DEEP MULTIMODAL LEARNING — MID-TERM PROJECT

RAG for VQA

Extending state-of-the-art Knowledge-Based Visual Question Answering with targeted components.

Baseline paper Implementation substrate
ReAuSE (Long et al., AAAI 2025) GeMKR (Long et al., AAAI 2024) — open code



with Moving Targets and Obstacles

Robot navigation in dynamic environments
Store robot-object interactions as explicit episodic memory

Ty

([
e Retrieve similar past cases at decision time
e Use them to support future distribution-aware navigation
I Past
siwia Local heightmag K, Conditional flow matching Relation-aware Potential Field <i>,+1;,+Nf
lll ) |
. . ' ' Ny =%o* '[ '0(%Xe, 5, ) ds ’ A \ PN
H.Nl - ’aﬂ(&m)" o " o= {6(' Nt}"
E 1 )
Query l ‘ > it Loom =me(l}1.¥.],m N*,r;l"‘l’(rm ® "
g = GT Potential Field ®r 1.04n,

+
Xl
-

relative robot-object state
2 = [p2,v2] '
b Aok Episodic interaction memory
% el
S { — - }
W 5 ¥ %; Z;
7= [p% Vel

™™™™™7 Camera FoV

EpiRel-Nav: Episodic Relational Memory for Robot Navigation

-

-
-
=
-
-
-

——p Observed trajectory

Predicted trajectory distribution




SETTING THE STAGE

Can a model answer questions about an image?

Visual Question Answering (VQA) is exactly what it sounds like: give a model an image and a question about that
image, and the model produces an answer. The answer can be a word, a phrase, or a sentence.

EASY VQA

"What color is the dog?"

— "brown"

The answer is in the pixels. The model just has to
recognize colors. Modern image models are very good
at this.

HARD VQA (our task) e
"Name the type of plant this is.""" ZSSGEs

— "palm"

The answer is NOT in the pixels. The pixels show
fronds and a trunk. The word "palm" lives in a botany
textbook. The model has to combine what it sees
WITH knowledge from outside the image.




THE RECIPE

Retrieval-Augmented Generation (RAG).

The standard recipe for hard VQA. The system retrieves relevant passages from an external knowledge base, then
generates an answer conditioned on those passages. Two stages — retrieve, then generate.

Image
+ Retriever
. )
Question
what we have find related docs

Knowledge
base

Wikipedia / etc

Two type of retrievals:

Discriminative retrieval

Encode the question into a vector. Encode every
document into a vector. Compute similarity. Pick the

most similar.

Like Google. Fast, well-studied, requires two trained models.

Examples: FLMR, RA-VQA, REVEAL

Top-K docs

passages

Generator

produce answer

Answer

text output

Generative retrieval

The same multimodal LLM GENERATES the retrieved
document — token by token, constrained so every
output exists as a substring of some real document in

the knowledge base.

One unified model. Scales with vocabulary, not corpus size.
Examples: DSI, SEAL, GeMKR, ReAuSE




BACKGROUND

ReAuSE & GeMKR — same architecture, different papers.

Both papers are by the same first author. Both use generative retrieval. ReAuSE is the more recent and stronger

paper, our project's baseline. GeMKR is its predecessor, with open code. We do our experiments on GeMKR because
ReAuSE's code wasn't released.

ReAuSE GeMKR

AAA| 2025 - Long et al. - baseline paper AAAl 2024 - same author - what we run on
e State of the art on OKVQA & A-OKVQA. e Direct predecessor of ReAuSE.
e Two LoRA adapters: one retrieves, one generates. e Same generative-retrieval architecture.

Calibrated with offline DPO + 3 reward models. EVA-CLIP + Q-Former + LLaMA-7B + LoRA.

e Reports recall (PRR@5) = 0.926 on OKVQA.

Reports PRR@5 = 0.786 on OKVQA.

e Code not yet released

Full open-source code we run




ARCHITECTURE

What's actually inside the model.

e A multimodal LLM is many pieces stitched

together. Vision encoder, cross-modal bridge,
language model. Critically, almost all of it is
FROZEN, we only train two tiny pieces (~¥123 MB
total) on top of frozen ~8 billion parameters.

