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Table 3: Aggregate statistics for the corpus that Medex samples from for fact extraction.

Subset (passage, entity) pairs Passages Entities Papers

Small Molecules 372,073,000 155,805,821 1,747,091 16,276,103

Genes / Proteins 247,323,198 102,869,272 590,747 11,118,371

Total 619,396,198 214,033,574 2,337,838 18,387,248
A Prompts

The prompt that was used for initial entity extraction from paragraphs using Llama 3.1 405B is shown
in Figure 5 and the prompt used with the distilled model is shown in Figure 6; the prompt used for
extraction of facts is shown in Figure 7; and the zero shot experiment prompt is shown in Figure 8.

Entity extraction. When generating distillation data for entity tagging using Llama 3.1 405B, we
dynamically selected two few-shot examples to accompany each target paragraph. This process began
by embedding the target paragraph, along with a set of “golden” paragraphs (those with known tags),
using text-embedding-3-large. The first example was chosen as the nearest neighbor to the
target paragraph from within the golden paragraphs that contained one or more entities. The second
example was selected as the nearest neighbor to the target paragraph verified to contain no entities.
These two examples were then included in the prompt to the model, alongside the target paragraph
itself, to guide the entity tagging process. After collecting a set of labeled data, we discard the large
prompt with few shot examples and distilled into Llama 3.1 8B using the prompt shown in Figure 6.

Fact extraction. For fact extraction, we provide the model with four static few-shot examples, two
of which contain paragraphs that have relevant facts about entities, and two that do not. One example
of each is shown in Figure 9.

Zero-shot. For generating positive and negative examples in our zero-shot setting, the prompt
(Figure 8) requires task-specific descriptions for the positive and negative classes. These descriptions
are straightforward translations of the task objective. For example, when working with the BBB
Martins dataset (which classifies drugs by their ability to cross the blood-brain barrier), the text for
<TASK POSITIVE DESCRIPTION> is “crosses the blood brain barrier,” and the <TASK NEGATIVE
DESCRIPTION> is “does not” (understood in context as “a compound that does not cross the blood
brain barrier”). Similarly, for AMES, the positive and negative texts are “is mutagenic” and “is not
mutagenic”.

B Dataset Statistics

Our release contains two sub-corpora: facts about small molecules and facts about genes/proteins.
These were produced after (i) document retrieval, (ii) paragraph-level entity tagging, (iii) entity
normalization, and (iv) fact extraction (Section 3). Full counts of unique papers, passages, entities,
and passage-entity pairs (up to step (iii)) are provided in Table 3, broken down by small molecules
and genes/proteins.

To make fact extraction feasible, Medex is generated from a subset of the full corpus. To create
this subset, subsampling was performed independently for small molecules and genes/proteins. For
each entity type, we iteratively looped through the unique entities; in each pass, one paragraph was
randomly selected for an entity from its associated pool and added to our working set. This iterative
selection continued until over 6 million paragraphs were gathered for that specific entity type. This
approach was also intended to mitigate the over-representation of well-studied molecules and proteins.
This process resulted in a working set of approximately 12 million paragraphs (roughly 6 million per
category).

Extraction of facts from the working set yielded approximately 20 million facts across roughly 1M
small molecules and around 16 million facts for 329K protein/gene entities. This resulted in a median
of 2 facts per unique small molecule and 4 facts per unique protein/gene in Medex. In the future, we
plan on providing a release drawing from a significantly larger portion of the corpus.
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C Optimization experiment details

To produce the results shown in Figure 4, we ran Bayesian optimization (BayesOpt) with and without
a toxicity classifier as a hard constraint. In particular, we ran LOLBO [32] as it is a popular SOTA BO
method for computational drug design. For constrained BO, we ran LOLBO with the standard SCBO
[7] method to impose a hard feasibility constraint. In each case, we ran with a budget of 200,000
black box function evaluations and used all of the same default hyperparameters as in the original
LOLBO paper [32].

