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MemGaze: low-overhead, high-resolution memory trace analysis
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§ MemGaze: low-overhead, high-resolution, access sequences
• Uses Processor Tracing to collect sampled, compressed memory address traces

o Supported on x86 and ARM

§ Focus: x86 ptwrite

o Emerging x86 support

§ Server: from Sapphire Rapids

§ Desktop: from Alder Lake; Atom

• Multi-resolution analysis for 
o accesses vs. memory locations

o reuse (distance, rate, volume) vs. access patterns

o spatio-temporal correlations for time vs. location

• Both trace size and trace resolution are controllable

1. Instrument 
(ptwrite)

2. Lightweight 
memory 
tracing

3. Memory & data analysis:
• Data reuse v. movement
• Reuse locations v. distances
• Temporal & spatial locality
• Patterns: regular, irregular

Optional: Code hotspot (PT guards)

Space savings: 
1% of full trace

Time overhead, good 
implementation:
 10–35%

Accuracy:
Within 25% for sequences; 

5% for hotspots

O. Kilic et al. “MemGaze: Rapid and effective load-level memory and data analysis” CLUSTER ’22
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Highlights of Processor Tracing 

4

§ Control flow packets
§ Per-core state/buffer 
§ Write arbitrary packet (64-bits)
§ Mask instructions/packets on/off in hardware

• Enables sampling

§ New: Cycle-Accurate Mode
• Cycle accurate timing

§ New: Power events
• P-states and C-states
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Binary instrumentation and Trace compression
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§ Ensure all instrumentation can be masked by hardware
• single inline instruction

• no change of CPU state (e.g., no spilling)

§ Static analysis to classify loads
• Classification:

o constant: e.g., stack frame, static data

o strided: affine

o irregular: not strided or constant

• Benefit 1: Compression
o Indirectly capture Constant loads (often uninteresting) with ptwrite proxy

§ Average  of 1.2x (O3) and 2x (O0) space savings

o For correctness, ensure basic block has at one ptwrite proxy

• Benefit 2: Rapid trace analysis

o Load classes à automatic access patterns, reduces time and overhead of subsequent analysis

for (i = 0; i < N; i+=2)
 // a[idx[i]]
 load N
 load a
 load idx[i]
 load a[idx[i]]

class
Constant
Constant
Strided
Irregular

trace
annotation
{ } 
{ }
{strided, 2}
{irregular}

no ptwrite; no annotation

proxy for implied 
Constant loadsba

si
c 

bl
oc

k

ptwrite s1
ptwrite s2
load d ß [s1] + k [s2] + o 

ptwrite s
load d ß [s] + o
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Sampled memory traces with Processor Tracing
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§ Processor Tracing cannot collect exhaustive traces
• Unpredictable data drops when buffers fill (e.g., kernel to user)

• Unmanageably large, O(GB/s)

§ Sampled trace: sequence of
w seen & z unseen accesses
• Control buffer size and 

period between samples

§ Question: Blind spots?
• R1 frequently observed

• R2 never  observed

• R3 sometimes observed

§ Reduce error with sample aggregation
• Code windows aggregate samples

• Source code attribution of instrumented code
<latexit sha1_base64="g0hslQlj6DvwxSc79O1pwxgx5Eo=">AAAB6HicbVA9SwNBEJ3zM8avqKXNYhCswp0oWlgEbCwTMB+QHGFvM5es2ds7dveUcOQX2FgoYutPsvPfuEmu0MQHA4/3ZpiZFySCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDv1W4+oNI/lvRkn6Ed0IHnIGTVWqj/1SmW34s5AlomXkzLkqPVKX91+zNIIpWGCat3x3MT4GVWGM4GTYjfVmFA2ogPsWCpphNrPZodOyKlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhtZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDZFG4K3+PIyaZ5XvMuKW78oV2/yOApwDCdwBh5cQRXuoAYNYIDwDK/w5jw4L8678zFvXXHymSP4A+fzB+Q5jPk=</latexit>w

