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Group 11: Beyond One Sentiment per Headline
Problem
Sentiment models give a headline one label. But 11% of 
SEntFiN headlines (1,233 of 10,753) affect their companies 
differently. We call these conflicting headlines.
Why it matters: people track companies, not headlines.
Example (SEntFiN validation): “Chill on street continues; 
Sensex slips 93 points, Infosys shines”

Infosys
Event: stock shines
Sentiment: Positive

Sensex (index)
Event: slips 93 points
Sentiment: Negative

FinBERT and B1 say negative for both; B2 gets both right.

Input: a headline + one company named in it
Output: that company’s sentiment: positive, neutral, or negative 
(B2 also names the event)

Research question
Does a label per company (and its event) capture 
these headlines better than one label per headline?

Our approach: three systems
A. FinBERT, off the shelf
One label per headline, copied to every company

B. One LLM (GLM-5.3), two prompts
B1: one label per headline, like A
B2: one sentiment label + event for each company

C. FinBERT, fine-tuned on SEntFiN
Headline + one company → that company’s label

What’s new (beyond prior work)
• SEntFiN (JASIST 2022) and FinEntity (EMNLP 2023) label sentiment per company. → We test one label per headline 

against one label per company with the same LLM, and score conflicting headlines separately.
• SENTiVENT (LRE 2022) and EFSA (ACL 2024) add events; EFSA uses Chinese news. → We extract a per-company 

event from English headlines and will check it against SENTiVENT.



GROUP 11 · PROGRESS SO FAR

A label per company improves conflicting headlines
Completed work
• Data: rebuilt SEntFiN with the paper’s counts (10,753 

headlines); 81/9/10 split

• Evaluation: macro-F1 by headline group, with 95% CIs

• Systems: FinBERT and one LLM with two prompts (B1, B2), 
run on 968 validation headlines

• C, our fine-tuned FinBERT: training pipeline built; 500-pair 
pilot beats original FinBERT in every group (0.74 vs 0.67 
overall)

• Apple stock data: 600 Finnhub news articles (Jul 6 – Oct 3) 
hand-labeled for relevance, split by date 360/120/120

• App: Streamlit viewer comparing the four systems

Main result so far
Conflicting headlines (119), SEntFiN validation · lines: 95% CIs

B2 0.86 vs B1 0.45, same LLM. On single-company 
headlines they tie (0.81 vs 0.79).

Next steps (before the final report)
1.  Train C on all 11,668 training pairs (pilot used 500)
2.  Run every system once on the untouched test split
3.  Check B2’s events against SENTiVENT

4.  Stock study: compare company sentiment with Apple’s 
returns over the next day and 5 days
5.  App: label new headlines with our models

Known limits: validation split only; the test split is untouched. C is a 500-pair pilot. When companies agree, B2 sometimes splits labels (28 of 146 headlines).
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CSCI 544 GROUP 23 · OVERVIEW: PROBLEM AND METHOD

Does this citation say what its source said?
When a biomedical paper cites another, it claims the source backs up a specific statement. Often it doesn't: the claim gets stretched, 
flipped, or was never there. We want a system that reads the cited article and decides whether the citation holds up.

Why it matters: 39% of citations in the Sarol et al. benchmark misrepresent their source, and checking them by hand is slow.

THE TASK

INPUT

A citing sentence (citance)
+ the full cited article (~239 sentences)

Retrieve the evidence
Keep the top 20 sentences

OUTPUT

One of three labels
ACCURATE · NOT ACCURATE · NOT ENOUGH INFO

→ →

Why it's hard: only ~2.5 of ~239 sentences are real evidence, and the classifier only ever sees the 20 that step 1 keeps.

PRIOR WORK VS. OURS

Retrieve  (~239 → 60) Rerank Classify  (20 → label)

Sarol et al. 
2024

BM25
MonoT5-base (60 → 20)  zero-shot, general domain; scores each 
sentence alone

MultiVerS  fine-tuned

Ours BM25  same settings
PubMedBERT (60 → 20)  fine-tuned on this task; scores each 
sentence with its neighbours

MultiVerS  same checkpoint

WHAT GOES BEYOND PRIOR WORK

Recent work also checks citations against full text, such as SemanticCite (a retrieve-then-judge system) and SciCiteVal (a dataset with gold 
evidence), but neither separates retrieval errors from judgment errors. Sarol et al. point to retrieval as the weak link. We test that: we train the reranker 
(in-domain, in context, half the size), then hold the classifier fixed and vary evidence quality from random to perfect.



CSCI 544 GROUP 23 · MAIN TAKEAWAY AND REMAINING WORK

Better retrieval has not improved classification

Experiment 1: remove the first filter

We let the same MonoT5 reranker
score all ~239 sentences.

Sentences scored Recall@20

BM25 top 60 0.529

All ~239 sentences 0.541

Removing BM25 gave little improvement,
while scoring 4× more sentences.

Our trained reranker

Same BM25 filter, task-trained PubMedBERT

Metric MonoT5 Ours

Recall@20 0.529 0.638

Recall@10 0.422 0.523

AllGold@20 0.372 0.493

MRR 0.323 0.365

Higher recall on 17 of 20 test papers

Classification macro-F1: 0.684 baseline, 0.674 with ours

Before the final report
Train the classifier using sentences selected by our reranker.
Compare its decisions before and after training, then review the errors.
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Does dynamic trust better predict personal attacks?
REFERENCE

1. MatrAIx: Simulating the World
2. Conversations Gone Awry
3. Small Agents, Big Gains

THE PROBLEM

● AI “fake users” let researchers test chatbots 
without large human studies.

● A static user keeps a fixed trust score, even 
when the conversation grows tense.

● People lose patience when dismissed and warm 
up when things go well.

DATASET: CGA-WIKI

● 4,188 Wikipedia talk-page conversations
● Two-speaker, 3-turn pre-attack openings
● Human labels: attack / no attack
● Future turns stay hidden from agents
● Sampled whole pairs, dropped 134 

early-attack threads

● Simulate static and dynamic agents from the same 
real conversation opening.

● Only dynamic agents update trust after each reply.
● Compare blind attack scores against real human 

outcomes.

CSCI 544 / TEAM 17 / PAPER, PROBLEM AND PROPOSED SOLUTION

1 / 2

Novelty: MatrAIx scales persona simulation; 
we test whether updating trust better predicts 
real conversational outcomes.

