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Question:
who proposed the
heliocentric theory?

(a)

Prediction:
Carl Sagan

When is a QA model using your sources?
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Figure 1: In an ODQA setting, (2) a question is used
to retrieve a set of (b) relevant documents which may
contain conflict-causing documents that render (c) the
retrieval-augmented LMs unreliable.

Why So Gullible? Enhancing the Robustness of Retrieval-Augmented Models Against Counterfactual Noise (Hong et al., 2024)
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When is a QA model using your sources?

Q:What part of the euchromia polymena has the same coloring as the abdomen of the tiger
dragonfly * s abdomen ?

Pred: The euchromia polymena has the same coloring as the abdomen of the tiger dragonfly
" s abdomen . KW: Wings
Notes: The model does not understand the question and is treating it as binary.

Figure 13. Guid: d5be98180dballechle81171463288¢9

Question Category: "choose”

Question: "Which instrument usually requires a bow to play it; A violin or Fernandes Monterey Deluxe?”
Ground Truth: A violin requires a bow to play it, but the Fernandes Monterey Deluxe does not.”
Prediction: "A violin”

Even though the model answered the question correctly, neither of the provided images in this modified sample contains a
violin. The model simply answers this question based on its pretraining knowledge.
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Retrieval Performance Impacts QA
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Figure 3: Comparison of different QA performance factors.
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Query Complexity vs QA performance
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Figure 4: In-Context RLM performance depends upon question complexity; retrieval improves with question
complexity, but QA degrades.

Average Accuracy vs Question Word Count Avergge Accuracy vs Flesch-Kincaid Grade Level JAverage Accuracy vs Gunning Fog Index
09 091, e .
,08 0.8 ~— T

g07 Zos W
g 06 306
g
: 05{*— "T——eu . ——— 205 \_\/\
@

80.4 204

z 031 FT QA Accuracy ; 037 FT QA Accuracy 50-3 —e— FT QA Accuracy

0.21 —«— FT Retrieval Recall 0.21 _« FT Retrieval Recall 0.21 —«— FT Retrieval Recall

0.11 —— GPT QA Accuracy 0.17 —— GPT QA Accuracy 0.1{ —s— GPT QA Accuracy

00 5 10 15 20 25 30 35 00 3 6 9 12 15 0.0 6 9 12 15 18 21

Question Word Count Flesch-Kincaid Grade Level Gunning Fog Index ﬂ‘ s ﬂs A
e 20 0 8

Figure 5: A fine-tuned retriever mitigates the drop in QA performance for In-Context RALM (GPT-40 QA) and %’lu’

fine-tuned QA associated with increased question complexity. Carnegie Mellon University



Task and Dataset

“WebQA was created to drive the research progress in multihop, multimodal question answering,
which would bridge the gap between the natural language and vision community”

® (Given a questlon Q Q: At which festival can you see a castle in the background: Oktoberfest in
Domplatz Austria or Tanabata festival in Hiratsuka, Japan?

® Retrieve Positive Sources S, relevant to Q
from a set of

e Text Sources

In 1938, after Hitler had| (Large-scale Tanabata fes-| |y*
annexed Austria and won| [tivals are held in many| ||
B| |the Sudetenland via the| [places in Japan, mainly
Munich Agreement, Ok [along shopping malls and | [~
toberfest was renamed to| [streets, which are deco-|
(GroBdeutsches  Volksfest| |rated with large, colorful | | /S
(Greater German  folk| [streamers. The most fa-
festival), and as a showing| [mous Tanabata festival is
of strength, the Nazi| |held in Sendai from 6 to 8

Calella - Catalonia, Spain
- 11 Aug. 2009

[ ] 1 regime people| |August.
(Image, Caption) Sources The festival s a "Syonan [0 Semes o e
. HiratsukaTanabata special ~ Miirzen )bc:
® Generate fluent answers from retrieved | T e

beer,” referring to the
Bavarian name of the

festival site, the "Wiesn").

sources 24 02 Dom, Oktoberfest

In the summer, the Sendai
Tanabata Festival, the
largest Tanabata festival
in Japan, is held. In

Modality Train Dev  Test it e e
of i ot Pageantof

Image 18,954 2,511 3,464 e e e
Text 17,812 2,455 4,076 A: You can see a castle in the background at Oktoberfest in Domplatz, Austria
LAdUD
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Zero-shot Prompting GPT-40

system: Answer the question in one word. Then list the Fact_ID or Image_ID of all facts used to
derive the answer in square brackets.

human: Question: <query>

human: Text Facts: [fact_id_1: fact_1, ..., id,, : fact_n]

human: Image_ID: img_id_1, Caption: img_caption_1

human: [Input_type=image] image_url=url_1

human: Image_ID: img_id_m, Caption: img_caption_m
human: [Input_type=image] image_url=url_m
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Multihop
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Stage 1: multimodal fusion

Stage 2: multihop fusion

Contribution: model takes variable
number of inputs (max of 4)

Model builds on VoLTA

We pair this with a pretrained retriever
(Uni-VLDR)
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VOoLTA: Vision-Language Transformer with
Weakly-Supervised Local-Feature Alignment

Image Patch Features
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Results: Finetuned vs Zero-shot GPT-40

Baseline Metric # Images
Model  Dataset Acc Flu 1 2
VoLTA WebQA 0.71 - 0.72 0.70
VoLTA -1img - - 0.77 -
VoLTA -2img - - - 0.84

VLP WebQA 050 048 040 042
GIT VQA-2 042 0.19 043 0.35
GPT-4o0 — 0.564 0.581 0.69 0.77
GPT-3.5 — 0.53 047 041 045
BLIP-2 — 040 020 037 044

Set Retriever QA Model Fl1 Acc
Val None GPT-40 - 0.45
Val GPT-40 GPT-40 0.58 048
Val FT GPT-40 0.65 0.53
Val Gold GPT-40 1.00 0.56
Val FT FT 0.65 0.69
Val Gold FT 1.00 0.71
Test GPT-40 GPT 0.70 0.77
Test FT GPT 045 0.73
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Retrieval augmented systems (RAG) are less prone to
memorization based hallucinations,
With carefully filtered data sources (e.g. John Backflip)
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Next time...

* How do LLM hallucinations relate to model generalization and specialization?

* How can we address the limitations of existing datasets (such as WebQA) used
for training LLMs?
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