<latexit sha1_base64="ViDBoyw526Y4yb+1BUhYbRwvxgU=">AAAB6HicbVA9SwNBEJ3zM8avqKXNYhCswp0oWlgEbCwTMB+QHGFvM5es2ds7dveEeOQX2FgoYutPsvPfuEmu0MQHA4/3ZpiZFySCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDv1W4+oNI/lvRkn6Ed0IHnIGTVWqj/1SmW34s5AlomXkzLkqPVKX91+zNIIpWGCat3x3MT4GVWGM4GTYjfVmFA2ogPsWCpphNrPZodOyKlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhtZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDZFG4K3+PIyaZ5XvMuKW78oV2/yOApwDCdwBh5cQRXuoAYNYIDwDK/w5jw4L8678zFvXXHymSP4A+fzB+jFjPw=</latexit>z

f          g           h

<latexit sha1_base64="g0hslQlj6DvwxSc79O1pwxgx5Eo=">AAAB6HicbVA9SwNBEJ3zM8avqKXNYhCswp0oWlgEbCwTMB+QHGFvM5es2ds7dveUcOQX2FgoYutPsvPfuEmu0MQHA4/3ZpiZFySCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDv1W4+oNI/lvRkn6Ed0IHnIGTVWqj/1SmW34s5AlomXkzLkqPVKX91+zNIIpWGCat3x3MT4GVWGM4GTYjfVmFA2ogPsWCpphNrPZodOyKlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhtZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDZFG4K3+PIyaZ5XvMuKW78oV2/yOApwDCdwBh5cQRXuoAYNYIDwDK/w5jw4L8678zFvXXHymSP4A+fzB+Q5jPk=</latexit>w

g               f    
...

... ...... ...

code (function)

...
ff

...
gg

Trace windows

Code windows

Samples

aggregate samples à

Timeà

address à
<latexit sha1_base64="HZTFWPOIRhr9ZKLnA9JawNgY6CI=">AAACCnicbVC7SgNBFJ31GeNr1dJmNAhWYVcULYM2lhHMA7JLuDs7mwyZfTBzVwghtY2/YmOhiK1fYOffOEm20MQDF86ccy9z7wkyKTQ6zre1tLyyurZe2ihvbm3v7Np7+02d5orxBktlqtoBaC5FwhsoUPJ2pjjEgeStYHAz8VsPXGmRJvc4zLgfQy8RkWCARuraRx7IrA/Uk2GKms69Ao7QtStO1ZmCLhK3IBVSoN61v7wwZXnME2QStO64Tob+CBQKJvm47OWaZ8AG0OMdQxOIufZH01PG9MQoIY1SZSpBOlV/T4wg1noYB6YzBuzreW8i/ud1coyu/JFIshx5wmYfRbmkmNJJLjQUijOUQ0OAKWF2pawPChia9MomBHf+5EXSPKu6F1Xn7rxSuy7iKJFDckxOiUsuSY3ckjppEEYeyTN5JW/Wk/VivVsfs9Ylq5g5IH9gff4AohqaOQ==</latexit>

↵ . . .↵ . . .�
<latexit sha1_base64="fYinkO9evJ0zOj7RFIt2WyE7U1s=">AAACGHicbVBNS8NAEN3Ur1q/oh69LBbBU01E0WPRi8cKthaaUDabTbt0swm7E6GE/gwv/hUvHhTx2pv/xm0bQds+WHjz3gyz84JUcA2O822VVlbX1jfKm5Wt7Z3dPXv/oKWTTFHWpIlIVDsgmgkuWRM4CNZOFSNxINhjMLid+I9PTGmeyAcYpsyPSU/yiFMCRuraZ54IE9DYCxgQ/FsQkfaXV1276tScKfAicQtSRQUaXXvshQnNYiaBCqJ1x3VS8HOigFPBRhUv0ywldEB6rGOoJDHTfj49bIRPjBLiKFHmScBT9e9ETmKth3FgOmMCfT3vTcRlXieD6NrPuUwzYJLOFkWZwJDgSUo45IpREENDCFXc/BXTPlGEgsmyYkJw509eJK3zmntZc+4vqvWbIo4yOkLH6BS56ArV0R1qoCai6Bm9onf0Yb1Yb9an9TVrLVnFzCH6B2v8A3UloAk=</latexit>

