

    
      
          
            
  
SynSetMine documentation!

This project presents a distantly-supervised synonym set discovery tool.

Details about SynSetMine can be accessed here [https://arxiv.org/pdf/1811.07032.pdf], and the implementation is based on PyTorch 0.4.1.
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data loader


dataloader.element_set module


	
class dataloader.element_set.ElementSet(name, data_format, options, raw_data_strings=None)[source]

	Bases: object

Dataset Object


	Parameters

	
	name (str) – dataset name


	data_format (str) – dataset format, either “set” or “sip”


	options (dict) – dataset parameters, including two dicts mapping element to element index


	raw_data_strings (list) – a list of strings representing an element set.


	If data_format is “set”, each string is of format “c0 {‘d93’, ‘d377’, ‘d141’, ‘d63’, ‘d166’}”.


	If data_format is “sip”, each string is of format “{‘d93’, ‘d377’} d141 0”.














	
_convert_set_format_to_sip_format(raw_sets, pos_strategy, neg_strategy, neg_sample_size=10, subset_size=5, max_set_size=50)[source]

	Generate <set, instance> pairs (sip) from a collection of sets


	Parameters

	
	raw_sets (list) – a list of sets


	pos_strategy (str) – name of positive sampling method


	neg_strategy (str) – name of negative sampling method


	neg_sample_size (int) – negative sampling ratio


	subset_size (int) – size of “set” in <set, instance> pairs, used only in “fix_size_repeat_set” pos_strategy


	max_set_size (int) – maximum size of “set” in <set, instance> pairs, used only in “vary_size_enumerate” pos_strategy






	Returns

	len(raw_sets) * (1 + neg_sample_size) sips, among which len(raw_sets) sips are positive and len(raw_sets) * neg_sample_size sips are negative



	Return type

	list





Notes


	if pos_strategy is “sample_size_repeat_set”, for each original set, we sample the size of “set” in sip, repeat this generated set neg_sample_size times, and pair them with each negative instance. This is the strategy to original AAAI submission.


	if pos_strategy is “sample_size_random_set”, for each original set, we sample one size of “set” in sip, and generate one set for each negative instance.


	if pos_strategy is “fix_size_repeat_set”, for each original set, we use pre-determined subset size to generate one “set” in sip, repeat this generated set neg_sample_size times, and pair them with each negative instance. This is the one used in cold-start training.


	if pos_strategy is “vary_size_enumerate”, for each original set and for each subset size less than max_set_size, we enumerate the original set and generate all possible sips. This is the one used for converting test_set in “set” format to “sip” format.


	if pos_strategy is “vary_size_enumerate_with_full_set”, it’s basically same as the “vary_size_enumerate” strategy, except that it will also generate full set with only negative instances


	if pos_strategy is “vary_size_enumerate_with_full_set_plus_group_id”, it’s basically same as the “vary_size_enumerate_with_full_set” strategy, expect that it will also return the group id of each sip the group id is this sip’s corresponding raw set index


	if pos_strategy is “enumerate”, this is the one used for pre-generating sip triplets









	
_convert_sip_format_to_tensor(max_set_size, batch_set, batch_inst, labels)[source]

	Generate tensors for <set, instance> pairs


	Parameters

	
	max_set_size (int) – maximum size of “set” in <set, instance> pairs


	batch_set (list) – a list of “sets” in <set, instance> pairs


	batch_inst (list) – a list of “instances” in <set, instance> pairs


	labels (list) – a list of labels for each above <set, instance> pair






	Returns

	a dict of pytorch tensors representing <set, instance> pairs with their corresponding labels



	Return type

	dict










	
_generate_negative_samples_within_pool(positive_sets, neg_sample_size, remove_pos=True)[source]

	Generate negative samples from vocabulary


	Parameters

	
	positive_sets (list) – a list of positive sets


	neg_sample_size (int) – negative sampling ratio


	remove_pos (bool) – whether to remove instances in positive sets from the vocabulary






	Returns

	a list of negative sets



	Return type

	list










	
_initialize_set_format(raw_set_strings)[source]

	Initialize  dataset from a collection of strings representing element sets


	Parameters

	raw_set_strings (list) – a list of strings representing element sets



	Returns

	None



	Return type

	None










	
_initialize_sip_format(raw_set_instance_strings)[source]

	Initialize dataset from a collection of strings representing <set, instance> pairs


	Parameters

	raw_set_instance_strings (list) – a list of strings representing <set instance> pairs



	Returns

	None



	Return type

	None










	
_shuffle()[source]

	Shuffle dataset


	Returns

	None



	Return type

	None










	
get_test_batch(max_set_size=5, batch_size=32)[source]

	Generate one testing batch of <set, instance> pairs


	Parameters

	
	max_set_size (int) – maximum size of set S


	batch_size (int) – number of <set, instance> pairs in one batch






	Returns

	a testing batch containing “batch_size” <set, instance> pairs



	Return type

	dict










	
get_train_batch(max_set_size=100, pos_sample_method='sample_size_random_set', neg_sample_size=1, neg_sample_method='complete_random', batch_size=32)[source]

	Generate one training batch of <set, instance> pairs


	Parameters

	
	max_set_size (int) – maximum size of set S


	pos_sample_method (str) – name of positive sampling method


	neg_sample_size (int) – number of negative samples for each set


	neg_sample_method (str) – name of negative sampling method


	batch_size (int) – number of sets in one batch






	Returns

	a training batch containing “batch_size * (1+neg_sample_size)” <set, instance> pairs



	Return type

	dict
















model


	
class model.SSPM(params)[source]

	Bases: sphinx.ext.autodoc.importer._MockObject

Synonym Set Prediction Model (SSPM), namely SynSetMine


	Parameters

	params (dict) – a dictionary containing all model specifications






	
_get_test_sip_batch_size(x)[source]

	




	
_set_scorer(set_tensor)[source]

	Return the quality score of a batch of sets


	Parameters

	set_tensor (tensor) – sets to be scored, size: (batch_size, max_set_size)



	Returns

	scores of all sets, size: (batch_size, 1)



	Return type

	tensor










	
initialize(params)[source]

	Initialize model components


	Parameters

	params (dict) – a dictionary containing all model specifications



	Returns

	None



	Return type

	None










	
predict(batch_set_tensor, batch_inst_tensor)[source]

	Make set instance pair prediction


	Parameters

	
	batch_set_tensor (tensor) – packed sets in a collection of <set, instance> pairs, size: (batch_size, max_set_size)


	batch_inst_tensor (tensor) – packed instances in a collection of <set, instance> pairs, size: (batch_size, 1)






	Returns

	
	scores of packed sets, (batch_size, 1)


	scores of packed sets union with corresponding instances, (batch_size, 1)


	the probability of adding the instance into the corresponding set, (batch_size, 1)








	Return type

	tuple










	
train_step(train_batch)[source]

	Train the model on the given train_batch


	Parameters

	train_batch (dict) – a dictionary containing training batch in <set, instance> pair format



	Returns

	batch_loss, true_positive_num, false_positive_num, false_negative_num, true_positive_num



	Return type

	tuple














	
model.initialize_weights(moduleList, itype='xavier')[source]

	Initialize a list of modules


	Parameters

	
	moduleList (list) – a list of nn.modules


	itype (str) – name of initialization method






	Returns

	None



	Return type

	None











cluster predictor


	
cluster_predict.multiple_set_single_instance_prediction(model, sets, instance, size_optimized=False)[source]

	Apply the given model to predict the probabilities of adding that one instance into each of the given sets


	Parameters

	
	model (SSPM) – a trained SynSetMine model


	sets (list) – a list of sets, each contain the element index


	instance (int) – a single instance, represented by the element index


	size_optimized (bool) – whether to optimize the multiple-set-single-instance prediction process. If the size of each
set in the given ‘sets’ varies a lot and there exists a single huge set in the given ‘sets’, set this parameter
to be True






	Returns

	
	scores of given sets, (batch_size, 1)


	scores of given sets union with the instance, (batch_size, 1)


	the probability of adding the instance into the corresponding set, (batch_size, 1)








	Return type

	tuple










	
cluster_predict.set_generation(model, vocab, threshold=0.5, eid2ename=None, size_opt_clus=False, max_K=None, verbose=False)[source]

	Set Generation Algorithm


	Parameters

	
	model (SSPM) – a trained set-instance classifier


	vocab (list) – a list of elements to be clustered, each element is represented by its index


	threshold (float) – the probability threshold for determine whether to create new singleton cluster


	eid2ename (dict) – a dictionary mapping element index to its corresponding (human-readable) name


	size_opt_clus (bool) – a flag indicating whether to optimize the multiple-set-single-instance prediction process


	max_K (int) – maximum number of clusters, If None, we will infer this number automatically


	verbose (bool) – whether to print out all intermediate results






	Returns

	a list of detected clusters



	Return type

	list











evaluator


	
evaluator.calculate_km_matching_score(weight_nm)[source]

	Calculate maximum weighted matching score


	Parameters

	weight_nm (list) – a similarity matrix



	Returns

	weighted matching score



	Return type

	float










	
evaluator.calculate_precision_recall_f1(tp, fp, fn)[source]

	Calculate precision, recall, and f1 score


	Parameters

	
	tp (int) – true positive number


	fp (int) – false positive number


	fn (int) – false negative number






	Returns

	(precision, recall, f1 score)



	Return type

	tuple










	
evaluator.end2end_evaluation_matching(groundtruth, result)[source]

	Evaluate the maximum weighted jaccard matching of groundtruth clustering and predicted clustering


	Parameters

	
	groundtruth (list) – a list of element lists representing the ground truth clustering


	result (list) – a list of element lists representing the model predicted clustering






	Returns

	best matching score



	Return type

	float










	
evaluator.evaluate_clustering(cls_pred, cls_true)[source]

	Evaluate clustering results


	Parameters

	
	cls_pred (list) – a list of element lists representing model predicted clustering


	cls_true (list) – a list of element lists representing the ground truth clustering






