Generating Recipe Ingredients and Instructions from Recipe Titles
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Recipe generation from recipe titles only is unsolved, as current state For the LSTMs, we took all examples with title and ingredients and
of the art models in literature require both recipe titles and ingredients joined them together into one text. <title-end> tokens were Model architecture Decoding F1 BLEU
lists for instruction generation. We explored using transformer and appended to the end of the title and ingredients separated by method
LSTM models to produce meaningful ingredient lists when given recipe special <ingr-end> tokens. Text was chunked into sequences of 16 A ~
titles only. We then produce recipe instructions using the generated and 64 where the target reflected the input shifted over by 1. I;IS; ZI\‘,II 6d ecoder with block K=1 10.9 >3
ingredients lists using an existing recipe instruction generation LSTM
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Recipes1M+ [2]: Over 1 million recipe title, ingredient, and instruction had an embedding layer of 1024, 2 h.idden layer LST™M with state attention T=0.9
constructed sequences consisting of the word-tokenized recipe title, a distribution over the entire vocabulary (29,058). The larger block ;;%n:m:e;£9§4 layer, K_1-|9'=0P§0'3' 30.6 23
followed by the ingredients, for each example. size of 64 yielded better results than the block size of 16, however, . '
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Bempg mstruc’slons were ggngrated using title and outoyt  <Pad>  <pad> <pad> 1 cup red lentils ... 1024 embd. size, pretrain) T=0.8
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that implements DistilBERT, a planning stage next-token =oAL LN COOR ST NG SOt :
classifier to label individual recipe instruction prediction with span Additional Transformer Blocks... ; Model architecture | Decoding method BLEU | ROUGE-L
sentences as a specific stage ('Pre-processing", corruption and Transformer Block :
"Mixing", "Cooking", etc). This compressed version pmasking ‘ Baseline N/A 13.73 39.1
of BERT reduces computational resources while ‘ — Sl falliall ST ST L Transformer K=3,P=0.3,T=09 | 3.41 22.7
maintaining  accuracy  through  knowledge Fine-tuning 5 Seduenal MLP (2 Thear fayers) wih dropodt
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models to produce an outline of recipe stages, and ¢cjpe titles <MASK> —= Quall.t ative Evaluatlor.l :
GPT-2 generates cooking instructions from a ot | Aropout Good: Our best model predicted reasonable ingredients relevant to
finetuned model. Recipes created using T + Efmbeddilngwer t ! the title most of .the tlmg. The recipe instruction m.odule.could
Recipe1M+ data and generated ingredients from a 184 block f f : + : : generate coherent instructions based on the generated ingredients.
developed transformer were compared sizeinput  lentil  vegetable soup  <start> 1 cup lentils Bad: Generated ingredients were sometimes repeated, had
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For both architectures, we Recipe Title Best Transformer Model Best LSTM Model Target Conclusions /Future work
experimented using top-k, top-p, and | pytternut 1 whole butternut squash, peeled, | 1 bunch green onion | sliced, 2|1 small butternut squash, peeled, It is feasible to generate recipe ingredients and instructions from

beam  search  decoding. @ We |squash soup or|seeded, and diced | 1 whole |shallots, minced | 1 teaspoon |diced | 1 medium onion , large the title only, sometimes. However more work is needed to improve
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