. . .� . . .↵ . . .↵ . . .
<latexit sha1_base64="7qHx2cgkdVaLe1fiQ0RYfyePgh0=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyyCqzIjii6LblxWsLXQGUomk2lDM8mQ3BFqKf6KGxeKuPU/3Pk3pu0stPXAhZNz7iX3nigT3IDnfTulpeWV1bXyemVjc2t7x93daxmVa8qaVAml2xExTHDJmsBBsHamGUkjwe6jwfXEv39g2nAl72CYsTAlPckTTglYqeseBCJWYHAQMSC4eHTdqlfzpsCLxC9IFRVodN2vIFY0T5kEKogxHd/LIBwRDZwKNq4EuWEZoQPSYx1LJUmZCUfT7cf42CoxTpS2JQFP1d8TI5IaM0wj25kS6Jt5byL+53VySC7DEZdZDkzS2UdJLjAoPIkCx1wzCmJoCaGa210x7RNNKNjAKjYEf/7kRdI6rfnnNe/2rFq/KuIoo0N0hE6Qjy5QHd2gBmoiih7RM3pFb86T8+K8Ox+z1pJTzOyjP3A+fwDYJZTT</latexit>

. . .� . . .
R1 R3

R2

<latexit sha1_base64="jS9JgzDjTqe+wa75JcQXRSE+7lo=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kokoeix68diC/YA2lM120q7dbMLuRqihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtR1Sax/LejBP0IzqQPOSMGivVn3qlsltxZyDLxMtJGXLUeqWvbj9maYTSMEG17nhuYvyMKsOZwEmxm2pMKBvRAXYslTRC7WezQyfk1Cp9EsbKljRkpv6eyGik9TgKbGdEzVAvelPxP6+TmvDaz7hMUoOSzReFqSAmJtOvSZ8rZEaMLaFMcXsrYUOqKDM2m6INwVt8eZk0zyveZcWtX5SrN3kcBTiGEzgDD66gCndQgwYwQHiGV3hzHpwX5935mLeuOPnMEfyB8/kD6pONAg==</latexit>z (unobserved)
<latexit sha1_base64="iGEq+Ie4Mw75QMQYdtR9hnEpNcY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kokoeix68diC/YA2lM120q7dbMLuRimhv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtR1Sax/LejBP0IzqQPOSMGivVn3qlsltxZyDLxMtJGXLUeqWvbj9maYTSMEG17nhuYvyMKsOZwEmxm2pMKBvRAXYslTRC7WezQyfk1Cp9EsbKljRkpv6eyGik9TgKbGdEzVAvelPxP6+TmvDaz7hMUoOSzReFqSAmJtOvSZ8rZEaMLaFMcXsrYUOqKDM2m6INwVt8eZk0zyveZcWtX5SrN3kcBTiGEzgDD66gCndQgwYwQHiGV3hzHpwX5935mLeuOPnMEfyB8/kD5geM/w==</latexit>waccess à

<latexit sha1_base64="iGEq+Ie4Mw75QMQYdtR9hnEpNcY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4Kokoeix68diC/YA2lM120q7dbMLuRimhv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtR1Sax/LejBP0IzqQPOSMGivVn3qlsltxZyDLxMtJGXLUeqWvbj9maYTSMEG17nhuYvyMKsOZwEmxm2pMKBvRAXYslTRC7WezQyfk1Cp9EsbKljRkpv6eyGik9TgKbGdEzVAvelPxP6+TmvDaz7hMUoOSzReFqSAmJtOvSZ8rZEaMLaFMcXsrYUOqKDM2m6INwVt8eZk0zyveZcWtX5SrN3kcBTiGEzgDD66gCndQgwYwQHiGV3hzHpwX5935mLeuOPnMEfyB8/kD5geM/w==</latexit>w

reuse
interval

never
frequent some

Timeà

sample 1 sample 2
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Analyzing memory operations over time
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§ Top-down analysis with tree structure
• root: entire execution