	Returns

	a dictionary of clustering evaluation metrics



	Return type

	dict










	
evaluator.evaluate_set_instance_prediction(model, dataset)[source]

	Evaluate model on the given dataset for set-instance pair prediction task


	Parameters

	
	model (SSPM) – a trained set-instance classifier


	dataset (ElementSet) – an ElementSet dataset with






	Returns

	a dictionary of set-instance pair prediction metrics



	Return type

	dict











utils


	
class utils.Metrics[source]

	Bases: object

A metric class wrapping all metrics


	
add(metric_name, metric_value)[source]

	Add metric value for the given metric name


	Parameters

	
	metric_name (str) – metric name


	metric_value – metric value






	Returns

	None



	Return type

	None














	
class utils.Results(filename)[source]

	Bases: object

A result class for saving results to file


	Parameters

	filename (str) – name of result saving file






	
save_metrics(hyperparams, metrics)[source]

	Save model hyper-parameters and evaluation results to the file


	Parameters

	
	hyperparams (dict) – a dictionary of model hyper-parameters, keyed with the hyper-parameter names


	metrics (Metrics) – a Metrics object containg all model evaluation results






	Returns

	None



	Return type

	None














	
utils.check_model_consistency(args)[source]

	Check whether the model architecture is consistent with the loss function used


	Parameters

	args (dict) – a dictionary containing all model specifications



	Returns

	a flag indicating whether the model architecture is consistent with the loss function,
if not, also return the error message



	Return type

	a tuple of (bool, str)










	
utils.get_num_lines(file_path)[source]

	Return the number of lines in the file without actually reading them into the memory. Used together with
tqdm for tracking file reading progress.

Usage:

with open(inputFile, "r") as fin:
    for line in tqdm(fin, total=get\_num\_lines(inputFile)):
        ...






	Parameters

	file_path (str) – path of input file



	Returns

	number of lines in the file



	Return type

	int










	
utils.load_checkpoint(model, optimizer, load_dir, load_prefix, step)[source]

	Load model checkpoint (including trained model, training epoch, and optimizer) from a file

Notes


	The loaded model and optimizer are initially on CPU and need to be explicitly moved to GPU c.f. https://discuss.pytorch.org/t/loading-a-saved-model-for-continue-training/17244/3.


	You need to first initialize a model which has the same architecture/size of the model to be loaded.





	Parameters

	
	model (torch.nn) – a model which has the same architecture of the model to be loaded


	optimizer (torch.optim) – a pytorch optimizer


	load_dir (str) – model save directory


	load_prefix (str) – model snapshot prefix


	step (int) – model training epoch






	Returns

	None



	Return type

	None










	
utils.load_embedding(fi, embed_name='word2vec')[source]

	Load pre-trained embedding from file


	Parameters

	
	fi (str) – embedding file name


	embed_name (str) – embedding format, currently only supports “word2vec” format embedding. c.f.: https://radimrehurek.com/gensim/models/keyedvectors.html






	Returns

	
	embedding : embedding file


	index2word: map from element index to element


	word2index: map from element to element index


	vocab_size: size of element pool


	embed_dim: embedding dimension








	Return type

	(gensim.KeyedVectors, list, dict, int, int)










	
utils.load_model(model, load_dir, load_prefix, steps)[source]

	load model from file

Note: You need to first initialize a model which has the same architecture/size of the model to be loaded.


	Parameters

	
	model (torch.nn) – a model which has the same architecture of the model to be loaded


	load_dir (str) – model save directory


	load_prefix (str) – model snapshot prefix


	steps (int) – model training epoch






	Returns

	None



	Return type

	None










	
utils.load_raw_data(fi)[source]

	Load raw data from file


	Parameters

	fi (str) – data file name



	Returns

	a list of raw data from file



	Return type

	list










	
utils.my_logger(name='', log_path='./')[source]

	Create a python logger


	Parameters

	
	name (str) – logger name


	log_path (str) – path for saving logs






	Returns

	a logger for logging messages



	Return type

	python logger










	
utils.print_args(args, interested_args='all')[source]

	Print arguments in command line


	Parameters

	
	args (Namespace) – parsed command line argument


	interested_args (list) – a list of interested argument names






	Returns

	None



	Return type

	None










	
utils.save_checkpoint(model, optimizer, save_dir, save_prefix, step)[source]

	Save model checkpoint (including trained model, training epoch, and optimizer) to a file


	Parameters

	
	model (torch.nn) – a trained model


	optimizer (torch.optim) – a pytorch optimizer


	save_dir (str) – model save directory


	save_prefix (str) – model snapshot prefix


	step (int) – model training epoch






	Returns

	None



	Return type

	None










	
utils.save_model(model, save_dir, save_prefix, steps)[source]

	Save model to file


	Parameters

	
	model (torch.nn) – a trained model


	save_dir (str) – model save directory


	save_prefix (str) – model snapshot prefix


	steps (int) – model training epoch






	Returns

	None



	Return type

	None










	
utils.to_gpu(optimizer, device)[source]

	Move optimizer from CPU to GPU


	Parameters

	
	optimizer (torch.optim) – a pytorch optimizer


	device (torch.device) – a pytorch device, CPU or GPU






	Returns

	None



	Return type

	None
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  Source code for cluster_predict

"""
.. module:: cluster_predict
    :synopsis: clustering by set generation algorithm

.. moduleauthor:: Jiaming Shen
"""
import torch
import numpy as np
from tqdm import tqdm


[docs]def multiple_set_single_instance_prediction(model, sets, instance, size_optimized=False):
    """ Apply the given model to predict the probabilities of adding that one instance into each of the given sets

    :param model: a trained SynSetMine model
    :type model: SSPM
    :param sets: a list of sets, each contain the element index
    :type sets: list
    :param instance: a single instance, represented by the element index
    :type instance: int
    :param size_optimized: whether to optimize the multiple-set-single-instance prediction process. If the size of each
        set in the given 'sets' varies a lot and there exists a single huge set in the given 'sets', set this parameter
        to be True
    :type size_optimized: bool
    :return:

        - scores of given sets, (batch_size, 1)
        - scores of given sets union with the instance, (batch_size, 1)
        - the probability of adding the instance into the corresponding set, (batch_size, 1)

    :rtype: tuple
    """
    if not size_optimized:  # when there exists no single big cluster, no need for complex size optimization
        return _multiple_set_single_instance_prediction(model, sets, instance)
    else:
        if len(sets) <= 10:
            return _multiple_set_single_instance_prediction(model, sets, instance)

        set_sizes = [len(ele) for ele in sets]
        tmp = sorted(enumerate(set_sizes), key=lambda x: x[1])  # (old index, set_size)
        n2o = {n: ele[0] for n, ele in enumerate(tmp)}  # new index -> old index
        o2n = {n2o[n]: n for n in n2o}  # old index -> new index
        sorted_set_sizes = [ele[1] for ele in tmp]

        # the bining method is a combination of 'sturges' and 'fd' estimators, another choice is set "bins="sturges", which generates more bins
        # c.f.: https://docs.scipy.org/doc/numpy/reference/generated/numpy.histogram_bin_edges.html#numpy.histogram_bin_edges
        _, bin_edges = np.histogram(sorted_set_sizes, bins="auto")
        inds = np.digitize(sorted_set_sizes, bin_edges)

        sorted_setScores = []
        sorted_setInstSumScores = []
        sorted_positive_prob = []
        cur_ind = inds[0]
        cur_set = [sets[tmp[0][0]]]
        for i in range(1, len(inds)):
            if inds[i] == cur_ind:
                cur_set.append(sets[tmp[i][0]])
            else:
                cur_setScores, cur_setInstSumScores, cur_positive_prob = _multiple_set_single_instance_prediction(
                    model, cur_set, instance)
                sorted_setScores += cur_setScores
                sorted_setInstSumScores += cur_setInstSumScores
                sorted_positive_prob += cur_positive_prob
                cur_ind = inds[i]
                cur_set = [sets[tmp[i][0]]]
        if len(cur_set) > 0:  # working on the last bin
            cur_setScores, cur_setInstSumScores, cur_positive_prob = _multiple_set_single_instance_prediction(
                model, cur_set, instance)
            sorted_setScores += cur_setScores
            sorted_setInstSumScores += cur_setInstSumScores
            sorted_positive_prob += cur_positive_prob

        if len(sets) != len(sorted_positive_prob):
            assert "Mismatch after binning optimization"

        setScores = []
        setInstSumScores = []
        positive_prob = []
        for o in range(len(sets)):
            setScores.append(sorted_setScores[o2n[o]])
            setInstSumScores.append(sorted_setInstSumScores[o2n[o]])
            positive_prob.append(sorted_positive_prob[o2n[o]])

        return setScores, setInstSumScores, positive_prob



def _multiple_set_single_instance_prediction(model, sets, instance):
    model.eval()

    # generate tensors
    batch_size = len(sets)
    max_set_size = max([len(ele) for ele in sets])
    batch_set_tensor = np.zeros([batch_size, max_set_size], dtype=np.int)
    for row_id, row in enumerate(sets):
        batch_set_tensor[row_id][:len(row)] = row
    batch_set_tensor = torch.from_numpy(batch_set_tensor)  # (batch_size, max_set_size)
    batch_inst_tensor = torch.tensor(instance).unsqueeze(0).expand(batch_size, 1)  # (batch_size, 1)

    batch_set_tensor = batch_set_tensor.to(model.device)
    batch_inst_tensor = batch_inst_tensor.to(model.device)

    # inference
    setScores, setInstSumScores, prediction = model.predict(batch_set_tensor, batch_inst_tensor)

    # convert to probability of each sip
    positive_prob = prediction.squeeze(-1).detach()
    positive_prob = list(positive_prob.to(torch.device("cpu")).numpy())

    setScores = setScores.squeeze(-1).detach()
    setScores = list(setScores.to(torch.device("cpu")).numpy())

    setInstSumScores = setInstSumScores.squeeze(-1).detach()
    setInstSumScores = list(setInstSumScores.to(torch.device("cpu")).numpy())

    model.train()
    return setScores, setInstSumScores, positive_prob


[docs]def set_generation(model, vocab, threshold=0.5, eid2ename=None, size_opt_clus=False, max_K=None, verbose=False):
    """ Set Generation Algorithm