In this experiment, we defined toxicity as a combination of (a) whether the compound may cause
hERG channel blockade and (b) the compounds potential for mutagenic effects. Classification was
implemented with calibrated [13] KNN classifiers over MedexCLIP embeddings using the TDC
training data for the AMES and hERG Karim tasks. If either classifier reported a likelihood of toxicity
greater than 30% for a given compound, it was considered toxic and rejected.

D Compute resources

In this section, we provide details about all compute resources used to produce results provided in
this work.

Compute specifications. We use GPUs to run all experiments and produce all results provided.
Our internal GPU cluster consists of 2 GPU nodes with 10 NVIDIA RTX A5000s each, and 9 GPU
nodes with 8 NVIDIA RTX A6000s each. We supplemented our nodes with A6000 workers from
runpod.io.

Execution time. For optimization results provided in Figure 4, we utilized roughly 700 total GPU
hours on our internal cluster. We estimate that entity tagging and fact extraction took approximately
5,500 GPU hours. Training TDC LM, MedexCLIP, MedexLLava, and MedexLM took a collective
1008 GPU hours. Thus, completing all experiments needed to produce the results provided in this
paper required roughly 7,208 total GPU hours. Preliminary experiments required additional compute.

E Architectures and hyperparameters

Below we provide a detailed account of the architectures and relevant hyperparameters for the models
in this work. All models are optimized using Adam [23], and all MLPs use the GeLU activation [15].
We provide checkpoints for MedexCLIP and code to reproduce the main results in the supplemental
materials.

Molecule Encoder. We use a standard encoder-decoder TS model [39] with a hidden size of 256,
trained on sequences from PubChem [22] and ZINC20 [19], with a maximum sequence length of
768. SMILES were converted to Kekulé form and were tokenized with a method closely resembling
the SMIRK tokenizer [46].

Protein Encoder. We use the ProtT5-XL model described in [6].

MedexCLIP. For contrastive pretraining, we use two 2-layer MLPs: one for the structure (small
molecule or protein embedding produced by their respective encoder), and one for the text input.
The MLP for small molecules has a hidden dimension of 1536, while the protein MLP has a hidden
dimension of 1024. Each MLP projects into a joint 128-dimensional embedding space. A learnable
temperature parameter 7 is initialized to 0.1 and is learned jointly with the MLPs.

TDC LM. TDC LM is a Qwen 2.5 0.5B [38] base model finetuned on the selected tasks from TDC.
For training, we use a batch size of 256, a peak learning rate of 4 x 10~5, 1024 warm-up steps, and
cosine decay to zero.

MedexLM. MedexLM isidentical to TDC LM, but the TDC training dataset was augmented with facts
extracted from Medex that overlap with the tasks in TDC. Training hyperparameters are identical to
those used in TDC LM.
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Table 4: TDC regression benchmarks. Underline: SOTA, bold: best generalist.

Task Metric Specialist SOTA  MedexCLIP TxGemma2B TDCLM
BindingDB Patent PCC 0.588 [27] 0.691 0.422 0.300
BindingDB ic50 Spearman 0.637 [24] 0.813 0.399 0.548
BindingDB kd PCC 0.712 [20] 0.697 0.352 0.450
BindingDB ki PCC 0.840 [48] 0.775 0.661 0.589
Buchwald Hartwig PCC 0.786 [37] 0.921 0.861 0.707
Caco2 Wang MAE 0.285 [17] 0.382 0.476 0.528
Clearance H. AZ Spearman 0.440 [41] 0.467 0.353 0.153
Clearance M. AZ Spearman 0.625 [17] 0.597 0.468 0.387
DAVIS MSE 0.219 [34] 0.541 0.601 0.790
DisGeNET MAE N/A 0.058 0.057 0.081
DrugComb Bliss MAE 4.560 [49] 3.877 4.230 3.715
DrugComb CSS MAE 16.858 [49] 8.296 15.752 7.748
DrugComb HSA MAE 4.453 [49] 3.716 4.231 3.538
DrugComb Loewe MAE 9.184 [49] 7.016 17.342 6.850
DrugComb ZIP MAE 4.027 [49] 3.172 3.950 3.065
GDSC1 PCC 0.860 [30] 0.886 0.876 0.872
GDSC2 PCC 0.860 [30] 0.879 0.824 0.865
Half Life Obach Spearman O 547 [8] 0.440 0.386 0.051
KIBA MSE .154 [34] 0.567 0.588 0.840
LD50 Zhu MAE 2 [17] 0.708 0.710 0.746
Lipophilicity A. MAE 7 [50] 0.771 0.610 0.871
OncoPolyPharm. PCC O 730 [36] 0.588 0.473 0.391
PPBR AZ MAE 7.788 [50] 7.808 9.266 9.682
Protein SAbDab MAE N/A 2.338 1.066 3.630
Solubility AqSolDB  MAE 0.761 [50] 1.070 0.961 1.085
TAP MAE N/A 3.672 5.301 6.144
USPTO Yields PCC 0.361 [37] 0.548 0.011 0.272
VDss Lombardo Spearman 0.627 [3] 0.509 0.564 0.434