• interior: decreasing time intervals

• leaves: samples

§ Guidance with data locality metrics
§ Code structure within sample

• support line mapping for PT instrumentation

<latexit sha1_base64="g0hslQlj6DvwxSc79O1pwxgx5Eo=">AAAB6HicbVA9SwNBEJ3zM8avqKXNYhCswp0oWlgEbCwTMB+QHGFvM5es2ds7dveUcOQX2FgoYutPsvPfuEmu0MQHA4/3ZpiZFySCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDv1W4+oNI/lvRkn6Ed0IHnIGTVWqj/1SmW34s5AlomXkzLkqPVKX91+zNIIpWGCat3x3MT4GVWGM4GTYjfVmFA2ogPsWCpphNrPZodOyKlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhtZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDZFG4K3+PIyaZ5XvMuKW78oV2/yOApwDCdwBh5cQRXuoAYNYIDwDK/w5jw4L8678zFvXXHymSP4A+fzB+Q5jPk=</latexit>w
<latexit sha1_base64="ViDBoyw526Y4yb+1BUhYbRwvxgU=">AAAB6HicbVA9SwNBEJ3zM8avqKXNYhCswp0oWlgEbCwTMB+QHGFvM5es2ds7dveEeOQX2FgoYutPsvPfuEmu0MQHA4/3ZpiZFySCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDv1W4+oNI/lvRkn6Ed0IHnIGTVWqj/1SmW34s5AlomXkzLkqPVKX91+zNIIpWGCat3x3MT4GVWGM4GTYjfVmFA2ogPsWCpphNrPZodOyKlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhtZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDZFG4K3+PIyaZ5XvMuKW78oV2/yOApwDCdwBh5cQRXuoAYNYIDwDK/w5jw4L8678zFvXXHymSP4A+fzB+jFjPw=</latexit>z

<latexit sha1_base64="SltycNNR9D2OkjejJYUt2dnMemE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEogcPBUE8VrAf0Iay2W7apZtN2J0IJfRHePGgiFd/jzf/jds2B219MPB4b4aZeUEihUHX/XYKa+sbm1vF7dLO7t7+QfnwqGXiVDPeZLGMdSeghkuheBMFSt5JNKdRIHk7GN/O/PYT10bE6hEnCfcjOlQiFIyildq9EcXsbtovV9yqOwdZJV5OKpCj0S9/9QYxSyOukElqTNdzE/QzqlEwyaelXmp4QtmYDnnXUkUjbvxsfu6UnFllQMJY21JI5urviYxGxkyiwHZGFEdm2ZuJ/3ndFMNrPxMqSZErtlgUppJgTGa/k4HQnKGcWEKZFvZWwkZUU4Y2oZINwVt+eZW0Lqpereo+XFbqN3kcRTiBUzgHD66gDvfQgCYwGMMzvMKbkzgvzrvzsWgtOPnMMfyB8/kDY8aPlQ==</latexit>

F̂

f          g           h

<latexit sha1_base64="g0hslQlj6DvwxSc79O1pwxgx5Eo=">AAAB6HicbVA9SwNBEJ3zM8avqKXNYhCswp0oWlgEbCwTMB+QHGFvM5es2ds7dveUcOQX2FgoYutPsvPfuEmu0MQHA4/3ZpiZFySCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDv1W4+oNI/lvRkn6Ed0IHnIGTVWqj/1SmW34s5AlomXkzLkqPVKX91+zNIIpWGCat3x3MT4GVWGM4GTYjfVmFA2ogPsWCpphNrPZodOyKlV+iSMlS1pyEz9PZHRSOtxFNjOiJqhXvSm4n9eJzXhtZ9xmaQGJZsvClNBTEymX5M+V8iMGFtCmeL2VsKGVFFmbDZFG4K3+PIyaZ5XvMuKW78oV2/yOApwDCdwBh5cQRXuoAYNYIDwDK/w5jw4L8678zFvXXHymSP4A+fzB+Q5jPk=</latexit>w