    :param model: a trained set-instance classifier
    :type model: SSPM
    :param vocab: a list of elements to be clustered, each element is represented by its index
    :type vocab: list
    :param threshold: the probability threshold for determine whether to create new singleton cluster
    :type threshold: float
    :param eid2ename: a dictionary mapping element index to its corresponding (human-readable) name
    :type eid2ename: dict
    :param size_opt_clus: a flag indicating whether to optimize the multiple-set-single-instance prediction process
    :type size_opt_clus: bool
    :param max_K: maximum number of clusters, If None, we will infer this number automatically
    :type max_K: int
    :param verbose: whether to print out all intermediate results
    :type verbose: bool
    :return: a list of detected clusters
    :rtype: list
    """
    model.eval()

    clusters = []  # will be a list of lists
    candidate_pool = vocab
    if verbose:
        print("{}\t{}".format("vocab", [eid2ename[eid] for eid in vocab]))

    if verbose:
        g = tqdm(range(len(candidate_pool)), desc="Cluster prediction (aggressive one pass)...")
    else:
        g = range(len(candidate_pool))
    for i in g:
        inst = candidate_pool[i]
        if i == 0:
            cluster = [inst]
            clusters.append(cluster)
        else:
            setScores, setInstSumScores, cluster_probs = multiple_set_single_instance_prediction(
                model, clusters, inst, size_optimized=size_opt_clus
            )
            best_matching_existing_cluster_idx = -1
            best_matching_existing_cluster_prob = 0.0
            for cid, cluster_prob in enumerate(cluster_probs):
                if cluster_prob > best_matching_existing_cluster_prob:
                    best_matching_existing_cluster_prob = cluster_prob
                    best_matching_existing_cluster_idx = cid

            if verbose:
                print("Current Cluster Pool:",
                      [(cid, [eid2ename[ele] for ele in cluster]) for cid, cluster in enumerate(clusters)])
                print("-" * 20)
                print("Entity: {:<30}  best_prob = {:<8} Best-matching Cluster: {:<80} (cid={})".format(eid2ename[inst], best_matching_existing_cluster_prob, str(
                    [eid2ename[eid] for eid in clusters[best_matching_existing_cluster_idx]]), best_matching_existing_cluster_idx))

            if max_K and len(clusters) >= max_K:
                clusters[best_matching_existing_cluster_idx].append(inst)
                if verbose:
                    print("!!! Add Entity In")
            else:
                # then either add this instance to existing cluster or create a new cluster
                if best_matching_existing_cluster_prob > threshold:
                    clusters[best_matching_existing_cluster_idx].append(inst)
                    if verbose:
                        print("!!! Add Entity In")
                else:
                    new_cluster = [inst]
                    clusters.append(new_cluster)

            if verbose:
                print("-" * 120)

    model.train()
    return clusters





          

      

      

    

  

    
      
          
            
  Source code for evaluator

"""
.. module:: evaluator
    :synopsis: model evaluator

.. moduleauthor:: Jiaming Shen, Ruiliang Lyu, Wenda Qiu
"""
import torch
import torch.nn.functional as F
import numpy as np
from collections import Counter, defaultdict
from sklearn.metrics import precision_score, recall_score, f1_score, accuracy_score, confusion_matrix
from sklearn.metrics import adjusted_rand_score, normalized_mutual_info_score, fowlkes_mallows_score
import itertools
import networkx as nx


[docs]def calculate_precision_recall_f1(tp, fp, fn):
    """ Calculate precision, recall, and f1 score

    :param tp: true positive number
    :type tp: int
    :param fp: false positive number
    :type fp: int
    :param fn: false negative number
    :type fn: int
    :return: (precision, recall, f1 score)
    :rtype: tuple
    """

    if (tp + fp) == 0:
        precision = 0.0
    else:
        precision = 1.0 * tp / (tp + fp)

    if (tp + fn) == 0:
        recall = 0.0
    else:
        recall = 1.0 * tp / (tp + fn)

    if (precision + recall) == 0:
        f1 = 0.0
    else:
        f1 = 2.0 * (precision * recall) / (precision + recall)

    return precision, recall, f1



[docs]def calculate_km_matching_score(weight_nm):
    """ Calculate maximum weighted matching score

    :param weight_nm: a similarity matrix
    :type weight_nm: list
    :return: weighted matching score
    :rtype: float
    """
    x = len(weight_nm)
    y = len(weight_nm[0])
    n = max(x, y)
    NONE = -1e6
    INF = 1e9
    weight = [[NONE for j in range(n + 1)] for i in range(n + 1)]
    for i in range(x):
        for j in range(y):
            weight[i + 1][j + 1] = weight_nm[i][j]
    lx = [0. for i in range(n + 1)]
    ly = [0. for i in range(n + 1)]
    match = [-1 for i in range(n + 1)]
    for i in range(1, n + 1):
        for j in range(1, n + 1):
            lx[i] = max(lx[i], weight[i][j])
    for root in range(1, n + 1):
        vy = [False for i in range(n + 1)]
        slack = [INF for i in range(n + 1)]
        pre = [0 for i in range(n + 1)]
        py = 0
        match[0] = root
        while True:
            vy[py] = True
            x = match[py]
            delta = INF
            yy = 0
            for y in range(1, n + 1):
                if not vy[y]:
                    if lx[x] + ly[y] - weight[x][y] < slack[y]:
                        slack[y] = lx[x] + ly[y] - weight[x][y]
                        pre[y] = py
                    if slack[y] < delta:
                        delta = slack[y]
                        yy = y
            for y in range(n + 1):
                if vy[y]:
                    lx[match[y]] -= delta
                    ly[y] += delta
                else:
                    slack[y] -= delta
            py = yy
            if match[py] == -1: break
        while True:
            prev = pre[py]
            match[py] = match[prev]
            py = prev
            if py == 0: break
    score = 0.
    for i in range(1, n + 1):
        v = weight[match[i]][i]
        if v > NONE:
            score += v
    return score



[docs]def end2end_evaluation_matching(groundtruth, result):
    """ Evaluate the maximum weighted jaccard matching of groundtruth clustering and predicted clustering

    :param groundtruth: a list of element lists representing the ground truth clustering
    :type groundtruth: list
    :param result: a list of element lists representing the model predicted clustering
    :type result: list
    :return: best matching score
    :rtype: float
    """
    n = len(groundtruth)
    m = len(result)
    G = nx.DiGraph()
    S = n + m
    T = n + m + 1
    C = 1e8
    for i in range(n):
        for j in range(m):
            s1 = groundtruth[i]
            s2 = result[j]
            s12 = set(s1) & set(s2)
            weight = len(s12) / (len(s1) + len(s2) - len(s12))
            weight = int(weight * C)
            if weight > 0:
                G.add_edge(i, n + j, capacity=1, weight=-weight)
    for i in range(n):
        G.add_edge(S, i, capacity=1, weight=0)
    for i in range(m):
        G.add_edge(i + n, T, capacity=1, weight=0)
    mincostFlow = nx.algorithms.max_flow_min_cost(G, S, T)
    mincost = nx.cost_of_flow(G, mincostFlow) / C
    return -mincost / m



[docs]def evaluate_set_instance_prediction(model, dataset):
    """ Evaluate model on the given dataset for set-instance pair prediction task

    :param model: a trained set-instance classifier
    :type model: SSPM
    :param dataset: an ElementSet dataset with
    :type dataset: ElementSet
    :return: a dictionary of set-instance pair prediction metrics
    :rtype: dict
    """
    model.eval()

    y_true = []
    y_pred = []
    set_size = []

    # the following max_set_size and batch_size number need to be set such that one test batch can fit GPU memory
    # TODO: make this value dynamtically changeable
    max_set_size = 100
    batch_size = int(len(dataset.sip_triplets) / 2)
    for test_batch in dataset.get_test_batch(max_set_size=max_set_size, batch_size=batch_size):
        # log set size for set-size-wise error analysis
        batch_set_size = torch.sum((test_batch['set'] != 0), dim=1)
        if model.device_id != -1:
            batch_set_size = batch_set_size.to(torch.device("cpu"))
        batch_set_size = list(batch_set_size.numpy())
        set_size += batch_set_size

        # start real prediction
        mask = (test_batch['set'] != 0).float().unsqueeze(-1)
        setEmbed = model.nodeTransform(test_batch['set']) * mask
        setEmbed = model.node_pooler(setEmbed, dim=1)
        instEmbed = model.nodeTransform(test_batch['inst']).squeeze_(1)
        setScores = model.scorer(setEmbed)
        setInstSumScores = model.scorer(setEmbed + instEmbed)
        score_diff = setInstSumScores - setScores

        prediction = F.sigmoid(score_diff)
        if model.device_id != -1:
            prediction = prediction.to(torch.device("cpu"))
        cur_pred = (prediction > 0.5).squeeze().numpy()
        y_pred += list(cur_pred)

        target = test_batch['label'].float()
        loss = model.criterion(score_diff, target).item()
        if model.device_id != -1:
            target = target.to(torch.device("cpu"))
        cur_true = target.squeeze().numpy()
        y_true += list(cur_true)

    # obtain set-size-wise accuracy
    set_size2num = Counter(set_size)
    set_size2correct = defaultdict(int)
    for t, p, s in zip(y_true, y_pred, set_size):
        if t == p:
            set_size2correct[s] += 1
    set_size2accuracy = {}
    for set_size in set_size2correct:
        set_size2accuracy[set_size] = set_size2correct[set_size] / set_size2num[set_size]

    y_true = np.array(y_true)
    y_pred = np.array(y_pred)

    precision = precision_score(y_true, y_pred)
    recall = recall_score(y_true, y_pred)
    f1 = f1_score(y_true, y_pred)
    num_pred_pos = int(np.sum(y_pred))
    num_pred_neg = y_true.shape[0] - num_pred_pos
    tn, fp, fn, tp = confusion_matrix(y_true, y_pred, labels=[0, 1]).ravel()
    accuracy = accuracy_score(y_true, y_pred)

    model.train()
    metrics = {"precision": precision, "recall": recall, "f1": f1, "num_pred_pos": num_pred_pos,
               "num_pred_neg": num_pred_neg, "tn": tn, "fp": fp, "fn": fn, "tp": tp, "loss": loss,
               "accuracy": accuracy}
    return metrics