MedexLLava. LM architecture and initialization identical to TDC LM. MedexLLava replaces
SMILES strings with an additional 2-layer MLP that projects MedexCLIP embeddings into the
token embedding space of TDC LM, injecting the literature-informed small molecule representations
directly into the model. Training hyperparameters are exactly the same as TDC LM. We use a hidden
dimension of 2048 within the MLP.

Supervised heads. For downstream prediction tasks we feed the final hidden layer of the ap-
propriate MedexCLIP MLP into a single-hidden-layer MLP (hidden dimension of 512). For tasks
that have a textual input (i.e. cell line information in DrugComb tasks), we embed the text using
MedexCLIP and concatenate it along with the structure embedding(s) as input to the supervised head.
We use the relevant supervised heads to do the filtering shown in Figure 1.

F Broader impacts

Opportunities. Medex efficiently synthesizes experimentally-validated information from biomed-
ical literature into short, self-contained facts. This enables small multimodal models (i.e. 15M
trainable parameters in our case), to compete with or surpass 2B or 9B parameter models—lowering
the computational barrier for academic groups working on ML aided therapeutic design. By improv-
ing the predictive performance of models (Section 5.2), and the efficiency and safety of in-silico
design (Section 5.5), Medex has the potential to accelerate therapeutic discovery and design.

Potential Risks. In its current form, Medex inherits the biases present in biomedical literature: over
representation of well studied proteins, small molecules, and associated diseases / disorders; bias
towards positive results inherent in publishing; and so on. Further, extracted facts are not weighted by
provenance or experimental quality—rather, each excerpt we extract data from is treated as a source
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Table 5: TDC classification benchmarks. Underline: SOTA, bold: best generalist.

Task Metric Specialist SOTA  MedexCLIP TxGemma2B TDC LM
AMES AUROC 0.871 [44] 0.802 0.796 0.759
BBB Martins AUROC 0.915 [9] 0.881 0.864 0.758
Bioavailability Ma AUROC 0.748 [2] 0.661 0.715 0.572
CYP1A2 Veith AUPRC 0.900 [35] 0.930 0.910 0.903
CYP2C19 Veith AUROC 0.890 [35] 0.888 0.905 0.868
CYP2C9 S.C.M AUPRC 0.441 [44] 0.430 0.457 0.426
CYP2C9 Veith AUPRC 0.839 [16] 0.778 0.801 0.749
CYP2D6 S.C.M AUPRC 0.736 [16] 0.720 0.605 0.615
CYP2D6 Veith AUPRC 0.739 [16] 0.648 0.637 0.594
CYP3A4 S.CM AUROC 0.662 [18] 0.730 0.669 0.593
CYP3A4 Veith AUPRC 0.904 [16] 0.842 0.844 0.791
Carcinogens L. Accuracy 0.770 [26] 0.857 0.821 0.822
ClinTox AUROC 0.948 [29] 0.789 0.810 0.677
DILI AUROC 0.925 [44] 0.934 0.875 0.718
HIA Hou AUROC 0.988 [17] 0.986 0.937 0.901
HIV AUROC 0.851 [28] 0.806 0.737 0.744
HuRI AUPRC 0.724 [40] 0.712 0.751 0.622
MHCI1 IEDB AUROC 0.986 [12] 0.861 0.910 0.887
MHC2 IEDB AUROC 0.940 [33] 0.852 0.812 0.849
PAMPA NCATS AUROC 0.900 [43] 0.769 0.642 0.654
Pgp Broccatelli AUROC 0.935 [44] 0.896 0.900 0.896
SARSCoV2 3CLPro AUROC 0.800 [14] 0.711 0.733 0.561
SARSCoV?2 Vitro AUROC 0.640 [31] 0.556 0.650 0.367
SAbDab Chen AUPRC 0.510 [5] 0.659 0.676 0.616
Skin Reaction AUROC 0.840 [1] 0.649 0.671 0.529
Tox21 AUROC 0.961 [42] 0.880 0.881 0.870
ToxCast AUROC 0.777 [29] 0.880 0.784 0.880
butkiewicz AUROC 0.840 [45] 0.874 0.791 0.809
hERG AUROC 0.874 [2] 0.885 0.876 0.878
hERG Karim Accuracy 0.770 [21] 0.757 0.778 0.720
herg central AUROC 0.860 [25] 0.877 0.880 0.870
phasel AUROC 0.576 [10] 0.579 0.642 0.612
phase2 AUROC 0.645[10] 0.618 0.665 0.659
phase3 AUROC 0.723 [10] 0.696 0.731 0.712
weber AUROC 0.870 [47] 0.582 0.730 0.538