<latexit sha1_base64="SltycNNR9D2OkjejJYUt2dnMemE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEogcPBUE8VrAf0Iay2W7apZtN2J0IJfRHePGgiFd/jzf/jds2B219MPB4b4aZeUEihUHX/XYKa+sbm1vF7dLO7t7+QfnwqGXiVDPeZLGMdSeghkuheBMFSt5JNKdRIHk7GN/O/PYT10bE6hEnCfcjOlQiFIyildq9EcXsbtovV9yqOwdZJV5OKpCj0S9/9QYxSyOukElqTNdzE/QzqlEwyaelXmp4QtmYDnnXUkUjbvxsfu6UnFllQMJY21JI5urviYxGxkyiwHZGFEdm2ZuJ/3ndFMNrPxMqSZErtlgUppJgTGa/k4HQnKGcWEKZFvZWwkZUU4Y2oZINwVt+eZW0Lqpereo+XFbqN3kcRTiBUzgHD66gDvfQgCYwGMMzvMKbkzgvzrvzsWgtOPnMMfyB8/kDY8aPlQ==</latexit>

F̂
<latexit sha1_base64="SltycNNR9D2OkjejJYUt2dnMemE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEogcPBUE8VrAf0Iay2W7apZtN2J0IJfRHePGgiFd/jzf/jds2B219MPB4b4aZeUEihUHX/XYKa+sbm1vF7dLO7t7+QfnwqGXiVDPeZLGMdSeghkuheBMFSt5JNKdRIHk7GN/O/PYT10bE6hEnCfcjOlQiFIyildq9EcXsbtovV9yqOwdZJV5OKpCj0S9/9QYxSyOukElqTNdzE/QzqlEwyaelXmp4QtmYDnnXUkUjbvxsfu6UnFllQMJY21JI5urviYxGxkyiwHZGFEdm2ZuJ/3ndFMNrPxMqSZErtlgUppJgTGa/k4HQnKGcWEKZFvZWwkZUU4Y2oZINwVt+eZW0Lqpereo+XFbqN3kcRTiBUzgHD66gDvfQgCYwGMMzvMKbkzgvzrvzsWgtOPnMMfyB8/kDY8aPlQ==</latexit>

F̂

g               f    
...

<latexit sha1_base64="SltycNNR9D2OkjejJYUt2dnMemE=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEogcPBUE8VrAf0Iay2W7apZtN2J0IJfRHePGgiFd/jzf/jds2B219MPB4b4aZeUEihUHX/XYKa+sbm1vF7dLO7t7+QfnwqGXiVDPeZLGMdSeghkuheBMFSt5JNKdRIHk7GN/O/PYT10bE6hEnCfcjOlQiFIyildq9EcXsbtovV9yqOwdZJV5OKpCj0S9/9QYxSyOukElqTNdzE/QzqlEwyaelXmp4QtmYDnnXUkUjbvxsfu6UnFllQMJY21JI5urviYxGxkyiwHZGFEdm2ZuJ/3ndFMNrPxMqSZErtlgUppJgTGa/k4HQnKGcWEKZFvZWwkZUU4Y2oZINwVt+eZW0Lqpereo+XFbqN3kcRTiBUzgHD66gDvfQgCYwGMMzvMKbkzgvzrvzsWgtOPnMMfyB8/kDY8aPlQ==</latexit>

F̂

...

...

sa
mples

...
time interval tre

e metrics

... ...... ...