[docs]def evaluate_clustering(cls_pred, cls_true):
    """ Evaluate clustering results

    :param cls_pred: a list of element lists representing model predicted clustering
    :type cls_pred: list
    :param cls_true: a list of element lists representing the ground truth clustering
    :type cls_true: list
    :return: a dictionary of clustering evaluation metrics
    :rtype: dict
    """
    vocab_pred = set(itertools.chain(*cls_pred))
    vocab_true = set(itertools.chain(*cls_true))
    assert (vocab_pred == vocab_true), "Unmatched vocabulary during clustering evaluation"

    # Cluster number
    num_of_predict_clusters = len(cls_pred)

    # Cluster size histogram
    cluster_size2num_of_predicted_clusters = Counter([len(cluster) for cluster in cls_pred])

    # Exact cluster prediction
    pred_cluster_set = set([frozenset(cluster) for cluster in cls_pred])
    gt_cluster_set = set([frozenset(cluster) for cluster in cls_true])
    num_of_exact_set_prediction = len(pred_cluster_set.intersection(gt_cluster_set))

    # Clustering metrics
    word2rank = {}
    wordrank2gt_cluster = {}
    rank = 0
    for cid, cluster in enumerate(cls_true):
        for word in cluster:
            if word not in word2rank:
                word2rank[word] = rank
                rank += 1
            wordrank2gt_cluster[word2rank[word]] = cid
    gt_cluster_vector = [ele[1] for ele in sorted(wordrank2gt_cluster.items())]

    wordrank2pred_cluster = {}
    for cid, cluster in enumerate(cls_pred):
        for word in cluster:
            wordrank2pred_cluster[word2rank[word]] = cid
    pred_cluster_vector = [ele[1] for ele in sorted(wordrank2pred_cluster.items())]

    ARI = adjusted_rand_score(gt_cluster_vector, pred_cluster_vector)
    FMI = fowlkes_mallows_score(gt_cluster_vector, pred_cluster_vector)
    NMI = normalized_mutual_info_score(gt_cluster_vector, pred_cluster_vector)

    # Pair-based clustering metrics
    def pair_set(labels):
        S = set()
        cluster_ids = np.unique(labels)
        for cluster_id in cluster_ids:
            cluster = np.where(labels == cluster_id)[0]
            n = len(cluster)  # number of elements in this cluster
            if n >= 2:
                for i in range(n):
                    for j in range(i + 1, n):
                        S.add((cluster[i], cluster[j]))
        return S

    F_S = pair_set(gt_cluster_vector)
    F_K = pair_set(pred_cluster_vector)
    if len(F_K) == 0:
        pair_recall = 0
        pair_precision = 0
        pair_f1 = 0
    else:
        common_pairs = len(F_K & F_S)
        pair_recall = common_pairs / len(F_S)
        pair_precision = common_pairs / len(F_K)
        eps = 1e-6
        pair_f1 = 2 * pair_precision * pair_recall / (pair_precision + pair_recall + eps)

    # KM matching
    mwm_jaccard = end2end_evaluation_matching(cls_true, cls_pred)

    metrics = {"ARI": ARI, "FMI": FMI, "NMI": NMI, "pair_recall": pair_recall, "pair_precision": pair_precision,
               "pair_f1": pair_f1, "predicted_clusters": cls_pred, "num_of_predicted_clusters": num_of_predict_clusters,
               "cluster_size2num_of_predicted_clusters": cluster_size2num_of_predicted_clusters,
               "num_of_exact_set_prediction": num_of_exact_set_prediction,
               "maximum_weighted_match_jaccard": mwm_jaccard}

    return metrics





          

      

      

    

  

    
      
          
            
  All modules for which code is available

	cluster_predict

	dataloader.element_set

	evaluator

	model

	utils




          

      

      

    

  

    
      
          
            
  Source code for model

"""
.. module:: model
    :synopsis: core SynSetMine model

.. moduleauthor:: Jiaming Shen
"""
import torch
import torch.nn as nn
import torch.nn.functional as F
import numpy as np
import zoo
import math
from sklearn.metrics import confusion_matrix


[docs]def initialize_weights(moduleList, itype="xavier"):
    """ Initialize a list of modules

    :param moduleList: a list of nn.modules
    :type moduleList: list
    :param itype: name of initialization method
    :type itype: str
    :return: None
    :rtype: None
    """
    assert itype == 'xavier', 'Only Xavier initialization supported'

    for moduleId, module in enumerate(moduleList):
        if hasattr(module, '_modules') and len(module._modules) > 0:
            # Iterate again
            initialize_weights(module, itype)
        else:
            # Initialize weights
            name = type(module).__name__
            # If linear or embedding
            if name == 'Embedding' or name == 'Linear':
                fanIn = module.weight.data.size(0)
                fanOut = module.weight.data.size(1)

                factor = math.sqrt(2.0/(fanIn + fanOut))
                weight = torch.randn(fanIn, fanOut) * factor
                module.weight.data.copy_(weight)

            # Check for bias and reset
            if hasattr(module, 'bias') and hasattr(module.bias, 'data'):
                module.bias.data.fill_(0.0)



[docs]class SSPM(nn.Module):
    """ Synonym Set Prediction Model (SSPM), namely SynSetMine

    :param params: a dictionary containing all model specifications
    :type params: dict
    """
    def __init__(self, params):
        super(SSPM, self).__init__()
        self.initialize(params)

        if params['loss_fn'] == "cross_entropy":
            self.criterion = nn.NLLLoss()
        elif params['loss_fn'] == "max_margin":
            self.criterion = nn.MultiMarginLoss(margin=params['margin'])
        elif params['loss_fn'] in ["margin_rank", "self_margin_rank"]:
            self.criterion = nn.MarginRankingLoss(margin=params['margin'])
        elif params['loss_fn'] == "self_margin_rank_bce":
            self.criterion = nn.BCEWithLogitsLoss()

        # TODO: avoid the following self.params = params
        self.params = params
        # transfer parameters to self, therefore we have self.modelName
        for key, val in self.params.items():
            setattr(self, key, val)

        self.temperature = params["T"]  # use for temperature scaling

[docs]    def initialize(self, params):
        """ Initialize model components

        :param params: a dictionary containing all model specifications
        :type params: dict
        :return: None
        :rtype: None
        """
        modelParts = zoo.select_model(params)
        flags = ['node_embedder', 'node_postEmbedder', 'node_pooler', 'edge_embedder', 'edge_postEmbedder',
                 'edge_pooler', 'combiner', 'scorer']

        # refine flags
        for flag in flags:
            if flag not in modelParts:
                print('Missing: %s' % flag)
            else:
                setattr(self, flag, modelParts[flag])

        # define node transform as composition
        self.nodeTransform = lambda x: self.node_postEmbedder(self.node_embedder(x))
        self.edgeTransform = lambda x: self.edge_postEmbedder(self.edge_embedder(x))

        # Initialize the parameters with xavier method
        modules = ['node_embedder', 'node_postEmbedder', 'edge_embedder', 'edge_postEmbedder', 'combiner', 'scorer']
        modules = [getattr(self, mod) for mod in modules if hasattr(self, mod)]
        initialize_weights(modules, 'xavier')

        if params['pretrained_embedding'] != "none":
            pretrained_embedding = params['embedding'].vectors
            padding_embedding = np.zeros([1, pretrained_embedding.shape[1]])
            pretrained_embedding = np.row_stack([padding_embedding, pretrained_embedding])
            self.node_embedder.weight.data.copy_(torch.from_numpy(pretrained_embedding))
            if params['embed_fine_tune'] == 0:  # fix embedding without fine-tune
                self.node_embedder.weight.requires_grad = False


[docs]    def _set_scorer(self, set_tensor):
        """ Return the quality score of a batch of sets

        :param set_tensor: sets to be scored, size: (batch_size, max_set_size)
        :type set_tensor: tensor
        :return: scores of all sets, size: (batch_size, 1)
        :rtype: tensor
        """
        # Element encoding
        mask = (set_tensor != 0).float().unsqueeze_(-1)  # (batch_size, max_set_size, 1)
        setEmbed = self.nodeTransform(set_tensor) * mask

        # Set encoding by pooling element representations
        setEmbed = self.node_pooler(setEmbed, dim=1)  # (batch_size, node_hiddenSize)

        # Set scoring based on set encoding, possibly conditioned on current set size
        setScores = self.scorer(setEmbed)  # (batch_size, 1)

        return setScores


[docs]    def train_step(self, train_batch):
        """ Train the model on the given train_batch

        :param train_batch: a dictionary containing training batch in <set, instance> pair format
        :type train_batch: dict
        :return: batch_loss, true_positive_num, false_positive_num, false_negative_num, true_positive_num
        :rtype: tuple
        """
        # obtain set quality scores
        mask = (train_batch['set'] != 0).float().unsqueeze_(-1)
        setEmbed = self.nodeTransform(train_batch['set']) * mask
        setEmbed = self.node_pooler(setEmbed, dim=1)  # (batch_size, node_hiddenSize)
        setScores = self.scorer(setEmbed)  # (batch_size， 1)

        # obtain set union instance quality scores
        instEmbed = self.nodeTransform(train_batch['inst']).squeeze(1)  # (batch_size, node_hiddenSize)
        setInstSumScores = self.scorer(setEmbed + instEmbed)  # (batch_size, 1)

        # calculate score differences for model update
        score_diff = (setInstSumScores - setScores)  # (batch_size, 1)
        score_diff = score_diff.squeeze(-1)  # (batch_size, )
        score_diff /= self.temperature  # temperature scaling

        target = train_batch['label'].squeeze(-1).float()  # (batch_size, )
        loss = self.criterion(score_diff, target)
        loss.backward()