OUR PROPOSED RESEARCH

Papers: Li et al. (2026), arXiv:2608.04205. Dataset: Zhang et al. (ACL 2018). Ping et al. (ACL 2026).

https://arxiv.org/abs/2608.04205?
https://aclanthology.org/P18-1125/
https://aclanthology.org/2026.acl-industry.39/
https://arxiv.org/abs/2608.04205?
https://aclanthology.org/P18-1125/
https://aclanthology.org/2026.acl-industry.39/


Pipeline and progress
EXPERIMENT PIPELINE

Test Run: 5 conversations, 10 arms (static+dynamic)
Next: 

● 20 validation pairs → randomize personas → fixed length testing → 
held out evaluation. 

● Evaluate simpler trust-update rules for reliability and predictive accuracy

PROGRESS & NEXT

RESULTS & FINDINGS

CSCI 544 / TEAM 17 / PIPELINE, PROGRESS AND RESULTS

1  Real conversation opening

2  Initialize personas

3  Static
Trust fixed

3  Dynamic
Trust updates

4  Blind judge: dialogue only

5  Evaluate: join real labels

Both arms: ROC-AUC 0.67, Spearman 0.32

Real label Static Dynamic

Attack (1) 0.72 0.75

Civil (0) 0.00 0.00

Civil (0) 0.00 0.00

Attack (1) 0.00 0.00

Civil (0) 0.35 0.20

2 / 2

DYNAMIC TRUST UPDATE
Tt+1 = clip(Tt + α(rt − 0.5), 0, 1)
α = 0.5. rt: LLM rating [0, 1] (0.5 = neutral).

Main finding:
● dynamic trust hasn't improved prediction in this pilot.
● Both conditions achieved an ROC AUC of 0.67 and a Spearman 

correlation of 0.32.
● One interesting failure was a real conversation labeled as an attack 

where neither simulation escalated, so both received a score of 
zero.
       **five conversations are too few to draw strong conclusions.**

CONVERSATION FLOW
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What should an LLM 
rehearse?
Budgeted Replay for Continual Preference Tuning

CSCI 544 · Midterm Presentation

GROUP 26 RESEARCH PROJECT



WHAT SHOULD AN LLM REHEARSE? · CSCI 544 · GROUP 26 · MIDTERM

Learning something new can erase what a model knew

The problem: models forget

Chat models are updated again and again, and each update edits 
the same weights, so new learning can undo old skills. 
Example: fine-tuning GPT-3.5 and Llama-2 on harmless data 
weakened their safety [Qi et al. ’24].

Recreating the problem: ONE MODEL, 3 SKILLS, IN DIFFERENT ORDERS

1 · Be helpful →
HelpSteer2

2 · Be safe →
PKU-SafeRLHF

3 · Write well
UltraFeedback

Each example: a question + 2 answers; 1 answer selected as preferred

Our first experiment shows forgetting is real

83.5%
safety after stage 2

→74.5%
after stage 3

−9 pts

Safety = % of 200 unseen safety questions where the model 
prefers the safer answer (one run)

Across all runs, safety drops 13.25 points. The usual fix is to keep 
reviewing a few old examples (10% of each batch). But which old 
examples are worth reviewing?

What people do today, 
and what’s missing
Review at random [Scialom ’22]: replay a 
small sample of old data (1%) during new 
training. Strong, but spends slots on things 
the model still knows.

Predict what will break [Jin & Ren ’24]: 
train a model to forecast which old 
examples an LM update will break, then 
review those. Needs an extra forecaster; 
not built for preference data.

Reweight the loss [CPPO, Zhang ’24]: in 
continual RLHF, weight each sample to 
balance new and old preferences. Changes 
the loss; does not choose what to review.

The gap: in sequential DPO some pairs 
lose far more confidence than others 
[Bhandari ’26], yet no one reviews by 
each example's drop since it was 
learned. That is what we build →

Our method: review what 
was forgotten most (MFR)

Confidence (DPO margin) = how much the 
model prefers the answer people picked.

Example Learned Now Drop

Safety Q12 0.9 0.2 0.7

Helpful Q4 0.8 0.7 0.1

Safety Q30 0.3 0.1 0.2

Toy numbers. MFR picks Q12 (biggest drop); 
“weakest now” would pick Q30 (lowest now).

1. Save: 500 old examples + confidence 
when learned

2. Re-check: confidence 5 times during new 
training

3. Review: each batch = 18 new + 2 old with 
the biggest drop

Input: the model + 500 examples + their confidence 
when learned

Output: 2 old examples to replay



PROGRESS SO FAR · 40 RUNS · 4 TRAINING ORDERS × 2 RANDOM SEEDS

Which examples you review matters more than how many

Random review: the old examples are picked at random (14.3% = 50% more slots). Weakest now: 
review the old examples the model is least confident about today. Averages of 8 settings.

What we found
1. Any review helps: reviewing 10% random old examples cuts 
forgetting by 31%.

2. Quality choosing beats quantity: with the same budget, MFR 
forgets 11.3% less than random review and wins in 7 of 8 settings. 
Giving random review 50% more slots helps only 0.5%.

3. But “weakest now” is even better: reviewing what the model is 
least confident about today forgets 8.4% less than MFR and ends 
with the best overall score (+0.58 points over MFR). Why: an 
example can drop a lot and still be answered correctly.

Done so far
Data ready: 3 human-preference datasets, cleaned and 
frozen into 2,000 train / 200 val / 300 test pairs each

Pipeline built: Qwen2.5-1.5B-Instruct learns each skill with 
DPO through a small 4-bit QLoRA adapter

40 runs done: 5 review methods × 4 skill orders × 2 seeds, 
on USC’s CARC GPU cluster

Before the final report: try to beat “weakest now”
Balanced MFR
Each old skill gets equal 
review slots. Tests: is MFR 
better at picking, or does it 
just favor safety?

At-Risk MFR
Examples the model gets 
wrong now go first. Tests: 
does adding “weakest now” 
close the gap?

Stochastic MFR
Picks at random, weighted by 
drop. Tests: is MFR reviewing 
the same few examples too 
often?

Oct: variants + all-data-at-once ceiling  ·  Oct 30: freeze method  ·  Nov: new seed, held-out test, judge 
generated answers, human ratings  ·  Dec 15: report

* Accuracy is the percentage of preference pairs with a positive length-normalized DPO advantage over the frozen base model. It measures whether training moved the model in the preferred direction. 
It is not factual accuracy.



Questions?
What should an LLM rehearse? Review what it has forgotten most

CSCI 544 · Group 26
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Project Overview

Problem: Low-resource languages suffer from high 
tokenization premiums compared to English, resulting in more 
costly and less efficient model usage for Non-English users.