Component

EVA-CLIP ViT-g

Q-Former

YOLOv7
regions

Adapter MLP

LLaMA-7B

LoRA on
LLaMA

Purpose

Encodes the image (256 patch
tokens + 1 summary)
Compresses 256 patches into 32
LLM-ready tokens

Detects salient objects for
per-region grounding

Projects vision features into LLM
embedding space

The language model (generates
identifiers/answers)

Small low-rank weight update to
attention layers

Trained?

Frozen

Frozen

Frozen

Trained

Frozen

Trained

y

ValidDistinct(*) & GetNext(*)  FM-Index DB
False & {those, ....chopper} '
v et >
o fury ValidDistinct(*)
_> honda resemihis LookupDoc(*) ‘
LLM : Doc Id: 69046 ... of the
honda fury ... a chopper |honda fury... a chopper, a...
)
Large Language Model &
i g " Generate | 'k}ié&iéﬁgé" clues | {about! {the | | Query: | { [What] |
{[style] : {[motor] | {[pictured]} | IMG: | | i {[CLS] | i6§j'i | {[OBI2]; {Response:
Pro'. Layer
Text: What style of [ T i “
motorcycles are pictured |
X R —
Layerl -th e e
bbb L
: Prefix Vector Visual Token
¥ 3
Proj. Layer %  Patch Linear Layer

HEEERNEAT



OUR PROPOSAL

Four limitations we identified in ReAuSE.

Even though ReAuSE achieves state of the art, its design has properties we think leave performance on the table.
These four limitations apply to GeMKR too — in fact they apply to most generative-retrieval systems.

Always retrieves
O1 Y

ReAuSE invokes a slow FM-index beam search on every single question. But our 0 e MUDIin) & Gofieal) ., M Index DB e
. . ; {1 False & {those, ....ch !
closed-book MLLM gets 55.5% accuracy by itself, about half the questions don't e
need retrieval at all 5 hondafury  FeldDimaCy
. __> honda TeaEmible LookupDoc(*) ‘
: _ {LLM Doc Id: 69046 ... of th
O 2 Slngle hop Only honda fury ... a chopp honcdaﬁn'y...acthpe:, a.
Each question gets exactly one round of retrieval. ' —
Large Language Model “ e

O 3 Score doesn't use what we already know
The retriever ignores the question own content words and our closed-book
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ReAuSE calibrates with a one-shot preference optimization. Once the retriever EENE AE

shifts during training, the original preference samples become stale.




OUR PROPOSAL

Four components, four targeted fixes.

Each component is small (a tiny MLP or a single attention layer). All four share the same frozen MLLM backbone. At
inference, the components compose: Gate decides whether to retrieve — Multi-hop decides whether to retrieve again —
Visual decoder shapes WHAT is retrieved — Online RL trains everything jointly.

O 1 Retrieval Gate 0 ... ValidDistinci(*) & GetNext(*) _ FM-Index DB
A tiny MLP on the LLM hidden state. Outputs a probability: skip retrieval or use it. 5 | [ TRlee & fihose, —choppet} e
Tunable threshold trades accuracy for latency. hondafary | ValidDistinct(*)
__> honda TeaEmible LookupDoc(*) ‘

| LLM : Doc 1d: 69046 ... of the
i honda fury ... a chopper |honda fury... a chopper. a...

O o Iterative Search Controller

After the first retrieval, decide whether to fire a second round with a follow-up ' w |
) Large Language Model w
sub-query. Cap at three hops. |
O 3 Rerank top-10 by three signals
Reorder the top-10 retrieved docs by original rank + question-overlap + S Wi B
. . P . . 1 tul
closed-book-overlap. Lifts answer-bearing docs above position 5, five minutes on hr Layeri-th ** * ‘
CPU. | P
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Replace offline DPO with on-policy GRPO. Sample 8 rollouts per step; reward with
P ! Wi POlcy P UES per step; reward wi BEERNE A

the same three signals (VQA, EM, BERT-sim). Always fresh.




METRICS

Two metric families. Different experiments, different metrics.

Retrieval metrics ask "did the right document come up?". Answer-quality metrics ask "is the final answer right?".
Understanding which is which is essential for reading the rest of these slides.