        # return additional target information of current batch, this may slow down model training
        y_true = target.cpu().numpy()
        y_pred = (score_diff > 0.0).squeeze().cpu().numpy()
        tn, fp, fn, tp = confusion_matrix(y_true, y_pred, labels=[0, 1]).ravel()
        return loss.item(), tn, fp, fn, tp


[docs]    def predict(self, batch_set_tensor, batch_inst_tensor):
        """ Make set instance pair prediction

        :param batch_set_tensor: packed sets in a collection of <set, instance> pairs, size: (batch_size, max_set_size)
        :type batch_set_tensor: tensor
        :param batch_inst_tensor: packed instances in a collection of <set, instance> pairs, size: (batch_size, 1)
        :type batch_inst_tensor: tensor
        :return:

            - scores of packed sets, (batch_size, 1)
            - scores of packed sets union with corresponding instances, (batch_size, 1)
            - the probability of adding the instance into the corresponding set, (batch_size, 1)

        :rtype: tuple
        """
        setScores = self._set_scorer(batch_set_tensor)
        setInstSumScores = self._set_scorer(torch.cat([batch_inst_tensor, batch_set_tensor], dim=1))

        setInstSumScores /= self.temperature
        setScores /= self.temperature
        prediction = F.sigmoid(setInstSumScores - setScores)

        return setScores, setInstSumScores, prediction


[docs]    def _get_test_sip_batch_size(self, x):
        if len(x) <= 1000:
            return len(x)
        elif len(x) > 1000 and (len(x) <= 1000 * 1000):
            return len(x) / 1000
        else:
            return 1000






          

      

      

    

  

    
      
          
            
  Source code for utils

"""
.. module:: utils
    :synopsis: utility functions

.. moduleauthor:: Jiaming Shen
"""
from collections import defaultdict
from tqdm import tqdm
import mmap
import os
import logging
import torch
from gensim.models import KeyedVectors  # used to load word2vec
import hashlib
import itertools
import json


[docs]class Metrics:
    """ A metric class wrapping all metrics

    """

    def __init__(self):
        self.metrics = {}

    def __len__(self):
        return len(self.metrics)

[docs]    def add(self, metric_name, metric_value):
        """ Add metric value for the given metric name

        :param metric_name: metric name
        :type metric_name: str
        :param metric_value: metric value
        :type metric_value:
        :return: None
        :rtype: None
        """
        self.metrics[metric_name] = metric_value




[docs]class Results:
    """ A result class for saving results to file

    :param filename: name of result saving file
    :type filename: str
    """

    def __init__(self, filename):
        self._filename = filename

        open(self._filename, 'a+')

    def _hash(self, x):

        return hashlib.md5(json.dumps(x, sort_keys=True).encode('utf-8')).hexdigest()

[docs]    def save_metrics(self, hyperparams, metrics):
        """ Save model hyper-parameters and evaluation results to the file

        :param hyperparams: a dictionary of model hyper-parameters, keyed with the hyper-parameter names
        :type hyperparams: dict
        :param metrics: a Metrics object containg all model evaluation results
        :type metrics: Metrics
        :return: None
        :rtype: None
        """

        result = metrics.metrics  # a dict
        result["hash"] = self._hash(hyperparams)
        result.update(hyperparams)
        with open(self._filename, 'a+') as out:
            out.write(json.dumps(result) + '\n')


    def __getitem__(self, hyperparams):
        params_hash = self._hash(hyperparams)

        with open(self._filename, 'r+') as fle:
            for line in fle:
                datum = json.loads(line)

                if datum['hash'] == params_hash:
                    del datum['hash']
                    return datum

        raise KeyError

    def __contains__(self, x):
        try:
            self[x]
            return True
        except KeyError:
            return False

    def __iter__(self):
        with open(self._filename, 'r+') as fle:
            for line in fle:
                datum = json.loads(line)

                del datum['hash']

                yield datum



[docs]def save_model(model, save_dir, save_prefix, steps):
    """ Save model to file

    :param model: a trained model
    :type model: torch.nn
    :param save_dir: model save directory
    :type save_dir: str
    :param save_prefix: model snapshot prefix
    :type save_prefix: str
    :param steps: model training epoch
    :type steps: int
    :return: None
    :rtype: None
    """
    if not os.path.isdir(save_dir):
        os.makedirs(save_dir)
    save_prefix = os.path.join(save_dir, save_prefix)
    save_path = '{}_steps_{}.pt'.format(save_prefix, steps)
    torch.save(model.state_dict(), save_path)



[docs]def load_model(model, load_dir, load_prefix, steps):
    """ load model from file

    Note: You need to first initialize a model which has the same architecture/size of the model to be loaded.

    :param model: a model which has the same architecture of the model to be loaded
    :type model: torch.nn
    :param load_dir: model save directory
    :type load_dir: str
    :param load_prefix: model snapshot prefix
    :type load_prefix: str
    :param steps: model training epoch
    :type steps: int
    :return: None
    :rtype: None
    """
    model_prefix = os.path.join(load_dir, load_prefix)
    model_path = "{}_steps_{}.pt".format(model_prefix, steps)
    model.load_state_dict(torch.load(model_path))



[docs]def save_checkpoint(model, optimizer, save_dir, save_prefix, step):
    """ Save model checkpoint (including trained model, training epoch, and optimizer) to a file

    :param model: a trained model
    :type model: torch.nn
    :param optimizer: a pytorch optimizer
    :type optimizer: torch.optim
    :param save_dir: model save directory
    :type save_dir: str
    :param save_prefix: model snapshot prefix
    :type save_prefix: str
    :param step: model training epoch
    :type step: int
    :return: None
    :rtype: None
    """
    if not os.path.isdir(save_dir):
        os.makedirs(save_dir)
    save_prefix = os.path.join(save_dir, save_prefix)
    save_path = "{}_steps_{}.pt".format(save_prefix, step)
    checkpoint = {
        "epoch": step + 1,
        "state_dict": model.state_dict(),
        "optimizer": optimizer.state_dict()
    }
    torch.save(checkpoint, save_path)



[docs]def load_checkpoint(model, optimizer, load_dir, load_prefix, step):
    """ Load model checkpoint (including trained model, training epoch, and optimizer) from a file

    Notes:

        - The loaded model and optimizer are initially on CPU and need to be explicitly moved to GPU c.f. https://discuss.pytorch.org/t/loading-a-saved-model-for-continue-training/17244/3.
        - You need to first initialize a model which has the same architecture/size of the model to be loaded.

    :param model: a model which has the same architecture of the model to be loaded
    :type model: torch.nn
    :param optimizer: a pytorch optimizer
    :type optimizer: torch.optim
    :param load_dir: model save directory
    :type load_dir: str
    :param load_prefix: model snapshot prefix
    :type load_prefix: str
    :param step: model training epoch
    :type step: int
    :return: None
    :rtype: None
    """
    checkpoint_prefix = os.path.join(load_dir, load_prefix)
    checkpoint_path = "{}_steps_{}.pt".format(checkpoint_prefix, step)
    checkpoint = torch.load(checkpoint_path)
    start_epoch = checkpoint["epoch"]
    model.load_state_dict(checkpoint["state_dict"])
    optimizer.load_state_dict(checkpoint["optimizer"])
    return model, optimizer, start_epoch



[docs]def to_gpu(optimizer, device):
    """ Move optimizer from CPU to GPU

    :param optimizer: a pytorch optimizer
    :type optimizer: torch.optim
    :param device: a pytorch device, CPU or GPU
    :type device: torch.device
    :return: None
    :rtype: None
    """
    for state in optimizer.state.values():
        for k, v in state.items():
            if isinstance(v, torch.Tensor):
                state[k] = v.to(device)



[docs]def check_model_consistency(args):
    """ Check whether the model architecture is consistent with the loss function used

    :param args: a dictionary containing all model specifications
    :type args: dict
    :return: a flag indicating whether the model architecture is consistent with the loss function,
        if not, also return the error message
    :rtype: a tuple of (bool, str)
    """
    if args.use_pair_feature == 0 and not args.modelName.startswith("np_"):
        return False, "model without string pair features must has name starting with \"np_\""
    elif args.use_pair_feature == 1 and args.modelName.startswith("np_"):
        return False, "model with string pair features cannot has name starting with \"np_\""
    elif args.loss_fn == "margin_rank" and not args.modelName.endswith("s"):
        return False, "model trained with MarginRankingLoss must have the combiner that output a single " \
                      "scalar for set-instance pair (i.e., ends with Sigmoid Function)"
    elif args.loss_fn != "margin_rank" and args.modelName.endswith("s"):
        return False, "model not trained with MarginRankingLoss cannot have the combiner that output a single " \
                      "scalar for set-instance pair (i.e., ends with Sigmoid Function)"
    elif args.loss_fn == "self_margin_rank" and "_sd_" not in args.modelName:
        return False, "model trained with self MarginRankingLoss must have the combiner that " \
                      "based on score difference (sd)"
    elif args.loss_fn != "self_margin_rank" and "_sd_" in args.modelName:
        return False, "model not trained with self-based MarginRankingLoss cannot have the combiner that " \
                      "based on score difference (sd)"
    else:
        return True, ""



[docs]def my_logger(name='', log_path='./'):
    """ Create a python logger

    :param name: logger name
    :type name: str
    :param log_path: path for saving logs
    :type log_path: str
    :return: a logger for logging messages
    :rtype: python logger
    """
    logger = logging.getLogger(name)
    if len(logger.handlers) != 0:
        print('reuse the same logger: {}'.format(name))
        return logger
    else:
        print('create new logger: {}'.format(name))
    fn = os.path.join(log_path, 'run-{}.log'.format(name))
    if os.path.exists(fn):
        print('[warning] log file {} already existed'.format(fn))
    else:
        print('saving log to {}'.format(fn))