RQ: Can we reduce tokenization overhead for under tokenized 
languages in Qwen3-0.6B without degrading English 
performance?

Method: 

- Compare sentence level token counts across 16+ 
FLORES+ languages using Qwen3-0.6B, Llama-3.2-1B, 
and GPT-4o tokenizers & distinguish missing-script 
coverage from poor subword merges

- Extend Qwen’s BPE vocabulary with 1-4k new tokens, 
and test a the target-specific pre-tokenizer change for 
Telugu

- Evaluate token compression, bits-per-byte, English 
retention, and generation repetition. Compare these 
metrics against continued training 

Beyond Prior Work
Churchill & Skiena 2026 – only adds tokens for whole 
characters with calculated embeddings in a frozen model. 
We merge previous characters into syllables and words, and 
train the new token embeddings

Smith et al. 2026 - continued BPE merges, mean-initialized 
embeddings with a two stage adaption. We adopted the 
recipe and then add a matched compute baseline separating 
the tokenizers effect from the extra training.

Dobler & de Melo 2023 (FOCUS) - initializes each new 
token as a similarly weighted combination of tokens shared 
by old and new vocabularies, since a restrained tokenizer 
tokens have no exact decomposition into old ones. 

 
Ours: Adds syllable and word tokens, trains them, and adds 
the matched-compute baseline. We also distinguish between 
poor BPE merges (Armenian) and character fragmentation  
(Telugu) and evaluate targeted repairs on these two issues, 
versus a one fits all approach.



Main Takeaway
Takeaways:

Vocabulary extension cut Armenian’s token count by 72% while 
bits-per byte remained the same (1.259 bits-per byte → 1.260 bpb) 
English also remained the same within this run. 

(Telugu: 7.04x →1.45x, Armenian 5.25x →1.46x)

Tradeoff: While Armenian Bits/Byte improves, repetition 
increases
Additionally, tokenization repair can be language specific 

Remaining work:

- Unfreeze the model body for both arms (ours and continued 
training) at matched compute

- Add a downstream task and more seeds; so far it is one run and 
bits/bytes plus 5 generation prompts

- Train Telugu with the vowel-sign fix, then compare it with 
Armenian
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Long-Horizon Insurance Credit

CSCI 544, Group 45, Midterm Update
Runhao Li, Chang Liu, Alexander Sanchez,
Zhixian Wang, Siyi Zhang, Junrui Zhu 1

Input: task history, checkpoint/control, and failure conditions

The evaluation blind spot Four matched continuations

Save
checkpoint

Clean run
May go unused

After context loss
May aid recovery

Shared
task

snapshot

Checkpoint

Placebo

Faulty run

Clean run

Faulty run

Clean run

Shared event-anchored faults and a length-matched placebo

Credit = (checkpoint − placebo) under faults − (checkpoint − placebo) in clean runs

Output: extra protective value in task-success percentage points

PCCC (Meng, 2026) / C3 (Chen et al., 2026): action attribution.
ToolMaze (Zhu et al., 2026): episode-level robustness.
Ours: fault-conditioned, clean-subtracted credit for one preventive action.



Workspace discovery limits checkpoint recovery

CSCI 544, Group 45, Midterm Update
Runhao Li, Chang Liu, Alexander Sanchez,
Zhixian Wang, Siyi Zhang, Junrui Zhu 2

Evidence from estimator validation and ToolMaze agent evaluation

BASIN DAG: estimator validation

82/82 0/82
Insurance credit Clean counterfactual

160 tasks, 82 valuable clean-neutral actions
Rank agreement with exact credit: τ = 0.92

ToolMaze: GPT-4.1-mini

Condition Credit (pp) 95% CI

Autonomous 0.0 [−7.5, +7.5]

Imposed read +15.7 [+6.7, +24.6]

Autonomous: 20 tasks, 0/640 workspace reads
Imposed read: 67 tasks; task-clustered 95% CIs

A recovery read reveals checkpoint value that autonomous agents leave unused.

Before the final report
Consolidate existing BFCL / ALFWorld results and multi-seed training analyses.
Document recovery failures and scope limits, then incorporate midterm feedback.
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FaWL · FACTUALITY-WEIGHTED LOSS FOR QUANTIZATION-AWARE TRAINING
4-bit quantization hits named entities hardest. FaWL teaches the small model to protect 
them.

HOW IT WORKS

Marie

1+α

Curie

1+α

was

1

born

1

in

1

Warsaw

1+α

L = Σ w(t) · KL(teacher ‖ student)

spaCy tags the entities. We compare 4 configs: uniform, 
TSLD, FaWL, and FaWL+TSLD.

Input: Qwen2.5-1.5B-Instruct (full precision, the teacher) 
and WikiText-103 text.

Problem: compressing an LLM to 4 bits makes it lose facts. Can we train the 4-bit model to keep them?

Output: the same model in 4-bit (NF4 + LoRA, the 
student) that keeps the teacher’s facts.

HOW FaWL DIFFERS FROM PRIOR WORK

Method Weights tokens by Stage

TSLD Kim ’23 teacher uncertainty QAT

RSQ Sung ’25 attention PTQ

DB-LLM Chen ’24 entropy, per sample QAT

Wang et al. ’26 measures fact loss only PTQ

FaWL (ours) factual content (NER) QAT

Prior work weights tokens by model statistics. FaWL 
weights by what a token means, alone or with TSLD.

CSCI 544 Applied NLP · Midterm Presentation · Group 34 · 1/2



MAIN TAKEAWAY SO FAR

Quantization hurts named entities most, and plain distillation cuts 
their drift 44%. Next: does targeting them help more?

PILOT: PLAIN 4-BIT VS FULL MODEL

Named entities 0.237

Other tokens 0.131

1.8× more drift on entity tokens

AFTER TRAINING: 300 HELD-OUT PARAGRAPHS

Plain 4-bit 0.235

Plain distillation 0.131

−44% drift on entity tokens

Drift = per-token KL from the full-precision model; lower is better.

Completed
Fact tagger aligned to Qwen tokens (14% tagged)
Pilot on 88K tokens: where 4-bit drift lands
Training pipeline with 4 loss modes
Tuning runs: loss mix, adapters, boost α
Trained plain distillation (0.131) and FaWL+TSLD (0.133)

Next milestones
Train FaWL-only and TSLD-only models; tune α

Evaluate all four on LRE, TwoHop-Fact, TruthfulQA, HaluEval 
and MMLU 
Success = FaWL beats plain distillation on LRE and 
TwoHop-Fact, with MMLU unchanged
Write and submit the final report

CSCI 544 Applied NLP · Midterm Presentation · Group 34 · 2/2



Team 29



RL-Trained Query Rewriting for Code Search
Developers ask in plain English. Code answers in identifiers, APIs and error types.