of truth—meaning downstream models may inherit any spurious findings or incorrect assertions
within the initial corpus. Finally, Medex has the potential to be coupled with generative models to
assist in the development of dual use or illicit substances.

G Full Results

Tables 4 and 5 report per-task numbers for all 63 Therapeutic Data Commons (TDC) benchmarks. For
completeness, they include an LLM trained exclusively on TDC, confirming that the improvements
are not merely architectural but stem from pretraining on Medex. We highlight a few takeaways:

Parameter-efficient performance. MedexCLIP (15M trainable parameters on top of frozen en-
coders) matches or exceeds the much larger TxGemma-2B on 23/28 regression tasks, reducing the
average MAE by 33%, and raising mean performance on classification from 0.768 to 0.771.

Broad coverage. Performance gains are not confined to toxicity; they extend to pharmacokinetics,
reaction yields, protein interaction, drug synergy, and more. This breadth confirms that literature-
distilled priors encode a wide array of high quality information, benefiting the diverse tasks within
TDC.
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Zero-shot capabilities. Without any TDC fine-tuning, the same MedexCLIP encoder attains a
mean AUROC of 0.718 across nine safety and ADME related assays, a 74% relative lift over a
2B-parameter Gemma baseline (Figure 3)—evidence that the learned joint space already organizes
molecules along meaningful, text-derived axes.



Task: Analyze the given paragraph to identify:

1. Specific, uniquely structured small molecules and their used alternative identifiers

2. Specific, uniquely structured biologics and their used alternative identifiers

3. Classes of small molecules or biologics when statements that hold true for the entire class are
made

Definitions and Examples:
1. Small molecules: Low molecular weight compounds with defined chemical structures (generally <= 900
daltons), things you would find on PubChem
- Examples:
- Individual molecules: aspirin, Leukotriene A4, 1,1,1-trifluoromethyl-6,9,12,15-eicosatetraen-2-
one, prednisolone
- Class extraction (when statement applies to whole class): NSAIDs, benzodiazepines, statins

2. Biologics: Large, complex molecules with defined sequences or structures (generally > 900 daltons),
things you would find on UniProt
- Examples:
- Individual macromolecules: insulin
- Proteins / peptides / large enzymes, antibodies: IL-6, TNF-alpha, rabbit anti-5-HT antibody,
MAPK, Drosomycin
- Class extraction (when statement applies to whole class): gonadotrophins, Karophyrins

Instructions:
1. Before tagging any entity, verify:
- For specific molecules or biologics:
- Is this a specific, named molecule/biologic rather than a class?
- Would this molecule/biologic have a defined chemical structure or sequence?
- If multiple similar molecules/biologics are mentioned, can each one be distinguished?