Timeà

code (function)

Code stats
...

ff
...

gg

aggregate samples

DarkNet (CNN) Inference (gemm): Data locality over time, hot access intervals

Access AlexNet ResNet152
Interval F �F D A F �F D A
0 28M 0.475 0.01 30K 639M 0.747 0.47 286K
1 55M 0.675 0.02 30K 772M 0.799 0.57 293K
2 89M 0.983 0.02 25K 640M 0.617 2.71 302K
3 64M 0.794 0.14 26K 620M 0.599 2.62 304K
4 39M 0.489 1.64 29K 591M 0.574 2.69 302K
5 55M 0.627 1.66 26K 638M 0.618 2.65 302K
6 41M 0.493 1.66 29K 648M 0.625 2.63 304K
7 38M 0.644 1.49 17K 549M 0.514 2.66 312K

1

• D ≈increases time: matrix dim N 
decreases with higher level CNN filters

• AlexNet: ΔF changes with layer (conv., fully, 
pooling) vs. ResNet's consistency
• ResNet: ΔF ≈decreases: matrix dims change

(N, decreases; K, small increase)

Time

reuse distancefootprint rate
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Analyzing memory locations over time
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§ Top-down analysis with tree structure
• root: all memory locations

• leaves: refined, hot contiguous regions

§ Guidance with data locality metrics
• Spatio-temporal analysis

§ Associate region with code and object

Timeà (Memory accesses)Region zoomà

Lo
ca

ti
on

s:
 M

em
or

y 
re

gi
on

B

A

C

B1

C2 ... A2 ..... A2A2A2 ..... A2A2  ... A2 ...

A2

C1

A1

A3

Refined hot 
contiguous 

region

‘Worst’ 
hot 

region

Region metrics & code

A% D
A1 20% 9.0 f, g... 

A2 25% 2.1 a, b

A3 11% 5.0 ...

B1 10% 0.5 ...

C1 7% 7.9 ...

C2 5% 1.3 ...

Accesses to 
A2 over time

Object Model Reuse (D) # blocks A A / block

gemm’s A,B,C
gemm’s B

AlexNet 0.76 66048 977K 14.8

ResNet152 0.01 38400 598K 15.6

hot region in

im2_col
AlexNet 1.87 8192 167K 20.4

ResNet152 2.54 3328 7K 1.9

1

Darknet: Spatio-temporal reuse of hot memory (64 B)

Reuse distance depends on 
data & neural network

gemm matrices à hottest data

Reuse 
distance AccesesSize
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Time overhead for tracing
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§ Overhead proportional to ptwrites
• depends on code generation, application/phase

§ MemGaze: 5-7×, 10-95%
• suboptimal implementation (current)

• PT runs continuously; retains data during samples

§ MemGaze-opt: 7× à <10%, 80% à 35%
• PT enabled only during sample

• user space implementation (proof-of-concept)

§ Times for instrumentation & 
post-mortem analysis in paper
• suboptimal implementations

• reasonable times b/c of reduced trace size

DarkNet MemGaze MemGaze-opt 
AlexNet/ResNet 5× / 7× 10% / 2%

overhead correlates to ratio 
of ptwrite to non-ptwrite

For a good implementation (PT only during samples), 

overhead is 10-35% on memory intensive regions

opt >> non-opt

good 
implementation

Early eval 

(Atom)
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Space reduction for traces
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§ Full trace – not exhaustive due to drops!
• Rec: recorded, with throttling and drops

• All:  adjusted with drop information

• All+: full size (includes ‘Constant’ loads)

§ MemGaze trace: ≈1% of full (All+ vs All)
• sampled and compressed

§ Trace compression saves...
• High compiler opt (O3): 1.2×

• No compiler opt (O0):  2×

Benchmark Full (GB) MemGaze Ratio (%)