1 · HOW IT WORKS

DEVELOPER ASKS

“why does my 
request keep 
timing out?”

Rewriter
LoRA + GRPO

REWRITTEN

requests timeout 
HTTPAdapter retry

Retriever
kept frozen

TOP RESULTS
retry_request()

open_session()

parse_headers()

Reward: rank of the correct function → GRPO update

2 · WHERE PRIOR WORK SITS 3 · THE GAP

TEXT SEARCH CODE SEARCH

Prompted /
imitation

RQ-RAG NLP2API, SSQR, GAR

RL, LLM
rewriter

DeepRetrieval, 
ConvSearch-R1

Our project

Can RL training beat prompting 
alone for rewriting code search 
queries?

We compare a GRPO trained Qwen 3B against raw 
queries and prompted Qwen 1.5B, 3B and 7B.

RL, small
models

—
QueCos (2021)

LSTM + Transformer

Team 29



Baseline Results and Next Steps

Hit@10 for each dataset and retriever pair.

1 · DONE: SETUP

DATASETS

CoSQA · CodeSearchNet
RETRIEVERS (FROZEN)

BM25 · UniXcoder
REWRITERS

Qwen2.5 Coder 1.5/3/7B
METRICS

Hit@k · MRR · nDCG

2 · DONE: BASELINE RESULTS

* significantly worse than raw 

~47%
of queries have a better rewrite

WHY PROMPTING FAILS

1 Copy the prompt's own words into the 
query

2 Never see retriever results, so can't tell 
good rewrites from bad

3 · NEXT STEPS

1 Try a gentler prompt 2 Train the rewriter with 
GRPO 3 Compare with raw and 

prompted 4 Ablations and final 
report

Team 29
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Group 21
Austin Tindal, Dominic Woetzel, Gautham Anand, 
Rohan Sinha, Sachith Shetty, and Sampriti Gopisetti



Problem Overview
Background (Routing): 

• Routing: Send user query to the “right” LLM 
• Use cheaper model vs expensive model where possible
• Shown to reduce costs AND improve response quality

Problem: 
• Many LLM use cases are now multimodal
• Classical routing techniques show degraded performance on non-text input

Topic and Novelty:
• Recent literature has improved routing hidden state probes for image input by combining LoRA 

adapters with KL-regularized information bottlenecks to learn representations that better predict 
model correctness [1]

• Topic: routing for video input
• Method: improve probe techniques to account for temporal dimension of videos, e.g classifying 

using many timesteps of LLM hidden states

[1] Yaopei Zeng et al. ReLope: KL-Regularized LoRA Probes for Multimodal LLM Routing. 2026. arXiv: 2603.24787 [cs.AI]. URL: https://arxiv.org/abs/2603.24787.

https://arxiv.org/abs/2603.24787


Progress and Next Steps
Progress: 

• Replicated results from recent image routing 
paper [1]

• Showed technique degrades on video input

[1] Yaopei Zeng et al. ReLope: KL-Regularized LoRA Probes for Multimodal LLM Routing. 2026. arXiv: 2603.24787 [cs.AI]. URL: https://arxiv.org/abs/2603.24787.

Next Steps: 
• Plot system accuracy against routing ratio for our 

Video-MME implementation.
• Improve video results by augmenting more temporal 

information.
• Initial direction: ingest one hidden state per video 

frame + position embedding into transformer before 
classifier

• Idea: enable model to observe events across video 
frames to better evaluate LLM response quality. 

Input Type Dataset AUC-ROC

ReLoPe Paper 
Result (Image)

A-OKVQA 0.86

ReLoPe KL 
summed (Image)

A-OKVQA 0.67

ReLoPe KL averaged 
(Image)

A-OKVQA 0.86

ReLope KL averaged 
short length (Video)

VideoMME 0.84

ReLope KL averaged 
Short & Medium 
length (Video)

VideoMME 0.80

Non ReLope KL Video 
Probe (Video)

VideoMME In Progress

Zeng et Al. results, our replicated results, and 
initial benchmark on VideoMME dataset

https://arxiv.org/abs/2603.24787
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TEAM 13  ·  CSCI 544 MIDTERM

Match retrieval effort to the question
Enterprise support assistant: a cited answer from company documents, or a refusal when evidence is weak

1

Check verified cache

Repeat? Reuse the answer

2

Hybrid retrieval

Vector + keyword search

3

Check the evidence

Disagree? Search again

4

Answer or refuse

Cite sources, or decline

■ built      □ planned

PRIOR WORK

Adaptive-RAG (Jeong et al., 2024): routes by 
question complexity

Self-RAG (Asai et al., 2024): learns when to 
retrieve, critiques itself

OUR ANGLE

They decide when to retrieve. We decide how 
much effort an enterprise question deserves 
(reuse, retry once, or refuse) and measure quality 
against latency and cost.



WHAT WE HAVE LEARNED

Search harder only when it is needed
Extra LLM-assisted search runs only when keyword and vector search 
disagree on the top document

Ranking quality Latency

Vector search only 0.807 30 ms

Hybrid: vector + keyword 0.846 30 ms

+ extra search, every question 0.825 1,320 ms

+ extra search, when needed 0.855 592 ms

Takeaway: targeting the extra search (46% of questions) 
cuts latency by more than half versus always searching, 
and ranks better.

END-TO-END PROTOTYPE

A local Qwen3-4B 
writes cited answers 
or refuses. Each answer 
takes up to 6 s, and ~96% of that is the LLM writing, 
so reusing verified answers saves the most.

FINAL REPORT

1 Confirm on validation and test questions

2 Score answers and refusals on all questions

3 Verified cache for repeat questions

4 Grow to ~300 questions, incl. multi-doc

Retrieval: 62 dev questions, Qwen3-Embedding-0.6B, nDCG@5 (1 = perfect). Answering: 3 rehearsal questions. Not yet validated on held-out data.
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Prior work: one label at a time
Toxicity · Pavlopoulos et al. 2020; Madhyastha et 
al. 2023
Hate / counter-speech · Yu et al. 2022

Stance · Li et al. 2022

Sarcasm · Jang et al. 2024

LLM labelers (toxicity) · “You” Is Not Toxic, 2026

Different setups so results are difficult to be compared.

Experimental Hypothesis

The label type affects how much context helps classify Reddit comments.

