Issues to add to the document: 

1. Data models to resolve different data formats of same data.

2. Distributed access to data.

3. Coupling of data and data query techniques: must be able to retrieve only the data that you want under various query constraints.

4. Code connection technologies: file based data transfer, streaming data.

5. How finely grained do you need data?  For example, GPS catalogs are compiled daily (average and standard dev) and require a fair amount of data cooking.  Do you need finer-grained data access? Do sensors need to be in the loop?  

6. What are the “natural” time scales of input and output data of various codes?  VC, for example, runs over centuries.  Geofest runs over ???  RDAHMM, Eigen, and PI run over decades.  In the latter case, this is mostly driven by the available data.  In some cases, need is for more data on the same time scale (days), just starting earlier in time.  But maybe these could also benefit from data on smaller time scales.

7. Codes themselves have “real” time constraints.  We will generally want to avoid close coupling of specific codes at the code (rather than data or message) level, as this can be an infinite time sink.  Specific code-level couplings may be pursued if obvious benefits can be determine—a specific capability should become a standalone library/service, or a highly interesting problem can only be solved by this sort of sharing.  

8. What would be the benefit to various codes if finer grained time measurements were available?  RDAHMM, for example, works with data that has a time scale of days, but this is not an inherent limit in RDAHMM—the limit is in the data.      

9. In various regimes, speed is not at all a factor, since current methods are heroic, by-hand techniques (such as coupling geofest and vc), so any progress automating this is a win.
10. Needs some figures.

11. There is a class of coupling in which speed is not so important: the applications may run for minutes/hours/days before needing to pass data to next level.  Using GeoFEST+VC is one example: the generation of the data by Geofest needed to simulate a large number of faults is a relatively lengthy problem: Geofest simulates faults individually or in small groups, while VC uses a much larger, global model.  Maybe emphasize this as one example.  Coupling here may not need high performance data transfers.  

12. Need one streaming data example: streaming data plus RDAHMM is one possibility.

13. What is the size of the “message”?  Messages may be small, but actually in most cases will be fairly sizeable chunks of data.  

14. Obvious early steps for infrastructure: connect eigen code, pattern informatics to GML databases.

15. Other problems: job sequencing can be a problem.  Co-scheduling of codes on big batch processors is a nightmare.  Simple workflow sequences are needed for these large scale problems, at least to start.

Explore coupling methodologies to guide development of cross-scale tools.

There are many kinds of coupling within view of the complexity initiative.  These may couple data analysis with simulations, as well as simulations that treat different scales of a problem.  The coupling methods cover a wide range of techniques, using a variety of mathematical transformations and approximations. A partial list is described below, that is sufficient to treat the variety and allow for design of cross-scale tools that may (or may not) reside on computers distributed across a wide network. The key feature that distinguishes close coupling and distributed coupling is the latency which may be allowed for requests for information.  Data transmission speed is of secondary importance, as many network connections are already sufficiently fast for the kinds of coupling needed for simulations and data assimilation, with much more speed on the way.

Data and models may be coupled in a wide variety of ways, reflected in part in specialized terms that are familiar in scientific computing. For each kind of coupling, a list of probable data transfer categories helps to focus attention on the communication needs.  This leads to a categorization of the latency requirement, which will essentially be low (10s of microseconds or greater) or high (10s of milliseconds or more).  Low latency coupling must be accommodated by a low latency network, most typically by cluster computing facilitated by MPI method calls.  High latency coupling offers opportunity for leveraging the technology of web services, particularly service-oriented streaming for large data transfers. A few coupling needs may be accommodated by processes with unbounded latency, such as writing a file and transferring to a remote computer via a transfer protocol such as ftp.  These will also be noted. 

Models coupled with observations (Data Assimilation) are of high interest, as they allow near-optimal use of data for understanding and short-range prediction, as well as providing a model-based interpolation of the data that fills a volume of space over a span of time. There are a variety of major techniques for this with many variants, including Kalman filtering, optimal interpolation, and genetic algorithms. Data comes in two types, relating to the observation and to the computed model.  The first type include (raw) observational data, models of uncertainty and instrument effects, and partially processed data (for re-sampling, calibration, removal of known instrumental effects, removal of outliers).  The second include a priori assumptions and uncertainties, updated estimates of the parameters that determine the state of the modeled system, separate iterations of these model parameters, suites of estimated parameters (for ensemble methods such as genetic algorithms), the residual differences from the computation and model, the sensitivities of these residuals to the model parameters, and representations of the parameter covariance (with or without the effects of the a priori information). These final two types tend to be large, on the order of the product of the number of observations with the parameters, and the square of the number of parameters (respectively).  Relevant sizes for distributed and time-evolving computations depend on the processing strategy, particularly in the choice of how many observations constitute a "batch" whose effects are folded into the estimate and covariance, and whether these batches of related observations and sensitivities are further bundled into single communication parcels. 

A key strategy to be examined by this task is whether distributed data collection centers (organized by local collection or satellite download) may pre-filter their data into smaller parcels, or reduce the processing required at the central modeling computer.  Conceptually this may be done by giving the remote data center a representation of the model sensitivities pertaining to the batch of information.  A modest remote computation would map the observations into the space of the leading modes of the sensitivities, resulting in a smaller set of combination observations with smaller sensitivity array.  (A combination observation here refers to a derived observation that is a judicious linear combination of direct observations).  Hence communication is smaller, and the central computer need only process the smaller set of information.

Traditional data assimilation for prediction over days-long time scales easily tolerates latencies from the sensor to the modeling computer of seconds to hours.  Hence that kind of coupling lies in the realm of huge latency.  The coupling that would be used for bidirectional communication of sensitivities for remote data centers doing initial filtering operations would require lower latency; the sensitivities would depend on the current model state, and the filtered data would be needed in time for the next model state.  It appears this is in the category of tolerating high (10s of ms) latency, but not huge latency.

Models coupling to models at different scales of length and time are essential to geophysics because physical scales that determine system behavior can vary many orders of magnitude.  One common method (with many subclasses) has computational progress occur in both models with occasional exchange of data, typically conditions that lie along a shared boundary.  Subclasses include a forced boundary (where one model determines the boundary values and the other ingests), consistent boundary (where a joint solution is required at least on occasion).  Methods for matching may use interpolation of grids, least-squares match over local basis functions or harmonics.  Another variation in detail has one model compute a suite of solutions over the range of possibilities for a linear space of boundary conditions, and the other model uses that reduced linear space to close its representational system of equations.  

Distributed computing may be used to run each model separately, or to run a suite of solutions on many processors with high parallel efficiency.  The former may require low latency, but the latter would allow latency of about the order of the solution time for one problem (or a small set of problems).  So suite-solution can tolerate high latency (but not huge latency, typically). 

There are also solution techniques to unified domains that systematically combine approximations suitable at different scales.  Multigrid is an example of this that may represent others such as fast multipoles, in-place parallel adaptive mesh refinement, and Sparks' acceleration algorithm for spectral lines. In each case there is a hierarchy of nested grids sampling some space, and the solution is represented on each, either as terms of error correction or as combinable representations of processes on different scales.  The frequency and quantity of data to be exchanged between nested representations is high, and so typically this would be a low-latency application.  There may be exceptions for cases where the time to solution on each layer is much larger than the tens-of-ms definition of high latency, but these would probably require such careful implementation as to constitute a redesign of the original algorithm.