- For classes:

- Does the statement apply to the entire class?

- Is meaningful information provided about the class as a whole?

- Is the class specific enough to have shared mechanisms or properties?
- Is the class not too broad or general to be useful?

- Only proceed with tagging if the relevant answers are "yes".

2. For entities that pass the verification:
- Identify the entity as a small molecule or biologic
- List each entity only once, including all alternative identifiers
- Extract entities in their singular form
- For genes encoding proteins, annotate the protein rather than the gene
- If several entities are mentioned together (i.e. "ERK1/2"), tag them as separate entities (ERK1,
ERK2)
- When listing the name and alternative identifiers, use the least ambiguous one as the name, and
list all others as alternatives in order of increasing ambiguity

3. For each paragraph, assign one or more of the following category tags if relevant information is
present:

- Structure/Properties: Information about molecular structure or physical/chemical properties

- Chemistry: Details about chemical reactions or interactions

- Pharmacology: Information on drug action, effects, or mechanisms

- Synthesis/Formulation: Methods of production or preparation

- Safety/Regulation: Information on toxicity, side effects, or regulatory status

If none of these categories apply, tag as "None".

4. Output format:
- {"categories":["cat1"],"molecules": [{"name":"name","alternatives":["altl", "alt2"],"is_class":
false}],"biologics": [{"name":"name","alternatives":[],"is_class":true}]}

Review the provided examples to understand the expected output format:

<fewshot examples>

Figure 5: Prompt used to extract entities from text using Llama 405B. Appendix A provides an
overview of the few-shot prompting strategy.

Analyze the given paragraph to identify and categorize small molecules and macromolecules/biologics (
or classes thereof), including their synonyms.

Output format:

{"categories": ["cat1"],"molecules": [{"name":"name","alternatives": ["alt1","alt2"],"is_class":false
}1,"biologics": [{"name":"name","alternatives":[],"is_class":true}]}

Figure 6: Prompt used with distilled models for entity tagging.



You are an expert biomedical information-extraction assistant.

Given:
1. paragraph - a single paragraph from a PubMed article
2. target_entities - a JSON list of molecules, proteins or genes I care about.

Return one-line JSON with a single key "facts", whose value is
a list of fact objects:

{
"facts": [
{
"entity": "<entity>",
"fact": "<self-contained fact>",
3,
]
}

———————————————— WHAT COUNTS AS A FACT -----------—---—-
A fact is a generally true, reusable property of the entity that
remains meaningful outside the paragraph.

Allowed (non-exhaustive):

- Identity or classification

- Mechanism of action / target binding

- Therapeutic or functional use

- Physiological / pathophysiological role

- Broad pharmacological / chemical property

NOT allowed (discard):

- Experimental specifics without context (e.g. "EC50 = 2.6 nM"
with no assay, cell type, etc.).

- Study design, cohort sizes, p-values.

- Pure rank orders ("better than X") with no property named.

- Speculative language ("may", "might").

- Facts about entities not in target_entities.

—————————————————— REQUIRED CONTENT ------------------

If the paragraph provides quantitative values (percent uptake,

concentrations, EC50, etc.) that define the property, you must

embed those numbers (with units and key conditions, e.g. time-point

or tissue) directly in the "fact" string. Supply just enough experimental
context (assay, cell type, time) so the statement is interpretable on its own.

———————————————————— OUTPUT RULES ---------ommmmmmm

1. JSON output, no extra keys, no Markdown.

2. Preserve exact spelling of each entity from target_entities.

3. Remove duplicate facts (case-insensitive exact match).

4. If no valid facts, output {"facts":[]}.

5. If a target entity is provided, but cannot be found in the the paragraph, ignore that entity.
6. If there are no facts for a target entity, ignore that entity.

Figure 7: Prompt used to extract facts from text using GPT 4.1. See Appendix A for a description of
the few-shot examples.