Progress so far

1

Take a Reddit 
Data →

2

Add context 
above it →

3

Create LLM 
panel →

4
Label
toxicity
sarcasm
stance
emotion

Measure: Do the labels change and do the models agree more?

Group 44 · Ganghui Yi, Ryan Nader, Ritika Singh, Serena Wamba Fosso, Will Wei, Sadokat Khakimova



A simple example

None
comment alone

(no context shown)

A: Wow, great job.

Sarcasm: not sarcastic

Toxicity: not toxic

Stance: neutral

Emotion: joy

Parent
1 reply above

B: I deleted the whole folder by 
accident.

A: Wow, great job.

Sarcasm: sarcastic

Toxicity: not toxic

Stance: disagree

Emotion: anger

4 real
4 reply above

B: I deleted the whole folder by 
accident.

A: Please say you didn't touch the 
main folder.

B: Nope.

A: Did you back up the project?

A: Wow, great job.

Sarcasm: sarcastic

Toxicity: not toxic

Stance: disagree

Emotion: anger

4 unrelated
same length, other replies

D: Until midnight, I think.

C: Is it open late?

D: Try Joe's on 5th.

C: Anyone know a good pizza 
place?

A: Wow, great job.

Sarcasm: not sarcastic

Toxicity: not toxic

Stance: neutral

Emotion: joy

■ = differs from “none”

Group 44



# Model

1 Qwen2.5-7B-Instruct

2 Llama-3.1-8B-Instruct

3 Mistral-Small-3.2-24B-Instruct

4 Gemma-3-27B-IT

5 Llama-3.3-70B-Instruct (8-bit)

6 Qwen2.5-72B-Instruct (4-bit)

7 Claude Haiku 5.5

8 GPT-6 Luna

■ = excluded from the depth study

Toxicity
“Is the final comment toxic?”

toxic not toxic

Sarcasm
“Is the final comment sarcastic?”

sarcastic not sarcastic

Stance
“What stance does the final comment take toward the comment it replies to?”

agree disagree neutral not applicable “n/a” when no parent is shown

Emotion
“What emotion does the final comment express?”

joy anger sadness fear surprise disgust neutral
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Two Experiments Conducted

A: 4-condition study B: depth study

none parent 4 real 4 unrelated 0 1 2 3 4 5 6 7 8 9 10
k = earlier comments shown (k = 10 is the whole thread)

■ the comment we label     ■■ earlier comment, same thread     □ comment from an unrelated thread, same length

Comments: 1,000, each at reply depth 4
Labels: 8 LLMs × 4 questions × 4 conditions = 128,000
Human check: 50 of these comments, in all 4 conditions

Asks: Does the thread matter or is it just more text?

Comments: 1,000 different ones, each at reply depth 10
Labels: 5 open LLMs × 4 questions × 11 depths = 220,000
Not here: no unrelated-text control, no human labels

Asks: How many earlier comments until labels stop 
changing?

Group 44



Which labels can we trust?
Does the panel match a human (1 rater, 200 labels per question)?
Does each LLM match the panel (vote of the other 7)?

Toxicity
Reliable

Panel vote vs. human

85%
170 of 200 match

Each LLM vs. the panel

89%
average of 8 models (83–92%)

What goes wrong
LLMs say toxic a bit more often. 
LLM’s 43 and human’s 35.

Stance
Moderate

Panel vote vs. human

74%
111 of 150 (50 at depth 0)

Each LLM vs. the panel

79%
average of 8 models (74–84%)

What goes wrong
LLMs say “agree” less often: 26 
against the human’s 36.

Sarcasm
Over-predicted

Panel vote vs. human

72%
144 of 200 match

Each LLM vs. the panel

82%
average of 8 models (73–89%)

What goes wrong
LLMs say sarcastic 65 times; 
Human only 13 only Haiku 5.5 
was only model close at 9.

Emotion
Scattered

Panel vote vs. human

48%
97 of 200 match

Each LLM vs. the panel

75%
average of 8 models (70–82%)

What goes wrong
LLM say surprise 0, human 39
LLMs say neutral 112, human 72
Also, similar emotions are easily 
confused like disgust and anger.
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Context affects each label differently

Labels changed vs. no context Agreement (α), higher = more
■ 4 real (the thread)   ■ 4 unrelated (same length)

Stance
33%

38%

Toxicity
10%

11%

Emotion
21%
22%

Sarcasm
15%

18%

Result: 
(1) Every label changes with context but unrelated text changes it just as much. 
(2) Only stance gets more agreement from the real thread (0.48 → 0.54), not from unrelated text (0.49). The others only change.

no context 4 real 4 unrelated

0.48 0.54 ↑ 0.49

0.53 0.55 0.54

0.52 0.51 0.46 ↓

0.44 0.43 0.38 ↓

Left: Percentage of how many labels changed from 0 parents to 4 parents for the real thread and unrelated thread.

Right: Agreement change between the groups.
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Depth: most labels stop changing after 4 earlier comments

% of labels already final

50%

60%

70%

80%

90%

100%

0 1 2 3 4 5 6 7 8 9 10

Earlier comments shown (k)

4 = what study A uses Already final at k = 4

Sarcasm 87%

Toxicity 86%

Stance 81%

Emotion 76%

At k = 10 every label is final by 
definition.

Takeaway: Labels settle early. By 4 earlier comments, 76–87% are already final so study A’s 4 comments context seems reasonable.

This figure shows at what point the 5 panel labels stop changing as a percentage for depths 0 to 10 on the 1000 comment sample.
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Back to our question: More knowable or only different?
Hypothesis: Whether context makes a label more knowable depends on the label type is currently supported.

Stance
More knowable

Agreement increases with the 4 
real comments above it but 
does not with unrelated text.

Toxicity
Barely changes

Context changes only a small 
amount of the labels and the 
labels are very reliable even 
without it.

Emotion
Only different

Changes a lot but agreement 
doesn’t rise with the thread or 
unrelated thread.

Sarcasm
Only different

Changes a little but agreement 
does not increase.

Upcoming work:

Adding better significance to our results.
More human labels: Members continue to label our samples for human validation.
Add significance tests: Assess whether observed differences across context conditions are statistically significant.
Test more label types: Relational (e.g., “Does this reply answer the question above?”), self-contained (e.g., “Does this contain profanity?”), Obj↔Subj

Look at how better to handle emotion labels with human accuracy.
Per-person labels: Due to subjectivity of the data (esp. emotion) model each reader instead of one majority vote (Belay et al., 2026).
Refine emotion labels: Reducing overlap between similar emotions such as anger and disgust.

