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Zero-shot Video Question Answering

Question: What did the white dog do after he looked up? (Category: Temporal)

Encoder with LLM Caption-based VQA o o o Frame 20 of 64 Frame 52 of 64 No Context VidCtx
Motivation B Existing Video QA approaches i | B 3 it s oA R
o . . . B) yelow toy 0.23 0.22 0.14 0.15
e Video LLMs achieve state-of-the-art Video * Encoder plus LLM: reason over visual £ sy 2 =B B
‘ | E) smells the black dog 0.18 0.20 | 0.03 0.16
QA performa nce L'MM . featu res Caption: The white dog (...) appears to Caption: The white dog (...) looks up H) o Answer SiedSERCH] SHRG SR
. ? ncoder . aptioner ° have continued lying on the floor ... and then stands up, possibly to
e High demand for memory and compute e ld J C"l e Caption-based: reason over textual Goale !
e O(N?) space and time complexity (T ) (o representations (e.g. captions) . o |
. . . | jome | [ o : . o Address scaling and memory limitations of Video LLMs
* Typically require large-scale video b | . * Usually rely ona single representation e Adopt a training-free paradigm by re-using pre-trained
. . E : : ININE- I -USI - I
pre-training mswer L Answe and ignore the other modality . P p .g y IeUoNE P .
image LLMs and combine visual-text representations
Proposed method: VidCtx —
ApprOaCh ) C:pttiodner f:)rtto)mpt:f z:ea?e Zrovigc.ig ; ArChitectu re _ (d )
. o . S or ?SCfI ion O e Image |v!n . . . . p ; — t
e Integrate both text and visual 2{ = rlomaton relaed 1o e owio & Question-aware Captions: pre-trained image LLM  v= AT X | S~ p(di = K.
modalities k ; L1 B Y generates captions related to the given question
. ] LMM (Captioner) QA Prompt: Here is what happens . .
o PFOCESS V|de0 frame-by-frame W|th T Cani ) earlier (or later) in the video: <Caption>. ® COntEXt-aWare QA. |mage LLM dnswers QUEStIOn Frame_level Scores
. | aptioner Question: What did the white dog do .
image models B 4 ' after he looked up? Option A: hit cans, based on a) the current frame and b) the caption of Extract scores from
. L MM L MM Option B: yellow toy. Option C: walking. .
e Concatenate helpful context with (Question | - (Question | Option D: get up. option £ smets e @ distant frame (N/2 frames apart) logits of first token
rompts and visual features diiiebled B  Coreicoing o inormaton proseried  ® Aggregation: frame-level decision scores are 5
onsiaering e Infiormation presenie : - o
p p o \ / in the caption and the video frame, gg g d . h I d Ll | . ® IgnOre SPEC|aI NO
select the correct answer in one letter
e Aggregate decisions across frames Norm+I\£ax Pool o Ran RN st aggregated with max pooling an normalization Answer token
with a pooling layer .
Experimental results — —
. Model Params | Cau. Tem.  Des. All IntentQA Int. Seq.  Pre. Fea. Av ~
Experimental setup OPT based WodeT e * Ablation study
Covirro e | 0s s | e | - e Distant captions provide the most helpful context
* Datasets: NEXT-QA (5K), IntentQA (2K), STAR (7K) 1 o o o0 o0 o0 o) g | ° Distantcaptions p P
e Base Model: LLaVa-1.6-Mistral-7B Viemhgmi GFEAM Nk | B7 ®F W1 73| - - e +3%improvement over captions-only baseline
] ] ] InternVideo [28] * <IB | 480 434 65.1 49.1 - 43.8 432 423 374 416 @ Normalization rior to oolin IS imbortant
Comparison of VidCtx with zero-shot open-model $Vis € © | S S Bo e 03 | 483 430 M 408 A )P PODIINE P
O-ViD [11] 2B | 676 616 722 663 | 636 | 482 472 439 434 457 ® Performance iImproves with hlgher number of frames
approaChES VideoChat2 [1] * 7B 61_.9 57.4 63.2 6(17 - 624 672 575 539 638
.y e VidCtx (Ours) 7B 717 651 792  70.7 67.1 539 543 514 447 511 : _ : : _
® COmPEtItIVE performa nce on all datasets * VEC [27] pre-train their model on 0.5M video-caption pairs. SeViLA [6] trains a localizer component on 10K hczo'ce 0: context (NExT-QA) 1 Cho'ce&f ahgiregat'on ,mEthOd (':EXTl %A)
. videos. InternVideo [28] and VideoChat2 [1] utilize large-scale pre-training on video datasets with over 10M I;J/Ietco t(uste of context) T0p6 '7 9(%) Voino (aggregation) 0p6-97( o)
e Scales linearly w.r.t. the number of frames video-caption pairs. e - - —— o
o 7B model even outperforms some mOdels that Effect of number of frames (NExT-QA) Comparis;;;hv:(:th captions-only ba;(fl_i?iy(l)\lEXT-QA) g?gjrilttg;ﬁttifl? ((S(%;égare) ggz lg/g’lf)t(ml;?co&nlg/lean Pooling 3(9)5
. . . # Frames 1 2 4 8 16 32 64 Captions Only (32 frames) p67 3 - Distant Caption (Q-Aware) 70.7 Softmax + Max Pooling 70.6
rely on proprietary LLMs (e.g. LLoVi with GPT-3.5) Teri® 5 68 &8 ©2 700 703 707 VidCix (32 frames) 703 L1 Norm + Max Pooling  70.7

Software available at: https://github.com/IDT-ITI/VidCtx supported by: "“l

TRANSMIXR




