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TL;DR: Scaling model size, training samples, and multilinguality enables image captioning in unseen languages via
translation as auxiliary task, however, fine-tuning with full task-language coverage remains essential.
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1. Introduction & Motivatior 2wvethod
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training method Figure 2: Dataset generation pipeline with caption generation with (1) a VLM and (2) a machine translation model. Translation data
alignment via (3) image and (4) text embedded in a shared vector space, (5) cosine similarity and (6) top-N selection.

3. Multilingual Cross-Task Generalization at Scale

= Fitted power law: CE loss is predicted by initial multilinguality T, model UC: Unseen Captioning (Es/Zh) ST: Seen Translation (Es/Zh) SC: Seen Captioning (En/De)
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Key Insights (compare with the Figure on the right) A " .
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Figure 3: Effect of adding a prefix (Fr: “La photo montre”, etc.) to the decoder input 0.5M e 2M ® 5M ® 10M e 04B 1.0B ¢ 35B A 11.2B
to unlock zero-shot captioning on XM3600. Figure 4: Test CE loss as a function of model size (P), number of seen samples (S), and initial CE loss (T) across the three test splits: UC, ST, and SC.

4. Transfer to Downstream Tasks
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task-language coverage!

Figure 5: Downstream task performance with respect to CE loss, measured on the UC, ST, and SC tasks, depending on the type of downstream task.

6. Conclusion
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EN: The image shows a night view of  ES: La imagen muestra una cascada EN: The iconic marina bay sands FT-COCO-EN: Three pelicans sample counts, and task coverage
the gardens by the bay in singapore, = de agua que cae desde el techo de un hotel in singapore, a marvel of standing on a dock next to the water. = Future work: Multi-task interactions beyond two tasks and testing
featuring the iconic supertree grove.  edificio, creando un efecto de lluvia modern architecture. FT-COCO-DE: Drei Pelikane stehen whether these findings extend to decoder-only VLMs
FR: La photo montre une vue de nuit  artificial. DE: Das ikonische Marina Bay Sands auf einem Steg. (Three pelicans are References
de I'h6tel Marina Bay Sands a ZH: = j’s] %ﬁﬁﬂi}ifi;%% 7T |!:-|/\] 23 EF' Hotel in Singapur, ein berihmtes standing on a pier.) [0] Fodor, J. A.; and Pylyshyn, Z. W. 1988. Connectionism and cognitive architecture: A critical analysis. Cognition,
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toit en forme de petale de lotus. gi*@ﬁlﬂj% o unverwechselbare Architektur surunqualt. (..) [2] Costa-jussa, M. R.; Cross, J.; C, elebi, O.; Elbayad, M.; Heafield, K.; Heffernan, K.; et al. 2022. No language left
_ _EQ. 2 2 _ M. [ - i . FT-COCO-RU: Tpu nenmnkaHa CctoAaTr behind: Scaling human-centered machine translation. CoRR, abs/2207.04672.

!:T COCO ES: Los arbolels estan FT COCO ZH: um%%Ai’f{.‘T&tum Hj © bekannt ISt. w _ _ [3] Radford, A.; Kim, J. W.; Hallacy, C.; Ramesh, A.; Goh, G.; Agarwal, S.; et al. 2021. Learning transferable visual
iluminados con luces purpuras. (The (The fountain spouted from the ceiling.) FT-COCO-ZH: W]@@ﬂik#ﬁfﬁ |ZE| % H_a MUPCE. (Three pelicans are standing on the models from natural language supervision. In ICML, volume 139, 8748-8763.
trees are illuminated with purple lights.) HH El‘]_i . (Two skyscrapers on a sunny day.) pier.) [4] Xiao, B.; Wu, H.; Xu, W.; Dai, X.; Hu, H.; Lu, Y.; et al. 2024. Florence-2: Advancing a unified representation for a

variety of vision tasks. In CVPR, 4818-4829.
PREFIX inserted for condition emergence [5] Gemma Team. 2024. Gemma 2: Improving open language models at a practical size. CoRR, abs/2408.00118.

FT-COCO refers to the fine-tuned model with prompted COCO caption format
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