Rec All All
+

(MB) Rec All All
+

all µbench-O0 (1×) 1.9 1.9 3.5 63 3.3 3.3 1.8

all µbench-O3 (1×) 1.9 1.9 1.91 20 1.1 1.1 1

all µbench-O3 112 112 113 865 0.8 0.8 0.7

miniVite-O0-v1 77 163 316.5 1620 2.1 0.9 0.5

miniVite-O0-v2 71 198 387.9 1697 2.4 0.9 0.4

miniVite-O0-v3 79 150 292.7 1660 2.1 1.1 0.6

miniVite-O3-v1 19 41 41.1 310 1.6 0.8 0.7

miniVite-O3-v2 22 43 54.9 310 1.4 0.7 0.6

miniVite-O3-v3 13 23 29.4 341 2.6 1.5 1.1

GAP-cc-O0 2.3 3.4 6.6 355 15.4 10.4 5.3

GAP-cc-O3 4.9 7.9 9.5 31 0.6 0.4 0.3

GAP-cc-sv-O0 4.4 6.4 12.5 377 8.6 5.9 3

GAP-cc-sv-O3 6.7 10.8 13 35 0.5 0.3 0.3

GAP-pr-O0 5.1 7.5 14.6 377 7.4 5.0 2.5

GAP-pr-O3 5.4 7.9 9.5 35 0.7 0.4 0.4

GAP-pr-spmv-O0 6.3 8.9 17.4 385 6.1 4.3 2.2

GAP-pr-spmv-O3 6.5 10.1 12.1 36 0.6 0.4 0.3

Darknet-AlexNet 4.6 11.2 16.9 71 1.6 0.6 0.4

Darknet-ResNet 29 59 66 748 2.6 1.3 1.2

1

MemGaze trace is ≈1% of full
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Validation of data locality metrics
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§ Compare against full traces for microbenchmarks and applications
• μbench: no drops by inserting OS sleep after each load

• apps: 10× more samples (full not feasible due to space)

§ Trace and Code windows
• Trace: mean absolute % error (MAPE) for histograms of trace windows: 1-25%

• Code: % error: <5%

μbench: vary access, data reuse, sparsity, likelihood applications

trace windows

code windows (aggregate samples)

trace windows: 1-25% MAPE (varying dynamic sequence lengths)

code windows: <5% (hotspots)

For sampled, compressed trace (≈1% of full)... 
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Case studies (Details in paper)
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§ Graph clustering (Louvain Community Detection, miniVite): vary data structures
• Vary hash table implementations, “open” (array + lists) vs. “closed” (array)

• Vary compiler optimization levels

§ Deep N. Net Inference (DarkNet): vary models
• AlexNet vs. ResNet

§ Graph analytics (GAP): vary algorithms
• PageRank: Gauss-Seidel vs. Jacobi-style

• Connected Component:
Afforest vs. Shiloach-Vishkin

§ Observations:
• Need time-based & location-based analysis

• Need complementary metrics and views

Symbol Analysis
A Accesses (memory)

D Spatio-temporal block reuse distance

F Footprint

Fstr, Firr Footprint with strided/irregular access

Fstr%, Firr% Fraction of strided/irregular footprint

Aconst% Fraction of accesses to ‘constant’ data

ΔF Footprint growth rate; footprint per access

ΔFstr%, ΔFirr% Fraction of strided/irregular footprint growth

Several analyses w.r.t. time and location

rate

volume

pattern

distance
hotness

access...

All use OpenMP threading
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Graph Clustering (miniVite): Vary hash table implementations
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V1: C++ map 

(unordered)

V2: hopscotch

default size

V3: hopscotch

‘right’ size

(vertex degree)

0:
1: ①
2: ②
3: ②
4: ②
5: ④
6:
7: ⑦
8: ⑦
9: ⑨

0:
1: ①
2: ②à②à②
3:
4: ④
5:
6:
7: ⑦à⑦
8:
9: ⑨

Open (C++ map)
Closed 

(Hopscotch)

Sparse structures à smaller footprint, more irregular
Dense structures à larger footprint, more regular, but...

