate the reasoning process (hence, 
sequential scaling), S1 suppresses the end-
of-thinking token (a typical token used in 
reasoning models to indicate finishing of 
reasoning), and add a “wait” token instead.

Image credit: https://magazine.sebastianraschka.com/p/state-of-llm-reasoning-and-inference-scaling

After seeing the “wait” token the model 
continues exploring different reasoning path

By enforce the budget (total number of 
generation tokens), the end-of-thinking token 
is added and an optional “final answer” token 
is added for early exit.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Thought Switching Penalty (Sequential Scaling)
Thought switching penalty (TIP) deals with 
the under-exploration of thoughts by existing 
sequential scaling methods.

To encourage the model to get deeper 
thoughts, TIP uses a penalty score added to 
the logit for the next token prediction.

The penalty term uses “penalty strength”, 
controlling how much to penalize and 
“penalty duration” to denote the number of 
future token positions to be penalized. 

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Tree-of-Thoughts (Hybrid Scaling)
1. Thought Decomposition – Split the 
problem into intermediate “thought” units 
(manageable sub-steps).

2. Thought Generation – From each state, 
generate k candidate thoughts using CoT or 
sampling.

3. State Evaluation – Score or rank each 
partial solution using LLM or heuristic

4. Search Strategy – Explore promising 
branches via BFS/DFS, prune low-score 
paths, and backtrack if needed.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Internal Scaling

• Internal scaling elicits a model to autonomously determine how much compute to assign during inference.

• These methods use internal process reward models to enable longer generation or decision to halt reasoning. 

• These methods are typically trained using RL for learning these decision-making capabilities.

• DeepSeek R1 and OpenAI O1 use internal scaling strategies.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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How Do We Scale Reasoning Models?
How to Scale?

Tuning-based

Supervised fine-tuning

RL-based

Inference-only (TTS)

Stimulation (e.g., Self-refine)

Verification (OpenAI O1)

Search (ToT, MCTS)

Aggregation (MV, BoN, FFS)

Already discussed

O1, R1

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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OpenAI O1 – Internal Scaling with Tuning

Developing OpenAI O1 model

• Built upon GPT-4-class architecture and reasoning-focused 
pretraining datasets with extensive multi-step reasoning traces 
(math, science, code).

• Fine-tuned on curated reasoning datasets containing explicit 
thought sequences (similar to CoT) to teach the model to “think 
before answering.”

• Applied RL with reasoning rewards -- accuracy, logical 
consistency, and formatting - guided by verifier models that 
check intermediate reasoning steps.

• Introduced internal reflection loops and adaptive halting, 
enabling variable inference depth (“think longer when needed”). 
Model learns to allocate more compute to harder problems.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Where Do We Use TTS?
Tasks where TTS could be effective

• Existing works predominantly use TTS on mathematical 
reasoning tasks (example shown below).

• AIME, MATH500 among the most popular benchmarks 
in mathematical reasoning

• GPQA is a popular benchmark is science (includes 
questions on physics, chemistry and mathematics)

• Swe-bench is a popular benchmark in code generation

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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How Do We Evaluate TTS Methods?
Performance - assess the correctness of generated solutions. e.g., Accuracy, 

pass@k 

Controllability – evaluate whether test-time methods can consistently adhere to 

pre-defined resource constraints (compute budgets or output length targets).

Scalability – measure how effectively test-time scaling methods can leverage 

increased compute to improve performance.

Efficiency – assess the computational and resource cost

Content credit: https://testtimescaling.github.io/

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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How Do We Evaluate TTS Methods? Controllability

Content credit: https://testtimescaling.github.io/

Control metric measures the fraction of test-time compute values that stay within given upper 

and lower bounds.

𝒜 is the set of observed compute values such as thinking tokens, and  (·) is the indicator function.

Mean Deviation from Target Length quantifies the average relative difference between the 

generated output length and the target length

Root Mean Squared Error (RMSE) of Length Deviation captures the variance in length control

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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How Do We Evaluate TTS Methods? Scalability

Content credit: https://testtimescaling.github.io/

Scaling factor captures the average slope of performance gains as compute increases

Scaling Curves (Performance vs. Compute) visualizes how metrics such as accuracy improve 

as token budgets, iteration depth, or the number of samples increase.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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How Do We Evaluate TTS Methods? Efficiency

Content credit: https://testtimescaling.github.io/

Total compute is calculated as the total number of tokens used across all generated responses 

(including intermediate reasoning and final answer) for a given problem.

Sequential compute is calculated as the minimum number of tokens needed in any of the 

generated responses.

Underthinking score measures how early in the response the first correct thought appears, 

relative to the total length of the response, in cases where the final answer is incorrect.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Results with Stimulation-based TTS

Results of GPT-3-code-davinci model with 
self-consistency. Increasing number of 
reasoning path improves the performance 
on mathematical and commonsense 
reasoning tasks, with diminishing return.

More reasoning paths, more exploration – 
increases chances of leading to correct 
answer. 

Self-refine is also extremely effective 
for wide-range of tasks and models

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Results with Sequential Scaling

Sequential scaling like budget 
forcing (S1) improves with more 
generation budget (results shown 
with Qwen-2.5-32B-Instruct) Fine-tuning Qwen-2.5-32B model 

on only 1000 S1 samples (samples 
with “wait” and “final answer” 
enforced) achieve similar 
performance to QwQ with 800x 
more SFT samples.

Budget forcing scales better than 
majority voting (parallel scaling)

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Sequential Scaling is Good, But?

FFS is very simple, could yet achieve remarkable result, at a much lower 
compute. 

When higher compute is assigned, majority voting (MV) tends to outperform 
all other methods.

With lower compute, FFS tends to 
work better than MV or BF. 
At higher compute, MV tends to 
improve consistently, beating other 
methods.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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How Do We Select The Best TTS Strategy

Task difficulty
DifficultEasy

C
om

pu
te

 A
va

ila
bl

e

High

Low

FFS BF

MVAny

Task difficulty
DifficultEasy

M
od

el
 S

tre
ng

th

Strong

FFS BF

MV

Weak
* LFS is last finish search (opposite of FFS)

No silver bullet in TTS strategies!! 

Any

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/


Tanmoy Chakraborty
Advanced LLMsAdvanced LLMs

Tanmoy Chakraborty
Advanced LLMs

Advanced LLMs

Emerging Research Directions in TTS
• Parallel Scaling 2.0 – Smarter Exploration: Move beyond brute-force Best-of-N sampling toward diverse and 

guided reasoning paths. Use verifier-augmented or adaptive coverage to improve efficiency and reliability.

• Sequential Scaling – Structured Self-Refinement: Introduce verification checkpoints between reasoning steps to 
avoid error propagation. Adaptive, self-correcting reasoning with minimal redundant computation.

• Hybrid Scaling – Parallel + Sequential Synergy: Combine breadth exploration with depth refinement. Expected to 
power general-purpose reasoning agents that dynamically mix both paradigms.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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Challenges and Long-Term Opportunities
• Optimizing Efficiency & Evaluation: Develop compute-aware metrics balancing accuracy, cost, robustness, and 

interpretability. Explore adaptive test-time scaling that adjusts inference depth per query difficulty.

• Adaptive Test-Time Scaling (Auto-Scaling): Create models that autonomously decide how much to think, avoiding 
both underthinking and overthinking. Inspired by human cognitive flexibility and Adaptive Computation Time 
frameworks.

https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
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