RETRIEVAL — did the right doc come up? ANSWER QUALITY — is the final answer right?
P@5 precision @ 5. Of top-5 docs, fraction that contain the VQA score OKVQA standard. min(matches/3, 1.0) across the 10
gold answer. Measures quality. gold answers per question.

R@5 recall @ 5. Percent of questions where 21 of top-5 Adaptive VQA VQA score after the gate routes each question
contains the gold. Measures coverage. through closed-book or retrieval.

MCQA accuracy A-OKVQA-specific. Vote over its 4 choices. We

use this because substring P@5 saturates on A-OKVQA's short
answers.

R@10 same as R@5 but top-10. Tells us the rerank headroom.

Used for: reproduction, Component C, hybrid rerank. Used for: closed-book, Component A gate, Component B + ensemble.




HEADLINE

Reproducing the paper results

The released code scored P@5 = 0.214 out of the box. We diagnosed why, fixed the retrieval, and
ended above the paper on the metric it actually publishes and above the authors' own P@5 with a
hybrid rerank.

THE BUG - Released code, out of the box
O ° 214 P@5 from the authors' released checkpoint, less than half their own reported 0.491.

RESULT - After our fixes

0.482 0.826

Our reproduction (P@5) R@5 — paper's reported metric
A +0.040 over paper - A -0.009 vs Paper reported 0.786 - A +0.040
authors' JSON
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COMPONENT A - DESIGN

Retrieval Gate: skip retrieval when the model already knows.

A tiny MLP (4096 — 256 — 2) sits on top of the LLM's last hidden state at the closed-book prompt position. It
outputs a probability: "should we skip retrieval and answer from memory?". Trained on labels: 1 if closed-book got it

right, O if wrong.

FEATURE CHOICE

LLaMA-7B last hidden state at the final prompt token (4096-d)

Val acc 0.629 - Adaptive VQA 0.817-0.827 depending on threshold

HOW - the gate computes P(skip)

Hidden state Hidden layer P(skip)
—> y I P
4096-d 256, GELU softmax - 2

If P(skip) > 0.6 - answer from memory; else - retrieve.

: ValidDistinct(*) & GetNext(*)  FM-Index DB
i False & {those, ....chopper}

>

honda fury ValidDistinct(*)
resemble LookupDoc(*) ‘

i Doc Id: 69046 ... of the
honda fury ... a chopper |honda fury... a chopper. a...
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Gate attaches at the LLM's last hidden state
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COMPONENT A - LABELS

Labels come from the closed-book baseline.

We don't have ground-truth labels for “does this question need retrieval?”. We make them by asking: did the closed-book model get the answer right?

LABEL DEFINITION

y = 0 (skip) if cb_records[i]["hit"] == 1 — closed-book got it right.

y =1 (retrieve) if cb_records[i]["hit"] == 0@ — closed-book missed; we need the corpus.

Substring-match on the OKVQA gold answers, using the PEFT-fixed LoRA checkpoint.

DATASET
Total examples 5046 OKVQA-GS112K test split.
Class distribution 51% / 49% skip (CB right) vs retrieve (CB wrong) — well balanced.
Train / val split 4037 / 1009 80/20 random, seed 42.
Feature dim 4096 LLaMA-7B last hidden state.

Feature build time ~25 min One forward pass per question on RTX 4090 (8-bit).



COMPONENT A - THRESHOLD SWEEP

The gate trades latency for accuracy.

The gate outputs a probability for each question. We sweep the decision threshold to expose the trade-off between

accuracy and speed.

A vs always-retrieve

threshold % skipped Adaptive VQA N
0.50 (argmax) 54.6 % 0.743 —0.083
0.75 26.8 % 0.812 —0.014
0.80 21.4 % 0.817 —0.009 (within budget)
0.90 10.0% 0.826 0.000
0.95 4.0 % 0.8268 +0.0006
THR = 0.80 THR=0.95

Save 21% of retrievals. Cost: 0.009

VQA. Use when throughput matters.

Strictly above baseline. 4% of
retrievals skipped. Use when
accuracy matters.

WHY THIS WORKS

The 4% of questions where
closed-book confidently knows the
answer are also the questions
where retrieval was most likely to
inject noise. Skipping there is a net
win.
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COMPONENT A - RETRIEVAL GATE

When the gate skips, and the model is right.