    # following two lines are used to solve no file output problem
    # c.f. https://stackoverflow.com/questions/30861524/logging-basicconfig-not-creating-log-file-when-i-run-in-pycharm
    for handler in logging.root.handlers[:]:
        logging.root.removeHandler(handler)

    logging.basicConfig(level=logging.DEBUG,
                        format='%(asctime)s %(filename)s[line:%(lineno)d][%(funcName)s] %(levelname)s-> %(message)s',
                        datefmt='%a %d %b %Y %H:%M:%S', filename=fn, filemode='w')
    # define a new Handler to log to console as well
    console = logging.StreamHandler()
    # set a format which is the same for console use
    formatter = logging.Formatter('%(asctime)s %(filename)s[line:%(lineno)d][%(funcName)s] %(levelname)s-> %(message)s',
                                  datefmt='%a %d %b %Y %H:%M:%S')
    # tell the handler to use this format
    console.setFormatter(formatter)
    # add the handler to the root logger
    logger.addHandler(console)

    return logger



[docs]def load_embedding(fi, embed_name="word2vec"):
    """ Load pre-trained embedding from file

    :param fi: embedding file name
    :type fi: str
    :param embed_name: embedding format, currently only supports "word2vec" format embedding. c.f.: https://radimrehurek.com/gensim/models/keyedvectors.html
    :type embed_name: str
    :return:

        - embedding : embedding file
        - index2word: map from element index to element
        - word2index: map from element to element index
        - vocab_size: size of element pool
        - embed_dim: embedding dimension

    :rtype: (gensim.KeyedVectors, list, dict, int, int)
    """
    if embed_name == "word2vec":
        embedding = KeyedVectors.load_word2vec_format(fi)
    else:
        # TODO: allow training embedding from scratch later
        print("[ERROR] Please specify the pre-trained embedding")
        exit(-1)

    vocab_size, embed_dim = embedding.vectors.shape
    index2word = ['PADDING_IDX'] + embedding.index2word
    word2index = {word: index for index, word in enumerate(index2word)}
    return embedding, index2word, word2index, vocab_size, embed_dim



[docs]def load_raw_data(fi):
    """ Load raw data from file

    :param fi: data file name
    :type fi: str
    :return: a list of raw data from file
    :rtype: list
    """
    raw_data_strings = []
    with open(fi, "r") as fin:
        for line in fin:
            raw_data_strings.append(line.strip())
    return raw_data_strings



[docs]def print_args(args, interested_args="all"):
    """ Print arguments in command line

    :param args: parsed command line argument
    :type args: Namespace
    :param interested_args: a list of interested argument names
    :type interested_args: list
    :return: None
    :rtype: None
    """
    print("\nParameters:")
    if interested_args == "all":
        for attr, value in sorted(args.__dict__.items()):
            print("\t{}={}".format(attr.upper(), value))
    else:
        for attr, value in sorted(args.__dict__.items()):
            if attr in interested_args:
                print("\t{}={}".format(attr.upper(), value))
    print('-' * 89)



[docs]def get_num_lines(file_path):
    r""" Return the number of lines in the file without actually reading them into the memory. Used together with
    tqdm for tracking file reading progress.

    Usage:

    .. code-block:: python

        with open(inputFile, "r") as fin:
            for line in tqdm(fin, total=get\_num\_lines(inputFile)):
                ...

    :param file_path: path of input file
    :type file_path: str
    :return: number of lines in the file
    :rtype: int
    """
    fp = open(file_path, "r+")
    buf = mmap.mmap(fp.fileno(), 0)
    lines = 0
    while buf.readline():
        lines += 1
    return lines





          

      

      

    

  

    
      
          
            
  Source code for dataloader.element_set

"""
.. module:: element_set
    :synopsis: data loader for element set 
 
.. moduleauthor:: Jiaming Shen
"""
import torch
import math
import numpy as np
import random


[docs]class ElementSet(object):
    """ Dataset Object

        :param name: dataset name
        :type name: str
        :param data_format: dataset format, either "set" or "sip"
        :type data_format: str
        :param options: dataset parameters, including two dicts mapping element to element index
        :type options: dict
        :param raw_data_strings: a list of strings representing an element set.

            - If data_format is "set", each string is of format "c0 {'d93', 'd377', 'd141', 'd63', 'd166'}".
            - If data_format is "sip", each string is of format "{'d93', 'd377'} d141 0".

        :type raw_data_strings: list
    """
    def __init__(self, name, data_format, options, raw_data_strings=None):

        self.name = name  
        self.data_format = data_format
        self.index2word = options["index2word"]
        self.word2index = options["word2index"]
        self.device = options["device"]
        self.vocab = []  # this vocab will contain only instances that appear in the above positive_set at least once
        self.max_set_size = -1  # the max_set_size in this dataset
        self.min_set_size = 1e8  # the min_set_size in this dataset
        self.avg_set_size = -1  # the avg_set_size in this dataset

        # a list of element sets
        self.positive_sets = []

        # a list of <set, instance> pairs
        self.sip_triplets = []
        self.pos_sip_cnt = -1
        self.neg_sip_cnt = -1

        # used to generate a collection of <set, instance> pair for evaluation in advance.
        self.NEG_SAMPLE_RATIO = 10  # for each positive (set, instance) pair, generate at most 10 negative pairs
        self.MAX_POS_SUB_SET_CNT = 500  # for each full set, generate at most 500 positive (set, instance) pairs

        if self.data_format == "set":
            self._initialize_set_format(raw_data_strings)
        elif self.data_format == "sip":
            self._initialize_sip_format(raw_data_strings)

        # for test set, generate sip triplets for evaluation of set-instance prediction, the negative sampling strategy,
        # negative sample size, and max set size are all prefixed
        if "test" in self.name and self.data_format == "set":
            self.sip_triplets, self.pos_sip_cnt, self.neg_sip_cnt = self._convert_set_format_to_sip_format(
                raw_sets=self.positive_sets, pos_strategy="vary_size_enumerate_with_full_set",
                neg_strategy="complete-random", neg_sample_size=10, max_set_size=50)

    def __repr__(self):
        return "<ElementSet {} (data_format = {}, vocab_size = {}, number of sets = {}, " \
               "max_set_size = {}, min_set_size = {}, avg_set_size = {}, number of set-instance pairs = {}, " \
               "positive pairs = {}, negative pairs = {})>".format(self.name, self.data_format, len(self.vocab),
                    len(self.positive_sets), self.max_set_size, self.min_set_size, self.avg_set_size,
                    len(self.sip_triplets),self.pos_sip_cnt, self.neg_sip_cnt)

    def __len__(self):
        if self.data_format == "set":
            return len(self.positive_sets)
        elif self.data_format == "sip":
            return len(self.sip_triplets)

[docs]    def _initialize_set_format(self, raw_set_strings):
        """Initialize  dataset from a collection of strings representing element sets

        :param raw_set_strings: a list of strings representing element sets
        :type raw_set_strings: list
        :return: None
        :rtype: None
        """
        set_size_sum = 0  # used to calculate self.avg_set_size
        for line in raw_set_strings:
            line = line.strip()
            eid, cls = line.split(" ", 1)
            cls = sorted(list(eval(cls)))  # sorting for reproducibility
            self.max_set_size = max(self.max_set_size, len(cls))
            self.min_set_size = min(self.min_set_size, len(cls))
            set_size_sum += len(cls)

            self.positive_sets.append(sorted([self.word2index[ele] for ele in cls]))  # sorting for reproducibility
            self.vocab.extend([self.word2index[ele] for ele in cls])

        self.avg_set_size = 1.0 * set_size_sum / len(self.positive_sets)
        self.vocab = sorted(list(set(self.vocab)))  # sorting for reproducibility


[docs]    def _initialize_sip_format(self, raw_set_instance_strings):
        """ Initialize dataset from a collection of strings representing <set, instance> pairs

        :param raw_set_instance_strings: a list of strings representing <set instance> pairs
        :type raw_set_instance_strings: list
        :return: None
        :rtype: None
        """
        for line in raw_set_instance_strings:
            line = line.strip()
            segs = line.split(" ")
            label = int(segs[-1])
            instance = self.word2index[segs[-2]]
            subset = sorted(list([self.word2index[ele] for ele in eval(" ".join(segs[:-2]))]))  # sorting for reproducibility

            self.sip_triplets.append((subset, instance, label))
            if label == 1:
                self.pos_sip_cnt += 1
            else:
                self.neg_sip_cnt += 1

            self.vocab.extend(subset)
            self.max_set_size = max(self.max_set_size, len(subset)+1)

        self.vocab = sorted(list(set(self.vocab)))  # sorting for reproducibility


[docs]    def get_train_batch(self, max_set_size=100, pos_sample_method="sample_size_random_set", neg_sample_size=1,
                        neg_sample_method="complete_random", batch_size=32):
        """ Generate one training batch of <set, instance> pairs

        :param max_set_size: maximum size of set S
        :type max_set_size: int
        :param pos_sample_method: name of positive sampling method
        :type pos_sample_method: str
        :param neg_sample_size: number of negative samples for each set
        :type neg_sample_size: int
        :param neg_sample_method: name of negative sampling method
        :type neg_sample_method: str
        :param batch_size: number of **sets** in one batch
        :type batch_size: int
        :return: a training batch containing "batch_size * (1+neg_sample_size)" <set, instance> pairs
        :rtype: dict
        """
        if self.data_format == "set":
            raw_sets = []
            for raw_set in self.positive_sets:
                raw_sets.append(raw_set)
                if len(raw_sets) % batch_size == 0:
                    sip_triplets = self._convert_set_format_to_sip_format(raw_sets=raw_sets,
                                                                          pos_strategy=pos_sample_method,
                                                                          neg_strategy=neg_sample_method,
                                                                          neg_sample_size=neg_sample_size,
                                                                          max_set_size=max_set_size)
                    batch_set = []
                    batch_inst = []
                    labels = []
                    for sip_triplet in sip_triplets:
                        batch_set.append(sip_triplet[0])
                        batch_inst.append(sip_triplet[1])
                        labels.append(sip_triplet[2])
                    batch = self._convert_sip_format_to_tensor(max_set_size, batch_set, batch_inst, labels)
                    yield batch
                    raw_sets = []