Run times
v1 8.60 s
v2 5.15 s
v3 3.88 s

1

Object Variant Reuse (D) # blocks A A / block

map
(hash table)

v1 2.65 768 55K 71.9
v2 2.79 768 119K 155.2
v3 1.97 768 85K 111.3

remote edges

of local

vertices

v1 8.71 4864 24K 4.9
v2 4.90 4864 19K 3.9
v3 3.32 4864 19K 3.9

other objs in

buildMap
(from caller)

v1 0.37 104K 19235 0.2

v2 0.15 101K 21362 0.2

v3 0.24 110K 22306 0.2

1

Spatio-temporal reuse, hot memory (64 B block)

Location 
analysis 
clearer 

than time

Function Variant F �F Fstr% A
buildMap v1 2.3G 0.156 66.4 291K
(make map) v2 2.1G 0.151 66.9 273K

v3 2.1G 0.160 66.8 270K
v1 >0.7G 0.011 73.3 106K

map.insert v2 2.4G 0.003 93.7 318K
v3 0.5G 0.009 92.8 67.8K

getMax v1 0.4G 0.150 0.5 44.7K
(use map) v2 1.3G 0.040 98.4 182K

v3 1.5G 0.040 97.8 194K

1

Data locality of hot function accesses

hopscotch 
must 

manage 
size!

better 
pattern
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GAP PageRank and Connect Components (CC): Vary algorithms
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Spatio-temporal reuse of hot memory (64 B block)

Object Algorithm Reuse (D) Max D A A/block Time

o-score pr 1.13 152 64K 0.76 57.2 s

o-score pr-spmv 2.41 132 82K 1.14 80.1 s

cc cc 5.21 154 581K 8.87 2.7 s

cc cc-sv 0.83 36 476K 8.65 45.5 s

1

Need many angles & many resolutions!

Accesses
Reuse (Avg, Max)

For PageRank, spatio-temporal shows difference

• pr (optimized) vs. pr-spmv

   pr updates o-score ‘now’ vs. next iteration

• Reuse and ΔF (not shown) are better

• Accesses are better à fewer iterations

For CC, averages are misleading à heatmaps

• cc (optimized) vs. cc-sv
cc à more accesses; can improve locality
• Metrics (D, ΔF, Firr%) for cc are worse...

Distribution of spatio-temporal metrics

fewer, smaller dark 
bands à better

similar behavior
(unimportant in reality)

Heatmaps!
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§ Processor Tracing effective for low-overhead, high-resolution memory analysis
• accesses (operations) vs. memory locations

• accesses vs. spatio-temporal reuse

• reuse (distance, rate, volume) vs. access patterns

§ Sampled traces are 1% of full ones à MB vs. GB-TB
§ With a straightforward optimization, time overhead is 10-35% vs. 100× or more

• PT generalizes much performance and state telemetry (without interrupts)

§ Analyses explain effects of...
• different data structures, algorithms, and data sets

• different access patterns (strided, irregular), that both have ‘good’ spatio-temporal locality

§ Future work: hardware/software co-design, automated diagnostics, ...

Opportunities: Job, intern, and collaborationgithub.com/pnnl/memgaze
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Scientific exploration is increasingly distributed & data-intensive
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§ Domain science uses workflows:
• Loose composition of different apps/tasks

o motivated by productivity

• Potentially different programming models

• Data sources are distributed

• Intensive use of memory, storage, networks

o storage the means for task composition

Se
ns

or
s

...

Data Processing

...
. .....

Cloud: Analytics

... ..........
Laptop: 

Hypotheses
.........

GPUs: AI/ML
..

HPC: Physics Model
...
.

..........

.........

Compute Storage Memory
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Data Flow Lifecycles: Runtime data & flow lifecycles
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DeepDriveMD

Data  Task

Data

Task

Flow: volume, 
rate, …

Flow: leftàright

• Sankey diagrams:
represent flow

• Vertices: Data & Task
• Flow: Edges
• Vertices and edges 

associated with many 
dynamic properties 
(affects rendering)
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Data Flow Lifecycles: Runtime data & flow lifecycles
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Critical flow

Data reuse

Data subset

Producer: t
askà

data
Consumer: dataàtask

DeepDriveMD

Data  Task

Flow: leftàright

• Entities & Patterns
(many more)

• Opportunity 
analysis… (not 
shown)