Three real examples. The gate predicted "the model already knows this" and skipped the FM-index search. Happens for 2065 / 5046

questions on the full test set (40.9 %), about 86 GPU-minutes saved.

CORRECT SKIP

Q. What toy is this?

Gold: teddy bear - stuffed animal
GATE DECISION

SKIP - p(skip) =0.76
CB says: "a teddy bear is a stuffed toy in
the form of a seated bear."

v Correct — saved ~2.5 s retrieval

CORRECT SKIP

Q. Is this at a salt water beach or
a lake?

Gold: lake - salt water beach

GATE DECISION

SKIP - p(skip) =0.97 (high)
CB says: "lake. a lake."

v Correct — high-confidence skip

CORRECT SKIP

Q. What do they call running
around the bases on a single hit?

Gold: home run - homerun

GATE DECISION

SKIP - p(skip) = 0.66
CB says: "home run."

14



COMPONENT A - RETRIEVAL GATE

When the gate is wrong, and the trade-off.

Three honest failure modes. Wasteful retrieve (gate kept retrieval, model already knew), false skip (gate skipped, model didn't know),
and save-by-retrieval (gate correctly fired vs a hallucination).

WASTEFUL RETRIEVE

=
e

SAVE BY RETRIEVAL

Q. Who leaves a toilet like this? jQ.O'rZ‘m L6 DT O T Q. Who designed the statues?
Gold: men - man Gold: racing - motocross - race Gold: artist - guell - toscano

GATE DECISION GATE DECISION GATE DECISION

RETRIEVE - p(retrieve) = 0.82 SKIP - p(skip) = 0.57 (borderline) RETRIEVE - p(retrieve) = 0.94

CB would have said: "a man who is a CB just echoed: "a black motorcycle CB would have hallucinated: "auguste
plumber." v parked in a [lot]" rodin (1840-1917)..." X

Gate over-cautious — retrieved unnecessarily X Missed — threshold 0.75 would have saved it v Gate correctly invoked retrieval

15



COMPONENT B - MULTI-HOP

Iterative retrieval for compositional questions.

Same architecture as the gate (tiny MLP on hidden state), trained on "is this multi-hop?" labels mined from A-OKVQA rationales. If the
controller predicts multi-hop, we fire a second retrieval with a follow-up sub-query targeting the most salient entity from the first hop.

HOW - the controller decides to loop

Question
=

Controller MLP
+ 1st retrieval »

hidden state - p

If P = T = single-hop path; the controller emits zero second-retrieval calls.

A-OKVQA subset n Single-hop
All val 1145 0.340

Multi-hop labeled 103 0.330

Single-hop labeled 1042 0.341

P(multi-hop) > Tt ?
(t=0.5)

Multi-hop
0.341
0.350
0.340

=

+0.001
+0.020
-0.001

Extract salient entity

. Answer
- 2nd retrieval w/ m
sub-query (union of hops)
ValidDistinct(*) & GetNext(*) ~ FM-Index PR |
False & {those, ....chopper}
e homry ... a chopper mdﬁ204:ch3;:: a-l
Large Language Model ::

Proj. L:
Text: What style of roj. Layer #§

S [y N
motorcycles are pictured (H57
here? Layerith —
e v . ¥
’ o=
| v & M H L.J
v " -
o || e Prefix Vector. Visual Token
'@ = r' . ¥ ¥

Proj. Layer #  Patch Linear Layer

EEERNE AR

Controller loops
the FM-Index block
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COMPONENT B - LABELS

Mining “needs-multihop” labels with spaCy NER.

A-OKVQA doesn't ship labels for “does this question need multi-hop?”. We mine them from the dataset's free-text rationales using a simple distant-supervision rule.

THE RULE

for each question:
rationale_text = “ ”.join(question.rationales)
entities = [e for e in spaCy(rationale_text).ents
if e.label € {PERSON, GPE, ORG, LOC, EVENT,
WORK_OF_ART, FAC, NORP, DATE,...}]
needs_multihop = len(distinct_ent_texts) = 2

THE DATA

Train examples (labeled) 17 e56
Val examples (labeled) 1 145
Positive rate (train) ~10 %
Val labeled multi-hop 103 / 1145 (9.0%)

17



COMPONENT B - INFERENCE

Hop-1 — controller — (maybe hop-2) — merge top-5.