            # yield the last batch
            if len(raw_sets) != 0:
                sip_triplets = self._convert_set_format_to_sip_format(raw_sets=raw_sets, pos_strategy=pos_sample_method,
                                                                      neg_strategy=neg_sample_method,
                                                                      neg_sample_size=neg_sample_size,
                                                                      max_set_size=max_set_size)
                batch_set = []
                batch_inst = []
                labels = []
                for sip_triplet in sip_triplets:
                    batch_set.append(sip_triplet[0])
                    batch_inst.append(sip_triplet[1])
                    labels.append(sip_triplet[2])
                batch = self._convert_sip_format_to_tensor(max_set_size, batch_set, batch_inst, labels)
                yield batch

        elif self.data_format == "sip":
            batch_set = []
            batch_inst = []
            labels = []
            for sip_triplet in self.sip_triplets:
                batch_set.append(sip_triplet[0])
                batch_inst.append(sip_triplet[1])
                labels.append(sip_triplet[2])
                if len(batch_set) % (batch_size * (1+neg_sample_size)) == 0:
                    batch = self._convert_sip_format_to_tensor(max_set_size, batch_set, batch_inst, labels)
                    yield batch
                    batch_set = []
                    batch_inst = []
                    labels = []

            if len(batch_set) != 0:
                batch = self._convert_sip_format_to_tensor(max_set_size, batch_set, batch_inst, labels)
                yield batch


[docs]    def get_test_batch(self, max_set_size=5, batch_size=32):
        """ Generate one testing batch of <set, instance> pairs

        :param max_set_size: maximum size of set S
        :type max_set_size: int
        :param batch_size: number of **<set, instance> pairs** in one batch
        :type batch_size: int
        :return: a testing batch containing "batch_size" <set, instance> pairs
        :rtype: dict
        """
        batch_set = []
        batch_inst = []
        labels = []
        for idx, batch in enumerate(self.sip_triplets):
            batch_set.append(batch[0])
            batch_inst.append(batch[1])
            labels.append(batch[2])
            # convert to tensor, yield a batch, clean buffer
            if (idx+1) % batch_size == 0:
                res = self._convert_sip_format_to_tensor(max_set_size, batch_set, batch_inst, labels)
                yield res
                batch_set = []
                batch_inst = []
                labels = []

        # yield the last batch
        if (idx + 1) != len(self.sip_triplets):
            res = self._convert_sip_format_to_tensor(max_set_size, batch_set, batch_inst, labels)
            yield res


[docs]    def _shuffle(self):
        """ Shuffle dataset

        :return: None
        :rtype: None
        """
        if self.data_format == "set":
            random.shuffle(self.positive_sets)
        elif self.data_format == "sip":
            random.shuffle(self.sip_triplets)


[docs]    def _convert_set_format_to_sip_format(self, raw_sets, pos_strategy, neg_strategy, neg_sample_size=10,
                                          subset_size=5, max_set_size=50):
        """ Generate <set, instance> pairs (sip) from a collection of sets

        :param raw_sets: a list of sets
        :type raw_sets: list
        :param pos_strategy: name of positive sampling method
        :type pos_strategy: str
        :param neg_strategy: name of negative sampling method
        :type neg_strategy: str
        :param neg_sample_size: negative sampling ratio
        :type neg_sample_size: int
        :param subset_size: size of "set" in <set, instance> pairs, used only in "fix_size_repeat_set" pos_strategy
        :type subset_size: int
        :param max_set_size: maximum size of "set" in <set, instance> pairs, used only in "vary_size_enumerate" pos_strategy
        :type max_set_size: int
        :return: len(raw_sets) * (1 + neg_sample_size) sips, among which len(raw_sets) sips are positive and len(raw_sets) * neg_sample_size sips are negative
        :rtype: list

        Notes:

            - if pos_strategy is "sample_size_repeat_set", for each original set, we sample the size of "set" in sip, repeat this generated set neg_sample_size times, and pair them with each negative instance. This is the strategy to original AAAI submission.
            - if pos_strategy is "sample_size_random_set", for each original set, we sample one size of "set" in sip, and generate one set for each negative instance.
            - if pos_strategy is "fix_size_repeat_set", for each original set, we use pre-determined subset size to generate one "set" in sip, repeat this generated set neg_sample_size times, and pair them with each negative instance. This is the one used in cold-start training.
            - if pos_strategy is "vary_size_enumerate", for each original set and for each subset size less than max_set_size, we enumerate the original set and generate all possible sips. This is the one used for converting test_set in "set" format to "sip" format.
            - if pos_strategy is "vary_size_enumerate_with_full_set", it's basically same as the "vary_size_enumerate" strategy, except that it will also generate full set with only negative instances
            - if pos_strategy is "vary_size_enumerate_with_full_set_plus_group_id", it's basically same as the "vary_size_enumerate_with_full_set" strategy, expect that it will also return the group id of each sip the group id is this sip's corresponding raw set index
            - if pos_strategy is "enumerate", this is the one used for pre-generating sip triplets

        """
        if pos_strategy == "sample_size_repeat_set":
            batch_set = []
            batch_pos = []
            batch_fullset = []  # used to generate negative samples
            for raw_set in raw_sets:
                if len(raw_set) == 1:
                    batch_set.append(raw_set)
                    batch_pos.append(raw_set[0])
                    batch_fullset.append(raw_set)
                    continue

                raw_set_new = raw_set.copy()
                random.shuffle(raw_set_new)
                batch_fullset.append(raw_set_new)

                subset_size = random.randint(1, len(raw_set_new) - 1)
                subset = raw_set_new[:subset_size]
                pos_inst = raw_set_new[subset_size]
                batch_set.append(subset)
                batch_pos.append(pos_inst)

            # Randomly generate negative instances
            batch_neg = self._generate_negative_samples_within_pool(batch_fullset, neg_sample_size, remove_pos=True)

            # Convert to sip formats, notice here the subset is repeated (1+neg_sample_size) times
            sip_triplets = []
            for idx, subset in enumerate(batch_set):
                sip_triplets.append((subset, batch_pos[idx], 1))
                for neg_inst in batch_neg[idx]:
                    sip_triplets.append((subset, neg_inst, 0))

            return sip_triplets

        elif pos_strategy == "sample_size_random_set":
            batch_neg = self._generate_negative_samples_within_pool(raw_sets, neg_sample_size, remove_pos=True)
            # print("neg_sample_size: {}".format(neg_sample_size))
            # print("batch_neg:", batch_neg)
            batch_set = []
            batch_pos = []
            for raw_set in raw_sets:
                if len(raw_set) == 1:
                    batch_set.append([raw_set for _ in range(neg_sample_size+1)])
                    batch_pos.append(raw_set[0])
                    continue

                k_set = []
                raw_set_new = raw_set.copy()
                random.shuffle(raw_set_new)
                subset_size_range = min(len(raw_set_new), max_set_size)
                subset_size = random.randint(1, subset_size_range - 1)
                pos_inst = raw_set_new[0]
                start_idx = 1  # treat the first element as positive instance and skip it
                while len(k_set) != (1+neg_sample_size):
                    if start_idx + subset_size > len(raw_set_new):  # consume current pass, resample subset size
                        random.shuffle(raw_set_new)
                        subset_size = random.randint(1, subset_size_range - 1)
                        start_idx = 0
                    k_set.append(raw_set_new[start_idx: start_idx+subset_size])
                    start_idx += subset_size

                batch_set.append(k_set)
                batch_pos.append(pos_inst)

            # Convert to sip formats, notice here the subset is repeated (1+neg_sample_size) times
            sip_triplets = []
            for idx, subset_list in enumerate(batch_set):
                for idy, subset in enumerate(subset_list):
                    if idy == 0:
                        sip_triplets.append((subset, batch_pos[idx], 1))
                    else:
                        # print("idx: {}, idy:{}".format(idx, idy))
                        sip_triplets.append((subset, batch_neg[idx][idy-1], 0))

            return sip_triplets

        elif pos_strategy == "fix_size_repeat_set":
            batch_set = []
            batch_pos = []
            batch_fullset = []  # used to generate negative samples
            for raw_set in raw_sets:
                if len(raw_set) < subset_size+1:  # if we cannot sample a sip in which the "set" is of size subset_size
                    if len(raw_set) == 1:
                        batch_set.append(raw_set)
                        batch_pos.append(raw_set[0])
                        batch_fullset.append(raw_set)
                    else:
                        raw_set_new = raw_set.copy()
                        random.shuffle(raw_set_new)
                        batch_set.append(raw_set[1:])  # select maximum size of subset_size
                        batch_pos.append(raw_set[0])
                        batch_fullset.append(raw_set)
                    continue

                raw_set_new = raw_set.copy()
                random.shuffle(raw_set_new)
                batch_fullset.append(raw_set_new)

                # use given subset_size to generate sips
                subset = raw_set_new[:subset_size]
                pos_inst = raw_set_new[subset_size]
                batch_set.append(subset)
                batch_pos.append(pos_inst)

            # Randomly generate negative instances
            batch_neg = self._generate_negative_samples_within_pool(batch_fullset, neg_sample_size, remove_pos=True)