Generate 10 diverse, short, 1-2 sentence facts each describing a unique compound that <TASK POSITIVE
DESCRIPTION>, and 10 facts each describing a unique compound that <TASK NEGATIVE DESCRIPTION>.
Present them as a JSON dictionary, with keys "text_pos" and "text_neg", both with lists of strings.
The diversity should lie in the different reasons for falling in text_pos and text_neg, i.e. we want
to represent diverse failure and success cases.

Figure 8: Prompt used to generate positive and negative facts used in zero-shot experiments. See
Appendix A for a discussion of the task-specific descriptions.



Example 1:
{
"paragraph": "We selected a pair of closely related analogues of which one compound, CBK006377 (
referred to as CBK77; N-[6-ethoxy-1,3-benzothiazol-2-yl]-5-nitrofuran-2-carboxamide), displayed
profound UPS impairment and cellular toxicity, while the second compound, CBK085907 (referred to as
CBKO7; N-(4-methoxy-1,3-benzothiazol-2-yl)-5-nitrofuran-2-carboxamide), lacked these activities.
The EC50 of CBK77 was determined as 4.3 microM (6 h treatment, 95% C.I 3.8-5.0 microM) with no
detectable inhibition for CBKO7 in the tested concentration range. It should, however, be mentioned
that CBKO7 is not completely inert as we observed modest UPS impairment and toxicity at high
concentrations (>50 microM) over longer incubations (24 h). The uptake of CBK77 and CBKO7 in cells
was comparable, excluding that the strongly reduced activity of CBKO7 could be attributed to a loss
of cell permeability. Together these data show that CBK77 blocks degradation of a reporter
substrate of the UPS and induces cell death.",
"target_entities": [
"CBK006377",
"N- (4-methoxy-1,3-benzothiazol-2-yl)-5-nitrofuran-2-carboxamide"

]
}
{
"facts": [
{
"entity": "CBK006377",
"fact": "CBK006377 impairs the ubiquitin proteasome system and induces cell death, showing an
EC50 of 4.3 uM (6 h treatment, 95 % CI 3.8 5.0 uM) for blocking degradation of a UPS reporter
substrate.",
},
{
"entity": "N-(4-methoxy-1,3-benzothiazol-2-yl)-5-nitrofuran-2-carboxamide",
"fact": "N-(4-methoxy-1,3-benzothiazol-2-yl)-5-nitrofuran-2-carboxamide shows no detectable
ubiquitin proteasome system inhibition within the tested concentration range up to 50 uM (6 h),
but produces modest UPS impairment and cellular toxicity at concentrations >50 uM after 24 h.",
1,
{
"entity": "N-(4-methoxy-1,3-benzothiazol-2-yl)-5-nitrofuran-2-carboxamide",
"fact": "Despite its low UPS-inhibitory activity, the cellular uptake of N-(4-methoxy-1,3-
benzothiazol-2-yl)-5-nitrofuran-2-carboxamide is comparable to that of CBK006377, indicating
that reduced efficacy is not caused by poor cell permeability.",
}
]
+
Example 2:
{

"paragraph": "OBJECTIVE: To study the chemical constituents of Ligularia macrophylla. METHODS:
Isolation and purification were carried out on repeated silica gel column chromatography. The
structures of the compounds were identified by physico-chemical properties and spectral analyses.
RESULTS: Eight compounds were isolated and identified as kaempferol (1), 2,4’-dihydroxy-5-
methoxychalcone (2), 5-hydroxy-3,4’, 7-trimethoxyflavone (3), isobutyl ester terephthalic acid (4),
4-hydroxybenzaldehyde (5), mono (2-ethylhexyl) terephthalate (6), lupeol (7), beta-sitosterol (8).
CONCLUSION: Compounds 1 - 7 are isolated from this plant for the first time.",
"target_entities": [
"kaempferol",
"2,4’-dihydroxy-5-methoxychalcone",
"5-hydroxy-3,4’,7-trimethoxyflavone",
"isobutyl ester terephthalic acid",
"4-hydroxybenzaldehyde",
"mono (2-ethylhexyl) terephthalate",
"lupeol",
"beta-sitosterol"
]
}
{
"facts": []
}

Figure 9: Two of the static few-shot examples provided while generating distillation data for fact
generation (see Figure 7 for the full prompt).
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