The two-hop pipeline at run-time. Hop-1 is GeMKR's standard constrained beam search; the controller decides whether to run a second pass; merge gives final top-5.

Encode features

h <« LLaMA_last_hidden(image, question) — 4096-d vector

Controller decision

do_multihop « (Controller(h).argmax() == 1)

Hop-1 retrieval

docsl « gemkr_retrieve(image, region, question) — top-10 dedup

Entity + sub-query (only if do_multihop)
entity <« first_entity(id2text[docs1[@]]); hop2_q « f“Tell me about {entity}: {q}”

Hop-2 retrieval (only if do_multihop)

docs2 < gemkr_retrieve(image, region, hop2_q)

Merge

final « dedup(docsi[:3] @ docs2[:2]) — if no multihop, just docsi1[:5]
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COMPONENT B - MULTI-HOP

When multi-hop helps — 3 real wins from A-OKVQA val.

Multi-hop fires a sub-query on the first hop's entity, and the second hop surfaces the answer.

k¥ I ‘V %
R

Q. The company producing the
device in her hand is from what
country?

counts: 1-hop — multi-hop

A. usa 0 — 0
B. china 0 — 1
C. japan 0 — 2
D. spain 0 — 0

v device — manufacturer — country

Q. What region of the world is
this?

counts: 1-hop — multi-hop

A. africa 1 -5
B. north america 2 — 2
C. europe 1 -1
D. asia 2 > 4

v diffuse — sharp on Africa

Q. This street is located in what

country?

counts: 1-hop — multi-hop
A. france 0 —
B. australia 0 —
C. italy 0 —
D. britain 0 —

© O B

v no info — weak-but-correct
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COMPONENT B - MULTI-HOP - HONEST LOSSES

When multi-hop hurts — and what we'd fix.

Two real losses. The templated sub-query pulled adjacent-but-wrong context.

LOSS

counts: 1-hop — multi-hop

Q. What brand of soda is the can in the car? Q. In what US state is this scene located?

counts: 1-hop — multi-hop

A. sprite 0 — 0 A. illinois 0 — 0

B. coca cola 4 —> 6 B. wisconsin 0 — 0

C. pepsi 4 — 4 C. idaho 0 — 0

D. mountain dew 0 — 0 D. ohio 0 — 3
X sub-query "soda brand" pulled Coke passages X hop-2 surfaced Ohio context instead

FIX: replace the templated sub-query ("Tell me about X") with a LEARNED sub-query generator that conditions on hop-1's gold answer.
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EVIDENCE

Github for the project

avid-rag-mmgenir  Private

¥ main ~ |} 1Branch © 0Tags

B SEAL

M avid_rag

W avid_rag_docs

8 data_process

W datasetjokvaa

M eval_configs

B8 experiments

= gemkr

W index

I templates

B train_configs

utils.

-gitignore

CLAUDE.md
CLAUDE_CODE_BRIEF.md
README.md
UPSTREAM_README.md
WORK_GIT_LOG.txt
WORK_PROOF.md
eval.py

requirements.txt
results_okvga_20240611004_p5: 0.491,json

train.py
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WHAT'S NEXT - PLANNED

Final-term plan — what we'll finish.

Four threads for the final-term paper. The first two close the proposal we promised mid-term.

Online RL with GRPO
Replace offline DPO with on-policy GRPO. Same three rewards. 22 GPU-hours per training run.

Hybrid rerank on top-10 (Component C)

Re-score the top-10 retrieved docs with a lightweight hybrid signal (rank + question overlap + closed-book anchor).

Full ablation table

Each component on/off across OKVQA + A-OKVQA, confidence intervals on every A. Headline scientific result of the paper.
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Contributions

Ideation, project direction, and the final presentation were done jointly by both members.

Begench

Reproduction & Component A (gate)

* Reproduction baseline on OKVQA; PEFT
checkpoint fix

* Component A: visual-grounding gate:

training, eval, win/loss analysis

Hussain

Retrieval & Component B (multi-hop)

¢ Component B — multi-hop retrieval:
sub-query design, win/loss analysis on
A-OKVQA

* Mid-term report drafting and slide
preparation
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Questions, critique, suggestions welcome.