Related work: Belay et al. (2026). Beyond Majority Voting: Agreement-Based Clustering to Model Annotator Perspectives in Subjective NLP Tasks. TACL.
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Emotion Labels Depend on Perspective

“My son just told me he’s 
dropping out of college to start 

his own business.”

A parent reading it fear “that’s my nightmare”

A startup founder reading it joy “that’s how I started”

Same words with two correct labels, the answer comes from the reader. A majority vote just picks a side.

Related work: Belay et al. (2026). Beyond Majority Voting: Agreement-Based Clustering to Model Annotator Perspectives in Subjective NLP Tasks. TACL.

What we will do:

1. Will use all 6 members labels on the same sample and we keep every label not just the majority.
2. Build on Belay et al. (2026) by clustering raters by their writing and testing whether they also label alike.
3. Report where groups disagree instead of forcing one “right” answer.
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DRIFT: Dialogue Reasoning under Informal/Fragmented Text
Does implied meaning survive informal wording? 

THE PROBLEM

PRIOR WORK VS. DRIFT

Paper Differences Similarities

PragWorld content words, negation clean, formal text

DRInQ context around a question question wording

Goldilocks prompt template the dialogue

Circa · PUB prompting + fixed rewording rewrites each answer

DRIFT (ours) how informally it is said the implied meaning

Research question: How robustly do language models interpret indirect/informal answers when only their wording changes?

1. Dataset Creation
Select 360 indirect-response instances 
from CIRCA & LUDWIG, balanced 
between 180 Yes and 180 No 
examples.

2. Transform instances
Apply a controlled L0–L3 
transformation ladder: original, 
slang, fragmented, and combined 
forms.

3. Validate instances
Human validation ensures each 
transformation preserves the 
meaning and label.

4. Test models
Evaluate small models through 
zero-shot prompting, measuring 
accuracy, degradation, and 
cross-level consistency.

CSCI 544 TEAM 7

I have an exam tomorrow. = No

got a date w claude tn = ?

Humans hear "No" both times. Machines may not.

Why it matters: transcript summaries in clinical, classroom and 
workplace settings with fast-paced, informal language.

Wanna go out tonight?

WASSA emotion and sentiment methodology

AUGMENT mcq benchmarks transform + validate



Progress: DRIFT base dataset built and validated
WHAT'S DONE WHAT'S NEXT

Built dataset: 
– Combined, transformed, 
and validated Circa + 60 
LUDWIG

Dataset criteria:
– Y/N classification balance 
– 5 annotator (gold_label) 
approval

Transformations:
– L1 (1 transformation)
– L2 (2-way transformation)
– L3 (3-way transformation)

Base
1 row per original

base_id circa_000123

question "Like spicy food?"

answer "I get heartburn…"

gold_label No

→

Variant
1 row per rewrite

variant_id …__L1__slang

level L1 · slang

expected_label No

human_votes 3/3 accepted

→

Model run
1 row per model call

run_id run_0001

prompt zero / 3-shot

parsed_label No

correct true

L0
original

I get heartburn from 
anything with chili.

L1
one change, e.g. slang

Ngl, chili gives me 
heartburn.

L2
slang + depunct

ngl chili gives me 
heartburn lol

L3
slang + depunct + frag

chili = heartburn ngl

Finalize models
• Small open-weight size ladder
• One LLM as reference baseline

Finalize evaluation metrics
• Accuracy per L, PDR, consistency across levels
• Zero-shot vs. 3-shot, focus on only answers

Testing
• Evaluate small LM/LLM as-is to avoid leakage
• Log every output to another dataset

Each level removes more linguistic and contextual clues, forcing the model to rely 
increasingly on pragmatic reasoning.

Write + validate 
• Generate L1–L3 transformations for 360 instances 
• Blind human check: label must survive
• Connect DRIFT dataset to specific LMs and 

connect to an output db to collect metrics

Build pipeline

CSCI 544 TEAM 7
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MCP PROBE
Poisoning Robustness Of Benchmarked dEfenses

Do MCP Tool Poisoning Detectors Generalize?
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Multi-Fact ROME
Testing the limits of causal fact editing: from single edits to multiple, related edits 
in GPT-2 XL

Yugandhar Reddy Gogireddy, Rohith Reddy Yarramreddy, Soham Banerjee, Arin Paul, Nico Lionelli, Jaivardhan 

Tamminana



Multi-Fact ROME: Testing the Limits of Causal Fact Editing on Related Facts

SETTING

Subject

s
r₁: o₁ → o₁*

r₂: o₂ → o₂*

GPT-2 XL
layer 17

Several edits on one subject, one model

WHERE FACTS ARE STORED

PROBLEM STATEMENT

100%
efficacy, but tested one 
edit at a time

RQ1 · Do related edits on one subject interfere with each 
other?

RQ2 · Are earlier edits overwritten as later ones are 
added?

RELATED WORK ✓ yes · ✗ no · – single-edit study

Evaluation setting ROME MEMIT Gupta ’24 Li ’24 Cohen ’24 Ours

Many edits in one model ✗ ✓ ✓ ✓ ✗ ✓

Edits share one subject – ✗ ✗ ✓ – ✓

Edits are compatible – ✓ ✓ ✗ – ✓

Locates storage (tracing) ✓ ✓ ✗ ✗ ✗ ✓

OUR METHOD

Reproduce
ROME baseline

Locate
Causal tracing

Group
Related facts

Stress-test
k edits jointly



Current progress Baseline reproduced; the pilot shows later edits can erase earlier ones

GPT-2 XL setup
pinned, reproducible

ROME baseline
200 edits

Causal tracing
2 facts traced

Related groups
20 + 6 subjects

Multi-edit pilot
20 subjects × 2 edits

Fig. 1 · Single-edit replication (%)
Pre-edit Ours (200) Paper (7,500)

Efficacy
19.0

100.0
100.0

Paraphrase
22.3

94.8
96.4

Neighborhood
77.4

74.5
75.4

Fig. 2 · Multi-edit pilot, 20 subjects (%)
Alone Together (A, then B)

Edit A · efficacy 100.0
75.0

Edit A · 
paraphrase

97.5
72.5

Edit B · efficacy 100.0
100.0

Edit B · 
neighborhood

63.0
58.0

75%
of subjects keep both edits (15 of 20)