            # Convert to sip formats, notice here the subset is repeated (1+neg_sample_size) times
            sip_triplets = []
            for idx, subset in enumerate(batch_set):
                sip_triplets.append((subset, batch_pos[idx], 1))
                for neg_inst in batch_neg[idx]:
                    sip_triplets.append((subset, neg_inst, 0))

            return sip_triplets

        elif pos_strategy == "vary_size_enumerate":
            sip_triplets = []
            pos_sip_cnt_sum = 0
            neg_sip_cnt_sum = 0

            for subset_size in range(1, max_set_size+1):
                for raw_set in raw_sets:
                    if len(raw_set) < subset_size + 1:
                        continue

                    raw_set_new = raw_set.copy()
                    random.shuffle(raw_set_new)
                    batch_set = []
                    batch_pos = []
                    for _ in range(neg_sample_size+1):
                        for start_idx in range(0, len(raw_set_new)-subset_size, subset_size+1):
                            subset = raw_set_new[start_idx:start_idx+subset_size]
                            pos_inst = raw_set_new[start_idx+subset_size]
                            batch_set.append(subset)
                            batch_pos.append(pos_inst)
                        random.shuffle(raw_set_new)

                    pos_sip_cnt = int(len(batch_set) / (neg_sample_size+1))
                    pos_sip_cnt_sum += pos_sip_cnt
                    neg_sip_cnt = int(pos_sip_cnt * neg_sample_size)
                    neg_sip_cnt_sum += neg_sip_cnt

                    negative_pool = [ele for ele in self.vocab if ele not in raw_set]
                    sample_size = math.gcd(neg_sip_cnt, len(negative_pool))
                    sample_times = int(neg_sip_cnt / sample_size)

                    batch_neg = []
                    for _ in range(sample_times):
                        batch_neg.extend(random.sample(negative_pool, sample_size))

                    for idx, subset in enumerate(batch_set):
                        if idx < pos_sip_cnt:
                            pos = batch_pos[idx]
                            sip_triplets.append((subset, pos, 1))
                        else:
                            neg = batch_neg[idx-pos_sip_cnt]
                            sip_triplets.append((subset, neg, 0))

            return sip_triplets, pos_sip_cnt_sum, neg_sip_cnt_sum

        elif pos_strategy == "vary_size_enumerate_with_full_set":
            sip_triplets = []
            pos_sip_cnt_sum = 0
            neg_sip_cnt_sum = 0

            for subset_size in range(1, max_set_size+1):
                for raw_set in raw_sets:
                    if len(raw_set) < subset_size:
                        continue
                    raw_set_new = raw_set.copy()
                    random.shuffle(raw_set_new)
                    batch_set = []
                    batch_pos = []
                    if len(raw_set) == subset_size:  # put the entire full set
                        for _ in range(neg_sample_size+1):
                            batch_set.append(raw_set)
                            batch_pos.append(random.choice(raw_set))
                    else:
                        for _ in range(neg_sample_size+1):
                            for start_idx in range(0, len(raw_set_new)-subset_size, subset_size+1):
                                subset = raw_set_new[start_idx:start_idx+subset_size]
                                pos_inst = raw_set_new[start_idx+subset_size]
                                batch_set.append(subset)
                                batch_pos.append(pos_inst)
                            random.shuffle(raw_set_new)

                    pos_sip_cnt = int(len(batch_set) / (neg_sample_size+1))
                    pos_sip_cnt_sum += pos_sip_cnt
                    neg_sip_cnt = int(pos_sip_cnt * neg_sample_size)
                    neg_sip_cnt_sum += neg_sip_cnt

                    negative_pool = [ele for ele in self.vocab if ele not in raw_set]
                    sample_size = math.gcd(neg_sip_cnt, len(negative_pool))
                    sample_times = int(neg_sip_cnt / sample_size)

                    batch_neg = []
                    for _ in range(sample_times):
                        batch_neg.extend(random.sample(negative_pool, sample_size))

                    for idx, subset in enumerate(batch_set):
                        if idx < pos_sip_cnt:
                            pos = batch_pos[idx]
                            sip_triplets.append((subset, pos, 1))
                        else:
                            neg = batch_neg[idx-pos_sip_cnt]
                            sip_triplets.append((subset, neg, 0))

            return sip_triplets, pos_sip_cnt_sum, neg_sip_cnt_sum

        elif pos_strategy == "vary_size_enumerate_with_full_set_plus_group_id":
            sip_triplets = []
            pos_sip_cnt_sum = 0
            neg_sip_cnt_sum = 0
            groups = []

            for subset_size in range(1, max_set_size+1):
                for group_id, raw_set in enumerate(raw_sets):
                    if len(raw_set) < subset_size:
                        continue
                    raw_set_new = raw_set.copy()
                    random.shuffle(raw_set_new)
                    batch_set = []
                    batch_pos = []
                    if len(raw_set) == subset_size:  # put the entire full set
                        for _ in range(neg_sample_size+1):
                            batch_set.append(raw_set)
                            batch_pos.append(random.choice(raw_set))
                    else:
                        for _ in range(neg_sample_size+1):
                            for start_idx in range(0, len(raw_set_new)-subset_size, subset_size+1):
                                subset = raw_set_new[start_idx:start_idx+subset_size]
                                pos_inst = raw_set_new[start_idx+subset_size]
                                batch_set.append(subset)
                                batch_pos.append(pos_inst)
                            random.shuffle(raw_set_new)

                    pos_sip_cnt = int(len(batch_set) / (neg_sample_size+1))
                    pos_sip_cnt_sum += pos_sip_cnt
                    neg_sip_cnt = int(pos_sip_cnt * neg_sample_size)
                    neg_sip_cnt_sum += neg_sip_cnt

                    negative_pool = [ele for ele in self.vocab if ele not in raw_set]
                    sample_size = math.gcd(neg_sip_cnt, len(negative_pool))
                    sample_times = int(neg_sip_cnt / sample_size)

                    batch_neg = []
                    for _ in range(sample_times):
                        batch_neg.extend(random.sample(negative_pool, sample_size))

                    for idx, subset in enumerate(batch_set):
                        if idx < pos_sip_cnt:
                            pos = batch_pos[idx]
                            sip_triplets.append((subset, pos, 1))
                            groups.append(group_id)
                        else:
                            neg = batch_neg[idx-pos_sip_cnt]
                            sip_triplets.append((subset, neg, 0))
                            groups.append(group_id)

            return sip_triplets, pos_sip_cnt_sum, neg_sip_cnt_sum, groups

        elif pos_strategy == "enumerate":
            sip_triplets = []
            pos_sip_cnt_sum = 0
            neg_sip_cnt_sum = 0

            for r in range(1, max_set_size + 1):
                for positive_full_set in raw_sets:
                    if len(positive_full_set) < r + 1:  # unable to sample a set of size r
                        continue
                    negative_pool = [ele for ele in self.vocab if ele not in positive_full_set]

                    subsets = []  # cache subsets
                    pos_insts = []  # cache positive instance
                    for _ in range(neg_sample_size + 1):
                        for start_idx in range(0, len(positive_full_set) - r, (r + 1)):
                            subset = positive_full_set[start_idx:start_idx + r]
                            pos_inst = positive_full_set[start_idx + r]
                            subsets.append(subset)
                            pos_insts.append(pos_inst)
                        random.shuffle(positive_full_set)

                    pos_pairs_cnt = int(len(subsets) / (neg_sample_size + 1))
                    neg_pairs_cnt = int(pos_pairs_cnt * neg_sample_size)
                    pos_sip_cnt_sum += pos_pairs_cnt
                    neg_sip_cnt_sum += neg_pairs_cnt

                    sample_size = math.gcd(neg_pairs_cnt, len(negative_pool))
                    sample_times = int(neg_pairs_cnt / sample_size)
                    neg_insts = []
                    for _ in range(sample_times):
                        neg_insts.extend(random.sample(negative_pool, sample_size))

                    for idx, subset in enumerate(subsets):
                        if idx < pos_pairs_cnt:
                            pos = pos_insts[idx]
                            sip_triplets.append([subset, pos, 1])
                        else:
                            neg = neg_insts[idx - pos_pairs_cnt]
                            sip_triplets.append([subset, neg, 0])

            return sip_triplets, pos_sip_cnt_sum, neg_sip_cnt_sum


[docs]    def _convert_sip_format_to_tensor(self, max_set_size, batch_set, batch_inst, labels):
        """ Generate tensors for <set, instance> pairs

        :param max_set_size: maximum size of "set" in <set, instance> pairs
        :type max_set_size: int
        :param batch_set: a list of "sets" in <set, instance> pairs
        :type batch_set: list
        :param batch_inst: a list of "instances" in <set, instance> pairs
        :type batch_inst: list
        :param labels: a list of labels for each above <set, instance> pair
        :type labels: list
        :return: a dict of pytorch tensors representing <set, instance> pairs with their corresponding labels
        :rtype: dict
        """
        batch_size = len(batch_set)
        batch_set_tensor = np.zeros([batch_size, max_set_size], dtype=np.int)
        for row_id, row in enumerate(batch_set):
            if len(row) > max_set_size:
                batch_set_tensor[row_id][:] = row[:max_set_size]
            else:
                batch_set_tensor[row_id][:len(row)] = row

        batch_set_tensor = torch.from_numpy(batch_set_tensor)  # (batch_size, max_set_size)
        batch_inst_tensor = torch.tensor(batch_inst)  # (batch_size, )
        batch_inst_tensor.unsqueeze_(1)  # (batch_size, 1)

        label_tensor = torch.tensor(labels).unsqueeze(1)

        return {'set': batch_set_tensor.to(self.device), 'inst': batch_inst_tensor.to(self.device),
                'label': label_tensor.to(self.device)}


[docs]    def _generate_negative_samples_within_pool(self, positive_sets, neg_sample_size, remove_pos=True):
        """ Generate negative samples from vocabulary

        :param positive_sets: a list of positive sets
        :type positive_sets: list
        :param neg_sample_size: negative sampling ratio
        :type neg_sample_size: int
        :param remove_pos: whether to remove instances in positive sets from the vocabulary
        :type remove_pos: bool
        :return: a list of negative sets
        :rtype: list
        """
        batch_neg = []
        for positive_set in positive_sets:
            if remove_pos:
                sample_pool = [ele for ele in self.vocab if ele not in positive_set]
            else:
                sample_pool = self.vocab

            if neg_sample_size <= len(sample_pool):
                neg = random.sample(sample_pool, neg_sample_size)
            else:
                repeat_time = int(neg_sample_size / len(sample_pool))
                neg = sample_pool.copy() * repeat_time
                remaining_num = neg_sample_size - len(sample_pool) * repeat_time
                neg += random.sample(sample_pool, remaining_num)

            batch_neg.append(neg)
        return batch_neg
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