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Summary

• RQ1: Does irrelevant context affect LLM’s financial 

recommendations?

• RQ2: What explains this effect in RQ1?

• Main findings:
1. Model outputs are affected by irrelevant image cues

2. Disconnection between belief (probability estimate) & choices

Summary: Prompt engining changes model outputs

• Timely research question, strong evidence, practical 

implication

• Caveat: 75 pages + 87 pages + 113 pages



A Quick Summary the Paper



Outline

• Connection between different modality in MLLM

• Emotional state of LLM

• Belief-Choice Disconnection

• How do LLMs reason?



Word Representation (Embedding)

• One-hot encoding (bag 
of words): dictionary-
level vector size

• Represent text using 
neural word embedding 

– Dimensionality reduction 
(smaller vector size)

– Words with similar 
meanings have closer 
vectors

Synonyms?

LLM Dimensionality Reduction – Word 
Embedding



Multimodal Large Language Model
• MLLMs can process and generate multiple data types, 

bridging the gap between different modalities
• Generate an image based on a written description

Multimodal Large Language Models (MLLMs)



MLLM Background• At the fundamental level, a text-based LLM is the backbone of MLLM. 

• During MLLM training, other modalities of data are encoded and projected to 
textual space, e.g., representing audio and images using text embeddings

Connector (Aligner/Projector): transforms and synchronizes the varied modality 

embeddings, adapting them to be effectively interpreted/used by the central LLM. 

Projects modality features into a compatible space for LLM (textual embedding space).

MLLM Training – Connecting Modalities



MLLM Background

Emotion Concepts and their Function in a 
Large Language Model (Anthropic 2026)



Belief and Choice

• Paper title: “When AI Knows but Still Chooses Wrong”

– A disconnection between belief and choices

• Main results: No bias in 

probability estimate 

(belief) but the choice is 

biased



Belief-Choice Disconnection

• Disconnection implies one of three things:

1. The stated beliefs are not the “real” beliefs driving choice (belief 

elicitation is unreliable)

2. Risk preferences are shifting with the cue (mood-dependent utility, 

Kuhnen & Knutson 2005)

3. Choice is being generated by a process that does not go through 

belief-based expected utility (affect heuristic, Slovic et al. 2007)

• Bordalo et al. (2024, 2020) is more about the first interpretation. 

• The paper’s finding is more consistent with the second and third 

interpretations: belief is not as affected by the cue



Proximity to Image Cue

• When the image cue was immediately before the probability 

question, we observe biased probability estimates

• That is, both outputs are determined by context

• LLM don’t really have 

“beliefs”

• The “probability” elicited is a 

generated output, not an 

internal state that causally 

drives the “choice”.

• Numerical reasoning versus 

free-form generation; prompt 

sensitivity?



Belief-Choice Disconnection

• For example, for humans:

– Stated beliefs could be produced by a deliberative System 2 process

– While choices are produced by a fast, affect-driven System 1 process

• LLMs don’t have System 1 / System 2 in any clean sense:

– Training data asymmetry: belief/forecast prompts more numerical/reasoning 

than choice/advice 

– RLHF shaping: penalty for emotional context leaking into numbers

• Some suggestions

– Eliciting beliefs in free-form format; choices in constrained/numerical format 

– Forcing the model to reason using chain-of-thought: given my belief is X, the 

optimal allocation is Y…

– Numerically assess implied risk-preference shift?



LLM Reasoning

• We still do not know a whole lot about how LLMs generate 

outputs.

• “We empirically study the CoT faithfulness of reasoning 

models and find that CoT monitoring … is not reliable 

enough to rule out unintended behaviors.”



MLLM Background

Reasoning Models Don’t Always Say What They 
Think (Alignment Science Team Anthropic 2025)



MLLM Background

Reasoning Models Don’t Always Say What They 
Think (Alignment Science Team Anthropic 2025)



Earnings Prediction



Earnings Prediction and Look-Ahead Bias 

(Levy 2026 JAR)



Numerical Reasoning (Levy 2026 JAR)



LLM Reasoning

• We still do not know a whole lot about how LLMs generate 

outputs. Another example:

• “Finetuning an LLM on a narrow task of writing insecure 

code causes a broad range of concerning behaviours 

unrelated to coding”



Emergent Misalignment Examples



LLM Reasoning

• Which part of the paper’s results should we focus on? That LLM 

can sometimes generate probability estimates, or that LLM gives 

biased choice, or both? 

• A few random thoughts:

– Ask agents about expected stock market return immediately before the 

choice?

– What if not asking LLM “What does this image remind you of?”



Summary

• Prompt engineering is an art, not a science

– Production-level robo-advisors use system prompts, RAG pipeline, 

tools, and guardrails

• Don’t ask LLM random questions before an important one!

• Very interesting paper w/ practical implication! 

• Look forward to seeing it in print!
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