25%
lose the first edit (5 of 20): 3 of the 5 pair two “who 
made it” relations

Next steps
01 Scale to more subjects and 3–4 

edits each
02 Edit order: apply B before A

03 Similar vs. distinct relations: does 
overlap cause loss?

04 Cross-edit leakage and logical 
consistency

05 Fluency of the multi-edited model

06 Sequential ROME vs. batched 
MEMIT

07 Causal tracing after multi-editing
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Thank you
Questions and discussion

Multi-Fact ROME: Testing the Limits of Causal Fact Editing on Related Facts
Built on Meng et al., “Locating and Editing Factual Associations in GPT,” NeurIPS 2022
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REGULATION-GROUNDED TRIAGE AND RESPONSE DRAFTING FOR CFPB COMPLAINTS CSCI 544 · GROUP 36 · MIDTERM

Aditya Datar · Anirudh Joshi · Atharva Thorat · Gagan Shivanna · Ishani Bhadlikar · Ujjwal Puri 1 / 3

Which federal rule governs a consumer complaint?
Compliance officers must match each CFPB complaint to the governing federal rule and send an initial reply within 15 days. We build an assistant that finds the rule, 

drafts a cited reply, and flags unsupported sentences for a human.

CONSUMER WRITES (EXAMPLE)

“I never approved this $240 

transfer, and my bank won’t 

refund it.”

OFFICER MUST FIND

Regulation E: electronic fund 

transfers

THE RULES WE COVER

Reg E Electronic fund transfers

Reg Z Credit card and loan terms

Reg V Rule implementing the FCRA

Reg F Debt collection practices

FCRA (statute) Credit report disputes, ID theft

1 Classify
DistilBERT

2 Retrieve
BM25 keyword search

3 Draft
NVIDIA Nemotron

4 Check
DeBERTa-v3 NLI

Human
hand off (next)

WHAT IS NEW

Split the blame, for regulations

Magesh et al. scores the whole system. We separate 

retrieval from generation, with LLM-labeled, 

human-adjudicated gold sections.

Right rule, not just faithful

RAGAS checks faithfulness to retrieved text. We also 

check the cited rule is the right one.

Complaint-to-rule link

Prior CFPB work covers anomalies (Gao et al.) and 

relief prediction (Wang et al.). We found no published 

work linking complaints to regulation sections.
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What we built and measured

Complaint

CFPB narrative, 

cleaned

plain-language text

Classify

DistilBERT

product + issue

Retrieve

BM25 over 2,954 rule 

chunks

top-5 passages 

(NONE detection: 

next)

Draft

NVIDIA Nemotron

reply citing 

passages

Check

DeBERTa-v3 NLI

supported / flagged

Human

Compliance officer

final say

CLEANING PIPELINE

Aug 2025 – Aug 2026: 6,809,200

Opt-in narratives: 469,659 (6.9%)

Normalise redaction masks

≥20 words, mostly unredacted

Remove exact duplicates

276,378 usable narratives

CLASSIFIER (MACRO-F1)

Product (11 classes)

0.808

Issue (84 issues)

0.325

Frequent issues only (39)

0.538

BM25 HIT@K (n = 127)

Right section at rank 1

0.079

In the top 5

0.315

In the top 10

0.457

GOLD SET: 198 LABELLED COMPLAINTS · ANNOTATOR KAPPA 0.904 (RULE), 0.845 (SECTION)

E 29 F 30 Z 27 FCRA (statute) 36 V5 No rule applies 71
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Key finding: retrieval drives the errors

HOW WE TESTED (40 COMPLAINTS)

We draft each reply twice, then check every sentence:

A
Passages our 

retriever found

Draft + 

check
19%

B

Correct passage, 

chosen by 

annotators

Draft + 

check
84%

Share of sentences supported and from the correct rule 

section. Limit: 40-complaint pilot, one retriever; gap size 

depends on checker strictness.

SUPPORTED + CORRECT (CHECKER)

19%

A: retrieved

84%

B: correct

+65 pts
by checker (95% CI +52 to +77)

Adjudicated labels: +52 pts (16% vs 68%, 50 

sentences).

Faithfulness alone: +6 pts (checker), +32 (human).

With the correct passage, 16–32% of sentences are 

still unsupported (checker / adjudicated).

The checker catches only 1 in 4 unsupported 

sentences.

WHAT REMAINS BEFORE THE FINAL REPORT

1

Search by meaning (dense + 

hybrid retrieval)

2

Spot complaints no rule 

covers; send to a human

3

Make the checker stricter 

(misses 75% today)

4

Repeat the test on many 

more complaints

5

Finish the demo and final 

report
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Benchmarking Tokenizer and Encoder 
Robustness to Slang, EMoji, and 

Code-Switched Text In social Media 
Comments

CSCI544 Natural Language Processing Midterm Presentation
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RESEARCH OVERVIEW & METHODOLOGY

Why Do Embeddings Fail on Messy Social Media Text?

01 Problem
Slang, emoji, and code-switching 
degrade sentence embeddings.

Core Question

Is the cause tokenization, the 
encoderʼs representation, or real 
ambiguity?

02 Our Method
Measure → Repair → Re-measure

● Inject slang / emoji / foreign 
words into STSB & PAWS at 10 / 
25 / 50%

● Repair one cause at a time (e.g., 
emoji → CLDR name; slang vs. 
control word)

● Attribute the drop by how much 
the repair recovers

4 Encoders Evaluated
English-only: MiniLM, MPNet
Multilingual: multilingual-MPNet, BGEM3

03 Differentiation
Prior Work
Tokenizer stats and accuracy drops 
reported side by side, on artificial 
perturbations Goldman et al., 2024; 
Asl et al., 2024; Zhang, 2025.

Our Approach
Causal attribution of each failure 
type, plus a human ceiling to 
separate ambiguity from model 
error.
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PROJECT FINDINGS & ROADMAP

Main Takeaways & Remaining Work
01 Emoji
Finding
Semantic Textual Similarity Benchmarck STSB 
& Paraphrase Adversaries from Word Scrambling 
PAWS) performance declines with emoji 
perturbations; English-only encoders MiniLM, 
mpnet) drop 23× more than multilingual ones 
0.17 vs 0.06 at 50%. Replacing with Common 
Locale Data Repository CLDR) names worsens 
performance.

Bottleneck
English tokenizers map 99% of emojis to UNK. 
Glued emojis erase host words (“vlogs🌸ˮ → 
UNK. Synthetic tests currently evaluate noise 
robustness over semantic comprehension.

Plan
1. Space repair: Un-glue emojis  to isolate 
tokenization impact.
2. Meaning injection: Inject context-matched 
short meanings (“loveˮ) via reviewed map.

02 Slang
Finding
MiniLM semantic similarity on STSB/PAWS 
steadily declines as slang perturbation levels scale 
up.

Bottleneck
Sparse replacement opportunities restrict 
substitution-only experiments at higher 
perturbation ratios 2550%.

Plan
1. Stack terms: Prepend/append terms (“ngl, fr, 
lolˮ) to reach target rate reliably.
2. Expand lexicon: Broaden substitution dictionary 
with manual review.

03 Code-Switching
Finding
Injected Spanish switches are mostly single 
scattered words 6078%. Real LinCE tweets 
differ significantly: only 34% mix languages at 
all.

Bottleneck
Too few valid swap spots at higher levels. At 
50%, only 13% of Spanish sentences reach the 
target, and the average achieved rate is 30%.

Plan
1. Loosen rules: Allow longer spans and function 
words.
2. "Switch & stay": Replace from pivot point to 
match real tweets better.

Group 18



Team 22



CSCI 544  PROJECT  |  GROUP 22  |  MIDTERM PROGRESS UPDATE

OmniLens: Claim-Level Novelty and Disagreement Detection in 
Multi-Source Event Reporting

1 / 3

INPUT: DIVERSESUMM
User-provided article, compared against related 
reports from the same event.

→
OUTPUT: SOURCE-ATTRIBUTED CLAIM RELATIONS
Candidate-article claims classified as SHARED, NEW, or CONFLICTING relative to the reference, with 
traceable source evidence.

ILLUSTRATIVE CLAIM-LEVEL COMPARISON

REFERENCE CLAIM
TTF gas prices hovered below EUR39 
per MWH on the 1st day of spring.

SHARED
TTF gas prices hovered below EUR39 
per MWH.

NEW
TTF gas prices dropped on March 23rd.

CONFLICTING
The European natural gas price remained 
above EUR40 per MWH.

WHY IT MATTERS  Fragmented and biased news coverage obscures omitted and contradictory facts, making cross-source verification time-consuming.

PRIOR WORK WHAT IT DOES HOW OMNILENS DIFFERS

BASIL (2019) Introduces a dataset of news articles annotated for informational and framing bias, 
examining how they selectively report facts and frame events.

Moves beyond identifying media bias to classifying individual factual claims relative to 
a reference article.

FrECo (2025) Identifies references to the same events across news articles despite differences in 
wording, emphasis, and framing.

Evaluates factual relationships between claims, distinguishing additional information 
and contradictions rather than only identifying corresponding events.

news-deframe (2026) Compares how news outlets cover the same event, identifying shared and 
outlet-specific claims, omissions, and framing differences.

Focuses on explicit classification of factual relationships rather than primarily 
analyzing coverage and framing differences.

CENTRAL PROBLEM  How can researchers systematically identify factual claims that corroborate, extend, or contradict a reference report across coverage of the same event?

TARGET AUDIENCE Media researchers, journalism researchers and fact-checking organizations.



Key Findings and Next Steps

2 / 3

MAIN TAKEAWAY FENICE is our preferred extractor, and our annotated dataset supports 
downstream classification of shared, new, and conflicting article claims.

CLAIM EXTRACTION: INITIAL MODEL COMPARISON STANFORD OpenIE FENICE

Faithfulness ↑ 89.24% 97.81%

Atomicity ↑ 84.20% 78.65%

Redundancy ↓ 63.51% 2.27%

Entity preservation ↑ 54.89% 91.75%

↑ Higher is better     ↓ Lower is better

PROJECT STATUS

Data Preparation
Data preprocessing and train/test/validation split
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ANNOTATION DATASET

42 ×    5    ×    7  1470
events candidate articles annotations

INTER-ANNOTATOR AGREEMENT (Cohen’s Kappa)

κ = 0.80 – 0.94

claims

Extraction Tests
Stanford OpenIE and FENICE evaluated 

on 4 metrics

Extractor Fine-tuning
Improve FENICE claim quality by fine 

tuning on training data

NLI fine-tune
Fine-tune cross-encoder for 3-way NLI 

classification

Evaluation
Report category-level precision, 

recall and F1

UI + Report
Deploy source-linked interface,

test system, finalise report

EVALUATION MODEL 

AlignScore / 
RoBERTa-base

Claude Opus 5.5

Sentence-BERT 
/ Qwen3-8B

spaCy 
NER

Stanford OpenIE

3897

129.9

27.4 

FENICE

1014

33.8

7.1

Claims Extracted

Avg. claims/article

Avg. claims/passage



THANK YOU

Questions?
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Faithfulness MATTERS
MATTERS - Modality Attribution Testing Through Emotion Recognition Signals

The problem. Models mix text and audio with a learned weight w (how much the model leans on each), and papers 
read w as how much each modality mattered. We ask a simple question: Is that inference true?
Liu et al. 2020: gated text + audio fusion, gate weights read as modality contributions.
He and Xiao 2025: gated fusion network, gate "assigns importance" to each modality.

Our models (FM-family)

Balanced: each utterance judged alone. Text-heavy: stronger text + neighbouring 
utterances.

Task: Emotion Recognition on the MELD dataset. 
Input: One utterance, text + audio
Output: 1 of 7 emotions.

System Inputs MELD weighted F1
bcLSTM (baseline) text + audio 59.25
DialogueRNN text + audio 60.25
FM, balanced text + audio 58.8
FM, text-heavy text + audio 63.6
TelME text + audio + video 67.37
MERC-PLTAF text + audio 67.73
MiSTER-E speech + text 69.5

Not a controlled comparison: our encoders are newer, and a class-prior correction is fitted 
on dev data, never on test. The balanced model does not use neighbouring utterances.

Swap test: replace the text or the audio with all other utterances, rerun the model on these swaps, measure how 
much the prediction changes, and compare with w.
Hessel and Lee 2020: swap-and-average test of whether a model uses cross-modal interactions.
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Results, Conclusion and Next Steps

Call matches the swap test (% of utterances)

Each bar: how often the call (text or audio) agrees with the swap test. The grey bar is just 
always guessing the usual winner (text, in 54% / 95%).

Balanced: the weight beats the guess by 21 points.

Text-heavy: the weight is no better than always guessing 
text.
So strengthening one modality for accuracy removed 
what the weight can tell us.

The weight shows trust, not influence.
Weight × how distinctive each model’s vote is tracks 
the swap effects far better:

0.97 corrected 0.72 weight alone
Rank correlation with the size of the swap effects, balanced model

Next: a conflict test (pairs where text and audio disagree) on modality-heavy and balanced models, then the final 
report.

In our models, the weight is informative only when text and audio are balanced.
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